
ABSTRACT 

ZHANG, KAISHAN.  Micro-Scale On-Road Vehicle-Specific Emissions Measurements and 

Modeling. (Under the direction of Dr. H. Christopher Frey.) 

The main objectives of this work are to quantify and compare intra- and inter-vehicle 

variability in fuel use and emissions and to develop capabilities of measuring and estimating fuel use 

and emissions at the micro-scale.  This dissertation developed methodology to achieve the objectives, 

including experimental design for on-road data collection using a portable emission measurement 

system (PEMS), road grade estimation, evaluation of measurement accuracy, quantification of intra- 

and inter-vehicle variability in emissions, and micro-scale emissions modeling.   A Light Detection 

and Ranging (LIDAR)-based method for road grade estimation was shown to be accurate and reliable.  

Measurement accuracy on a trip or mode basis was shown to be adequate.  Routes, drivers, road 

grade, and time of day are significant sources of intra-vehicle variability.  Significant inter-vehicle 

variability in emissions was observed, although only a small number of vehicles were tested and all 

belong to the same vehicle class.  Thus, for accurate emission inventory development, both intra- and 

inter-vehicle variability should be taken into account.  Consecutive averages were used for micro-

scale emissions modeling to account for the response time of the PEMS.  Choice of averaging time 

determines the model spatial and temporal resolution of prediction.  Models for all pollutants are 

generally accurate, and precise in fuel use and CO2 emission estimation and moderately precise for 

other pollutants for various averaging times.  Furthermore, models are capable of capturing the micro-

scale events in emissions.  Thus, the modeling schemes developed here can be used for a variety of 

applications including identification of the hotspots in emissions, transportation improvement 

programs on a corridor or intersection level, and more representative and accurate regional emission 

inventories development. 
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1.0 Overview 

 This chapter provides an overview of this dissertation including introduction, 

objectives, major research tasks, and organization. 

1.1 Introduction 

Motor vehicles are a major source of CO, NOx and hydrocarbon (HC) emissions 

in many U.S. cities and contribute largely to the formation of ozone and particles, the 

deposition of acids, and to visibility impairment (TRB, 1995; NRC, 2000; EPA, 2004).  

For example, in 2004, gasoline-fueled highway vehicles contributed 55%, 36%, and 28% 

to estimated U.S. national emissions of CO, NOx, and HC, respectively (EPA, 2004). 

Vehicle emissions can be harmful to human health and the environment.  For 

example, CO can reduce the blood’s ability to carry oxygen, aggravates lung and heart 

disease, and causes headaches, fatigue, and dizziness.  NOx can cause yellowish-brown 

haze over dirty cities and respiratory disease.  Moreover, NOx is a precursor of 

tropospheric O3.  HCs can cause cancer and irritate mucous membranes, and also are 

precursors of O3.  Tropospheric O3 can cause white haze or smog, irritate the respiratory 

system, decrease lung function, and aggravate chronic lung disease such as asthma (EPA, 

2003). 

Accurate assessment of motor-vehicle emissions is essential for effective air 

quality management (TRB, 1995; NRC, 2000).  As noted by the National Research 

Council (NRC), there are multiple temporal scales of interest for vehicle emissions, 

including macro-scale, meso-scale, and micro-scale.  Macro-scale refers to a regional or 

national level, in which emissions usually are estimated by use of aggregated vehicle-

activity data such as average speed and vehicle mileage traveled (VMT).  Meso-scale 

refers to a corridor or link level, in which emissions are estimated using aggregated 

vehicle-activity data but at a higher spatial and temporal resolution than for the macro-
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scale.  For example, vehicle-activity data are disaggregated by roadway facility type or 

congestion level.  Micro-scale refers to a high temporal and spatial resolution level such 

as second-by-second.  Micro-scale emissions can be instantaneous, modal, or continuous 

and usually are estimated by the use of instantaneous operating conditions of individual 

vehicles. 

Macro- or meso-scale approaches are the basis of existing models such as 

MOBILE6 and EMFAC2000 (NRC, 2000).  For example, MOBILE6 can be used to 

develop regional to national emissions inventories using VMT.  MOBILE6 also provides 

a greater level of spatial and temporal disaggregation of emissions and can be used to 

estimate emissions by transportation facility type at various congestion levels. 

However, the existing macro- or meso-scale vehicle emission factor models are 

inappropriate for micro-scale predictions of emissions because of the use of aggregated 

vehicle emissions data (TRB, 1995; GAO, 1997; NRC, 2000).  For example, a 

macro/meso-scale emission factor model is not suitable for evaluating traffic design and 

operational improvements that could influence traffic performance and driving dynamics 

(TRB, 1995; NRC, 2000).   Moreover, the average trip speed based approach is not 

adequate to describe the variability in emissions due to a wide range of change in vehicle 

speed and acceleration (NRC, 2000). 

Micro-scale emission data can be aggregated to macro- or meso-scale data and can 

be used for a variety of applications.  For example, micro-scale emission data can be used 

to generate emission factors for micro-scale traffic-simulation models, meso-scale 

emissions models, and dispersion models (NRC, 2000). 

A growing need for micro-scale emissions modeling has been noted in order to 

(TRB, 1995, NRC, 2000):  

(1) have a better spatial disaggregation of emissions; 
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(2) better capture emissions effects associated with a wide range of driving 

dynamics;  

(3) characterize the effect of episodic events on emissions (e.g., traffic control at 

intersection); and  

(4) meet the need for more accurate air quality modeling. 

For such purposes, representative emissions and vehicle activity data for vehicles on-road 

are essential.   Furthermore, data used for modeling are expected to cover a wide range of 

variability. 

Tailpipe emissions are influenced by many factors, such as driving behavior, 

vehicle type, transportation infrastructure such as road grade, traffic and ambient 

conditions (Frey et al., 2002).  Large variability, including inter- and intra-vehicle 

variability, in emissions have been identified and quantified using a variety of data, 

including laboratory test cycles, remote sensing, and on-board measurements (Frey and 

Eichenberger, 1997; Kini and Frey, 1997; Britt and Niemeier, 1998; Rouphail et al., 

2000; Frey et al., 2001; Frey and Bammi, 2002a&b; Marr and Harley, 2002).  The 

existence of large variability in vehicle emissions makes emissions modeling a 

challenging task at high temporal resolution (e.g., second-by-second). 

Two strategies can be taken to capture inter- and intra- vehicle variability in 

emissions.  One is focused on inter-vehicle variability, which requires data collection on a 

large number of vehicles and can be time-consuming and costly.  Another is focused on 

intra-vehicle variability.  For this strategy, only a small number of vehicles are selected.  

Emissions data collection is conducted with extensive hours under a variety of operating 

conditions.  In order to more fully characterize the inter-vehicle variability in emissions, a 

data collection reduction strategy is developed and applied to additional vehicles.  The 
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data collection reduction strategy aims to have minimum hours of data collection while 

representing a broad coverage of variability in driving dynamics and emissions.    

In recent years, Portable Emissions Measurement Systems (PEMS) have been 

developed that increase the feasibility of measuring vehicle activity and emissions under 

real-world operating conditions.  PEMS are an increasingly accepted alternative to the use 

of laboratory-based chassis dynamometer measurement methods (Frey et al., 2003).  

Dynamometer tests can be conducted for a transient speed profile and can be replicated, 

but may not be adequately representative of real world conditions in a particular location.  

In-use measurements are made under real-world conditions, but are subject to variability 

from one run to another even for the same vehicle, driver, and route because of variations 

in traffic and ambient conditions.  Thus, a key challenge to the use of PEMS data is to 

quantify the most significant sources of variability from field measurements in order to 

help inform field study design to meet the study objectives. 

1.2 Objectives 

The work of this dissertation is motivated by the needs for micro-scale fuel use 

and emission models.  The main objectives of this dissertation are to: 

(1) Quantify and compare intra-vehicle and inter-vehicle variability in fuel use 

and emissions; and  

(2) Develop capabilities for measuring and estimating fuel use and emissions at 

the micro-scale. 

1.3 Overview of  Major Research Tasks 

This section overviews the major research tasks related to achieve the main 

objectives of this dissertation.  Each major task is briefly discussed: 
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(1)  Field experimental design for on-road vehicle-specific emissions 

measurements using PEMS. 

In order to capture a broad range of variability to meet the objectives of this 

dissertation, several factors affecting vehicle emissions are considered in the experimental 

design, including vehicles, routes, drivers, and time of day (a surrogate of traffic 

conditions).  Routing and scheduling of data collection are selected in order to capture the 

variability due to uncontrolled factors such as ambient and traffic conditions.  

(2)  On-road data collection. 

On-road data collection was conducted on selected vehicles and routes in the 

study area.  Data collection was carried out both in the morning and in the afternoon.  

Driving tasks were evenly assigned to three drivers. 

(3)  Development of quality assurance (QA) procedures for collected data. 

In order to detect possible errors in collected data and correct the errors in some 

cases, a quality assurance (QA) procedure was developed, including criteria to detect 

various possible errors and corresponding post-processing strategies.  A mass emission 

rates calculation formula was also derived to recalculate the mass emission rates when 

errors in the data are detected and corrected.  A Visual Basic-based macro was developed 

to perform the QA process. 

(4)  Development of a method for road grade estimation for emissions 

modeling. 

Road grade is an important variable but difficult to measure using a PEMS.  Road 

grade is needed in order to calculate vehicle-specific power (VSP), which can be used to 

explain a substantial portion of variability in emissions (Jiménez-Palacios, 1999).  Thus, a 

methodology for estimation of road grade using Light detection and ranging (LIDAR) 
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data was developed.  Estimated road grades for selected routes were incorporated with 

emission data. 

(5)  Empirical emissions comparisons by routes, drivers, times of day, road 

grade and vehicles. 

Fuel use and emissions during commuting trips connecting business and 

residential centers were compared by routes, time of day, and drivers.  Road grade effects 

on fuel use and emissions were also evaluated. 

(6)  Determination of the minimum data requirement for on-road data 

collection while representing a broad range of variability in the data. 

For this task, preferred routes with wider ranges of variability in fuel use and 

emissions were identified.  Data collected on preferred routes serve as a testbed for 

evaluation of whether a smaller number of runs would produce an adequate 

characterization of variability for a given route and whether a selected subset of all of the 

routes would enable characterization of variability comparable to that for the entire study 

region.  Monte Carlo simulation (MCS) was used to determine the number of trips on 

preferred routes that can adequately cover a broad range of variability in the observed 

data. 

(7)  Evaluation of the response time of the PEMS and its effect on 

measurement accuracy. 

Ideally a PEMS should respond instantaneously and completely to input changes.  

Otherwise, measurements at high temporal resolution could be inaccurate.  In order to 

quantify the response time of the PEMS and its effects on measurements, the response 

times of the instrument and measurement errors were quantified via laboratory tests and 

numerical simulations.  Response time refers to the time that an instrument takes to reach 

a specified percentage of the true value when performing measurements with a known 
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sample.  Measurement accuracy improvement strategies and implications for real-world 

data were investigated and discussed. 

(8)  Development of micro-scale vehicle-specific emission models taking into 

account the response time of the PEMS. 

To account for the response time of the PEMS, consecutive averages of emissions 

and vehicle activity data collected from the PEMS were used for emissions modeling.  

Model robustness, sensitivity and applicability in micro-scale prediction of emissions 

were evaluated. 

Tasks 1, 2, and 6 provide data for this project.  Task 3 assures that collected data 

are free of errors for further data analysis.  Task 4 provides road grade information.  Task 

5 quantifies the inter- and intra-vehicle variability in fuel use and emissions. 

Task 7 evaluates the capability of measuring emissions at the micro-scale using 

the PEMS.  Task 8 develops micro-scale vehicle-specific fuel use and emissions models.   

1.4 Organization 

This dissertation consists of eight parts with the main body comprised of four 

journal manuscripts, Parts IV to VII.  One of the manuscripts is published and three are to 

be submitted.  For each part of this dissertation, there is a separate reference list and 

supporting information.  Appendices are given at the end.  

Part I, which is this part, describes general information regarding highway vehicle 

emissions in the US, the needs for development of micro-scale vehicle-specific emission 

models, the research objectives and tasks of this work, and organization of this 

dissertation. 

Part II gives details regarding instrumentation and experimental design for on-

road vehicle-specific emission measurements. 
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Part III develops the criteria to check for errors associated with on-road data 

collection and correct errors in some cases, and derives the mass emission rates using 

exhaust concentrations and engine dynamics data. 

Part IV develops a methodology for road grade estimation using LIDAR data, 

which has been shown to be accurate and reliable.  In addition, a methodology for 

incorporating road grades data with PEMS data is presented. 

Part V quantifies the response times of the instrument and the corresponding 

measurement errors for each measured pollutant specie.  Strategies for improving 

measurement accuracy and implications for vehicle emission modeling are discussed in 

this part. 

Part VI compares the emissions and fuel use for alternative routes between 

selected origin and destination pairs in a study area.  Comparisons were done on a trip 

basis by route, time of day, and driver with respect to fuel use and emissions, including 

rates and totals.  The effect of road grade on emissions and fuel use, and the inter-vehicle 

variability in fuel use and emissions are evaluated. 

Part VII describes the development of micro-scale vehicle-specific fuel use and 

emissions models using PEMS data.  To account for the response time of the instrument 

for emission modeling, consecutive averages of emissions and vehicle activity data were 

used for model development.  Two model scenarios are presented based upon the 

assumed availability of vehicle activity data.  One assumes engine data such as engine 

speed (RPM) and manifold absolute pressure (MAP) are available.  However, engine data 

are not always available.  For example, a transportation model is often combined with an 

emission model. Transportation models will typically predict speed and acceleration but 

not engine data.  Thus, another model scenario assumes only vehicle dynamics data are 

available to meet various needs of model uses. 
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Finally, the main conclusions of this study and the recommendations for future 

studies are presented in Part VIII. 

Two appendices are given in this dissertation.  Appendix A provides the key 

characteristics of selected routes for data collection in the study area.  Appendix B 

presents the detailed post-processing procedure for errors associated with data collection. 
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2.0 Overview 

 This chapter describes the key components of a portable emission measurement 

system (PEMS), and the installation of the PEMS when used for on-road data collection.  

A detailed description of the experimental design using the PEMS for on-road data 

collection is also given.  Data collection activities for this dissertation are summarized at 

the end of this chapter. 

2.1 Introduction to Vehicle Tailpipe Emissions Measurements 

This section describes typical methods for vehicle tailpipe emissions 

measurements used in the literature, including dynamometer tests, remote sensing devices 

(RSDs), tunnel studies, and on-board instrumentation. 

Dynamometer tests includes engine and chassis dynamometer tests.  Engine 

dynamometer test includes steady-state and transient test.   For the steady-state test, the 

engine is operated at constant load and speed conditions (modes); while for the transient 

test, the engine is operated at transient load and speed conditions, which is intended to 

represent a normal pattern of engine operation (CFR, 1979). 

Chassis dynamometer tests use standardized driving cycles for emissions 

measurements, typically under controlled ambient conditions. A driving cycle has a 

unique speed profile typically characterized from an overall time-weighted average speed 

(Frey et al., 2003).  Emissions from standardized driving cycles, such as the Federal Test 

Procedure (EPA, 1993), usually are used to develop emission estimation model such as 

MOBILE6.  However, a key concern with such tests is that the test cycle may not 

represent real-world on-road driving cycle. 

RSDs measure the ratios of CO/CO2 and HC/CO2 in the exhaust of vehicles using 

an infrared (IR) beam and IR receiver, and using an UV spectroscopy to measure 

NO/CO2 (Bishop et al., 1998; Stedman, 1989; Stephens and Cadle, 1991; Rouphail et al., 



14 

2000).  Emissions rate per gallon of fuel can be estimated (Unal, 1999).  In order to relate 

emissions to vehicle dynamics, vehicle speed and acceleration can be measured by 

accessory devices (Unal, 1999).  RSDs can be used to monitor the overall effectiveness of 

inspection and maintenance programs; identify high emitting vehicles for inspection or 

enforcement purposes, and develop emission factors (Frey and Eichenberger, 1997; 

Rouphail et al., 2000).  An advantage of remote sensing is that it is possible to measure a 

large number of on-road vehicles (e.g., thousands per day).  However, a disadvantage of 

RSDs is that it only gives estimation of emissions at a specific location on a mixing ratio 

or fuel basis (Frey et al., 2003).  The mixing ratio is the mass emission per mass of total 

exhaust.  Moreover, RSD is primarily a fair-weather technology (Rouphail et al., 2000; 

Frey and Eichenberger, 1997). 

In tunnel studies, concentrations of gases at the inlet and outlet of the tunnel are 

measured simultaneously.  The air flow rate in the tunnel is usually estimated using air 

speed in the exit and the cross-sectional area of the tunnel.  Emission mass rates are 

estimated by multiplying the concentrations and air flow rate (Pierson et al., 1990 and 

1996; Steven et al., 1998a).  Tunnel studies can be used to derive emissions factors and 

road grade effect on emissions (Steven et al., 1998b; Pierson et al., 1996). 

PEMS are installed in a vehicle and record emissions and vehicle activity data 

under real-world conditions at any location traveled by the vehicle and under any weather 

conditions (Staab and Schuermann, 1988; Frey et al. 2001).  Thus, compared to RSDs, 

PEMS measures emissions over an entire real-world driving cycle.  Compared to tunnel 

studies, PEMS measures vehicle-specific emissions. 

In recent years, there has been growing interest in PEMS for its capability to 

measure emissions during real-world driving cycle at relatively low cost.  For example, 

an onboard measurement system, Real-Time On- Road Vehicle Emissions Reporter 
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(ROVER) was developed by the U.S. Environmental Protection Agency (EPA) for both 

light and heavy-duty vehicles (Scarbro, 2000).  The Montana system of Clean Air 

Technologies International, Inc. (CATI, 2003), SEMTECH of Sensors, Inc. (Butler, 

1999), and MEXA-324J/554J of Horiba, Inc. (Oestergaard, 2002) are commercially 

available PEMS. 

Because PEMS record vehicle activity and emissions data during real-world 

driving duties at any location and under any weather condition, measurements by PEMS 

are more representative than laboratory tests that are based upon preset driving cycles.  In 

addition, because of the commercial availability of PEMS, a PEMS is selected for on-

road vehicle emissions measurements for this study. 

2.2 Instrumentation 

The Montana system PEMS of CATI has been used for a variety of projects in 

emissions measurements at North Carolina State University (Frey et al., 2003).  A variety 

of data quality assurance and control protocols for this system have been developed (Frey 

et al., 2003; Unal et al., 2004).  

This section provides:  (1) a detailed description of the key components of the 

Montana system; (2) an evaluation of the measurement accuracy and precision of the 

system; and (3) the procedure for installation of the system when used for on-road 

emissions measurement. 

(1) Components of the Montana System 

The Montana system records vehicle activity and exhaust gases concentration 

data, and reports mass emission rates on a second-by-second basis.  The derivation of 

mass emission rates using concentration and vehicle activity data based upon a mass 

balance is given in Part III.  



16 

The main components of this PEMS include:  (1) a computer; (2) a global 

positioning system (GPS); (3) an engine scanner; (4) two five-gas analyzers; (5) a 

particulate matter (PM) photometer; and (6) a sampling probe, a filter bowl and several 

exhaust hoses (CATI, 2003).  A schematic layout of this PEMS is shown in Figure 1. 

Data collected from the engine scanner, gas analyzer, GPS, and photometer are 

sent to the computer for storage, processing and display. 

The GPS records the x, y and z coordinates of the vehicle. Except for identifying 

the routes traveled by the vehicles, GPS data were not used for other purposes for this 

project because the GPS data were not corrected for systematic errors, which lead to 

inaccurate readings for the z coordinate. 

The engine scanner is used to acquire vehicle activity data from the vehicle 

electronic control unit (ECU) via the on-board diagnostic (OBD) data link of the vehicle.  

For 1996 and newer vehicles, there is a standard OBD protocol, known as OBD-II.  The 

engine scanner of the Montana system is compatible with OBD-II vehicles.  Vehicle 

activity data include vehicle dynamics and engine dynamics.  Vehicle dynamics include 

vehicle speed and acceleration; and engine dynamics include engine speed (RPM), 

manifold absolute pressure (MAP), intake air temperature (IAT), throttle position 

percentage (TPP), and coolant temperature (CT).  Vehicle dynamics are referred as 

external observable variables and engine dynamics are referred as internal observable 

variables in this dissertation. 

Two gas analyzers are used to measure the concentrations of exhaust gases.  Each 

analyzer uses electrochemical sensors to measure NO (ppm) and O2 (%), and uses a non-

dispersive infrared (NDIR) optical chamber to measure HC (ppm), CO (%), and CO2 (%). 

The PM photometer is used to measure the PM concentration in the tailpipe 

exhaust on the basis of % of full scale.  A forward light scattering method with a wave 
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length of 785 nm is used in the photometer.  The reading was calibrated by CATI to a 

μg/m3 basis using a standard dust with known concentration (CATI, 2003).  Because the 

PM concentrations for light duty gasoline vehicles are typically low, this photometer is 

not used for this study. 

A sample probe is inserted into the tailpipe in order to obtain a continuous exhaust 

gas sample.  Before the sampled exhaust enters the gas analyzer, a cylindrical paper filter 

in a filter bowl is used to remove the water vapor, aerosol droplets and non-gaseous 

components in the exhaust (CATI, 2003).  Exhaust hoses are used to discharge the 

sampled exhaust and removed water from the Montana system. 

(2) Accuracy and Precision of the Montana System. 

The precision and accuracy of the Montana system was evaluated by CATI both 

for light and heavy duty vehicles at EPA’s National Fuels and Vehicle Emissions 

Laboratory in Ann Arbor, MI, and the results are detailed elsewhere (Fret et al., 2003; 

Vojtisek-lom et al. 2004).  The results showed the Montana system has good precision 

and accuracy.  For example, for average emissions for a test cycle, the R2 ranges from 

0.9-0.99 compared with the dynamometer.  Except for HC, the slope for NO, CO and CO2 

is close to 1.   HC measurements are underestimated by a factor of approximately two 

compared to the total HC emissions because the PEMS uses NDIR (Frey et al., 2003).  

NDIR is known to respond partially to a typical HC speciation of vehicle exhaust (Singer 

et al., 1998; Stephens et al., 1996a&b). 

Before each data collection activity, the Montana system was calibrated using a 

calibration gas composed of 0.5% CO, 6% CO2, 202 ppm HC (as C3H8), and 298 ppm 

NO.  The instrument is stable and holds a calibration well.  For example, just before 

calibration, the instrument was used to measure the calibration gas, and the errors were 

typically on the order of ±5% or less, compared with a typical error of approximately 



18 

±2% immediately after calibration.  During on-road data collection, the instrument 

automatically “zeros” on a periodic basis to prevent drift.  Zeroing is done by measuring 

ambient air.  Since there are two gas analyzers in the Montana system, the two gas 

analyzers are staggered so that they do not zero at the same time.  The key assumption in 

zeroing is that ambient air does not have significant levels of NO, HC and CO.  The O2 

and CO2 levels are assumed to be at typical average ambient values of 20.9 vol % and 

0.03 vol %, respectively 

(3) Installation of the Montana System for On-Road Measurement 

Figure 2 presents several photos to illustrate the installation of the Montana 

system for on-road vehicle emissions measurements. 

The Montana system is usually placed and fastened in the backseat of the vehicle.  

The engine scanner is connected to the OBD-II data link and the sampling probe is 

directly inserted into the tailpipe.  The power usually is supplied by the cigarette lighter of 

the vehicle.  The major steps for the installation of the Montana system for on-road 

measurement are: 

a) Warm up the Montana system in the laboratory at least 30 minutes before 

departure for data collection; 

b) Install other components of the instrument while the system is warming 

up in the laboratory including: 

○ attach and fasten the sampling probe into the tailpipe and route 

the sample hoses into the vehicle;  

○ attach the GPS antenna on the roof; and  

○ connect the engine scanner to the OBD-II data link 

c) Fasten the system in the back seat of the vehicle, and connect the sample 
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hose, the engine scanner, and the GPS to the system.  Connect the power 

cable to the cigarette lighter and power on and continue warming up the 

system once the system is fastened in the seat in order not to cool down 

again during the course of the installation of other components; 

d) Check the completeness of the system ensuring all components have been 

installed onto the vehicle and are connected and fastened; and 

e) Start the measuring software of the system as instructed by the user 

manual. 

It typically takes 45 minutes to finish the installation excluding the calibration of 

the system.  The calibration of the system must be done after the system has been fully 

warmed-up.  Calibration is done in the laboratory and typically takes 10 to 15 minutes.  

Calibration is recommended before each data collection.  Thus, the total time requirement 

for the installation of the Montana system for on-road vehicle emissions measurement is 

approximately one hour. 

For deinstallation of the system after the data collection, there is not a specific 

required sequence for removal of all the installed components, except that the sampling 

hose should be disconnected from the system first and the system should be powered off 

the last.  Doing so will force the system to measure the ambient air after the data 

collection and will prevent the system from being fouled by the exhaust. 

2.3 Experimental Design and Data Collection 

Experiments were designed in order to collect emission and vehicle activity data 

during the real-world driving to meet the objectives of this project.  Due to the existence 

of the large variability in emissions, experimental design should be tailored in terms of 

the objective of the study (Frey et al., 2001).  Several vehicles are selected to quantify the 
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inter- and intra-vehicle variability in fuel use and emissions.  In order for the data 

collection to cover a broad range of the intra-vehicle variability in emissions, a variety of 

factors that influence vehicle emissions were taken into account in the experimental 

design.  These factors include transportation network characteristics such as roadway 

classes and road grade, drivers, time of day (a proxy of traffic intensity), and ambient 

conditions (Frey et al., 2001).  Multiple vehicles are also selected in the study to 

characterize the inter-vehicle variability. 

Among these factors, some of them can be predetermined and controlled such as 

choice of vehicles, alternative routes with same origin/destination (O/D), drivers, and 

time of day.  For factors that can not be controlled and predetermined such as traffic and 

ambient conditions, variability in emissions due to these factors is captured by careful 

routing and scheduling of data collection as will be discussed later. 

  2.3.1 Vehicle Selection. 

  A broad coverage of vehicles for data collection is costly and time-consuming.  

The number of vehicles and amount of time required for quantification of the inter-

vehicle variability in emissions usually are difficult to determine in advance.  Previous 

work at NCSU has showed that it is possible to cover a large range of intra-vehicle 

variability in emissions by doing extensive hours of data collection on a limited number 

of vehicles depending on the objective of the study (Frey, et al., 2001).  Thus, in order to 

quantify the intra-vehicle variability in fuel use and emissions, a choice was made to 

focus on intra-vehicle variability by intensive data collection with a small set of vehicles.  

A larger set of vehicles were selected to do a limited number of hours of data collection to 

more fully characterize the inter-vehicle variability.  A total of ten vehicles were selected 

to represent a range of engine sizes that were obtained from commercial rental companies 

and the university motor pool.  Three “primary” vehicles were chosen for extensive hours 
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of data collection in order to obtain a broad characterization of intra-vehicle variability in 

emissions.  Another seven “secondary” vehicles were measured with limited hours of data 

collection in order to more fully characterize inter-vehicle variability.  The selected 

vehicles have engine size ranging from 2.2 L to 5.3 L with vehicle years from 1997 to 

2005.  The selected vehicles are listed in Table 1. 

  2.3.2 Route Selection. 

  Route selection was based upon an objective of having broad coverage of 

transportation network characteristics such as road grade and roadway classes.  Fuel use 

and emissions regarding commuting trips connecting business and residential centers are 

of interest for traffic managers and commuters.  For example, commuters might like to 

choose the route with least fuel use and emissions.  Traffic manager may want to optimize 

the traffic control strategy to reduce fuel use and emissions.  Thus, data collection was 

designed to be conducted during commuting trips on selected routes connecting business 

and residential centers. 

There are two pairs of locations.  Each is connected by three alternatives.  

Selected locations include North Carolina State University (NCSU), Research Triangle 

Park (RTP), and North Raleigh (NR).  NCSU and RTP are daytime business centers and 

NR is a residential and local business center.  Alternative routes were selected to evaluate 

emissions variations for alternative commuting routes with the same origin and 

destination (O/D).  For each O/D pair, there are three alternative routes, and each with 

two travel directions.  The O/D pairs are: (1) NR/RTP; and (2) NR/NCSU.  Roadway 

classes covered in these routes include: (1) interstate highways such as I-40 and I-540; (2) 

major arterials such as NC-54 and US-70; and (3) minor arterials and feeder/collector 

streets.  These routes included variation in road grade.  Figure 3 shows the geographic 

locations of these O/D pairs and selected routes. 
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The key roadway characteristics such as length, typical travel time, speed limit, and range 

of road grade of these routes for each O/D pair are summarized in Table 2.  Because the 

key characteristics for one travel direction are similar to its opposite direction, only one 

travel direction of routes characteristics is presented. 

Two types of segments were defined for selected routes.  One type of segments 

was defined based upon the vertical curvature of the route to estimate the road grade 

using light detection and ranging (LIDAR) data, as detailed in Part IV. 

Another is defined based upon a change of roadway name.  For example, if the 

roadway name changes from A to B, then a new segment will be defined.  The key 

roadway characteristics of this type of segments for each route are detailed in Tables A-1 

to A-12 in Appendix A.  This type of segments was used to incorporate estimated road 

grade data with measurement data from the PEMS.  For example, the speed profile from 

the PEMS for each segment was used to calculate the travel distance of the vehicle.  By 

assuming the length of the segment equals to the travel distance, road grade data for this 

segment are matched with the corresponding PEMS data.  The details are given in Part 

IV. 

 2.3.3 Driver Selection. 

 Two graduate students and one undergraduate student who worked on this project 

were selected as drivers for the data collection.  Scheduling of data collection was 

coordinated among these drivers based upon their availability.  Thus, driving tasks were 

not evenly assigned to each person.  These driving assignments are briefly presented in 

the summary of data collection later in this chapter. 

2.3.4 Time of Day 

Scheduling of data collection for specific time of day aims to capture the 

variability in emissions due to temporal variation in traffic.  Times of day were selected 
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based upon prior knowledge of traffic in the study area.   For example, the typical peak 

travel flow in the AM period is from NR to either NCSU or RTP, with a reversal of peak 

traffic flow in the afternoon.  However, peak traffic flow can be bidirectional in some 

cases.  Data collection was conducted usually from 6:00 AM to 11:00 AM and from 4:00 

PM to 7:00 PM because the traffic flow at these times of day in the study area is regarded 

to be high. 

2.3.5. Scheduling of Data Collection 

In order to capture variability in emissions due to temporal variation in traffic 

flow and ambient conditions, data collection for the primary vehicles was scheduled 

consecutively on workdays of the week and continued for several weeks until a preset 

number of hours of data collection was achieved.  Workdays include Monday through 

Friday, although Friday is not a typical workday because people may have more travel 

than usual since it is the last day of the week. 

For the three primary vehicles, routing for data collection was done on a round-

trip basis starting from NCSU to NR to RTP, and returning from RTP to NR to NCSU.  

For each O/D pair, one alternative route was selected to form a round trip.  Moreover, 

over the entire period of the data collection, the frequency that each alternative route in 

each O/D pair was selected to form a round-trip was approximately the same. 

Several preferred routes were identified for the data collection for the seven 

secondary vehicles.  The preferred routes were identified to cover a large range of 

variability in emissions based upon the results of analysis of the data collected on the 

primary vehicles.  Thus, data collection for the secondary vehicles was only repeated on 

the preferred routes for a limited number of hours.  This is detailed in Part VI. 
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2.3.6. Summary of Data Collection 

On average 65 hours of data collection were done for the three “primary” vehicles 

and five hours were done for the seven “secondary” vehicles.  On average, approximately 

14 trips were done on each of all routes for each of the primary vehicles; while 

approximately three trips were done on each selected routes for each of the secondary 

vehicles.  Usually, driving tasks were equally assigned to each driver.  These selected 

vehicles and duration of data collection are summarized in Table 3.  Overall, a total of 

230 hours of data and 9322 miles of vehicle travel were measured.  The number of runs 

for each route over all vehicles is summarized in Part V. 
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Table 1.  Selected Vehicles for On-Road Emissions Data Collection 
 

 Vehicles Make Model Year Engine Size (L) 
Chevrolet Cavalier 2005 2.2 

Dodge Caravan 2005 3.3 
Pr

im
ar

y 

Chevrolet Tahoe 2005 5.3 

Honda Accord 1997 2.2 
Plymouth Breeze 1998 2.4 
Dodge Stratus 2004 2.7 
Dodge Caravan 1997 3.3 
Dodge Caravan 2000 3.3 
Dodge Caravan 2002 3.3 

Se
co

nd
ar

y 

Ford Crown Victoria 2000 4.6 
 

Table 2.  Summary of Key Characteristics of Routes Selected for Data Collection in the 
Study Area 

 
Origin/ 

Destination 
Pair 

Routes Length 
(mile) 

Travel 
Time 
(min)a

Speed 
limit 

(mph) 

Road 
Grade 
(%) 

# of 
Signal 
Lights 

A 10 16 15 - 45 -5.0 – 6.6 41 
B 12 17 15 - 60 -7.5 – 6.6 32 NCSU/NR 
C 11 15 15 - 60 -5.0 – 6.3 29 
1 16 18 25 - 65 -3.3 – 3.2 8 
2 20 22 25 - 65 -5.1 – 5.1 17 NR/RTP 
3 17 23 25 - 50 -8.7 – 7.7 23 

Note: a Travel time is calculated based upon estimated distance and posted speed limit 
 NCSU – North Carolina State University; NR – North Raleigh; RTP – Research 
Triangle Park 
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Table 3. Summary of Field Data Collection for Three Primary and Seven Secondary Vehicles 
 

 Vehicles Hrs Miles Dates Drivers # Ave 
Hrs/day* 

2005 Chevrolet Cavalier 2.2L 69 2519 Oct 4-22, 2004 a, b 9 

2005 Dodge Caravan 3.3L 64 2729 Dec3-24, 2004 a, b, c 9 
Pr

im
ar

y 
2005 Chevrolet Tahoe 5.3L 62 2422 Nov 8-26, 2004 a, b 9 

1997 Honada Accord 2.2L 4 210 Apr 1, 2005 a 7 
1996 Plymouth Breeze 2.4L 9 458 Mar 0-12, 2005 b, c 6 

2003 Dodge Stratus 2.7L 2.5 119 Jul 1, 2005 b, c 6 
1997 Dodge Caravan 3.3L 2.5 87 Jun 29, 2005 a 6 
2000 Dodge Caravan 3.3L 11 532 Mar 24-26, 2005 b, c 7 
2002 Dodge Caravan 3.3L 2.5 119 Jul 3, 2005 a, b 6 

Se
co

nd
ar

y 

2000 Ford Crown Victoria 4.6L 3 127 Jul 2, 2005 a, b 6 
Note: # Three involved drivers are referred as a, b, and c. Involved drivers for a vehicle typically have similar hours of driving. 
* Average hours per day regarding data collection include instrument warm up, installation, removal, and maintenance on average.  
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Figure 1. A Schematic of the Main Components of the “Montana” Portable Emission 
Measurement System  
 

 

Figure 2. Installation of the Montana System for On-Road Vehicle Emissions 
Measurements 
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Figure 3.  Geographic Location of Selected Routes for On-Road Vehicle Emissions Data 
Collection in the Study Area 
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Nomenclature 
AFR = the air/fuel ratio, g air/g fuel 

AFRstoic  = the stoichiometric air/fuel ratio under complete combustion condition,  

g air/g fuel 

AWC = average atomic weight of carbon, 12 g/mol 

AWH = average atomic weight of hydrogen, 12 g/mol 

AWO = average atomic weight of O, 16 g/mol 

b  = stoichiometric coefficient of combustion reaction 

c  = stoichiometric coefficient of combustion reaction 

Cengine = Engine compression ratio, 9.5 for typical light duty vehicle 

d  = stoichiometric coefficient of combustion reaction 

e  =  stoichiometric coefficient of combustion reaction  

f   = stoichiometric coefficient of combustion reaction  

g   = stoichiometric coefficient of combustion reaction  

h   = stoichiometric coefficient of combustion reaction  

mair = intake air mass flow rate, g/s 

Mair = intake air molar flow rate, mole/s 

mCO = CO emission rate, g/s  

mCO2 = CO2 emission rate, g/s  

Me  = dry exhaust molar flow rate, mole/s 

Mf  = fuel molar flow rate, mole/s 

mf,  = fuel flow rate, g/s 

mHC = C6H14 emission rate, g/s  

mNO = NO emission rate as (NO2), g/s  

mNOx = NOx emission rate as (NO2), g/s  
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Mw = molar flow rate of water in exhaust, mole/s 

MWair = average molecular weight of air, 29 g/mol 

MWfuel = average molecular weight of fuel, 13.888 g/mol 

MWH2O = average molecular weight of H2O, 18 g/mol 

MWHC = average molecular weight of C6H14, 86 g/mol 

MWO2 = average molecular weight of O2, 32 g/mol 

PB  = barometric pressure, kpa, typically 103 kpa 

PMAP = manifold air pressure (MAP), kpa 

PMAP,a = adjusted Manifold air pressure, kpa 

R  = ideal gas constant, 8.314 kpa-l/mole-k 

Sengine = Engine speed, RPM, rpm 

Tintake = intake air temperature, °C 

u   = stoichiometric coefficient of combustion reaction  

Vengine = Engine volume, L 

wC  = fraction of carbon in weight of the fuel 

wH  = fraction of hydrogen in weight of the fuel 

wO  = fraction of oxygen in weight of the fuel 

x  = coefficient of hydrogen in the equivalent molecular form of CHxOz  

for fuel 

yCO = mole fraction of CO in the exhaust gas on a dry basis,  

yCO2 = mole fraction of CO2 in the exhaust gas on a dry basis 

yHC = mole fraction of C6H14 in the exhaust gas on a dry basis 

yN2,in = mole fraction of N2 in ambient air on a dry basis  

yN2,out = mole fraction of N2 in the exhaust gas on a dry basis 

yNO = mole fraction of NO in the exhaust gas on a dry basis 
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yO2,in = mole fraction of O2 in ambient air on a dry basis 

yO2,out = mole fraction of O2 in the exhaust gas on a dry basis 

z  = coefficient of oxygen in the equivalent molecular form of CHxOz  

for fuel 

ηengine = Engine volumetric efficiency, 0.95 
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3.0 Overview 

This chapter briefly describes the typical errors encountered during the on-road 

data collection using a portable emission measurement system (PEMS) and the strategies 

for data post-processing when errors in the measurement data are detected.  This chapter 

also presents a methodology to derive the fuel use and pollutant mass emission rates using 

vehicle engine and pollutant concentration data.  This methodology is used to recalculate 

mass emission rates when some errors in the data are detected and need to be corrected. 

3.1 Introduction 

 A PEMS, the Montana system of Clean Air Technologies International, Inc., is 

used for on-road data collection, as described in Part II.  Collected data can be erroneous 

in some situations.  For example, when the engine scanner fails to get data from the 

Electronic Control Unit (ECU), or when the gas analyzers or the Global Positioning 

System (GPS) freeze, acquired data will be erroneous.  Therefore, errors in the 

measurement data should be checked and carefully dealt with before measurement data 

are used for further analysis.  When errors in measurement data are detected and post-

processed, mass emission rates have to be recalculated in some cases.  Thus, derivation of 

a calculation method for the mass emission rates using vehicle engine and pollutant 

concentration data is needed. 

3.2 Errors in the Measurement Data 

Typical errors associated with the on-road data collection using the PEMS 

include:  (1) synchronization error between the engine scanner and the gas analyzer data; 

(2) engine scanner error; (3) gas analyzer error; and (4) GPS error.  These typical errors 

are briefly described in this section.  The particulate matter (PM) measurement is not 

included in this project because PM emissions from gasoline vehicles are very low.  Thus, 

errors in the PM measurements are not investigated here.  Methodologies for data 
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reduction regarding some of these errors have been developed for previous projects at 

North Carolina State University (Frey et al. 2004; Unal et al. 2004).  For this study, 

details regarding error description, error detection criteria, and data post-processing 

strategies are given in Appendix B.  The error detection criteria and data post-processing 

strategies were used to develop computation algorithms for a Visual Basic Application 

(VBA)-based macro for data quality assurance. 

3.2.1 Synchronization Error 

There are different delays in the data reported by the engine scanner versus the 

concentrations data reported by the gas analyzer.  Both of these data sources should be 

synchronized in order to accurately calculate the estimated mass per time emission rates.  

The sources of time delays include the time that the engine scanner or the gas analyzer 

reports the data, the gas travel time from the engine to the end of the tailpipe, and the gas 

travel time from the tailpipe to the gas analyzer. 

Typically, it takes 0.25 and 0.75 seconds for the engine scanner and the gas 

analyzer to report the readings, respectively (Vojtisek-Lom and Cobb, 1997). 

For a 20 ft long sampling hose with an inner diameter of quarter inch and a 

sampling flow rate of 8 L/min, it takes approximately 1.35 seconds for the exhaust gases 

to travel from the tailpipe to the gas analyzer.  The gas travel time from the engine to the 

end of the tailpipe varies by the engine load, length and size of the tailpipe, and the 

exhaust gas temperature.  The typical gas travel time from the engine to the end of the 

tailpipe is approximately two seconds. 

In order to have a reference point to facilitate alignment of the engine scanner and 

the concentration data, a throttle snap was applied at the beginning of a data collection 

episode.  A throttle snap involves a short time interval and deep depression of the gas 

pedal.  Typically, a throttle snap causes a sudden and large change in RPM and a 



37 

simultaneous sharp increase in CO concentration.  By comparing the time series of the 

engine speed (RPM) and CO for time periods when the throttle snap is applied, the time 

interval between the RPM and CO peaks is identified and, if necessary, adjusted in order 

to synchronize the engine scanner and the concentration data.  If the CO peak occurs later 

than the RPM peak, the concentration data will be shifted earlier in time.  Otherwise, the 

concentration data will be shifted later in time.  Usually, the shifting time is 

approximately one to two seconds.  This approach is detailed elsewhere (Frey et al., 

2001). 

Because two gas analyzers and a GPS were used in the Montana system, another 

concern with respect to the synchronization is the time alignment between the data from 

the two gas analyzers, and between the data from the gas analyzer and the GPS.  

However, there were no inter-analyzer synchronization problems observed in any of the 

collected datasets.  The GPS unit of the PEMS has an update frequency faster than 1 Hz.  

GPS data had the same time stamp as the engine scanner data and were found to be 

accurately synchronized to engine data.  Thus, synchronization between engine scanner 

and concentration data also synchronizes the GPS and concentration data. 

3.2.2 Engine Scanner Error 

There are two main types of engine errors associated with the engine scanner.  

One is a loose connection between the engine scanner and the on-board diagnostics 

(OBD) data link of the vehicle.  The other one is unusual values of vehicle dynamics such 

as RPM, which are attributed to the communication errors between the engine scanner 

and the vehicle on-board computer.  

A loose connection between the engine scanner and the vehicle (OBD) data link 

will create a data gap, which results in RPM values of zero.  These data were either 
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excluded from the dataset or be interpolated with new values based upon consecutive 

seconds of RPM and acceleration readings, as detailed in Appendix B. 

Communication errors between the engine scanner and the vehicle on-board 

computer will cause unusual values in vehicle dynamics.  For example, on some 

occasions, the reported RPM exceeds 5000 rpm or is lower than 500 rpm.  Such values 

are unlikely because typically a modern vehicle engine runs at 1800 to 2400 rpm at full-

throttle (Heywood, 1988), and the typical idling engine speed for test vehicles is higher 

than 500 rpm. 

3.2.3 Gas Analyzer Error 

Typical gas analyzer errors include autozeroing error, negative values of 

concentration data, low concentrations, and non-updating of readings. 

The PEMS gas analyzers autozero periodically (approximately every 10 mins) 

during data collection to prevent drift, as detailed in Part II.  Readings for the time period 

when the gas analyzer is zeroing are not valid. 

Concentration data are non-negative.  However, occasionally, concentration data 

reported from the gas analyzer are negative.  When the true concentration is close to zero, 

the gas analyzer may report a negative value because of random measurement error.  If 

the magnitude of the negative value is not large, and it is within the precision of the 

analyzer, a zero value is substituted instead.  Otherwise, negative data are excluded. 

For light duty vehicles, CO2 concentration usually is higher than 10%.  If CO2 

concentrations are lower than the typical value, then a leakage in the sampling hose is 

indicated.  Thus, data records with CO2 concentration lower than 10% were excluded 

from the dataset. 
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On occasion, the gas analyzer data may fail to update over time and report 

constant value.  This indicates the gas analyzer is “frozen”.  Data associated with this 

time period are excluded.  

3.2.4 GPS Error 

There are two typical scenarios in which GPS data errors can occur.  One is that 

on some occasions, GPS data are not updated due to the loss of satellite signal.  The other 

is that the GPS stops updating because of the voltage fluctuation of the power supply to 

the GPS unit.  Because GPS data are not used and do not affect the use of other data, 

there are not further action taken to deal with GPS error. 

3.2.5. Summary of Error Frequency 

A Visual Basic-based macro was developed to calculate the errors frequency 

using the error detection criteria detailed in Appendix B.  For the collected data from 

three primary vehicles, on average, approximately 11% of the collected raw data are 

excluded due to the typical errors identified above.  Table 1 lists the average frequency 

for each of these errors occurring during the on-road data collection.  Gas analyzer errors 

are most often encountered during on-road data collection, in which negative values are 

the leading sources of this type of error.  GPS errors appear to be the second most 

frequently encountered.  However, since GPS data is not used for data analysis, this type 

of error is less of concern and did not result in loss of data for emission modeling 

purposes.  As for engine scanner errors, the leading source is the loose connection 

between engine scanner and OBD data link.   

3.3 Derivation of Fuel Use and Pollutant Mass Emission Rates  

When the engine and concentration are synchronized, the reported mass emission 

rates by the PEMS will not any longer correspond to the new engine and concentration 

data.  Thus, new mass emission rates have to be recalculated based upon new 
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corresponding engine and concentration data.  Thus, there is a need to derive a formula to 

calculate fuel use and pollutant mass emission rates.  Derivation of fuel use and pollutant 

mass emission rates is based upon a mass balance taking into account combustion 

chemistry and assuming applicability of the ideal gas law. 

3.3.1 Equivalent Molecular Formula of a Fuel 

Different fuels will have different chemical compositions.  Therefore, the 

derivation of the mass emission rates is done for a general case so that it will be 

applicable to different fuels. 

Let wC, wH, wO, be the weight fraction of carbon, hydrogen and oxygen in the fuel, 

respectively.  Then, 100 g of fuel contains 
C
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equivalent molecular formula of the fuel as CHxOz.  The average molecular weight of the 

fuel (MWfuel) is calculated as: 
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For example, if the fuel has a chemical composition of 86.4% C, 13.6% H, and 0% O, 

which is the typical composition for regular retail gasoline, then, x = ⎟
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CH1.888.  The average molecular weight of the fuel is 12 g /mole ×100 g /(86.4 g ) = 

13.888 g /mole.  

3.3.2. Fuel Use and Pollutant Mass Emission Rates 

To determine the mass emission rate, it is assumed that the major specie of 

hydrocarbons in the tailpipe exhaust is C6H14, the major specie of NOx is NO, and the 

equivalent molar form of the fuel is CHxOz.  The engine combustion reaction is: 

→++ )79.021.0( 22 NOuOCH zx   

22)(21462 NhOgOHfNOeHCdCOcCOb w ++++++                     (2) 

where b, c, d, e, f, g, h, and u are corresponding stoichiometric coefficients for the 

reaction.  An atom balance is written for each element. 
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Suppose Mair is the intake air molecular flow rate in g mol/sec; Mf is the fuel 

molecular flow rate in g mol/sec; Me is the tailpipe exhaust gas molecular flow rate in g 

mol/sec on a dry basis; and Mw is the water exhaust molecular flow rate in g mol/sec.  The 

dry basis mole fractions for CO2, CO, HC, NO, O2 and N2 in the exhaust are yCO2, yCO, yHC, 

yNO, yO2,out, and yN2,out.  The atom balance is rewritten as: 
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The dry basis molecular exhaust flow rate can be solved using Eq. 4 as: 
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Where: 

 yO2,in = the mole fraction of O2 in the intake air 
 yN2,in = the mole fraction of N2 in the intake air 
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 Thus, the mass emission and fuel use rates can be derived by definition given the 

dry basis mole fractions of measured species and the exhaust flow rate: 

NONOeNO MWyMm =                                                                            (6) 

146HCHCeHC MWyMm =                                                                        (7) 

COCOeCO MWyMm =                                                                            (8) 

222 COCOeCO MWyMm =                                                                         (9) 

fuelHCCOCOef MWyyyMm )6( 2 ++=                                              (10) 

Where: 

mi   = the mass per time for specie i, i = NO, HC, CO, CO2, and fuel. 
MWi  = the molecular weight for specie i = NO, HC, CO, CO2, and fuel. 

In order for derivation of NOx mass emission rate, the molecular weight of NO2 will 

replace the molecular weight of NO in Eq 6 because NOx emissions are typically reported 

as an equivalent mass of NO2: 

2NONOeNOx MWyMm =                                                                          (11) 

Eq 11 is exactly used by the Montana system to report the NOx emission rate. 

The calculation of Me requires the information regarding the intake air molecular flow 

rate, Mair and the dry basis mole fractions of measured species in the exhaust, yi. 

The dry basis mole fractions of measured species can be estimated using the 

measurements: 
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Where: 

  [Yi,ppm] = the concentration of measured specie i in ppm, i = NO and HC 
[Yi,%] = the concentration of measured specie i in %, i = CO, CO2, N2 and O2 
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For a four-stroke engine, Mair is estimated using the ideal gas law by assuming a 

constant engine volumetric efficiency (Vojtisek-lom and Cobb, 1997): 
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where: 

  PMAP,a  = adjusted manifold absolute pressure (kpa) 
PMAP  = manifold absolute pressure (MAP, kpa) 
PB  = barometric pressure (kpa) 

Cengine = engine compression ratio (~ 9.5 for light duty vehicle) 
  Sengine = engine speed (RPM, rpm) 
   Vengine = engine displacement (L) 
  Tintake = intake air temperature (IAT, ºC) 
  ηengine = engine volumetric efficiency (~ 0.95) 
  R = universal gas constant (8.314 Jmol-1K-1) 

Thus, the mass flow rate of intake air is 

airairair MWMm =                                                                 (16) 

Where: 

Mair   = the mass per time for intake air. 
MWair  = the molecular weight for intake air, ~ 29 g/mole. 

Eqs (10) and (15) can also be used to estimate the air/fuel ratio (AFR): 
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where the AFR is the air/fuel ratio in g air/g fuel. 

Under complete combustion condition, yCO, yCO2, yNO, yHC, and yO2,out are all zero, the 

AFR is then  
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where the AFRstoic is the stoichiometric air/fuel ratio under complete combustion 

condition.  For the regular retail gasoline that has the equivalent molecular form of 

CH1.888, the stoichiometric AFR is 14.64 g air/g fuel. 

The exhaust flow, fuel use, and pollutant mass flow rates are estimated based upon 

RPM, IAT, MAP, and exhaust gas concentrations.  Fuel use and pollutant mass flow rates 

are proportional to the exhaust flow rate, and thus proportional to the intake air flow rate.  

As shown in Eq 14, the intake air flow rate increases as RPM, MAP, and engine 

volumetric efficiency increases, but decreases as the IAT increases.  A one percent 

increase in RPM or ηengine will lead to a 1% increase in intake air flow rate, fuel use, and 

pollutant emission rates.  However, the intake air flow rate is not strictly proportional to 

the MAP.  A one percent change in the MAP can lead to a 2% change in the intake air 

flow rate depending on the MAP value.  However, the effect of the IAT on the intake air 

flow rate is relatively negligible.  For example, a one percent change in the IAT can only 

lead to a less than 0.2% change in the intake air flow rate under typical weather 

conditions (e.g., -20 to 40 ºC). 

Variables used for estimating the intake air flow rate can be obtained from the PEMS 

except for the engine volumetric efficiency.  The engine volumetric efficiency, ηengine is a 

complex function of the type of engine, RPM and MAP, and typically varies from 0.8 to 1 

(Heywood, 1988; Stone, 1992).  A constant ηengine of 0.95 was assumed for this study.  

Although the assumption of a constant ηengine may cause some error in the estimate of 

intake air flow rate, which can propagate into an error in the emission rates, the fuel use is 

accurately measured, which indicates that the estimate of the intake air flow rate is 

accurate.  For example, Figure 1 presents the measured fuel economy has a perfectly 

linear relationship with the actual fuel economy using data from three tested vehicles with 
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both the slope and R2 are close to one.  The measured fuel economy is estimated by the 

measured fuel use divided by the total travel distance according to the speed profile while 

the actual fuel economy is estimated by the total fuel put in the vehicle according to the 

fueling records divided by the travel distance recorded by the odometer.  This indicates 

that the assumption of a constant of engine volumetric efficiency of 0.95 is satisfactory. 
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Table 1. Summary of Error Occurring Frequency during the On-Road Data Collection 
 

Typical Errors Frequency (%) 
Engine Scanner Errors 3 

Gas Analyzer Errors 8 

GPS Errors 6 
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Figure 1. Scatter Plot of Calculated Fuel Economy on a Trip Basis versus Actual Fuel 
Economy for Three Tested Vehicles in the Study Area 
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ABSTRACT  

Vehicle Specific Power (VSP) is useful for explaining a substantial portion of 

variability in real world vehicle emissions, such as those measured with portable 

emissions monitoring systems (PEMS). VSP is a function of vehicle speed, acceleration, 

and road grade. Road grade is shown to significantly affect estimates of both VSP and of 

real-world emissions via sensitivity analysis and analysis of empirical data.  However, 

road grade is difficult to measure reliably using PEMS.  Therefore, alternative methods 

for estimating road grade were identified and compared.  A preferred method for 

estimating road grade was explored in more detail based on Light Detection and Ranging 

(LIDAR) data. The method includes:  buffering LIDAR data onto roadway maps using a 

Geographic Information System (GIS) tool; defining segments of roadway based on 

criteria pertaining to vertical curvature; quantification of roadway elevations within the 

buffered segments; and estimation of road grade and banking by fitting a plane to each 

segment. Factors influencing errors in road grade estimates are discussed.  The method 

was evaluated by application to selected interstate highways and comparison to design 

drawing data.  The development and application of LIDAR-based road grade data is 

demonstrated via a case study using PEMS data collected in the Research Triangle Park, 

mailto:frey@eos.ncsu.edu
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NC area. LIDAR data is shown to be reliable and accurate for road grade estimation for 

vehicle emissions modeling.  

Keywords: Emissions, Mobile Sources, Nitric Oxide, Carbon Monoxide, Carbon Dioxide, 

Vehicles, Road Grade 

IMPICATIONS 

Gasoline-fueled highway vehicle emissions contribute 55%, 36%, and 28% to 

estimated U.S. national emissions of CO, NOx, and hydrocarbons, respectively.  These 

vehicles may have larger contributions in urban areas.  The ability to measure in-use 

emissions with portable instruments has focused attention on better understanding the 

relationships between transportation infrastructure and other factors with respect to 

emissions.  Roadway characteristics, such as road grade, can significantly affect 

emissions.  The methods reported here can be applied to better understand the existing 

roadway infrastructure and its effect on emissions, as well as a basis for longer-term 

development of design principles aimed at reducing vehicle emissions via greater 

attention to how roads should be graded.     

1.0 INTRODUCTION 

Vehicle Specific Power (VSP) is useful for explaining a substantial portion of the 

variability in vehicle tailpipe emissions of CO, hydrocarbons (HC), NOx, and CO2.1-3  

VSP is the instantaneous power per unit mass of the vehicle based upon speed, 

acceleration, road grade.  VSP accounts for power demand, rolling resistance, and 

aerodynamic drag.1  In recent work, VSP has been used to develop empirical models of 

light duty vehicle emissions based upon second-by-second dynamometer and portable 

emissions measurement system (PEMS) data.2,4,5  For example, vehicle emissions can be 

estimated by binning second-by-second data into categories based upon ranges of 

instantaneous VSP.2,3   Each VSP bin is associated with an average emission rate.  
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Previous work has indicated that road grade is a significant factor influencing real 

world emissions of light duty vehicles.  The following examples are for light duty 

gasoline vehicles unless otherwise noted.  Enns et al. found increases in CO emission rate 

as grade increases.6  Pierson et al. conducted a tunnel study at Baltimore Harbor and 

reported an average increase in emissions of a factor of two for a 3.76% grade versus a -

3.76% grade for both heavy and light duty vehicles.7  Cicero-Fernández et al. inferred 

that there are average increases of 3.0 g CO/mi and 0.04 g HC/mi with each 1% increase 

in grade.8  Kelly and Globricki reported more than a factor of 10 increase for CO 

emissions for 5% versus no road grade.9  Denis and Winner found that average emissions 

increased by 10, 3, and 5 times for CO, HC, and NOx, respectively, for a 4% grade versus 

flat terrain.10-11  

The calculation of VSP requires acquisition of speed, acceleration and road grade 

data. Speed and acceleration can be measured directly by PEMS. Road grade is more 

difficult to measure. For example, road grade can be estimated using Global Positioning 

System (GPS) data. However, GPS data can be imprecise for road grade estimation unless 

an adequate number of repeated runs are made (which increases the cost of data 

collection) or a sufficiently sophisticated (and costly) GPS system and data analysis 

procedure is used.12  

Thus, there is a need to evaluate alternative methods for road grade estimation.  

The key questions to be answered here include:  (1) are vehicle emissions sensitive to 

road grade?; (2) by what means can road grade be estimated and which method is 

preferred?; (3) how accurate are road grade estimates from the preferred method?; and (4) 

how can the estimated road grade be incorporated with PEMS data for vehicle emissions 

modeling purposes?  Thus, this paper includes evaluation of sensitivity of emissions to 

road grade, evaluation of alternatives for road grade estimation, development of a 
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recommended methodology for road grade estimation, demonstration of the methodology 

via a case study, and application of estimated road grade for in-use emissions 

measurement analysis. 

2.0 METHODOLOGY 

     The methodologies used here include: (1) sensitivity analysis to evaluate the 

importance of road grade with respect to VSP and emissions; (2) identification and 

comparison of alternatives for road grade estimation; and (3) development and evaluation 

of a reliable and accurate method for road grade estimation. 

2.1 Sensitivity Analysis of Emissions to Road Grade 

Sensitivity analysis was conducted to assess the importance of road grade with 

respect to emissions.  This is accomplished using an empirically-based model in which 

average emissions are estimated for each of 14 VSP modes, as detailed elsewhere.2  VSP 

modes are illustrated with a case study later in the paper.  Each VSP mode is defined by a 

range of VSP values, with some modes exclusive for negative values of VSP, and some 

exclusive for positive values of VSP. The definitions of VSP mode are shown in Table 1. 

For each VSP mode, an average emissions rate is estimated based upon PEMS or other 

second-by-second data.2  For positive VSP, average emissions generally increase for 

increasing ranges of VSP. 

A generic VSP estimation equation is reported by the U.S. Environmental 

Protection Agency (EPA) based upon coefficients typical of many light duty vehicles:4 
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where: 

v  = speed (km/h) 

a = acceleration (km/h/s) 
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r = road grade (%)  

VSP = Vehicle Specific Power (kw/ton) 

Assuming zero acceleration in order to simplify the sensitivity analysis, road 

grade was varied from 0 to 6 percent and speed was varied from 0 km/h to 120 km/h. The 

corresponding VSP were calculated and categorized by mode thereby enabling estimation 

of average emissions, as shown in Figure 1.  As an example, the sensitivity of NO 

emission rate, for a Tier 1 Light Duty Gasoline Vehicle (LDGV) with engine 

displacement less than 3.5 L and odometer less than 50,000 miles, to road grade is shown 

in Figure 2.  For a given speed, larger positive road grades lead to an increase in VSP, in 

turn leading to higher average emission rates. For example, the estimated average NO 

emission rate for a road grade of six percent is approximately a factor of two greater than 

for zero road grade.  Because acceleration was assumed to be zero, this analysis does not 

include negative values of VSP such as for deceleration, nor does it include all possible 

combinations of speed and acceleration that would produce different values of VSP.  

However, these results suggest that road grade is needed for estimating vehicle emissions. 

2.2 Evaluation of Alternatives for Road Grade Estimation 

Methods of road grade estimation that are identified and compared here include:  

(a) design drawing data; (b) photogrammetry using high-resolution ortho-rectified 

images; (c) traditional surveying such as direct on-road measurement; (d) measurement 

and analysis of GPS data; and (e) mobile mapping systems such as Light Detection and 

Ranging (LIDAR).9 

2.2.1 Design Drawing Data 

     Road grade can be inferred from design drawing data, particularly for major 

construction projects such as interstate highways.  However, road grades estimated from 

design drawing data may not be accurate because the as-built roadway may not 



53 

correspond to pre-construction design drawings, and as-built measurements are rarely 

available.  Other limitations are that: modifications to a roadway, such as additional lanes, 

are not updated on the original design drawings; the drawings do not provide details 

regarding vertical curvature where there is a transition between different grades; design 

drawings are often not available for arterials or older roads; and the process of estimating 

road grade from drawings is time consuming since many existing drawings are not 

computerized. 

 Despite the potential disadvantages, design drawings are perhaps the best 

available source of data in the absence of measurements of the as-built roadway, 

particularly for interstates. Road grade can be read directly from the drawing and assigned 

to a cumulative distance from an assumed origin.  However, vertical curvatures are not 

accurately depicted in design drawings.  Nonetheless, vertical curvature can easily be 

inferred based on a standard highway design principle that the rate of change in slope is 

constant for a vertical curve.13  In this work, the main focus is on the use of design data 

for interstate highway projects as a benchmark for comparison with other methods. 

2.2.2 Photogrammetry 

Photogrammetry involves making measurements from photographs.14 An 

orthophoto image is data photograph that is georeferenced.15 Georeferencing is the 

process of referencing the x and y coordinates positions of the images on the earth.  A 

digital elevation model (DEM) is a digital representation, in terms of x, y, and z 

coordinates, of the surface of the earth.16  An orthophoto and a DEM can be used together 

to determine elevations on roadways and, therefore, for road grade estimation.17  

However, this method is rarely reported in the literature and is not further investigated 

here.  
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2.2.3 Direct On-Road Measurement 

 Direct measurement of road grade could be done using a digital level, slope meter 

or data-log vehicle. The first two are potentially unsafe because of traffic flow, and all 

three are time consuming.  A data-log vehicle is equipped with a distance measuring 

instrument (DMI), vertical gyroscope, and gyro compass and can be used to collect 

roadway grade.17 However, data collection for large areas can be time consuming and 

expensive.  Furthermore, because of local imperfections in pavement, measurements at 

specific locations may not represent average road grades over longer distances.  

2.2.4 GPS Data 

A GPS system can be easily integrated into a PEMS to collect x, y and z 

coordinates for the purpose of characterizing a route. GPS-based methods for road grade 

estimation have been discussed and applied.18,19  However, a receiver with sufficient 

accuracy and precision is required. Furthermore, data correction to a base station and data 

post-processing, such as filtering, is typically needed. Moreover, multiple runs on the 

same roadway may be required to obtain a stable estimate of road grade at specific 

locations.12  If any of these requirements are not met, this method will fail to provide a 

good estimate of road grade. Figure 3 presents results using an inexpensive GPS system 

compared to design drawing data for a specific segment of I-40. These GPS-based 

estimates are imprecise and deviate substantially from the design data. Thus, this 

particular GPS dataset is not selected as a basis for road grade estimation. Because of the 

high cost of a more precise GPS system, and the need for repeated runs, an alternative 

method was sought. 

GPS data can be combined with other sources of data to improve the accuracy of 

road grade estimates.  For example, an Automatic Road Analyzer (ARAN), which 

consists of GPS and other sensors such as accelerometers and gyroscopes, has been used 
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by departments of transportation in Maine, New York, and Missouri to measure road 

grade and banking.17 However, this method is time consuming and expensive for large 

areas of data collection.  

2.2.5 LIDAR 

LIDAR is an example of a mobile mapping system, which is a moving platform 

that integrates data from multiple sensors to simultaneously provide three-dimensional 

positioning of both the platform and groud.20  LIDAR can be used to generate a DEM 

with an elevation accuracy of better than 30 cm.21-23 LIDAR has been used to support 

flood control, road inventory collection, wide-area topographic mapping and forest 

remote sensing.17, 24-30  Thus, the cost of obtaining LIDAR data can be justified in support 

of many programs, not just for characterization of roadways.   

The basic components of a LIDAR system include an airborne GPS, LIDAR 

sensor and Inertial Measurement Unit (IMU) as shown in Figure 4. The LIDAR sensor 

measures the distance from the airplane to the ground. The airborne GPS measures the x, 

y, and z coordinates of the moving LIDAR sensor in the air, and the coordinates are 

corrected using GPS base stations. The IMU establishes the angular orientation of the 

LIDAR sensor with respect to x, y and z in the flight. The system combines these data to 

provide accurate elevations of the ground.25 

Because some vegetation or thick tree canopy will prevent the LIDAR sensor light 

beam from penetrating to the ground, in some cases the elevation obtained is not 

representative of the ground. Therefore, data post-processing is used to eliminate the 

points that have unusual elevation changes and to generate the ground elevation. Point 

removal creates voids in the LIDAR data.25  For example, voids near a bridge overpass 

are due to the removal of points with different elevations on the bridge overpass and the 

ground on either side of the overpass in close proximity. 
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LIDAR can produce inaccurate delineation of stream channels, shorelines, or 

ridge lines.  However, these are visible on photographic images. Thus, depending on 

the need, LIDAR data comparisons with other sources, such as photographic images, 

might be needed.25 However, these inaccuracies do not affect road grade estimation. 

Compared to traditional methods for deriving DEMs, such as ground survey, 

photogrammetric measurements, and others, DEMs generated from LIDAR have 

advantages of better accuracy, denser nominal point spacing (3 m in this study compared 

to 10-30 m in traditional DEMs), lower cost and ease of use.25  

LIDAR data are available for eastern North Carolina, including the Research 

Triangle Park (RTP) study area in which PEMS data have been collected. Details 

regarding the LIDAR data, including specifications and data quality control, are given 

elsewhere.31-32 

2.2.6 Selection of Data Source for Road Grade Estimation 

Design drawing data are not available for most of the RTP area and thus cannot be 

used for an area-wide assessment of emissions.  Direct on-road measurement is 

impractical for logistical and safety reasons.  The use of available GPS data is not reliable 

for road grade estimation without significant investment of cost and time for equipment 

and field measurement.  Even if GPS or design drawing data had been available for the 

entire study area, LIDAR-based estimates of road grade would have been preferred 

because of their accuracy.  Therefore, LIDAR is selected as a preferred data source for 

road grade estimation. A methodology for using LIDAR data to estimate road grade is 

detailed in the following section. 

3.0 LIDAR-Based Method for Road Grade Estimation  

The use of LIDAR data to estimate road grade involves fitting a plane to 

elevations for segments of roadways using regression techniques. For example, 
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Souleyrette et al.17 used LIDAR-based surface models to estimate road grade and 

banking, which is the slope perpendicular to the direction of the travel. In their approach, 

Triangulated Irregular Network (TIN) surface models, which involve a particular type of 

data format for a Geographic Information System (GIS), were used to delineate the road 

segments of interest.  A rectangle was created to define the edges of roadway segment. 

The centerline was estimated by finding the midpoint of the shorter sides of the rectangle. 

Distances for LIDAR data points from and along the centerline of the rectangle were 

calculated based upon a defined local origin. Finally, calculated distances and the 

observed elevations were used for regression to estimate the grade and banking.  

Souleyrette et al. did not address the effect of vertical curvature on road grade 

estimation. In addition, the use of a TIN surface model to manually delineate the road 

segments is not practical when estimates for a large road network are needed.  A method is 

developed here that addresses these needs.   

The LIDAR based method for road grade estimation in this paper includes four 

major steps: (1) select LIDAR data within a buffer zone for the roadway; (2) define the 

roadway centerline; (3) compute distances; and (4) segment the roadway. A schematic of 

the method used here is shown in Figure 5.  In Figure 5(a), a buffer is applied to the 

selected roadway segment. LIDAR data within the horizontal boundaries of this buffer 

are selected in order to empirically describe the elevation of the roadway surface. In this 

work, a buffer width of 7.2 meter was used.  For divided highways with a median, a 

buffer was applied separately with respect to the centerline of each travel direction of the 

road.  For roadways without medians or dividers, the buffer is applied with respect to the 

centerline of the roadway.  This buffer is shown later to be adequate to capture detailed 

changes in road grade. 
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The centerline from a map of the roadway is used, either for a given travel 

direction of a divided roadway or for the entire roadway if not divided.  Distances of 

LIDAR data points from and along the centerline line are calculated using an ArcObject 

based function such that accurate distances can be obtained. Segmentation is used to 

diminish the effects of vertical curvature such that the method can be applied to any 

roadway section for road grade and banking estimation.  In Figure 5(b), a plane is fit to 

each segment, using bivariate regression to estimate road grade and banking.  

Segmentation and regression are discussed in the following sections. 

3.1 Segmentation 

     The purpose of segmentation is to eliminate the effect of vertical curvature by 

creating segments that are approximately piecewise linear.  As an example, Figure 6 (a) 

shows the longitudinal cross-section of segment AE. Within segment AE, the sub-

segments AB, BC, CD, DE have different rates of change in elevation and, hence, 

different road grades. Thus, it is not appropriate to fit only one surface plane to estimate 

the road grade for the entire segment AE. Instead, segment AE should be further divided. 

  The procedure for segmenting includes: (1) specify the end points of a roadway 

link and identify its local extremums by elevation to generate candidate segments; (2) 

divide each candidate segment into two equal length subsegments; and (3) check the 

difference of estimated road grade between the candidate segment and its subsegments 

(e.g., r2 for segement FG versus r1 for segment FH in Figure 6 (b)).  If this difference 

exceeds 0.1%, then the segment is further divided.  Based on the sensitivity analysis 

reported earlier, a change in road grade of only 0.1% is not likely to produce a significant 

change in emissions.  For example, as shown in Figure 6 (b), if the difference of r1 and r2 

is less than 0.1%, no further segmentation is necessary for segment FG.  
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  Another consideration in defining segments is to include adequate data to support 

the bivariate regression.  Ideally, the residuals of the regression model should be normally 

distributed, which in turn implies a need for an adequate sample size according to Large 

Sample Theory (LST).33 On average, the number of data points per segment in the case 

study is more than 150, which is adequate to meet the LST assumption.  The average 

segment length over the entire study area and for all road classes is 140 m with a 95% 

frequency range of 30 m to 570 m.   

3.2 Bivariate Linear Regression 

     In order to infer road grade, a plane is fit to the roadway surface for each roadway 

segment using bivariate linear regression: 
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Where: 
z  = predicted elevation within the road segment (m) 
x  = distance along the centerline of the road segment (m) 
y   = distance from the centerline of the road segment (m) 
r   = estimated road grade for specified road segment (%) 
b  = estimated banking of the road segment (%) 
c   = constant (m) 
ε  = residual error term (m) 

The x and y distances were calculated using ArcObjects® (ESRI, Inc) functions. A 

y distance is positive if LIDAR point is to the left of the roadway centerline (looking 

down the road in the positive direction of the x-axis, where this direction is defined for 

each roadway segment), otherwise, the y distance is negative. 

 The estimates of road grade are affected only by elevation and distance along the 

centerline of the roadway segment. The estimates of banking are affected only by 

elevation and distance from the centerline of the roadway segment. Factors affecting the 

accuracies of elevation and distances along the centerline of the roadway segment are also 

those affecting the errors of road grade estimates. These factors are discussed in the 

following section. 
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3.3 Factors Affecting Errors of Road Grade Estimates 

 Factors affecting errors of road grade estimates include accuracy of the roadway 

map, the accuracy of LIDAR data, and segmentation relative to the magnitude of roadway 

vertical curvature.  

Accuracy of the roadway map refers to the extent to which roadway information, 

such as roadway position on the map, matches true or accepted values and corresponds with 

the position of the same feature in the LIDAR-derived data. For example, if the roadway 

position shown in the roadway map does not match its real world position, the estimates 

could deviate, unless the LIDAR data are subject to the same error (which is unlikely).  

The accuracy of LIDAR data is a function of the airplane altitude, LIDAR sensor, 

quality of IMU data, and post-processing procedures.34   Evaluation of accuracy of 

LIDAR data is usually performed by comparing the positions estimated from LIDAR to 

georeferenced ground positions with higher accuracy from other datasets, such as aerial 

photographs, satellite imagery and ground surveys. The accuracy is usually quantified in 

terms of root mean square error (RMSE).35  

The accuracy of the x and y coordinates of the LIDAR data used here was 

evaluated by comparing topographical features detected by LIDAR data to those from 

digital orthophoto images.36  TIN surface models derived from LIDAR data are used to 

describe the topographical features. Using a digital map as a benchmark, both the LIDAR 

TIN and digital orthophoto image were overlapped with the same benchmark separately. 

The geographical features detected from LIDAR data agreed with those from the 

orthophoto images. For example, both data sources created the same road beds for arterial 

highways at the same locations. 
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The RMSE of z coordinates of the LIDAR data used here is reported to range from 

7.7 to 25 cm,25 which is judged to be much smaller than changes in elevation that are 

significant with respect to emissions.  

Errors can be introduced in the regression analysis if the roadway segments are 

not approximately piecewise linear, particularly with respect to road grade.  For example, 

Figure 7 presents two scenarios of road grade estimates: one that defines enough 

segments to properly account for vertical curvature (solid line) versus one that does not 

(dashed line). If the segment contains too much vertical curvature, then the road grade 

estimate can be substantially biased. In this case, the methodology described in the 

section of segmentation can be used to eliminate the effect of vertical curvatures on road 

grade estimations. 

Because of voids in the vicinity of bridges and overpasses, the regression 

approach cannot be used directly to estimate the road grade at these locations.  Locations 

where voids occur are modeled as vertical curves connecting the adjacent two roadway 

links for which road grade estimates are feasible.   

4.0 Evaluation of LIDAR-Based Method  

    The LIDAR-based method was used to estimate road grades for roadways 

between North Carolina State University, North Raleigh and Research Triangle Park in a 

study area as shown in Figure 8. These roadways include interstate highways such as I-

40, I-540 and major arterial such as Capital Blvd.  

The LIDAR-based road grade estimates were compared to design drawing data for 

selected portions of I-40 and I-540 as shown in Figures 9 and 10, respectively.  Vertical 

curves were estimated from design drawings as described previously.  

 The LIDAR-based road grade estimates have step-like changes as a result of the 

segment-based piece-wise linear estimates.  Table 2 summarizes the key results from 
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road grade estimation.  These results demonstrate that for road grades with magnitudes 

greater than 1.0%, the estimates are highly precise as indicated by high coefficients of 

determination and a small coefficient of variation, which is the ratio of the standard error 

of the mean to the mean for the estimated grade.  As the magnitude of the road grade 

approaches zero, the relative precision decreases.  However, as shown earlier, emissions 

are not sensitive to small changes in road grade.  Thus, the higher precision obtained for 

larger magnitudes of road grade complements the need for precise estimates of such 

grades in emissions estimation.  

The average difference between LIDAR data and design drawing data is -0.05% 

on an absolute percentage point basis. The 95% frequency range of the difference is -

0.3% to 0.05%.  These differences are small relative to changes in road grade that would 

lead to significant differences in emissions. For example, the average road grade 

difference of -0.05% for a vehicle traveling at 120 km/s corresponds to a change in VSP 

of only 0.16 kW/ton, which is much smaller than the VSP intervals for the VSP-based 

emission modes (e.g., see Table 1).  Thus, the choice of VSP mode is either insensitive to 

such a small change in VSP, or an adjacent mode with comparable average emissions 

would be selected.   

The results agree especially well for I-540, which has been constructed in the last 

few years.  For I-40, which is an older road, the LIDAR-based estimates appear to be 

capturing details at a higher resolution than the design drawing data, and thus may 

indicate aspects of the as-built road that differ from the design drawings.  Furthermore, 

the strong agreement in the comparison supports the assumption that a 7.2 m buffer width 

is adequate for accurately estimating road grade. 

For purposes of assessing the emissions implications of the two methods for 

estimating road grades, VSP was estimated at each location along a selected highway, 
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using the data in Figure 9 as an example.  To simplify the calculation of VSP, a constant 

speed of 112 km/h was assumed.  For small road grades, VSP is approximately a linear 

function of road grade.  Thus, Figure 9 depicts VSP on the right vertical axis and road 

grade on the left vertical axis at each location along the highway.  

   In some cases, even though the road grade estimates differ, both data sources lead 

to selection of the same VSP-based driving mode, and thus would produce the same 

average emission estimate at a given location (e.g., this occurs at a cumulative distance of 

11.6 km in Figure 9).  In some cases, differences in road grade estimates lead to a 

difference in the choice of VSP-based driving mode.  An example occurs at a cumulative 

distance of 2.7 km in Figure 9, where Mode 6 is selected based upon design drawing data 

whereas Mode 7 is selected based upon LIDAR data.  In very few cases, there are larger 

differences in the selection of mode, such as at 1.5 km in Figure 9, where mode 7 is 

selected based upon LIDAR data and mode 9 is selected based upon NCDOT design 

drawing data.  

 The relative difference in estimates of total emissions is less than one percent for 

CO2, NO, and HC, and is less than three percent for CO when comparing the LIDAR-

based approach to the NCDOT design drawing-based approach, as summarized in Table 

3.  This implies that the amount of error in the estimates of total emissions can be less 

than the error in VSP estimates, and that for a sufficiently long section of roadway, both 

approaches produce essentially the same emission estimate.  Of course, at specific 

locations, the relative differences can be greater. The mean errors in segment-based 

emissions estimates for NO, HC, CO and CO2 are 2.8%, -0.3%, 1.2%, -0.3%, 

respectively, which implies that the two estimation methods provide accurate results on a 

local scale.  However, for an individual segment, the difference in emissions estimates 

varies by ±10% to ±20% for HC, CO2, and CO, respectively, and can be as large as -23 to 
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30% for NO.  These differences could be because the LIDAR-based approach quantifies 

road grade with a higher resolution than the design drawing data, such as near Rock 

Quarry Road on I-40. For example, recent maintenance activities have been observed in 

this area. The design drawing data do not capture details of actual variations in road grade 

that are observed in the field. 

 Overall, these results imply that LIDAR data is at least as accurate as design 

drawing data, but that the LIDAR data reveal topographical features more typical of the 

as-built roadway and can be applied to a wider range of roads even if design drawings are 

not available. The accuracy of the LIDAR data used for this study can be regarded as a 

benchmark of accuracy requirements for future use.  

5.0 Application of LIDAR-Based Road Grade Data for Analysis of In-

Use Emissions Measurements 

 This section demonstrates a methodology for using LIDAR-based road grade in 

order to analyze in-use PEMS emissions measurements. The methodology involves 

several steps:  (1) estimate road grade for the study routes based on LIDAR data using 

procedures described previously; (2) estimate the location of the vehicle (e.g., on a 

second-by-second basis) based upon x and y coordinates recorded using GPS or based 

upon vehicle speed profiles and known datums; (3) record the LIDAR-based road grade 

coincident with each second-by-second coordinate of the vehicle in order to create a 

vehicle activity and emissions database that contains road grade; and (4) conduct analyses 

of the integrated database to evaluate the effect of road grade on emissions.  

For any position on a route driven by a vehicle, there is corresponding road grade. 

Hence, road grade can be expressed as a function of distance with respect to a datum. 

Given a datum (usually the trip start point) on a route, the distance from any position on 

the route to the datum is estimated using an ArcObject based function.  
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The vehicle speed profile from PEMS data for a given route is used for estimating 

vehicle positions with respect to known locations.  GPS data were not used for estimating 

the vehicle position because loss of signal occurred for approximately 6% of the total 

travel time.  For example, when the vehicle is moving on the highway, the x, y 

coordinates do not always update every second (e.g., because the vehicle goes under an 

overpass, blocking the signal from satellites) and thus data gaps are created. In contrast, 

speed data from the engine diagnostic link are updated every second.  

During field data collection with the PEMS, a time stamp was recorded when the 

vehicle crossed or passed key datums, including pre-selected intersections.  When the 

vehicle crossed the middle of a pre-selected intersection that defines the endpoint of a 

given link, a time stamp was recorded.  Thus, it is known at what time the vehicle entered 

and exited a given link.  The vehicle speed profile measured during travel on a given link 

is used to estimate the cumulative distance that the vehicle traveled over time between the 

beginning and end of the link and to locate the vehicle at any point in time along the link:   

                                          ∑×= jifjD scd ,,                                                              (3) 

where  

dD,j is the driving distance along a link j from end-to-end (m), and  

si,j is the instantaneous vehicle velocity at time i (km/h) 

cf is a conversion factor from km/h to m/s, which is 0.278. 

For simplicity, the distance along each link computed from a digital map using an 

ArcObject based function is assumed to be the true ground distance.  This assumption can 

introduce some error, since a digital map is a two-dimensional projection of a road that 

exists on a three-dimensional surface.  Map projections always lead to some distortions of 

conformality, distance, direction, and areas.37-39   The digital map used here is based on 

the State Plane Coordinate System (SPCS) with zone identifier 3200, which uses Lambert 
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Conformal Conic projection referenced to North America Datum (NAD) 1983. When 

compared to links for which NCDOT design drawing data were available, the map 

distance had less than two percent relative deviation.  

There is some error associated with integrating speed profiles for the purpose of 

estimating vehicle position along a link.  On the basis of an individual run of one vehicle 

on one link, the average difference in the distance estimated by integrating the speed 

profile versus the digital map roadway centerline distance is -2.9 percent, with a 95 

percent frequency range of -1 to -5 percent.  There are several possible reasons for these 

differences, such as:  (1) digital map projection errors; (2) errors in measured vehicle 

speed on a second-by-second basis; and (3) differences in the vehicle travel path relative 

to the road centerline.   

Projection errors have been discussed and are likely to be small relative to other 

sources of error.  The vehicle speeds reported by the On-Board Diagnostic (OBD) system 

appear to be truncated to the next lowest integer value; thus, the systematic error in 

average speed is ½ mph.  A typical average travel speed over all links is 38 mph.  Thus, 

truncation error alone would lead to a systematic underestimation of distance of typically 

1.3%.  There may be additional random errors.   

The vehicle is not driven on the roadway centerline in most cases.  The actual 

distance driven can be higher or lower than the centerline distance, depending on factors 

such as horizontal curvature of the road and lane changes.  For example, on a highly 

curved elevated two-lane freeway ramp between I-40 and I-540, a vehicle could travel 

either 1,514 feet in the left lane or 1,556 feet in the right lane, whereas the centerline 

distance is 1,535 feet.  Thus, the error due to variability in travel path could be 

approximately plus or minus 1.4 percent in this case.   
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Lane changes can lead to variability in distance for two reasons:  (a) slightly 

longer travel distance because of the sideways shift to another lane; and (b) overall 

differences in distance because of different radii of curvature in the final versus the 

original lane.  The relative differences for the latter are discussed in the example above 

and can be on the order of a percent or more.  For the former, the relative differences are 

typically small.  For example, for a vehicle traveling 38 mph on a straight road that 

changes lanes over a period of 3 seconds, the distance driven during the 3 seconds is only 

0.26 percent greater than if the vehicle had stayed in the original lane.  This percentage 

diminishes if the total travel distance between lane changes is considered.   

Overall, for the data collected in this work, errors in the speed measurements and 

variability in travel path (primarily because of lane selection but not necessarily the lane 

changes themselves) are key contributors to differences in estimated distance. 

When using an average estimate of driving distances for an entire route based 

upon multiple runs with each of several vehicles, the mean difference was within three 

percent compared to the digital map distance. 

In order to more accurately estimate vehicle position between two known points, a 

correction factor is used based on the ratio of the digital map distance to the estimated 

driving distance from the integral of the speed profile. Thus, at time t, the cumulative 

distance driven (dt,j) from the start of a link j is estimated as: 

                                                     ∑= jt
jD

jM
fjt s

d
d

cd ,
,

,
,                                               (4) 

where dM,j is the map distance for a specific link j (m). 

The road grade from the LIDAR-based estimates can be represented as a function 

of distance along the roadway centerline.  Thus, road grade is matched to the vehicle for 

each second based on the position of the vehicle:    
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                                                         )( ,, jiji dfr =                                                       (5) 

where ri,j is the road grade corresponding to di,j for a specific link j and time i. 

The LIDAR-based road grade estimation method was applied to several routes for 

which PEMS data were collected for multiple runs of each of three vehicles during 2004. 

The methodology for data collection and data reduction are described in detail 

elsewhere.40,41  These vehicles included a 2005 Chevrolet Cavalier with a 2.2 liter engine, 

a 2004 Dodge Caravan with a 3.3 liter engine, and a 2005 Chevrolet Tahoe with a 5.3 liter 

engine.  For each vehicle, an average of 65 hours of second-by-second PEMS data was 

collected.  These data include repeated runs on each of three routes from downtown 

Raleigh, NC to north Raleigh, and three routes from north Raleigh to Research Triangle 

Park, NC.  The PEMS data include measured emissions of CO, CO2, NO, and HC, 

vehicle activity data (e.g. engine RPM , vehicle speed), and time stamps corresponding to 

pre-defined link endpoints. 

In order to assess the effect of road grade on in-use emissions using empirical 

data, the methods described above for combining LIDAR-based road grade estimated 

with the PEMS data taking into account vehicle position were applied.  The combined 

database was then used to estimate how average vehicle emission rates change when 

comparing field measurements with different ranges of road grade.  To facilitate such a 

comparison, the data were stratified.  An example is shown in Table 4 for the case of 

vehicle operation at approximately steady cruising speeds ranging from 56 to 72 km/h (35 

to 45 miles per hour).  The percentage change in average emissions is shown in Table 5 

for each of the three vehicles when comparing positive road grades greater than five 

percent versus road grades of zero percent or smaller.  The latter includes negative road 

grades during which a vehicle would be under reduced engine load.  The results imply 

that, although there is significant inter-vehicle variability in the percentage change in 
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emissions, NO had the largest relative changes in emission rate.  The changes in CO2 

emission rate are highly correlated with fuel use rate, and imply greater fuel use and CO2 

emissions as the vehicle experience greater power demand on positively graded roads.  

The percentage changes were typically lowest for the largest of the three vehicles tested; 

however, this vehicle had the largest baseline emissions.  Road grade contributes 

significantly to VSP for the data collected on road grades of 5 percent or more.  For 

example, for VSP mode 8, road grade contributes an average of approximately 35% to 

60% for modes 10 through 6, respectively, with the contribution increasing as the total 

VSP decreases.   

The PEMS- and LIDAR-based data reported here indicate qualitative agreement 

with the sensitivity analysis reported earlier in this paper and with previous work of 

others6-11 in that average emission rates increase as road grade increases.  However, the 

quantitative percentage change in emission rate differs from these other two sources of 

information.  In this work, three vehicles were tested extensively in the field.  However, it 

is clear from comparing these three vehicles that there is substantial inter-vehicle 

variability in how much emissions change with respect to road grade.  Therefore, the 

estimates here for only three vehicles are not expected to agree exactly with results 

reported by others for different vehicles or fleets of vehicles.  Furthermore, the specific 

driving conditions (e.g., speed, ambient conditions) were not identical to those of the 

other studies. 

Road grade data can be used to develop empirically-based emission rates using the 

VSP modal approach described earlier.  VSP depends on road grade, which was estimated 

from LIDAR data, and on vehicle speed and acceleration, which was measured using 

PEMS.  An example of results is shown in Figure 11 for NO emissions from the Caravan.  

The mean emission rate is lowest for Mode 3, which includes idle, and increases 
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monotonically with VSP mode as VSP increases.  The average emission rates for negative 

VSP, which include decelerations, are higher than for idle but are less than for values of 

VSP greater than 1 kw/ton.  Presumably, the engine may be under a small load or 

experiencing transient or engine friction effects (which are proportional to engine RPM) 

during deceleration.   

Similar results were obtained for other pollutants and vehicles, and are 

qualitatively similar to results reported elsewhere.2  However, the approach here is 

different in that the actual road grade on the test routes was quantified and incorporated 

into the VSP estimate, whereas in previous work either road grade was not a factor (e.g., 

for dynamometer tests) or was not estimated.  The VSP-bin based emissions rate for the 

three tested vehicles are shown in Table 6. The variability in average modal emission rate 

when comparing the highest to lowest average is approximately a factor of ten or more in 

most cases.   

The use of road grade information for emissions estimation is not limited to the 

VSP-based approach illustrated here. Road grade can be used as an explanatory variable 

in other modeling frameworks. 

6.0 CONCLUSIONS 

  From case studies and empirical data shown in this paper, both VSP and emissions 

are sensitive to road grade. Therefore, accurate road grade information is needed for 

accurate estimation of VSP and emissions. Among several alternative methods for 

estimating road grade, a LIDAR-based method was found to have fewer logistical or 

practical limitations and was shown to be sufficiently reliable and accurate for purposes 

of emissions estimation.  Possible sources of error, such as in the LIDAR data, digital 

elevation maps, and methods for estimating vehicle position, were found to be small and 

did not significantly impact the ability to make estimates.  LIDAR-based road grade 
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estimates were found to agree well with design drawing data for two interstate highways.  

However, the minor differences in road grade values between the LIDAR-based estimates 

and the design drawing data did not significantly affect estimates of average emission 

rates and could be based on as-built features that are captured by LIDAR data.  A key 

advantage of LIDAR data is that it can be used to make road grade estimates for any 

roadway, including older or smaller ones for which design drawings or related data are 

not archived.  

 LIDAR-based road grade estimates were developed and combined with a PEMS 

database for selected vehicles and routes.  Based on these empirical data, a key finding is 

that emission rates of NO, CO, HC, and CO2 increased significantly when a vehicle 

experienced grades of five percent or more versus zero percent or less.  Furthermore, 

empirical road grade data were incorporated into VSP-based modal emission estimates.  

Thus, the feasibility of incorporating LIDAR-based road grade estimates with in-use 

emissions data for vehicle emissions estimation was demonstrated.  LIDAR-based road 

grade estimates are recommended as a useful technique for combining road grade data 

with in-use emissions measurements from instrumented vehicles. 

7.0 ACKNOWLEDGMENTS 

This material is based upon work supported by the National Science Foundation 

under Grant No. CMS-0230506.  Any opinions, findings, and conclusions or 

recommendations expressed in this material are those of the author(s) and do not 

necessarily reflect the views of the National Science Foundation. The authors are grateful 

for the assistance of Dr. Nagui Rouphail, Dr. William Rasdorf, and Dr. Hubo Cai. 

8.0 REFERENCES 

1. Jiménez-Palacios, J.L. Ph.D. thesis, Massachusetts Institute of Technology, 
Cambridge, MA, 1999. 



72 

2. Frey, H.C; Unal, A.; Chen, J.; Li, S.; Xuan, C. Methodology for Developing 
Modal Emission Rates for EPA’s Multi-scale Motor Vehicle & Equipment 
Emission System; EPA420-R-02-02; Prepared by North Carolina State 
University for Office of Transportation and Air Quality, U.S. Environmental 
Protection Agency: Ann Arbor, MI, 2002. 

3.   Nam, E.K. Proof of Concept Investigation for the Physical Emissions Estimator 
(PERE) for MOVES; EPA420-R-03-00; Prepared by Ford Research and 
Advanced Engineering for Assessment and Standards Division, Office of 
Transportation and Air Quality, U.S. Environmental Protection Agency: Ann 
Arbor, MI, 2003.  

4.  EPA's Onboard Analysis Shootout: Overview and Result; EPA420-R-02-026; 
Office of Transportation and Air Quality, U.S. Environmental Protection 
Agency: Ann Arbor, MI, 2002. 

5. Draft Design and Implementation Plan for EPA's Multi-Scale Motor Vehicle and 
Equipment Emission System (MOVES); EPA420-P-02-006; Office of 
Transportation and Air Quality, U.S. Environmental Protection Agency: Ann 
Arbor, MI, 2002. 

6. Enns, P.; German, J.; Markey, J. US EPA’s Survey of In-Use Driving Patterns: 
Implications for Mobile Source Emission Inventories; In Proceedings of 
Specialty Conference on The Emission Inventory: Perception and Reality of 
A&WMA, Pasadena, CA, October 1993; A&WMA: Pittsburgh, PA, 1993.  

7. Pierson, W. R.; A.W. Gertler, A.W.; Robinson, N.F.; Sagebiel, J.C.; Zielinska, 
B.; Bishop, G.A.; Stedman, D.H.; Zweidinger, R.B.; Ray, W.D. Real-World 
Automotive Emissions: Summary of Studies in the Fort McHenry and Tuscarora 
Mountain Tunnels; Atmos. Environ. 1996, 30 (12), 2233-56. 

8. Cicero-Fernandez, P.; Long, J.R. Effects of Grades and Other Loads on On-Road 
Emissions of Hydrocarbons and Carbon Monoxide; J. Air Waste Manage. Assoc. 
1997, 47, 898-904. 

9. Kelly, N.; Groblicki, P.J. Real-World Emissions from a Modern Production 
Vehicle Driven in Los Angeles; J. Air Waste Manage. Assoc. 1993, 43, 1351-57. 

10. Denis, M.J.; Cicero-Fernández, P.; Winer, A.M. Effects of In-Use Driving 
Conditions and Vehicle/Engine Operating Parameters on Off-Cycle Events: 
Comparison with Federal Test Procedure Conditions; J. Air Waste Manage. 
Assoc. 1994, 44, 31-38. 

11. Denis, M.J.; Winer, A.M. Prediction of On-Road Emissions and Comparison of 
Modeled On-Road Emissions to Federal Test Procedure Emissions; In 
Proceedings of Specialty Conference on The Emission Inventory: Perception and 
Reality of A&WMA, Pasadena, CA, October 1993; A&WMA: Pittsburgh, PA, 
1993. 

12. Rakha, H. Estimating Roadway Grades Using Global Positioning Systems; In 
Proceedings of 15th CRC On-Road Vehicle Emission Workshop, San Diego, CA; 
Coordinating Research Council: Atlanta, GA, 2005. 

13. Hickerson, T.F. Route Location and Design, 5th Ed.; McGraw-Hill: New York, 
1964. 

14.  Mikhail, E.M; Bethel, J.S.; McGlone, J.C. Introduction to Modern 
Photogrammetry; John Wiley & Sons: New York, 2001. 

15. Content Standard for Digital Orthoimagery; FGDC-STD-008-1999; Federal 
Geographic Data Committee: Washington, DC, 1999. 



73 

16. Digital Elevation Model Technologies and Applications: The DEM Users 
Manual; Maune, D.F., Eds.; American Society for Photogrammetry and Remote 
Sensing: Bethesda, MD, 2001. 

17. Souleyrette, R.; Hallmark, S.; Pattnaik, S.; O’brien, M.; Veneziano, D. Grade 
and Cross Slope Estimation from LIDAR Based Surface Model; MTC-2001-02; 
Prepared by Midwest Transportation Consortium and Iowa State University for 
U.S. Department of Transportation, Research and Special Programs 
Administration; U.S. Department of Transportation: Washington, DC, 2003.  

18. Bae, H.S.; Ryu, J.; Gerdes, C. Road Grade and Vehicle Parameter Estimation for 
Longitudinal Control Using GPS; In Proceeding of IEEE on Intelligent 
Transportation Systems, Oakland, CA, August 2001; ITS: Alameda, CA, 2001. 

19. Awuah-Baffour, R.; Sarasua, W.; Dixon, K.K.; Bachman, W.; Guensler, R. 
Global Positioning System with an Attitude: Method for Collecting Roadway 
Grade and Superelevation Data; Trans. Res. Rec. 1997, 1592, 144-150. 

20.  Grejner-Bzezinska, D. Direct Georeferencing at the Ohio State University: A 
Historical Perspective; Photogrammetric Engineering and Remote Sensing, 
2002, 68, 557-560. 

21. Turner, A. K. LIDAR Provides Better DEM Data; GEOworld, 2000, 13 (11), 30-
31. 

22. Toutin, T. Comparison of Stereo-Extracted DTM from Different High-
Resolution Sensors: SPOT-5, EROS-A, IKONOS-II, and QuickBird; IEEE 
Transactions on Geoscience & Remote Sensing, 2004, 42 (10), 2121-9. 

23. Zhang, K.; Chen, S.; Whitman, D.; Shyu, M.; Yan, J.; Zhang, C. A Progressive 
Morphological Filter for Removing Nonground Measurements From Airborne 
LIDAR Data; IEEE Transactions on Geoscience & Remote Sensing Part 1, 
2003, 41 (4), 872-882. 

24. Hernandez-Pajares, M.; Zomoza, J.M.J.; Subirana, J.S.; Colombo, O.L. 
Feasibility of Wide-Area subdecimeter Navigation With GALILEO and 
Modernized GPS; IEEE Transactions on Geoscience & Remote Sensing Part 2, 
2003, 41 (9), 2128-31. 

25. North Carolina Floodplain Mapping Program. LIDAR and Digital Elevation 
Data. http://www.ncfloodmaps.com/pubdocs/lidar_final_jan03.pdf (Accessed 
April 2004). 

26. Hill, J.M.; Graham, L.A.; Henry, R.J. Wide-area topographic mapping and 
applications using airborne Light Detection and Ranging (LIDAR) Technology; 
Photogrammetric Engineering and Remote Sensing, 2000, 66, 908-14. 

27. Bindschadler, R.; Fahnestock, M. Comparison of Greenland Ice Sheet 
Topography Measured by TOPSAR and Airborne Laser Altimetry; IEEE 
Transactions on Geoscience & Remote Sensing Part 2, 1999, 37 (5), 2530-35. 

28. Lefsky, M.A.; Cohen, W.B.; Parker, G.G.; Harding, D.J. LIDAR Remote 
Sensing for Ecosystem Studies; Bioscience, 2002, 52 (1), 19-30. 

29. Sun, G.; Ranson, K.J. Modeling Lidar Returns from Forest Canopies; IEEE 
Transactions on Geoscience & Remote Sensing, 2000, 38 (6), 2617-22. 

30. Lim, K.; Treitz, P.; Wulder, M.; St-Onge, B.; Flood, M. LIDAR remote sensing 
of forest structure; Progress in Physical Geography, 2003, 27 (1), 88-106. 

31. North Carolina Floodplain Mapping Program. Light Detection and Ranging 
(LIDAR) Specifications. 
http://www.ncfloodmaps.com/pubdocs/issue_papers/IP07-lidar_spec.pdf 
(Accessed April 2004). 

http://www.ncfloodmaps.com/pubdocs/lidar_final_jan03.pdf
http://www.ncfloodmaps.com/pubdocs/issue_papers/IP07-lidar_spec.pdf


74 

32. North Carolina Floodplain Mapping Program. Quality Control of Light Detection 
and Ranging (LIDAR) Elevation Data in North Carolina.  

 http://www.ncfloodmaps.com/pubdocs/issue_papers/IP05-lidar_qc.pdf (Accessed 
April 2004). 

33. Sen, A.; Srivastava, M. In Regression Analysis: Theory, Methods, and 
Application; Springer-verlag: New York, 1990, pp106-107.  

34. Baltsavias, E.P. Airborne Laser Scanning: Basic Relations And Formulas; ISPRS 
J. Photogramm. Remote Sensing, 1999, 54 (2/3), 199-214. 

35. National Standard for Spatial Data Accuracy, Part 2; FGDC-STD-007.3-1998; 
Federal Geographic Data Committee: Washington, DC, 1998. 

36. Wake County Geographic Information Service of North Carolina. Download 
Data.  

 http://www.wakegov.com/county/propertyandmapping/gisdigitaldata.htm 
(Accessed August 2004). 

37. Bugayevskiy, L.M.; Snyder, J.P. Map Projections: A Reference Manual; Taylor 
and Francis: London, 1995. 

38. Muehrcke, P.C.; Muehrcke, J.O. Map Use: Reading-Analysis-Interpretation, 4th 
ed.; JP Publications: Madison, WI, 1998. 

39. Synder, J.P. Map Projections: a working manual; USGS Professional Paper 1395; 
U.S. Government Printing Office: Washington, DC, 1987. 

40. Frey, H.C.; Unal, A.; Rouphail, N.M.; Colyar, J.D. On-Road Measurement of 
Vehicle Tailpipe Emissions Using a Portable Instrument; J. Air Waste Manage. 
Assoc. 2004, 53, 992-1002. 

41. Unal, A.; Frey, H.C.; Rouphail, N.M. Quantification of Highway Vehicle 
Emissions Hot Spots Based upon On-Board Measurements; J. Air Waste 
Manage. Assoc. 2004, 54, 130-140. 

 

http://www.ncfloodmaps.com/pubdocs/issue_papers/IP05-lidar_qc.pdf
http://www.wakegov.com/county/propertyandmapping/gisdigitaldata.htm


75 

Table 1.  Definition of Vehicle Specific Power (VSP) Modes and Average Emissions 
Rates for NO, HC, CO and CO2 for Tier 1 Light Duty Gas Vehicle (LDGV)2 

VSP mode Definition NO * 

(mg/sec)
HC * 

(mg/sec) 
CO * 

(mg/sec)
1 VSP < -2 0.9  0.5  7.8  
2 -2 <= VSP < 0 0.6  0.3  3.9  
3 0 <= VSP < 1 0.3  0.4  3.3  
4 1 <= VSP < 4 1.2  0.4  8.3  
5 4 <= VSP < 7 1.7  0.5  11 
6 7 <=  VSP < 10 2.4  0.7  17. 
7 10 <= VSP < 13 3.1  0.8  20 
8 13 <=  VSP < 16 4.2  1.0  29 
9 16 <=  VSP < 19 5.1  1.1  36  
10 19 <=  VSP < 23 5.9  1.4  55 
11 23 <=  VSP < 28 7.6  2.1  114  
12 28 <=  VSP < 33 12.1  3.4  208 
13 33 <= VSP < 39 15.5  4.9  442 
14 39 <=  VSP 17.9  10.9  882 

   Note: * These average emissions rates are for Tier 1 LDGV with engine displacement 
less than 3.5 L and odometer less than 50,000 miles 

 The average confidence intervals for these VSP modes in % are ±7, ±10, ±13 
and ±2 for NOx, HC, CO and CO2, respectively.  
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Table 2. Summary of Coefficient of Variation, R2 of Bivariate Linear Regression for Road Grade Estimates for Portions of I-540 
and I-40, in Research Triangle Park Area, North Carolina 

 
Magnitude of Road Grade  

< 0.5% ≥ 0.5% & ≤ 1% > 1% Highway 
Number 

Of 
Segments

Mean 
Segments 

Length (m) R2  Range CV* R2  Range CV R2  Range CV* 

I-540 67 282 0.19-0.99 0.34 0.86-0.99 0.10 0.98-0.99 0.01 
I-40 44 264 0.19-0.94 0.11 0.69-0.99 0.02 0.93-0.99 0.01 

Note: CV* - Coefficient of Variation, ratio of standard error to mean of road grade estimates for corresponding road grade class 
For I-540, the median R2 are 0.55, 0.95 and 0.99 for the three road grade classes in ascending order, respectively. The maximum and 
minimum segment lengths are 1542 and 30m, respectively. 
For I-40, the median R2 are 0.71, 0.95 and 0.99 for the three road grade classes in ascending order, respectively. The maximum and 
minimum segment lengths are 1412 and 49m, respectively. 
 
Table 3. Estimated Total Emissions Based on Time Distribution of Vehicle Specific Power for a Tier 1 Light Duty Gasoline Vehicle 

on a Portion of I-40 E 
 
 

   
 
 

Note: Vehicle assumed to have mileage less than 50,000 and engine size less than 3.5L. 
 

 CO (g) CO2 (g) HC (g) NO (g) 
LIDAR Data 9.0 1619 0.334 1.29 

NCDOT Design Drawing Data 8.8 1624 0.332 1.28 
Relative Difference (%) 2.3 0.31  0.60 0.78 
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Table 4.Average Emission Rates and their 95% Confidence Intervals for Road Grade of Five Percent or More versus Zero Percent or 
Less for Selected Vehicles and Cruising Speeds of 35 to 45 mph Based on Portable Emissions Measurement Systems Data 
 

 
 
 
 
 
 
 
 
 
 
 

 
 
Note: CI – confidence interval; LB – lower bound of 95% CI; UB – upper bound of 95% CI 

 
Table 5.Average Increase in Emissions for Road Grade of Five Percent or More versus Zero Percent or Less for Selected Vehicles 

and Cruising Speeds of 35 to 45 mph Based on Portable Emissions Measurement Systems (PEMS) Data 
 

Vehicle NO  HC  CO CO2 
Chevrolet  

’05 Cavalier, 2.2 L 260% 60% 90% 70% 

Dodge  
’05 Caravan, 3.3 L 450% 110% 140% 90% 

Chevrolet  
’05 Tahoe, 5.3 L 180% 60% 60% 40% 

 

NO (mg/s) HC (mg/s) CO (mg/s) CO2 (g/s) 
95% CI 95% CI 95% CI 95% CI Vehicle Road Grade 

μ 
LB UB 

μ 
LB UB 

μ 
LB UB 

μ 
LB UB 

≤ 0% 0.07 0.07 0.08 0.10 0.10 0.11  2.3 2.2 2.4 1.9 1.9 1.9 Chevrolet  
05 Cavalier, 

2.2 L ≥ 5% 0.26 0.23 0.30 0.17 0.15 0.19  4.3 3.6 5.0 3.2 3.1 3.4 

≤ 0% 0.09 0.08 0.11 0.27 0.27 0.28  1.8 1.8 1.9 3.5 3.4 3.5 Dodge  
'05 Caravan, 

3.3 L ≥ 5% 0.50 0.41 0.59 0.56 0.51 0.61  4.3 2.9 5.7 6.5 6.2 6.8 

≤ 0% 0.44 0.42 0.46 0.27 0.27 0.28  1.6 1.5 1.6 4.9 4.8 4.9 Chevrolet  
'05 Tahoe, 

5.3 L ≥ 5% 1.23 1.08 1.38 0.43 0.39 0.48  2.5 2.3 2.7 6.7 6.3 7.0 
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Table 6. Mean Emission Rates by Vehicle, Pollutant, and Vehicle Specific Power (VSP) Mode Based Upon In-Use Portable 
Emissions Measurement System (PEMS) Data and LIDAR-Based Road Grade Estimates.   

Cavalier (2.2L) Caravan (3.3L) Tahoe (5.3L) VSP 
Mode NO 

(mg/s) 
HC 

(mg/s)
CO 

(mg/s)
CO2 
(g/s)

NO 
(mg/s)

HC 
(mg/s)

CO 
(mg/s)

CO2 
(g/s) 

NO 
(mg/s)

HC 
(mg/s)

CO 
(mg/s)

CO2 
(g/s) 

1 0.13 0.08 1.9 1.3 0.06 0.16 1.7 2.1 0.16 0.18 1.3 3.1 
2 0.10 0.09 1.9 1.4 0.04 0.18 1.5 2.4 0.23 0.21 1.5 3.6 
3 0.03 0.06 0.9 1.0 0.02 0.09 1.0 1.4 0.18 0.14 1.3 2.7 
4 0.15 0.12 2.7 2.0 0.09 0.27 2.5 3.5 0.42 0.26 2.0 4.8 
5 0.21 0.17 3.8 2.8 0.15 0.38 3.9 4.8 0.57 0.33 2.4 5.9 
6 0.23 0.21 4.9 3.4 0.18 0.50 4.7 6.0 0.70 0.39 2.7 6.9 
7 0.29 0.24 5.8 4.0 0.25 0.59 5.7 7.1 0.88 0.46 3.4 8.1 
8 0.32 0.28 6.3 4.6 0.33 0.67 6.4 8.1 1.08 0.54 4.0 9.1 
9 0.37 0.32 7.2 5.1 0.41 0.74 7.5 8.9 1.26 0.60 4.6 10.0 
10 0.47 0.36 7.9 5.6 0.65 0.80 9.1 9.7 1.55 0.66 5.4 10.8 
11 0.59 0.38 8.4 6.1 0.91 0.87 15.7 10.7 2.13 0.77 6.5 12.2 
12 0.68 0.43 9.1 6.4 1.30 0.94 26.7 11.6 2.57 0.82 7.5 13.2 
13 0.79 0.46 10.6 6.9 1.54 1.04 45.6 12.9 3.08 0.97 9.2 14.8 
14 0.97 0.49 11.0 7.4 3.75 1.24 289.2 15.6 4.27 1.10 12.2 16.0 

 
Note: For Cavalier: The average confidence intervals on the mean are ±5.4%, ±2.4%, ±2.8%, and ±0.9% for NO, HC, CO and CO2, 
respectively. 
For Caravan: The average confidence intervals on the mean are ±12.0%, ±2.1, ±-16.4% and ±0.9% for NO, HC, CO and CO2, 
respectively. 
For Tahoe: The average confidence intervals on the mean are ±4.1%, ±2.5%, ±2.8%, and ±1.0 for NO, HC, CO and CO2, respectively. 
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Figure 1: Sensitivity of Vehicle Specific Power (VSP) and VSP Mode to Road Grade (%) 
and Speed (km/h) 
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Figure 2: Sensitivity of NO Emission Rates to Road Grade and Speed (Emissions Data Are 
for Tier 1 LDGV with Engine Displacement Less than 3.5 L and Odometer Less than 50,000 
Miles) 
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Figure 3: Comparison of Road Grade Estimates Based Upon Available GPS Data and Design 
Drawing Data for Segments of I-40 in Raleigh, NC. 
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Figure 4: Simplified Schematic of a LIDAR Measurement System Depicting the Aircraft, 
Airborne GPS System, Airborne LIDAR Sensor, Inertial Measuring Unit, and GPS Base 
Station 
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Figure 5: Schematics Depicting (a) Selection of Three-Dimensional LIDAR Data Within the 
Buffered Area Around a Road Centerline and (b) Fitting of a Plane to the Buffered LIDAR 
Data for Use in Estimating Road Grade and Banking. 
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Figure 6: Schematic Diagrams for Methods of Road Segmentation Illustrating (a) Choice of 
Segment Endpoints to Reduce Effects of Vertical Curvature Within an Individual Segment 
and (b) Iterative Procedure for Comparing Road Grade of the Segment to Road Grade of 
Portions of the Segment in Order to Determine Convergence on Choice of Segment 
Endpoints 
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Figure 7 Effects of Vertical Curvature and Segmentation on Road Grade Estimation 
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Figure 8. Roadway Network for On-Road Emissions Field Data Collection and LIDAR Data 
Analysis  
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Figure 9: Comparison of LIDAR Data Based and NCDOT Design Drawing Data Based 
Estimates of Road Grade and Corresponding Values of Vehicle Specific Power on I-40E in 
Raleigh, NC 
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Figure 10: Comparisons of LIDAR-Based and NCDOT Design Drawing Data Based 
Estimates of Road Grade on I-540E in Raleigh, NC 
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Figure 11. Measured Average NO Emission Rates and their 95 Percent Confidence Intervals 
by Vehicle Specific Power Mode for a 2005 Dodge Caravan with 3.3 L Engine  
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ABSTRACT 

The objective of this paper is to evaluate the effects of the response time of a portable 

emission monitoring system (PEMS) on emission measurements.  The PEMS measures 

tailpipe emissions and vehicle dynamics on a second-by-second basis.  Response times of the 

PEMS were quantified using calibration gases for NO, hydrocarbons (HC), CO, and CO2.  

The time constant, a common measure of response time, was quantified based on the time to 

reach 63 percent of the maximum measured value when calibration gas was continuously 

administered for a period of time typically of 20 seconds or more.  Time constant was found 

to be 6 seconds for NO and 3 seconds for each of CO, HC, and CO2.  Measurements errors 

associated with the response time of the PEMS were quantified.  A second order exponential 

model was used to improve the measurement accuracy.  The error in average measurement 

decreases as the input frequency decreases.  A first order dynamic discrete model was 

developed to simulate the instrument measurements.  Simulations showed that noise plays an 

important role in instrument performance.  Smoothing and correction improves the 

mailto:frey@eos.ncsu.edu
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measurement accuracy when the noise is relatively small.  On a trip level, the average 

measurement error is -4%, which is deemed to be adequate.  

1.0 INTRODUCTION 

Representative and accurate measurements of on-road vehicle emissions are essential 

for air quality management (1).  A portable emissions measurement system (PEMS) enables 

collection of vehicle data regarding activity, fuel use, and emissions under real-world 

conditions, thereby addressing the need for representative data (2).  PEMS can capture 

variability in emissions due to variation in speed and acceleration, traffic, and weather 

conditions (3, 4).  Ideally a PEMS should respond instantaneously and completely to input 

changes.  Otherwise, measurements at high temporal resolution such as second-by-second, 

could be inaccurate.  Thus, the main objective of this paper is to evaluate the effect of the 

response time of a particular PEMS on the accuracy of emission measurements at different 

temporal resolution.  The response time refers to the time that an instrument takes to reach a 

specified percentage of the true value when performing measurements with a known sample 

(6, 7).   The main components of this paper are to: (1) quantify the response time of a 

particular PEMS for each measured pollutant; (2) quantify measurement errors associated 

with response times; (3) perform numerical simulations to gain insights on the accuracy of 

emissions estimates inferred from real-world measurement data; and (4) develop strategies 

for improving measurement accuracy. 

As noted by National Research Council (NRC), there are multiple temporal scales of 

interest for vehicle emissions, including highly resolved “micro-scale” data that would enable 

characterization of the effect of episodic or short term events (e.g., traffic control at 

intersection) on emissions, regional or sub-regional (corridor) “meso-scale” emissions, and  
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regional to national “macro-scale” emission inventories (1).  Micro-scale data may be 

aggregated to meso- or macro-scale.  However, micro-scale estimates cannot be reliably 

inferred from macro-scale data. 

For purposes of obtaining representative micro-scale data, PEMS are used for on-road 

data collection. Commercially available PEMS include the Montana system of Clean Air 

Technologies International, Inc., the SEMTECH series of Sensors, Inc., the MEXA-

324J/554J of Horiba Inc. and others.  These PEMS usually measure the exhaust during 

vehicle use and report data on a second-by-second basis. 

Response time is a function of dissipative, storage, and inertial elements in the sensor 

(8).  Response times are often quantified as a percentage of an asymptotic value of a known 

sample such as 10% (T10), 1-e-1 (63%, T63), 90% (T90), and 95% (T95).  T63 is also known as 

the “time constant” (8) or “e-folding” time (9).   T90 typically varies from several seconds to 

more than 10 seconds depending on the type of gas analyzer used in the PEMS (10).   If 

emissions change faster than the response time, then measurements may not respond quickly 

or completely enough to an emissions change.  Thus, measurements could be biased.  There 

may be situations in which the measurement accuracy can be improved via a post-processing 

correction procedure (11-19).  For example, Manchur and Checkel (20) compared two gas 

analyzers with time constants of 2 versus 6 seconds and found significant differences in 

measurements for the same gas sample.  Compared to the slower response analyzer, the faster 

response gas analyzer resolved shorter duration peaks sooner and with larger magnitudes.  A 

first order correction model was used to correct the on-road measurements by both gas 

analyzers and found that the average difference between corrected and uncorrected 

measurements in units of grams per mile could be as large as a factor of 2.5. 
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2.0 EXPERIMENTAL SECTION 

This section describes the experimental setup for evaluating the response time of the 

PEMS, and methodologies for quantifying the response time, correcting instrumental 

measurements to improve accuracy, and evaluation of precision and accuracy based upon 

numerical simulations. 

2.1  Experimental Setup. 

 The Montana system was used for this study.  This PEMS uses a non-dispersive 

infrared (NDIR) optical chamber to measure hydrocarbons (HC), CO and CO2, and 

electrochemical sensors to measure NO and O2 (25).  The precision and accuracy of the 

Montana system was tested on both light duty and heavy duty vehicles using standard driving 

cycles such as FTP at EPA’s National Fuels and Vehicle Emissions Laboratory in Ann 

Arbor, MI, and the results are detailed elsewhere (2,21).  Over an entire cycle, the R2 of the 

Montana system measurements compared with the dynamometer ranges from 0.9-0.99.  

Except for HC, the slope for the comparisons of NO, CO and CO2 measurements is close to 

1.   For HC, because of the use of NDIR, which is known to respond partially to a typical HC 

speciation of vehicle exhaust (22-24), measurements are typically underestimated by a factor 

of 2 compared to the total HC emissions (2). 

In order to evaluate whether response time is affected by the magnitude of pollutant 

concentration, two calibration gases were used.  One is comprised of 298 ppm NO, 202 ppm 

HC (as C3H8), 0.5% CO, and 6% CO2, and is referred to as “low calibration gas”.  The other 

is comprised of 3009 ppm NO, 3209 ppm HC (as C3H8), 8.04% CO, and 12% CO2, and 

referred to as “high calibration gas”.  
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The calibration gas tank was connected to the instrument by a tube less than 0.5 

meters long such that the gas travel time from the tank to the instrument is less than one 

second and will not affect the estimation of response time.  A schematic layout for the 

experiment is shown in Figure 1.  A three-way valve was used to switch the pathway 

between gases and clean air to the instrument.  

A low frequency experiment is used to quantify the response times of the instrument 

for measured pollutants, and a high frequency experiment was used to quantify 

measurements errors.  In both experiments, the pathway from calibration gas tank to the 

instrument was switched on and off periodically.  For the former, the switch was done every 

20 to 40 seconds, whereas for the latter the switch was done every 2, 3, 4, 5, and 10 seconds.  

Before both experiments were performed, the instrument was calibrated according to the user 

manual of the instrument (25).  

The same experiment setup shown in Figure 1 was used to perform the low and high 

frequency experiments.   

2.2 Quantification of Response Time. 

Response time is quantified using three asymptotic values including calibration gas 

concentration, the first peak value (the first local maximum) and the global maximum value 

of the measurement.  Rising time and rising rate are estimated to characterize the 

performance of the instrument.  Rising rate is defined as the average concentration increase 

per unit time based upon the time interval between concentration measurements that are 10 

percent and 90 percent of the asymptotic value.  The rising time is the duration of this same 

interval.  
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2.3 Correction of Instrumental Response. 

 The purpose of correcting instrument response is to improve the measurement 

accuracy. 

Instrument response correction is a type of signal processing, in which the true signal 

is deconvoluted from the measurements (11).  An impulse response of the instrument is 

needed to build up a correction model or construct a filter for signal reconstruction.  The 

impulse response of the instrument is the measurement when a known sample is continuously 

introduced to the instrument (11).  Correction models include physically-based models, e.g., 

exponential model and phenomenological model, and other numerical models, as detailed 

elsewhere (12-17).  Filters for signal reconstruction include frequency-domain filters such as 

Wiener filter, and time domain filters, as detailed elsewhere (11, 18, 19).  Furthermore, 

correction requires the compliance with the sampling theorem.  The sampling theorem 

requires the sampling frequency to be at least two times as fast as the signal change 

frequency in order to reconstruct the signal (26, 27).  For example, if the input changes every 

two seconds, the sampling event should at least occur every second.  The second order 

exponential correction model (SECM) was chosen for this study is because of its ease of 

implementation and good performance, which is at least as good as other correction methods 

such as Wiener filtering (11). 

An instrument can be regarded conceptually as a dynamic system with continuous 

input and output.  The governing equations for relating input and output can be first order, 

second order, or higher (28).  The first order and second order models are (13, 28):  

dt
tdhthtg )()()( 11 τ+=                                                      (1) 
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Where: 
g1(t), g2(t) = the best estimate of the true signal for the first and second  

order models, respectively;  
h(t) = the uncorrected measurements; 
τ1, τ2 = correction model constants;  
f(t) = the normalized measurements with respect to the true signal;  
m(t) = true signal; and  
εt = random fluctuation or noise of the measurements. 

τ1 and τ2
  are estimated via a low frequency experiment.  A straight line is fit to ln[1-f(t)] or 

lnf(t) versus time of the step response, depending on whether the concentration rises or falls.    

The positive reciprocal of the slope of the fitted line is τ1.  τ1 is used to calculate g1(t).  g1(t) is 

then normalized to the true signal by substituting h(t) from eq 3.  τ2 is estimated in a similar 

way to τ1 by substituting f(t) with the normalized g1(t) .  Details regarding estimation of τ1 

and τ2 are given elsewhere (11-13). 

In order not to amplify the noise associated with measurements, measurements should 

be smoothed before a correction model is applied (18).  A moving average is often used as a 

method for smoothing (11, 13, 17, 18).  A three-point moving average was used for its 

simplicity: 

3
)1()()1()( +++−

=
thththth s                                                 (5) 

where h(t)s is the smoothed measurement. 
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In order to evaluate the performance of the correction model, the relative difference 

(RD) and the sum of squared differences (SSD) between measurements and the true values 

were used:  
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Usually, a smaller SD or SSD is expected for a better correction model.  

2.4 Numerical Simulation.   

Because the “true signal” in the real-world is unknown, a numerical method to 

simulate situations that are relevant to the field data is necessary.  The main purpose of the 

numerical simulation is to gain insight regarding the applicability of the correction model to 

real-world measurement data.   The methodology of numerical simulation includes:  (1) 

developing a measurement simulating model; (2) generating realizations of input signals and 

noise associated with measurements; (3) applying a noise smoothing method and a correction 

model to the simulated measurements; and (4) evaluation of the precision and accuracy of the 

measurements.   This section briefly describes these methodologies with details given in the 

supporting information (SI). 

In order to simulate the instrument response and for simplicity, the instrument was 

modeled as a discrete first order dynamic system, as detailed elsewhere (28): 

1)1( −=− tt XYB ωδ                                                                        (8) 

Where: 
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Yt  = instrument response at time t, 
Xt-1  = input to the instrument at time t-1, 
B = backshift operator, e.g., BYt = Yt-1. 

δ, ω = coefficients with 1

1
Te

−

=δ  and δω −= 1 , and  
T1 = time constant, which can be estimated by forcing the normalized 

measurements to have a form of 11)( T
t

etY
−

−=  via a low frequency 
experiment with details given in the supporting information. 

Equation 8 can also be expressed as 

)0(0,11 ≤=+= −− tXYXYY ttttt ωδ                                              (9) 

The instrument response at the current second is assumed to be a function of the instrument 

response and input to the instrument at the previous second.  However, Equation 9 assumes 

no noise associated with measurements.   Taking into account the noise associated with 

instrument measurements, the instrument response to a given input becomes: 

)0(0,11 ≤=++= −− tXYXYY tttttt εωδ                             (10) 

Equation 10 forms the basis of simulation of the instrument response. 

In order to evaluate the measurement precision and accuracy in situations where the 

signal duration, interval, and noise are representative of real-world data, signals with various 

durations, intervals and proportions of noise are specified as inputs for simulation.   The 

signal duration refers to the length of time of a unity signal in a complete cycle.  The signal 

interval refers to the length of time between two consecutive signals.  The standard deviation 

(SD) of the noise is used to quantify the amount of noise.  A complete signal cycle is 

represented by a signal duration and interval.  Because real-world measurements have a scale 

and the scale is believed to change frequently, random realizations of input signals of 

magnitude between 0 and 1 were generated. 
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For a given signal interval and duration, twenty complete cycles of signal were 

simulated as a set of inputs to the instrument.  Equation 10 was used to simulate the 

instrument response by imposing some amount of noise.  For each set of inputs to the 

instruments, the instrument response scenario was repeated 100 times to represent 100 

realizations of noise with the same SD imposed on the instrument response. 

As detailed in the SI, the interval between peak concentration in the real-world data 

ranged from several seconds for minor peaks to several minutes for major peaks.  The noise 

is relatively larger for low concentration.  The signal duration and interval were varied from 

1 to 50 seconds and the SD of noise was varied from 0 to 0.5 to cover a wide range of real-

world situations such as low and high frequency signals, and small and large relative 

proportions of noise.  The details regarding the study design for numerical simulation are 

given in the supporting information.  

In order to evaluate and compare whether the smoothing and correction will improve 

the measurement accuracy, simulated measurements were processed in four ways: 

Case 1: raw simulated measurements were not processed 

Case 2: raw simulated measurements were corrected 

Case 3: raw simulated measurements were smoothed 

Case 4: raw simulated measurements were smoothed and corrected 

For this study, a measurement simulation model for NO was used for illustration 

because the response time for NO is the longest compared to other pollutants and is of more 

concern, as will be shown later.  The time constant used in the NO model is 5.20 seconds.  

Simulation model results were compared to the high frequency experiments to assess the 
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validity of the simulation results.  The SECM and the three-point moving average were used 

to process the simulated measurements. 

3.0 RESULTS AND DISCUSSION. 

In this section, response times of the instrument, with the average measurement errors 

with and without correction, and numerical simulation results are presented and discussed.  

3.1 Response Time of the Instrument 

The response curves of NO and HC sensors to the low calibration gas are presented in 

Figures 2(a) and (b), respectively.  The instrument responds gradually.  Response curves for 

CO and CO2 are given in SI. 

Response time of the instrument differs depending on the pollutant.  On average the 

time constants were found to be five seconds for NO and three seconds for HC, CO and CO2 

as shown in Table 1.  Response times estimated with high calibration gas are similar to those 

with low calibration gas, as detailed in the SI.  Also, estimated time constants are similar 

regardless of which metric of asymptotic values is used.  However, the estimated T95 can 

differ up to four seconds depending on what metric was used to quantify the response time 

when comparing the estimated T95 with the “low” and “high” calibration gas. 

Although the estimated rising rates with the “low” and “high” calibration gas are 

different, the estimated rising times are approximately the same.  For example, the rising 

time for NO is estimated to be seven seconds with both calibration gases.  This indicates that 

the response time is an intrinsic characteristic of the instrument regardless of the magnitude 

of input concentrations.  

Response time can be affected by aging for the electrochemical sensors, and by 

random fluctuations for all sensors.  As an electrochemical sensor ages, steady-state 
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measurements will increasingly fail to reach the full magnitude of input concentrations.  For 

example, average measurements taken two months apart for the same input concentrations 

differed by 10% for the NO sensor.  As the sensor ages, the response time will become 

infinity if the preferred asymptotic value is the true concentration, rather than the maximum 

achieved value. 

The measurement precision, which is influenced by random fluctuations, affects the 

estimation of response time.  For example, when measuring the low calibration gas, the 

precision for NO, HC, CO and CO2 is approximately plus or minus 15 ppm, 5 ppm, 0.08%, 

and 0.1%, respectively.  The precision for measurements of the high calibration gas has a 

larger range of random error.  Due to the lack of precision, measurements can be less or 

greater than a specified percentage of the asymptotic value.  Thus, the time that the 

instrument takes to reach the specified percentage of the asymptotic value could be estimated 

as will be longer or shorter than the true value, leading to a longer or shorter estimation of 

response time. 

3.2 Average Measurement Errors due to the Response Time of the Instrument. 

Figure 3 presents the instrument response for NO and HC in the high frequency 

experiment for frequencies of 0.25 to 0.1 Hz.  Measurements have a better match with inputs 

with respect to the timing of the occurrence of peaks as the frequency decreases.  Compared 

to the NO sensor, for a frequency of 0.1 Hz or faster, HC measurements have a better match 

with inputs with respect to timing of the occurrence of peaks and the magnitude of peaks 

because the HC sensor has a shorter response time.  Although the magnitude and timing of 

the occurrence of peaks in the measurement data are not accurate, the input frequency is 
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accurately represented when the input frequency is 0.25 Hz or less.  Thus, in this case, the 

time period between peaks can be reliably inferred from the measurement data. 

The RD of the average measurements versus the true inputs for different frequencies, 

is shown in Table 2.  For a frequency of 0.1 Hz or less, the average measurements were 

underestimated by less than 10% in most cases; while for frequencies greater than 0.1 Hz, the 

average measurements were underestimated by 10 to 30%.  In general, the RD of the average 

measurements to the inputs decreases as the frequency decreases.  

3.3 Corrections of the Measurements 

In order to improve the measurement accuracy, a SECM was chosen to correct the 

measurements.  Correction model constants, τ1 and τ2 for the SECM were optimized based 

upon minimum SSD from a step change experiment using a low calibration gas. The 

estimated values of τ1 ranged from 1 to 2 seconds and of τ2 range from 0 to 1.5 seconds 

depending on the pollutant, as detailed in the supporting information.   

The corrected response curves for NO and HC with different input frequencies are 

presented in Figure 3.  Correction improves both the magnitude and the timing of the 

occurrence of peaks of the responses to the inputs.  However, as a known disadvantage of the 

correction model (12), overshoot and undershoot are observed in all cases.  Undershoots to 

negative values are set to zero because concentrations usually are non-negative. 

Average measurement errors are substantially decreased after correction as shown in 

Table 2.  The RD after correction was less than 10% for most frequencies and pollutants. 

Table 3 lists the relative difference in SSD between corrected and uncorrected 

measurements for various frequencies.  Correction substantially reduces the SSD for low 

input frequencies.  For example, the SSD is reduced by more than 50% for all of the 
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pollutants at 0.05 Hz.  However, for each pollutant, there are some frequencies at which the 

SSD increases after correction.  These can be attributed to two reasons: (1) measurements 

were overshot after correction; and (2) τ1 and τ2 estimated from a low frequency experiment 

may not be optimal for other frequencies due to noise in the measurements.  The effect of 

noise on the measurement is discussed later. 

3.4 Numerical Simulation Results 

This section presents the validation of the simulation model for NO for numerical 

simulation, the evaluation of combinations of factors that are expected to be observed in real-

world data, and implications for interpretation of real-world data. 

3.4.1 Validation of the Simulation Model for NO for Numerical Simulation 

In order to validate the simulation model for NO for numerical simulation, the model 

was used to simulate the instrument response for low and high frequency experiments.  As 

shown in Figure 4, simulated measurements agree well with the instrument response at all 

frequencies, although there are some discrepancies.  The simulated measurements do not 

include a noise component, while the instrument response is associated with some noise.  

However, the RD for the simulated average and the instrument response average is less than 

1.7%.  Thus, the simulation model for NO is deemed to be valid. 

3.4.2 Evaluation of Factors Affecting Real-World Measurement Precision and 

Accuracy 

Figure 5 presents the simulated measurements for a case with an input frequency of 

0.5 Hz.  If there is no noise, the simulated instrument still is able to capture the signal change, 

although the timing of the occurrence of peaks is delayed and the magnitude is not complete 

as shown in Figure 5(a).  The simulated average measurements are approximately the same 
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as the averages of the true values if the instrument fully completed the measurements (The 

input signal stopped at time 20s.  However, the instrument did not complete the measurement 

until time 40s).  However, measurements are always associated with some amount of noise, 

resulting in the measurement error.  As shown in Figure 5(b) and 5(c), with some amount of 

noise imposed on the measurement, the input signal change was not necessarily represented 

by the measurement.  For some time periods without signal, the noise appears to be the only 

component in the measurement such as time index from 0 to 10 s in both Figure 5(b) and 

5(c).  As the amount of noise imposed in the measurement increases, the noise becomes a 

more and more serious problem in the measurement.  For example, peaks in time index from 

30 to 40s in Figure 5(c) did not indicate the existence of any actual signal.  These peaks are 

just due to the noise. Thus, the noise associated with measurements plays an important role in 

the performance of the instrument. 

Table 4 presented the RD in average measurements between the simulated measurements 

to the true values for the case when random signals were input to the instrument.  On 

average, the measurement error in average measurements is approximately -4% and can vary 

from -12 to 4% depending on the amount of noise associated with the measurements.  As 

detailed in the SI, for various signal duration and intervals and amount of noise, on average, 

the measurement error in average measurements are less than 2%.  Occasionally, for cases 

with short signal durations and large amount of noise, the average measurement error can be 

as large as 16%.  As detailed in the SI, the average peak interval in the real-world data is 

longer than 4 seconds.  This indicates that the measurement accuracy on a trip basis, where 

the average measurements are of interest is adequate. 
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Comparing Case 2 to Case 1 in Table 4, correction amplified the random noise for all 

levels of noise imposed.  Comparing Case 3 to Case 1, smoothing does not change the 

average errors compared to the true signal.  However, comparing Case 4 to 2, performing a 

smoothing before correction reduces the magnitude and variability of errors in the corrected 

data.  However, whether the combination of smoothing and correction will improve the 

average error compared to the true signal depends on the amount of noise imposed on the 

measurements.  For example, when the SD of the noise is less than 0.1, the combination of 

smoothing and correction significantly improved the measurement accuracy.  However, for 

SD > 0.1, the noise was exaggerated and the combination of smoothing and correction did 

not improve the measurement accuracy. The correction appeared to improve the 

measurement accuracy for the laboratory experiments because the standard deviation of the 

noise is less than 0.03 ( )298/
2

15 ppmppm . 

3.4.3. Implications for Interpretation of Real-World Data. 

Correction of real-world measurement data will improve the measurement accuracy if 

the SD of the noise is less than 0.2 on a relative basis (the signal is unity).  However, in the 

real-world data, the SD of noise is likely to vary depending on the measuring gas 

concentration.  Moreover, the average measurement error has been shown to be relative small 

via numerical simulations.  Thus, on a trip level where the average measurement is of 

interest, correction may not be necessary.  The effectiveness of the correction depends on the 

amount of noise as discussed previously.  Thus, decision on choice of correction should be 

made depending on the knowledge regarding the noise associated with the measurement, 

which is strongly related to the reliability of the instrument.  However, the amount of noise 



102 

usually is difficult to determine.  For a high temporal resolution, alternative strategies to 

improve the measurement accuracy have to be sought. 

3.4.4. Accuracy Improvement Strategies 

Due to the finite response time of the instrument, measurements do not respond to the 

emission changes in a timely and complete manner. Thus, relationships between emissions 

and vehicle dynamics could be smeared.  In order to improve the measurement accuracy and 

relationships between emissions and vehicle dynamics using PEMS, two strategies can be 

taken.  One is to employ a “fast” response sensor on PEMS.  Another is to change the PEMS 

sampling frequency. 

In order to have second-by-second resolution, the response time should be one half 

second or less.  Laboratory grade sensors with response times on the order of milliseconds 

have been commercially available, such as the NDIR500 and the CLD500 of Cambustion, 

Inc.  The former has a T90 of 8 ms for CO and CO2 and the latter has a T90 of 2 ms for NOx.  

However, these instruments are too large and heavy to be protable and installed on vehicle 

for real-world measurement.  A portable device with a response time within a second has not 

yet been commercially available. 

Changing the PEMS sampling frequency is another solution to improve the 

measurement accuracy.  For example, if a higher sampling frequency can be achieved, say 10 

Hz, then the second-by-second emission can be reconstructed using the SECM discussed 

previously.  However, this approach is complicated and involves significant modification on 

the sensor. 

If second-by-second emission data are not critical, the measurement accuracy can be 

improved by allowing the PEMS a sufficiently long period of time to measure the gas 
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samples.  However, the measurement temporal resolution will be limited.  For example, if a 

large sample is obtained by continuously taking samples from the tailpipe for 10 seconds, 

and then measured by PEMS for another 10 seconds, an asymptotic value of the true 

concentration of the large sample can be obtained.  Thus, the total emissions in the ten-

second sampling period can be accurately measured.  However, the measurement temporal 

resolution will be constrained to the sampling duration, which is usually longer than the 

response time.  This implies a consecutive average is an appropriate statistics to improve the 

relationships between emissions and vehicle dynamics when PEMS has a sampling 

frequency of 1 Hz. 
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Table 1. Typical Response Times of A Portable Emissions Measurement Systems (PEMS) a  
 

NO HC CO CO2 
Asymptotic Value Asymptotic Value Asymptotic Value Asymptotic Value Fraction of the 

Asymptotic value  
Max Step F.Peak Max Step F.Peak Max Step F. Peak Max Step F.Peak

10% 3 
± 1 

3 
± 1 

3 
± 1 

2 
± 1 

2 
± 1 

2 
± 1 

2 
± 1 

2 
± 1 

2 
± 1 

2 
± 1 

2 
± 1 

2 
± 1 

1- e-1 6 
± 1 

5 
± 1 

6 
± 1 

3 
± 1 

3 
± 1 

3 
± 1 

3 
± 1 

3 
± 1 

3 
± 1 

3 
± 1 

3 
± 1 

3 
± 1 

80% 8 
± 1 

6 
± 1 

7 
± 1 

3 
± 1 

4 
± 1 

3 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

90% 10 
± 1 

8 
± 2 

9 
± 2 

4 
± 1 

4 
± 2 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

6 
± 3 

6 
± 3 

4 
± 1 

95% 12 
± 1 

9 
± 2 

11 
± 2 

5 
± 1 

8 
± 4 

4 
± 1 

7 
± 3 

8 
± 4 

4 
± 1 

7 
± 3 

7 
± 3 

4 
± 1 

Note: a The response time is expressed as mean ± standard deviation in seconds. PEMS is the Montana system manufactured by Clean 
Air Technologies International. 
Max, Step and F.Peak (First Peak) refer to the maximum value of the measurements, step change, and the first local maximum value 
of the measurements that were regarded as asymptotic values of the measurements. 
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Table 2. Summary of Errors in Average Measurement before and after Correction Using Second Order Exponential Correction Model 
(in %) 

 
NO HC CO CO2 Frequency 

(Hz) Before After Before After Before After Before After 
0.05 -3 -1 -11 -4 -7 -2 -8 -3 
0.1 -3 2 -6 4 -8 -2 -7 -1 

0.125 -8 -2 -16 -6 -17 -13 -17 -11 
0.165 -10 -0.3 -30 -10 -24 -12 -24 -9 
0.25 -20 -10 -28 -4 -23 -8 -23 -8 

Note: Before – before correction; After – after correction.  The averages are based upon four cycles for frequencies 0.165 Hz or 
higher, and three cycles for all other frequencies. 

Table 3.  Summary of the Relative Difference in Sum of Squared Differences between Corrected and Uncorrected Measurements (%)   
 

Frequency 
(Hz) NO HC CO CO2 

0.05 -52  -61  -71  -60  
0.1 -72  -33  232  43  

0.125 -77  4  157  31  
0.165 -67  -8  49  -5  
0.25 45  -39  -64  -38  

Note: Correction was done using a Second Order Exponential Correction Model. 
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Table 4. Average Relative Difference between Simulated Measurements and Simulated Random Input Signals with a Frequency of 1 
Hz a (in %) 

Case 1c Case 2c Case 3c Case 4c 

simulated 
measurement 

corrected simulated 
measurement without 

smoothing 

smoothed simulated 
measurement 

corrected smoothed 
simulated 

measurement 

Noise 
SD b 

μ LB UB μ LB UB μ LB UB Μ LB UB 
0 -4.1 -6.0 -2.4 5.5 2.4 9.9 -4.1 -6.0 -2.4 -1.5 -2.6 -0.2 

0.02 -3.9 -5.6 -2.4 6.3 3.2 10 -3.9 -5.5 -2.3 -1.4 -2.5 -0.1 
0.05 -3.9 -5.9 -2.1 12 8.1 16 -3.9 -5.8 -2.0 -1.0 -2.4 0.4 
0.10 -4.1 -6.4 -2.2 25 20 33 -4.0 -6.4 -2.2 0.8 -1.1 2.8 
0.20 -3.7 -6.6 -0.8 65 56 77 -3.7 -6.6 -0.8 11 7.4 16 
0.50 -4.4 -12 3.8 214 190 260 -4.4 -12 3.9 66 56 83 

a results are based upon 10,000 simulations (100 random realizations of input signals with each has 100 random realizations of 
imposed random noise); LB – low bound 95% probability range of the mean of measurement error; UB – upper bound of 95% 
probability range of the mean of measurement error;  
b SD – the standard deviation of noise; 
c Case 1: raw simulated measurement; 
Case 2: Corrected simulated measurement without smoothing; 
Case 3: Smoothed simulated measurement; and  
Case 4: Corrected simulated measurement with smoothing 
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Figure 1. A Schematic Layout for the Laboratory Experiment Using Calibration Gas to 
Evaluate the Response Time of the Portable Emission Measurement System 
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Figure 2. Response Curves of NO Electrochemical Sensor and Non-Dispersive Infrared 
HC Sensor of the Montana System for a Step Change in Gas Concentration: (a) 298 ppm 
for NO; and (b) 202 ppm for HC.  
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Figure 3. Response Curves of NO Electrochemical Sensor and HC NDIR Optical 
Chamber of the Montana System to A Step Change in Concentration of 298 ppm by 
Different Changing Frequencies with and without Correction using Second Order 
Exponential Model. (a) 0.25 Hz; (b) 0.165 Hz; (c) 0.125 Hz; and (d) 0.1 Hz. 
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Figure 4. Normalized Simulated NO Measurements without Noise vs. Instrument 
Response for Experiments with Various Frequencies Using the Model Yt = 0.825 Yt-1 + 
0.175 Xt-1: (a) <0.05 Hz, (b) 0.05 Hz, (c) 0.1 Hz, (d) 0.125 Hz, (e) 0.165 Hz, and (f) 0.25 
Hz. 
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Figure 5. Simulated Measurements by the Instrument to a Second-by-Second Change 
System Input: (a) no noise; (b) noise has a standard deviation of 0.1; (c) noise has a 
standard deviation of 0.5. 
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1. Quantification of the Response Time of the Instrument using High 

Calibration Gas 

High calibration gas along with low calibration gas that has been discussed in the 

main paper was used to quantify the response times of the instrument.  Response time 

using high calibration gas was shown in Table S-1.  Using the high calibration gas, the 

typical average time constants of the instrument were estimated to be 6 seconds for NO 

and 3 seconds for HC, CO and CO2.  These numbers are the same as the time constants 

estimated using low calibration gas.  Even though there are some variations (less than two 

seconds) in some cases, these differences are not significant.  For electrochemical 

sensors, the aging will affect the measurement, thus will affect the estimation of response 

time.  Table S-2 lists two sets of measurements of the same instrument responding to the 

calibration gas with same concentrations but conducted two months apart.  The readings 

for the “old” sensor can be 10% less than the “new” one.  Thus, the estimation of 

response time using the same metric could differ by one second or more.   

Table S-3 shows that estimated rising times with low and high calibration gases 

are the same.  However, estimated rising rates are different because of the differences in 

concentration.  This indicates that the response time, thus the rising time is independent of 

input gas concentrations.  Response time is an intrinsic characteristic of the sensor itself. 

Similar to the key findings in the main paper, Figure S-1 shows that CO and CO2 

measurements also do not respond in a timely and complete manner to input 

concentrations but gradually due to the finite response time of the instrument.     

2. Summary of Peaks in Real-World Measurements 

Real-world data are used to assess typical periods between peaks to gain insight 

into overall accuracy.  A NO concentration profile measured on a highway in the study 

area for a tested vehicle was presented in Figure S-2.   On average, the time interval 
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between any consecutive peaks for this dataset for NO is eight seconds, and the interval 

can vary depending on vehicle.  Moreover, for the real world measurements, it is the area 

under the curves that is of interest.  Thus, as long as the total area covered by the curves 

are accurate.  Although measurements may be inaccurate on a high temporal resolution 

such as second-by-second depending on emission changing frequency because of the 

finite response time of the instrument, on a trip or mode basis, measurements may be still 

accurate.   

Using the data collected from an on-going project at North Carolina State 

University in the study area, the average time interval between any peaks varies from 4 to 

11 seconds with coefficient of variation (CV) ranging from a factor of one to four as 

shown in Table S-4.  NO has the largest CV and CO2 has the smallest.  CV is defined as 

the standard deviation divided by the mean.   

Because there are more frequent but small random fluctuation in CO2 

measurements, the average time intervals between any peaks for CO2 is shorter than other 

pollutants.  However, these minor peaks do not affect the measurement accuracy.  For 

example, the calculated fuel economy has good agreement with the actual fuel economy as 

shown in Figure S-3.  The RD in the calculated fuel economy and the actual fuel economy 

is less than 3%. The fuel economy is defined as the total travel distance divided by the total 

fuel use over the entire trip.  The actual fuel economy is estimated using refueling records 

and odometer readings.  The calculated fuel economy is estimated using on-road 

measurements of fuel use and vehicle speed profiles. 

Furthermore, after some criteria were imposed to exclude minor changes in 

measurements, the average intervals between these major peaks can vary from half a 

minute to several minutes as shown in Table S-5.  For example, when change in 

measurement data between two consecutive local maxima is less than 10 ppm for NO, 5 
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ppm for HC, 0.03 % for CO, and 0.5% for CO2, these local maxima will not be regarded 

as peaks.  These cut-offs values were chosen asserting these peaks will contribute more 

than 90% of the total measurement.  Major peaks for all pollutants tend to occur at a 

much slower frequency.  The implications are: (1) the real-world emissions may not have 

frequent and significant emissions change; and (2) the instrument are able to capture the 

major peaks in the real-world emission measurements.  Thus, for trip or modal level, the 

measurement accuracy of the instrument may be adequate.  For higher temporal 

resolution emission measurement such as second-by-second, a faster response instrument 

is needed.  

3.  Numerical Simulations to Gain Insights Regarding Measurement Precision 

and Accuracy in Real-World Data 

The main purposes of numerical simulations are to evaluate: (a) the combination 

of factors affecting the measurement accuracy; (b) the measurement precision and 

accuracy in the real world data, and the applicability of correction models to improve the 

measurement accuracy.  This section describes the methodology for numerical 

simulations and provides simulation results. 

The methodology for numerical simulation includes: (1) development of a 

measurement simulating model; (2) evaluation of measurement simulating models; (3) 

selection of correction model and smoothing method, (4) a test matrix design for 

numerical simulations by varying the signal duration , intervals between signals, and 

amount of noise imposed on the signal, and (5) evaluation of results.   

(1) Measurement Simulating Model 

This section presents the development of a measurement simulating model, the 

selected measurement correction model and a simple smoothing method to filter out noise 

associated with measurements.   



118 

Measurement simulating model.  In order to conduct numerical simulations to 

accomplish the objectives of this study, a model was developed to simulate the 

measurements by the instrument.  A first order model is developed from the impulse 

response via a low frequency experiment.  The impulse response is obtained by 

normalized the measurements from the low frequency experiment, in which a known 

sample is admitted to the instrument for sufficiently long period of time as discussed in 

the main paper.  As detailed elsewhere (S-1), a general continuous first order dynamic 

system without delay can be modeled as 

)()()1( 1 tgXtYDT =+                                                          (S1) 

where T1 is the time constant, g is the steady-state gain, can be set to one by 

normalization, D is the differential operator, Y(t) is the instrument output and X(t) is the 

input, which can be variable over time.  The discrete first order dynamic system 

coincident with the continuous first order dynamic system can be expressed as 

10)()1( −=− tXtYB ϖδ                                                          (S2) 

where 1

1
Te

−

=δ , δϖ −= 10 , and B is the backshift operator. For example, BYt = Yt-1.  

Thus, the measurement by the instrument can be simulated to be at any time with given 

input x(t) without considering the noise: 

101 −− += ttt XYY ϖδ                                                               (S3) 

 When a measurement error or noise is imposed on the measurements, eq S3 

becomes 

tttt XYY εϖδ ++= −− 101                                                        (S4) 

where ε is the measurement error with mean zero and standard deviation of σ.  Thus, eqs 

S3 and S4 are used to simulate the measurements by the instrument with and without 

considering measurement errors, respectively. 
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In order to determine the coefficients for eqs S3 and S4, the time constant in eq S1 

has to be solved.  A low frequency experiment using the low calibration gas was used to 

obtain the impulse response for NO, HC, CO and CO2, thus to find the time constants for 

each pollutant.  The methodology is described as follow: 

For a low frequency experiment, because both X(t) and g equal to unity, eq S1 can 

be simplified as: 

1)()1( 1 =+ tYDT                                                                  (S5) 

Thus, Y(t) is solved to be a function of t as  

11)( T
t

etY
−

−=                                                                    (S6) 

Therefore, by fitting a function form of eq S6 to the impulse response curve from 

the low frequency experiment using non-linear least squares, the time constant, T1 can be 

found. 

Time constants were then used to solve for δ and ω0 for eqs S3 and S4.  Results 

for these pollutants are shown in Table S-6.  

Correction Model.  In order to improve the measurement accuracy, measurements 

need to be corrected accounting for the finite response of the instrument.  Theoretically, 

input can be restored from outputs using eq S3: 

                   )(1
1

00

1
ttt

tt
t YYYYYX −+=

−
= +

+

ϖϖ
δ                                                       (S7) 

This is known as the first order exponential correction model.  However, because of the 

existence of the noise, the coefficient used for restoring the input using eq S7 has to be 

optimized.  To enhance the performance of the correction model, a second order 

exponential correction model (SECM) was selected for correction as shown below: 

)]()[())(( 11221121
'

tttttttt YYYYYYYY −−−+−++= ++++ ττττ            (S8)    

Or 
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)]()[())(( 1121121
'

−+− −−−+−++= tttttttt YYYYYYYY ττττ              (S9)            

where Yt
’ is the corrected measurement and τ1, τ2 are constants. 

Constants for the SECM were fitted to minimize the relative difference between 

corrected measurements and true values using the measurement data from a low 

frequency experiment with the low calibration gas, as detailed in the main paper.  Fitted 

constants for each pollutant are listed in Table S-7. 

Smoothing method.  Moving average is often used as a method to smooth out the 

noise in the measurement data before a correction mode is applied (S2-S5).  A three-point 

moving average was selected to smooth out the noise for its simplicity for this study.  The 

smoothing is done in terms of the following equation: 

3
11

,
+− ++

= ttt
ts

YYYY                                                         (S10) 

where Ys,t is the smoothed measurement. 

In order to investigate whether a longer averaging interval for smoothing is 

needed for measurement accuracy improvement, a five-point and a seven-point moving 

average were also used for some case studies. 

(2)  Validation of the Measurements Simulation Model 

In order to validate and evaluate the performance of the measurements simulation 

model, fitted coefficients for NO as shown in Table S-6 were used for illustration here. 

Figure S-4 presents a simulated NO measurement without imposing noise versus 

the instrument response from a low frequency experiment.  Because instrument 

measurements always are associated with some random fluctuations whereas the 

simulated measurement does not include a noise component, there are some discrepancies 

between the simulated measurements and instrument response.  However, the relative 
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difference in average measurements or (the difference in the area underneath the curves) 

is less than 1.7%. 

The simulation model for NO was also used to simulate the instrument response 

for several experiments with frequencies from 0.05 to 0.25 Hz, as shown in Figure S-5.   

The timing of the occurrence and the magnitude of the peaks between simulated 

measurements and the instrument response agree very well.  The relative difference in 

average measurements between simulated measurements and instrument response is less 

than 10% for most frequencies as shown in Table S-8.  Moreover, as frequency decreases, 

the difference decreases.  As discussed previously in the main paper, if there is no noise, 

the simulated measurements will asymptotically approach the average of the true values. 

Thus, the measurement simulation model for NO is valid for numerical simulation. 

 (3) Test Matrix Design for Numerical Simulation 

Numerical simulations were preformed by varying the system input and imposed 

noise in terms of eq 4.  Signal throughout the document refers to a unity input to the 

instrument.  The duration of signal refers to the length of time of the unity input in a 

complete cycle.  The interval between signals refers to the length of time between two 

consecutive signals. 

Based upon the real-world measurements on three vehicles, the average interval 

between any two peaks ranged from 4 to 10 seconds; therefore, signal duration and 

interval are varied from 1 to 50 seconds for numerical simulations.  Although the average 

interval between major peaks can range from half a minute to several minutes, signal 

duration and interval with such lengths are not considered in simulations.  This is because 

the total measurements will not have much error if the signal duration and interval are 

longer than the response time.  For example, the average error is less than 10% when the 

input frequency is 0.05 Hz or less, as detailed in the main paper.  Thus, both the signal 
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duration and signal interval were varied from 1 to 50 seconds to cover a wide range of 

emission events during the real-world.  For example, a signal with both a duration and 

interval of 50 seconds has a frequency of 0.01 Hz.  This frequency is slow enough to 

represent the emission events that correspond to major peaks with a long period. 

The reported measurement accuracy by the manufacturer of the sensors is shown 

in Table S-9.  Measurement accuracy in % relative basis indicates that the measurement 

can fluctuate around the true value by a certain percentage.  Thus, for a unity input, the 

accuracy on a relative basis is translated as the standard deviation of the noise.  For 

example, the accuracy on a relative basis for NO within 4000 ppm is ± 4%.  Thus, for a 

unity impulse of NO, the measurement can be either 1.04 or 0.96, which can be 

interpreted as the true value plus an error with a zero mean and a standard deviation of 

0.02.  This forms the basis for imposing the noise on the signal for simulation.  For the 

numerical simulations, the standard deviation was varied from 0 to 0.5 to cover a wide 

range of errors.  For a high concentration, the noise may be relative small, thus having a 

small standard deviation.  For a low concentration, the noise may be relatively large, thus 

having a large standard deviation.  For example, the measurement accuracy for NO is 25 

ppm.  It is interpreted as the measurement can fluctuate ±12.5 ppm around the true value, 

which indicates that the SD of the measurement is 12.5 ppm on a absolute value basis.  

Thus, if the measure of NO is 25 ppm, the SD will be 0.5 on a relative basis.   This 

situation occurs when the instrument is measuring an extremely low concentration gas.   

Table S-10 lists the test matrix for numerical simulations based upon the 

predetermined signal duration, interval between signals, and the amount of noise.  For a 

given signal duration and a signal interval, the instrument response was simulated 100 

times by imposing different random realizations of noise with the same standard deviation 

(SD).  In order to evaluate whether the smoothing and correction will improve the 
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measurement accuracy, simulated measurements were processed by four ways as defined 

in Table S-11.  The NO measurement simulating model was used for illustration in this 

study. 

 (4) Simulation Results 

This section presents simulation results that have been summarized but in details 

in the main paper, including simulation results for cases with various signal durations and 

intervals and standard deviations of noise. 

Table S-12 to S-16 list simulation results for signal durations of 1, 2, 5, 20 and 50 

seconds under all variations of signal interval and amount of noise, respectively.  The key 

findings are: 

(a) If there is no noise, the average of the simulated measurements at best will 

asymptotically approach the average of the true values, no matter what signal durations 

and intervals are.  This can be theoretically proved as shown below.   

For the simulation model   

)0(0,11 ≤=+= −− tXYXYY ttttt ωδ                            (S11) 

Take the summation for both sides of this equation, it will become  
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Suppose the input signal is stopped introducing to the instrument at time k (k < n), 

however, the instrument continues to complete the measurement.  Thus, Xj (n ≥ j > k) = 0 

and Yn will asymptotically become zero. Thus, eq S12 will become 

∑∑
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t
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1                                                                (S13) 

The sum of instrument response will equal to the sum of input signals. 

(b) The noise plays an important role in the instrument performance. For example, 

for a signal with duration of 1 second and interval of 50 second, the average error is -

2.5%.  However, depending on the realization of noise, the 95% probability range of the 

error can vary from -590% to 510% as shown in Table S-12.  As the signal duration 

increases, the magnitude and variability of error decreases. 

(c) With respect to the average measurements, smoothing does not appear to 

improve the average error in the simulated measurements. 

(d) Measurements should be smoothed before a correction model is applied.  

Moreover, the effectiveness of the correction depends on the amount of noise.  For 

example, correction improved the measurement accuracy when the SD of noise is less 

than 0.1.  When the SD of the noise is greater than 0.1, correction deteriorated the 

measurement accuracy. 

In order to evaluate and compare whether a longer averaging interval for 

smoothing will improve the measurement accuracy, three averaging intervals for 

smoothing were used to process the simulation results, including three, five and seven 

consecutive points.  Averaging was centered with equal lengths of seconds in both 

forward and backward direction.  For example, for a given time t, the corresponding 

three-point average will be the average of the value at t-1, t, and t+1. 
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For this study, two extreme cases were compared and evaluated.  One is when the 

emissions change frequently and have a large amount of noise.  The other is when the 

emissions change slowly and have a relatively small amount of noise.  Table S-17 lists the 

simulation results for these two extreme cases.  The longer averaging interval for 

smoothing does not appear to improve the overall measurement accuracy.  Combinations 

of smoothing with a longer averaging interval and correction slightly reduces the 

magnitude and variability of errors in the corrected data compared to the combination of a 

smoothing with shorter averaging interval and correction for the case with short signal 

duration.  However, the average error is much higher than that by smoothing only.  For 

the case with long signal duration, averaging interval for smoothing does not appear to 

make any difference.  Thus, three-point moving average is adequate for smoothing out the 

noise when a correction is needed.  

4. Measurement Correction Methods.  

This section briefly describes several measurement correction methods, including 

frequency domain Wiener filter, time domain two-side filter, and a numerical correction 

model. 

Frequency-Domain Wiener Filtering.  Theoretically, regarding measured quantity 

by an instrument as output signal, and the samples to the instrument as input signal, the 

output signal can be modeled as a process of convolution (S2, S3): 

                                          ∫
∞−

−=
t

duutfugth )()()(                                          (S14) 

Where h(t) is the measured output signal, g(t) is the input signal, f(t) is the impulse 

response of the instrument and u is integral variable.  Impulse response is the output 

signal that could be obtained if the input signal is an impulse. Impulse response is a useful 

function to characterize the instrument (S2).  The impulse response can be obtained by 
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feeding the instrument a step change of sample continuously using the experimental setup 

discussed previously in the main paper. Thus, input signal can be obtained by 

deconvoluting the instrumental response. For example, by Fourier Transform (S2) and 

convolution theorem (S6) eq S14 can be expressed as  

                                                  )()()( sFsGsH =                                             (S15) 

Where H(s), G(s), and F(s) are Fourier Transforms of h(t), g(t), and f(t), respectively, and 

s is the Fourier transform variable of frequency.  

Hence,                                            
)(
)()(

sF
sHsG =                                              (S16) 

By taking inverse Fourier Transform of G(s), g(t) can be retrieved.  However, h(t) 

is usually measured with noise n(t).  Thus, G(s) can be estimated as  
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sF
sHsG +=                                          (S17) 

Where N(s) is the Fourier transform of n(t) and )(ˆ sG  is the estimate of G(s).  By 

applying a filter W(s) to right hand side of eq S17, the second term of eq S17 will be 

suppressed at high frequency. This method is known as Wiener Filtering (S2).  

Time-Domain Filtering.  Another way to solve for g(t) using eq S14 is to use the 

discrete form of eq S14 and design a two-sided filter with length m, such that g(t) can be 

obtained using the following equation (S3):   

                                              ∑
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mj

jifjhig                                        (S18) 

which is known as time-domain filtering. 

Gompertz Sigmoidal Model.  By assuming the instrumental response curve to have 

a sigmoidal shape, Farmery and Hahn (S4) proposed a Gompertz sigmoidal model for 
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measurement correction. When the initial sample concentration to the instrument is zero, 

the Gompertz sigmoidal model can be expressed as  

                                                    )(

)(

)()( th
dt

tdhb

ethtg =                                            (S19)  

where b is a constant based upon best of fit to the instrumental response curve.  This is a 

numerical approach and there is no physical basis associated with this approach. 
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Table S-1. The Average Response Times a of the PEMS b Quantified by Use of High Calibration Gases Via A Low Frequency Experiments 
 

NO HC CO CO2 Fraction of the  
Asymptotic Valuec Max Step F.Peak Max Step F.Peak Max Step F.Peak Max Step F.Peak

10% 3 
± 1 

3 
± 1 

3 
± 1 

2 
± 0 

2 
± 0 

2 
± 0 

2 
± 0 

2 
± 1 

2 
± 0 

2 
± 0 

2 
± 1 

2 
± 0 

1- e-1 6 
± 1 

6 
± 1 

6 
± 1 

3 
± 0 

3 
± 1 

3 
± 0 

3 
± 1 

3 
± 1 

3 
± 1 

3 
± 1 

3 
± 1 

3 
± 0 

80% 7 
± 0 

7 
± 0 

7 
± 0 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 0 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

90% 8 
± 1 

8 
± 1 

8 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 1 

4 
± 0 

6 
± 3 

4 
± 0 

95% 10 
± 2 

11 
± 3 

10 
± 2 

7 
± 4 

9 
± 6 

4 
± 1 

5 
± 1 

5 
± 0 

5 
± 1 

6 
± 2 

10 
± 8 

6 
± 3 

Note: a The response time is expressed as mean ± standard deviation in seconds. 
b PEMS is Montana system manufactured by Clean Air Technologies International 
c Max, Step and F.Peak (First Peak) refer to the maximum value of the measurements, step change,  and the first peak value of the measurements 
that were regarded as asymptotic values of the measurements. 

Table S-2.  Average Measurements by Sensors with Different Ages for a calibration gas with same concentrations 
 

 NO (ppm) HC (ppm) CO (%) CO2 (%)
Old a 286 205 0.47 5.80 
New a 318 202 0.48 5.95 

 
Note: a the measurements by “old” and “new” were done by two months apart with the “old” being the latest ones. 
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Table S-3. Rising Times and Rising Rates for NO, HC, CO, CO2 of the Instrument Using Low and High Calibration Gases Via A Low 
Frequency Experiments 

 
NO HC CO CO2 

R. Time R. Rate R. Time R. Rate R. Time R. Rate R. Time R. Rate  
(s) (ppm/s) (s) (ppm/s) (s) (%/s) (s) (%/s) 

Low Gas 7  37  3  43  3 0.1  4 1.3  
High Gas 7  316  3  487  3 1.3  4 1.9  

Note:   R. Time refers to rising time; R. Rate refers to rising rate. 
Low Gas refers to low concentration calibration gas with 298 ppm NO, 202 ppm HC (as C3H8), 0.5% CO, and 6% CO2 
High Gas refers to high concentration calibration gas with 3009 ppm NO, 3209 ppm HC (as C3H8), 8.04% CO, and 12% CO2 
Step change experiment: refer to an experiment with calibration gas is introduced or disconnected to the instrument for a sufficiently long period 
of time. 
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Table S-4. Summary of Intervals between Any Peak of Measurements for NO, HC, CO 
and CO2 for On-Road Emissions Measurements for Three Tested Vehicles (in Second) 

 
NO HC CO CO2 

Vehicles 
μ CV μ CV μ CV μ CV 

2005 Chevrolet 
Cavalier 2.2 L 8 3.47 5 1.42 7 1.48 4 0.03 

2005 Dodge 
Caravan 3.3 L 11 7.45 4 1.14 7 7.98 4 0.02 

2005 Chevrolet 
Tahoe 5.3 L 7 2.08 5 1.30 5 1.35 4 0.04 

 
Table S-5. Summary of Intervals between “Major Peaks” of Measurements for NO, HC, 
CO and CO2 for On-Road Emissions Measurements for Three Tested Vehicles (in 
Second) 
 

NO HC CO CO2 
Vehicles 

μ CV μ CV μ CV μ CV 
2005 Chevrolet 
Cavalier 2.2 L 59 3.47 225 1.42 121 1.48 145 0.03 

2005 Dodge 
Caravan 3.3 L 97 7.45 240 1.14 288 7.98 141 0.02 

2005 Chevrolet 
Tahoe 5.3 L 25 2.08 101 1.30 448 1.35 42 0.04 

Note: Intervals between “Main Peaks” are calculated based on consecutive local maxima 
excluding changes between the local maximum less than a predetermined level of 
significance of 10 ppm for NO, 5 ppm for HC, 0.03 vol-% for CO, and 0.5 vol-% for CO2 
 

Table S-6.  Fitted Models for All Pollutants 
 

Pollutant Time Constant δ  0ϖ  
NO 5.20 0.825 0.175 
HC 2.46 0.666 0.334 
CO 2.70 0.690 0.310 
CO2 2.45 0.665 0.335 

Note: Data source is from a low frequency experiment using the low calibration gas. 

Table S-7.  The Estimated Constants Used in SECM for Measurement Correction 
 

Constants NO HC CO CO2 
τ1 2 1 1.5 2 
τ2 1 1 1.5 0 

Note: Data source is from the low frequency experiment using the low calibration gas. 
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Table S-8.  Relative Difference in Total Measurements between Simulated and Actual 
Measurements 

 
Input 

Frequency (Hz) 
Relative 

Difference a (%) 
Relative 

Difference b (%) 
0.25 20 0 
0.165 11 0 
0.125 10 0 

0.1 4.4 0 
0.05 4.2 0 

Note: Data source is from high frequency experiments using the low calibration gas. 
Also, instrument response was normalized for comparisons.  The simulated measurements 
do not include a noise component. 
a the relative difference in average measurements between the simulated measurements 
and the instrument response 
b the relative difference in average measurements between the simulated measurements 
and the true values. 
 

Table S-9.  Measurement Accuracy of the In-Use Sensor * 
 

Accuracy Pollutant Measurement Range 
Absolute % rel. 

0 – 4000 ppm 25 ppm ± 4 NO 4001 – 5000 ppm n/a ± 5 
0 – 2000 ppm 4 ppm ± 3 

2001 – 15000 ppm n/a ± 5 HC 
15001 – 30000 ppm n/a ± 8 

0 – 10.00%  ± 0.02% ± 3 CO 
10.01 – 15.00% n/a ± 5 

0 – 16.00% ± 0.3% ± 3 CO2 16.01 – 20.00% n/a ± 5 
Note: * Andros Incorporated. http://www.andros.com/6241abro.pdf (accessed 
07/16/2006) 

http://www.andros.com/6241abro.pdf
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Table S-10. Numerical Simulation Test Matrix for the Study Design  

Amount of Noise  
SD = 0 SD = 0.02 SD = 0.05 

Dur. Int. Dur. Int. Dur. Int.
1 1 1 
2 2 2 
5 5 5 
20 20 20 

1 
50 

1 

50 

1 

50 
1 1 1 
2 2 2 
5 5 5 
20 20 20 

2 

50 
2 

50 

2 

50 
1 1 1 
2 2 2 
5 5 5 
20 20 20 

5 

50 

5 

50 
5 

50 
1 1 1 
2 2 2 
5 5 5 
20 20 20 

20
 

50 

20
 

50 

20
 

50 
1 1 1 
2 2 2 
5 5 5 
20 20 20 

In
pu

t S
ig

na
l 

50
 

50 

R
an

do
m

 

50
 

50 

R
an

do
m

 

50
 

50 

R
an

do
m

 

 
Note: Dur. – Signal duration (s), the length of time of the unity signal in a complete cycle; 
Int. – Signal interval (s), the length of time between two consecutive signals; A complete 
signal cycle is represented by a signal duration and interval. SD – standard deviation of 
noise that is normally distributed and has a zero mean. 
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Table S-10 (continued) 

Amount of Noise  
SD = 0.1 SD = 0.2 SD = 0.5 

Dur. Int. Dur. Int. Dur. Int.
1 1 1 
2 2 2 
5 5 5 
20 20 20 

1 

50 
1 

50 

1 

50 
1 1 1 
2 2 2 
5 5 5 
20 20 20 

2 

50 

2 

50 
2 

50 
1 1 1 
2 2 2 
5 5 5 
20 20 20 

5 

50 

5 

50 

5 

50 
1 1 1 
2 2 2 
5 5 5 
20 20 20 

20
 

50 

20
 

50 

20
 

50 
1 1 1 
2 2 2 
5 5 5 
20 20 20 

In
pu

t S
ig

na
l 

50
 

50 

R
an

do
m

 

50
 

50 

R
an

do
m

 

50
 

50 

R
an

do
m
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Table S-11. Definition of Cases for Simulated Measurements in Numerical Simulations 
 

Case Simulated 
measurement Noise Corrected Smoothed 

1 × ×   
2 × × ×  
3 × ×  × 
4 × × × × 
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Table S-12. Average Relative Difference of Simulated Measurements to Input Signal with 
Duration of 1 Second 

Case 1 Case 2 Signal 
Int.a 

Noise 
SD # μ LB UB μ LB UB 

1 0 0 0 0 58 58 58  
1 2 -0.2 -7 5.9 65 58 70  
1 5 -0.4 -16 14 76 62 92  
1 10 0 -35 32 100 66 132  
1 20 -3 -69 60 160 110 226  
1 50 1.7 -130 164 410 306 547  
2 0 0 0 0 60 60 60  
2 2 0.3 -6.1 7.6 70 64 78  
2 5 2.4 -18 22 90 73 108  
2 10 1.8 -38 36 130 95 166  
2 20 -6.7 -64 59 210 160 272  
2 50 1.7 -190 170 550 390 695  
5 0 0 0 0 62 62 62  
5 2 0.2 -9.7 10 86 78 94  
5 5 -2 -24 15 130 110 145  
5 10 0.2 -40 46 200 161 244  
5 20 5.8 -78 104 380 307 453  
5 50 15.5 -180 210 937 754 1127  
20 0 0 0 0 62 62 63  
20 2 0.2 -14 16 162 151 175  
20 5 -0.9 -32 39 322 292 358  
20 10 2.7 -80 85 594 536 659  
20 20 2.4 -160 162 1150 1053 1283  
20 50 9.7 -370 440 2868 2606 3198  
50 0 0 0 0 62 62 63  
50 2 0.5 -20 21 318 301 338  
50 5 3.3 -56 69 712 670 758  
50 10 -3.4 -120 110 1370 1271 1467  
50 20 5 -290 310 2710 2513 2917  
50 50 -2.5 -590 510 6700 6327 7138  

 
Note: * results are based upon 100 random realizations of imposed random noise; # 
standard deviation of random noise; LB – low bound 95% probability range; UB – upper 
bound of 95% probability range; a Int. – signal interval  
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Table S-12 (continued) 

Case 3 Case 4 Signal 
Int.a 

Noise 
SD # μ LB UB μ LB UB 

1 0 0  0  0  1  1  1  
1 2 0  -7  6  3  -2  9  
1 5 0  -16  14  8  -5  21  
1 10 0  -35  32  20  -7  44  
1 20 -3  -70  60  46  -2  96  
1 50 2  -130 164 148  72  269  
2 0 0  0  0  1  1  1  
2 2 0  -6  8  4  -1  10  
2 5 2  -19  22  10  -7  28  
2 10 2  -38  37  22  -11  52  
2 20 -7  -64  60  52  12  101  
2 50 2  -190 170 196  86  320  
5 0 0  0  0  18  18  18  
5 2 0  -10  10  24  17  30  
5 5 -2  -24  15  34  19  47  
5 10 0  -39  46  62  36  100  
5 20 6  -79  104 132  74  190  
5 50 16 -176 208 368  254  508  
20 0 0  0  0  19  19  19  
20 2 0  -14  17  55  45  66  
20 5 -1  -32  39  116  92  137  
20 10 3  -80  85  224  173  281  
20 20 2  -157 162 454  362  542  
20 50 10 -372 437 1184 961  1408  
50 0 0  0  0  19  19  19  
50 2 1  -20  21  120  109  133  
50 5 3  -56  69  279  242  319  
50 10 -3  -118 110 550  478  615  
50 20 5  -294 314 1109 970  1278  
50 50 -3  -589 513 2799 2461 3109  
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Table S-13. Average Relative Difference of Simulated Measurements to Input Signal with 
Duration of 2 Seconds 

Case 1 Case 2 Signal
Int.a 

Noise 
SD # μ LB UB μ LB UB 

1 0 0  0  0  27  27  27  
1 2 0  -3  3  31  27  35  
1 5 -1  -11  8  36  26  45  
1 10 -1  -18  22  49  34  66  
1 20 -1  -35  38  90  53  122  
1 50 9  -79  116  252  184  321  
2 0 0  0  0  28  28  28  
2 2 0  -3  5  33  28  37  
2 5 1  -8  11  43  35  52  
2 10 1  -20  19  64  46  78  
2 20 -1  -43  37  116  87  149  
2 50 -1  -93  93  317  237  407  
5 0 0  0  0  29  29  29  
5 2 0  -6  7  40  36  44  
5 5 0  -12  12  61  49  71  
5 10 0  -26  24  101  82  116  
5 20 1  -49  51  195  160  235  
5 50 -10 -110  107  503  394  596  
20 0 0  0  0  30  30  30  
20 2 0  -9  8  78  73  84  
20 5 -1  -23  18  156  141  173  
20 10 1  -35  36  294  264  320  
20 20 3  -67  83  584  527  650  
20 50 -6  -213  159  1476  1302  1621  
50 0 0  0  0  30  30  30  
50 2 1  -13  13  156  145  165  
50 5 1  -37  32  351  324  376  
50 10 1  -55  61  683  644  744  
50 20 -5  -124  130  1353  1246  1456  
50 50 -17 -360  325  3418  3197  3598  

 
Note: * results are based upon 100 random realizations of imposed random noise; # 
standard deviation of random noise; LB – low bound 95% probability range; UB – upper 
bound of 95% probability range; a Int. – signal interval  
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Table S-13 (continued) 

Case 3 Case 4 Signal
Int.a 

Noise 
SD # μ LB UB μ LB UB 

1 0 0  0  0  0  0  0  
1 2 0  -3  3  2  -1  4  
1 5 -1  -11  8  3  -8  11  
1 10 -1  -18  22  7  -8  26  
1 20 -1  -35  38  19  -9  52  
1 50 9  -79  116  86  22  158  
2 0 0  0  0  0  0  0  
2 2 0  -3  5  2  -2  6  
2 5 1  -8  11  5  -3  13  
2 10 1  -20  19  12  -4  25  
2 20 -1  -44  37  28  -1  57  
2 50 -1  -93  93  107  52  171  
5 0 0  0  0  8  8  8  
5 2 0  -6  7  10  6  16  
5 5 0  -12  12  17  7  25  
5 10 0  -26  25  30  10  48  
5 20 1  -49  51  64  34  104  
5 50 -10 -110  107  184  117  261  
20 0 0  0  0  8  8  8  
20 2 0  -9  8  25  20  30  
20 5 -1  -23  18  55  42  68  
20 10 1  -35  36  110  89  130  
20 20 3  -67  83  227  183  280  
20 50 -6  -213  159  594  464  685  
50 0 0  0  0  8  8  8  
50 2 1  -13  13  58  50  66  
50 5 1  -37  32  137  116  157  
50 10 1  -55  61  275  243  317  
50 20 -5  -124  130  548  477  625  
50 50 -17 -360  325  1405  1227  1633  
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Table S-14. Average Relative Difference of Simulated Measurements to Input Signal with 
Duration of 5 Seconds 

Case 1 Case 2 Signal
Int.a 

Noise 
SD # μ LB UB μ LB UB 

1 0 0  0  0  10  10  10  
1 2 0  -1  2  12  10  14  
1 5 0  -4  5  14  10  19  
1 10 0  -8  8  21  13  29  
1 20 0  -13  15  47  32  64  
1 50 5  -43  45  154  118  192  
2 0 0  0  0  10  10  10  
2 2 0  -2  2  12  11  14  
2 5 0  -5  5  16  12  20  
2 10 0  -9  9  26  17  36  
2 20 -1  -21  21  55  38  73  
2 50 1  -51  48  179  148  217  
5 0 0  0  0  11  11  11  
5 2 0  -2  2  14  12  17  
5 5 0  -6  6  22  15  29  
5 10 1  -13  10  41  32  49  
5 20 1  -19  23  89  70  106  
5 50 -5  -66  55  254  204  295  
20 0 0  0  0  11  11  11  
20 2 0  -3  4  29  26  32  
20 5 -1  -9  7  60  54  68  
20 10 -1  -18  16  117  101  129  
20 20 1  -37  30  241  217  270  
20 50 2  -96  90  644  581  714  
50 0 0  0  0  11  11  11  
50 2 0  -5  5  60  56  64  
50 5 -1  -12  12  138  127  147  
50 10 2  -20  24  273  255  292  
50 20 0  -44  53  554  521  593  
50 50 -2  -130  129  1420  1337  1518  

 
Note: * results are based upon 100 random realizations of imposed random noise; # 
standard deviation of random noise; LB – low bound 95% probability range; UB – upper 
bound of 95% probability range; a Int. – signal interval  
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Table S-14 (continued) 

Case 3 Case 4 Signal
Int.a 

Noise 
SD # μ LB UB μ LB UB 

1 0 0  0  0  0  0  0  
1 2 0  -1  2  1  -1  2  
1 5 0  -4  5  2  -3  6  
1 10 0  -8  8  3  -6  11  
1 20 0  -13  15  9  -2  25  
1 50 5  -43  45  46  4  80  
2 0 0  0  0  0  0  0  
2 2 0  -2  2  1  -1  3  
2 5 0  -5  5  2  -3  7  
2 10 0  -9  9  4  -3  13  
2 20 -1  -21  21  12  -5  31  
2 50 1  -51  48  55  21  90  
5 0 0  0  0  2  2  2  
5 2 0  -2  2  3  1  5  
5 5 0  -6  6  6  0  10  
5 10 1  -13  10  11  1  20  
5 20 1  -19  23  26  10  44  
5 50 -5  -66  55  84  48  126  
20 0 0  0  0  2  2  2  
20 2 0  -3  4  8  6  11  
20 5 -1  -9  7  20  14  26  
20 10 -1  -18  16  42  31  53  
20 20 1  -37  30  90  67  111  
20 50 2  -96  90  249  191  307  
50 0 0  0  0  2  2  2  
50 2 0  -5  5  22  18  25  
50 5 -1  -12  12  52  45  61  
50 10 2  -20  24  108  93  124  
50 20 0  -44  53  220  191  248  
50 50 -2  -130  129  570  495  652  
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Table S-15. Average Relative Difference of Simulated Measurements to Input Signal with 
Duration of 20 Seconds 

Case 1 Case 2 Signal
Int.a 

Noise 
SD # μ LB UB μ LB UB 

1 0 0  0  0  3  3  3  
1 2 0  -1  1  3  2  4  
1 5 0  -2  2  4  2  6  
1 10 0  -3  5  7  3  11  
1 20 0  -7  8  24  17  32  
1 50 -1  -21  17  102  86  117  
2 0 0  0  0  3  3  3  
2 2 0  -1  1  3  2  4  
2 5 0  -2  2  4  2  6  
2 10 0  -4  3  7  4  11  
2 20 0  -6  7  26  20  33  
2 50 1  -20  17  109  93  125  
5 0 0  0  0  3  3  3  
5 2 0  -1  1  3  2  4  
5 5 0  -2  2  5  4  7  
5 10 0  -4  3  11  7  14  
5 20 0  -10  7  34  26  40  
5 50 -1  -21  18  127  112  144  
20 0 0  0  0  3  3  3  
20 2 0  -1  1  7  6  8  
20 5 0  -3  3  15  12  18  
20 10 0  -5  6  30  26  35  
20 20 -1  -12  13  72  61  80  
20 50 -2  -28  29  222  205  243  
50 0 0  0  0  3  3  3  
50 2 0  -1  1  15  13  16  
50 5 1  -3  4  35  32  38  
50 10 0  -7  7  69  64  75  
50 20 -1  -17  14  150  141  162  
50 50 -2  -26  31  419  397  442  

 
Note: * results are based upon 100 random realizations of imposed random noise; # 
standard deviation of random noise; LB – low bound 95% probability range; UB – upper 
bound of 95% probability range; a Int. – signal interval  
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Table S-15 (continued) 

Case 3 Case 4 Signal
Int.a 

Noise 
SD # μ LB UB μ LB UB 

1 0 0  0  0  0  0  0  
1 2 0  -1  1  0  -1  1  
1 5 0  -2  2  0  -2  2  
1 10 0  -3  5  1  -2  5  
1 20 0  -7  8  3  -4  11  
1 50 -1  -21  17  24  6  38  
2 0 0  0  0  0  0  0  
2 2 0  -1  1  0  -1  1  
2 5 0  -2  2  0  -1  2  
2 10 0  -4  3  1  -3  4  
2 20 0  -6  7  3  -2  10  
2 50 1  -20  17  28  13  41  
5 0 0  0  0  0  0  0  
5 2 0  -1  1  1  -1  2  
5 5 0  -2  2  1  0  3  
5 10 0  -4  3  2  -1  5  
5 20 0  -10  7  6  -2  13  
5 50 -1  -21  18  34  20  46  
20 0 0  0  0  0  0  0  
20 2 0  -1  1  2  1  3  
20 5 0  -3  3  5  2  7  
20 10 0  -5  6  10  6  15  
20 20 -1  -12  13  22  13  31  
20 50 -2  -28  29  74  57  97  
50 0 0  0  0  0  0  0  
50 2 0  -1  1  5  4  6  
50 5 1  -3  4  13  11  16  
50 10 0  -7  7  26  21  32  
50 20 -1  -17  14  55  44  66  
50 50 -2  -26  31  156  141  178  
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Table S-16. Average Relative Difference of Simulated Measurements to Input Signal with 
Duration of 50 Seconds 

Case 1 Case 2 Signal
Int.a 

Noise 
SD # μ LB UB μ LB UB 

1 0 0  0  0  1  1  1  
1 2 0  -1  0  1  0  2  
1 5 0  -1  1  1  0  3  
1 10 0  -3  3  3  1  6  
1 20 0  -4  5  19  15  23  
1 50 0  -11  13  92  82  104  
2 0 0  0  0  1  1  1  
2 2 0  0  0  1  1  2  
2 5 0  -1  1  2  0  3  
2 10 0  -2  2  4  2  6  
2 20 0  -5  6  20  16  25  
2 50 -1  -9  11  95  86  105  
5 0 0  0  0  1  1  1  
5 2 0  0  1  1  1  2  
5 5 0  -1  1  2  1  3  
5 10 0  -3  3  5  3  8  
5 20 0  -5  5  23  19  28  
5 50 -1  -13  12  102  91  112  
20 0 0  0  0  1  1  1  
20 2 0  -1  1  3  2  3  
20 5 0  -2  2  6  5  7  
20 10 0  -3  3  13  10  15  
20 20 0  -5  6  39  35  44  
20 50 0  -15  12  142  131  150  
50 0 0  0  0  1  1  1  
50 2 0  -1  1  6  5  7  
50 5 0  -2  2  14  12  15  
50 10 0  -3  4  29  26  32  
50 20 0  -7  7  70  65  75  
50 50 -1  -19  16  219  207  234  

 
Note: * results are based upon 100 random realizations of imposed random noise; # 
standard deviation of random noise; LB – low bound 95% probability range; UB – upper 
bound of 95% probability range; a Int. – signal interval  
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Table S-16 (continued) 

Case 3 Case 4 Signal
Int.a 

Noise 
SD # μ LB UB μ LB UB 

1 0 0  0  0  0  0  0  
1 2 0  -1  0  0  -1  1  
1 5 0  -1  1  0  -1  1  
1 10 0  -3  3  0  -2  3  
1 20 0  -4  5  1  -3  6  
1 50 0  -11  13  21  12  31  
2 0 0  0  0  0  0  0  
2 2 0  0  0  0  0  1  
2 5 0  -1  1  0  -1  1  
2 10 0  -2  2  0  -2  2  
2 20 0  -5  6  2  -3  7  
2 50 -1  -9  11  21  14  30  
5 0 0  0  0  0  0  0  
5 2 0  0  1  0  0  1  
5 5 0  -1  1  1  0  2  
5 10 0  -3  3  1  -1  3  
5 20 0  -5  5  3  -2  8  
5 50 -1  -13  12  24  16  33  
20 0 0  0  0  0  0  0  
20 2 0  -1  1  1  0  1  
20 5 0  -2  2  2  1  3  
20 10 0  -3  3  4  2  6  
20 20 0  -5  6  10  6  15  
20 50 0  -15  12  41  30  50  
50 0 0  0  0  0  0  0  
50 2 0  -1  1  2  1  3  
50 5 0  -2  2  5  4  6  
50 10 0  -3  4  11  8  14  
50 20 0  -7  7  22  18  28  
50 50 -1  -19  16  73  62  86  

 
Note: * results are based upon 100 random realizations of imposed random noise; # 
standard deviation of random noise; LB – low bound 95% probability range; UB – upper 
bound of 95% probability range; a Int. – signal interval
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Table S-17.  Relative Difference of Simulated Measurements with Different Averaging 
Interval to the True Values 

 
Case 3-a Case 3-b Case 3-c Signal 

Three-point Five-point Seven-point 
Dur.a Int.b

Noise 
SD # 

μ LB UB μ LB UB μ LB UB 
1 1 50 2 -130 164 2 -131 165 2 -131 165 
1 2 50 2 -190 170 2 -190 170 2 -189 170 
1 5 50 16 -176 208 16 -176 207 16 -175 207 
1 20 50 10 -372 437 10 -372 437 10 -373 437 
1 50 50 -2 -589 513 -2 -588 513 -2 -588 513 
50 1 2 0 -1 0 0 -1 0 0 -1 0 
50 2 2 0 0 0 0 0 0 0 0 0 
50 5 2 0 0 1 0 0 1 0 0 1 
50 20 2 0 -1 1 0 -1 1 0 -1 1 
50 50 2 0 -1 1 0 -1 1 0 -1 1 

 
Note: * results are based upon 100 random realizations of imposed random noise; # 
standard deviation of random noise; LB – low bound 95% probability range; UB – upper 
bound of 95% probability range; a Dur. – signal duration; b Int. – signal interval;  Case 3: 
Smoothed simulated measurement; Case 4: Corrected simulated measurement with 
smoothing. 
Case 3-a: Case 3 with three-point central moving average; 
Case 3-b: Case 3 with five-point central moving average; 
Case 3-c: Case 3 with seven-point central moving average; 
Case 4-a: Case 4 with three-point central moving average; 
Case 4-b: Case 4 with five-point central moving average; and 
Case 4-c: Case 4 with seven-point central moving average. 
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Table S-17 (continued) 

 
Case 4-a Case 4-b Case 4-c Signal 

Three-point Five-point Seven-point 
Dur.a Int.b 

Noise 
SD # 

μ LB UB μ LB UB μ LB UB 
1 1 50 148 72 269 95 18 215 71 -16 202 
1 2 50 196 86 320 131 13 261 101 -10 230 
1 5 50 368 254 508 250 150 374 200 96 322 
1 20 50 1184 961 1408 833 626 1053 677 472 915 
1 50 50 2799 2461 3109 1987 1663 2287 1621 1311 1953
50 1 2 0 -1 1 0 -1 0 0 -1 0 
50 2 2 0 0 1 0 0 1 0 0 1 
50 5 2 0 0 1 0 0 1 0 0 1 
50 20 2 1 0 1 0 0 1 0 0 1 
50 50 2 2 1 3 1 1 2 1 0 2 
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Figure S-1. Response Curves of Non-Dispersive Infrared CO and CO2 Sensor of the 
Montana System to A Step Change in Gas Concentration of 0.5% CO and 6% CO2: (a) 
CO; (b) CO2.  

 

Figure S-2. A Portion of NO Measurements Profiles for a Highway in the Study Area
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Figure S-3. Scatter Plot of Calculated Fuel Economy on a Trip Basis versus Actual Fuel 
Economy for Three Tested Vehicles in the Study Area 
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Figure S-4.  Normalized Simulated NO Measurements without Noise vs. Actual Impulse 
Response for a Low Frequency Experiment 
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Figure S-5. Normalized Simulated NO Measurements without Noise versus Instrument 
Response for High Frequency Experiments: (a) 0.25 Hz, (b) 0.165 Hz, (c) 0.125 Hz, (d) 
0.1 Hz, and (e) 0.05 Hz. 
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ABSTRACT 

 The objective of this paper is to quantify variability in emissions with a focus on 

comparisons between vehicles, routes, drivers, road grade and time of day.  In order to 

cover a broad range of variability in emissions to meet the objective of this study, field 

experiments using a portable emission measurement system (PEMS) were conducted 

during the real-world driving cycle. 

Total emissions for the same origin/destination (O/D) pair varied from trip-to-trip and 

from route-to-route due to variations in travel time and average speed.  On a trip basis, the 

average differences due to route, driver, and time of day (a surrogate for traffic 

conditions) differed by 82%, 62%, and 57% in total NO emissions and by 29%, 15%, and 

20% for total fuel use, respectively.  Inter-vehicle variability in NO emission rate ranged 

from two to 12 orders of magnitude depending on the vehicle operating modes, but only 

by one to two orders of magnitude for fuel use rate.  For emission estimates at a local 

scale, ignoring road grade will underestimate or overestimate emissions by 16-24% for 

positive or negative grade.  The implications of this work are: Traffic management 

strategies should consider and give incentives for route selection in order to manage 

overall fuel use and emissions.  Emission inventories development should consider inter-

mailto:frey@eos.ncsu.edu
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vehicle and inter-driver variability in emissions and transportation infrastructure factors 

such as road grade. 

1.0 INTRODUCTION 

 Accurate highway vehicle emission inventories are critical to the development of 

air quality management strategies.  Annually and nationally, highway vehicles contribute 

27 percent of volatile organic compound (VOC) emissions, 36 percent of nitrogen oxides 

(NOx) emissions, and 60 percent of carbon monoxide emissions (CO).  Locally, these 

proportions can be much higher (1).  NOx and VOC are precursors to the formation of 

tropospheric ozone.  Over 159 million Americans live in National Ambient Air Quality 

Standard (NAAQS) non-attainment areas for ozone, which poses health risks (1).  Vehicle 

fuel use and emissions are highly variable and depend on many factors.  The most 

commonly used model for estimation of vehicle emissions, MOBILE6, is based on 

standardized test procedures, produces trip-average emissions, and is used to produce 

“area-wide” (or “macro” scale) emission estimates.  However, in order to more accurately 

quantify vehicle emissions, and their variability over space and time, there is a need for 

more detailed quantification of real-world vehicle activity at greater resolution.  For 

example, a micro-scale approach to emissions estimation would be capable of capturing 

differences in emissions along a travel route (1). Micro-scale emission estimates can be 

aggregated to develop macro-scale estimates.   

In recent years, Portable Emissions Measurement Systems (PEMS) have been 

developed that increase the feasibility of measuring vehicle activity and emissions under 

real-world operating conditions.  PEMS are an increasingly accepted alternative to the use 

of laboratory-based chassis dynamometer measurement methods.  Of course, each 

approach has its advantages.  Dynamometer tests can be conducted for a transient speed 

profile and can be replicated, but may not be adequately representative of real world 
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conditions at a particular location.  In-use measurements are made under real-world 

conditions, but are subject to variability from one run to another even for the same 

vehicle, driver, and route because of variations in traffic and ambient conditions.  Thus, a 

key challenge to the use of PEMS data is to quantify the most significant sources of 

variability from field measurements in order to help inform field study design. 

Many factors have been shown to influence vehicle emissions, including vehicle 

type (2, 3), vehicle dynamics such as speed and acceleration (4-6), traffic flow conditions 

(7-10), ambient conditions (11, 12), roadway infrastructure (13), and driver behavior (14-

16).  Some of these factors can be controlled in a field experiment based on the choice of 

vehicles, routes, drivers, and timing of data collection activities.  However, some of these 

factors, such as traffic and ambient conditions, cannot be controlled.  Thus, a field study 

is partly an observational, rather than controlled, experiment. 

The development of a field study design is sensitive to the objectives of the study.  

Here, the key objectives are to: (1) quantify variability in emissions in order to help 

determine which factors are the most significant, with a focus on comparisons between 

vehicles, routes, drivers, road grade, and time of day; and (2) determine the minimum 

data requirement for data collection.  

2.0 EXPERIMENTAL SECTION 

This section describes: (1) experimental design for field data collection using 

PEMS; (2) PEMS instrumentation; (3) field data collection; (4) data post-processing 

procedures; (5) methods for empirical emissions comparisons; and (6) a method for using 

field data to help determine the minimum data requirements for future data collection 

efforts. 
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2.1 Experimental Design for Field Data Collection Using PEMS. 

In order to cover a broad range of variability in emissions to meet the objective of 

this study, several factors were taken into account in the experimental design, including 

vehicles, routes, drivers, road grade, and time of day.   

  Multiple vehicles were selected in order to capture variability between vehicles 

for methodological purposes, but not to attempt to characterize the entire on-road fleet.  

The latter would require a cross-sectional study that involved data collection for a large 

number of vehicles, but possibly less focus on factors contributing to intra-vehicle 

variability than is the case here.  Because it was not known a priori as to the amount of 

variability in emissions associated with the routes, drivers, and traffic and ambient 

conditions of this study, data was collected intensively for a small number (three) of 

“primary” vehicles.  For each of these vehicles, a total of approximately 65 hours of data 

was collected, which included typically over a dozen replicated runs on each of several 

routes at various times of day and with different drivers.  The three primary vehicles were 

chosen to represent a range of vehicle chassis types and engine sizes, including a compact 

sedan Chevrolet Cavalier with a 2.2 liter engine, a minivan Dodge Caravan with a 3.3 

liter engine, and a large SUV Chevrolet Tahoe with a 5.3 liter engine.   

  The three primary vehicles were supplemented with seven “secondary” vehicles, 

for which typically only a few hours of data were collected.  The study design for the 

secondary vehicles was developed based on information gained from the primary 

vehicles, using the methodology described at the end of this section for determining a 

minimum data requirement in order to adequately capture variability in vehicle emissions. 

  The vehicles were obtained primarily based on rentals from the NC State 

University motor pool.  However, one of the vehicles was volunteered by a private owner.  

For each of the primary vehicles, testing occurred typically over a period of 3 weeks on 
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prescribed routes and schedules, and thus it would have been impractical to recruit private 

vehicles. 

  Details of the the make, model, and total hours of collected data per vehicle are 

given in the Supporting Information. 

  Route selection was aimed at providing broad coverage of transportation network 

characteristics including road grade and facility class.  Two origin and destination (O/D) 

pairs were selected, including one between North Carolina State University (NCSU) and 

north Raleigh (NR), and one between NR and Research Triangle Park.  NR is a major 

residential area, and many residents commute from NR to either inner Raleigh (as 

represented by NCSU) or to RTP.  For each O/D pair, three alternative routes were 

identified, as shown in Figure 1.  Each route includes a mix of roadway facility types 

(e.g., interstate highways, major arterials, minor arterials and feeder/collector streets) and 

variation in road grade.  Data were collected for both travel directions of each route.  Key 

route characteristics such as length and road grade range of these routes are summarized 

in the supporting information (SI).   

For the primary vehicles, the number of replicated runs on each route and for each travel 

directly was approximately the same. 

  The selection of time of day was intended to capture the variability in emissions 

due to temporal variations in traffic flow.  Data collection was typically carried out from 

6:00 to 11:00 AM and from 4:00 to 7:00 PM.  For the primary vehicles, data collection 

occurred on consecutive weekdays and weeks.  For each secondary vehicle, data 

collection occurred only on one weekday.  The typical peak travel flow in the AM period 

is from North Raleigh to either NCSU or RTP, with a reversal of peak traffic flow in the 

afternoon.  The variation in average travel times by route and time of day are detailed in 

the supporting information. 



156 

  Three drivers were involved in the data collection effort, thereby enabling a 

limited comparison of the effect of different drivers on vehicle speed, acceleration, and 

emissions.  One driver was typically more aggressive than the other two in terms of 

having a higher rate of acceleration and driving at higher speeds, thereby enabling some 

assessment in variability as a function of driver behavior for the same vehicles, routes, 

travel directions, and times of day. 

2.2.  Instrumentation 

The PEMS used here was the “Montana” system, manufactured by Clean Air 

Technologies International Inc.  This PEMS uses electrochemical sensors to measure the 

tailpipe concentrations of NO and O2 and a non-dispersive infrared (NDIR) sensor to 

measure hydrocarbons (HC), CO, and CO2.  Vehicle and engine dynamics such as speed, 

acceleration, engine RPM, manifold absolute pressure, throttle position percentage and 

intake air temperature are recorded on a second-by-second basis via an engine scanner.  

The PEMS reports the mass emission rates estimated using concentration and engine data 

as detailed elsewhere (17).  Laboratory comparisons show that the Montana system has 

good precision and accuracy (18-20).  For example, the R2 of simultaneous average test 

cycle measurements by the PEMS and a chassis dynamometer ranges from 0.90-0.99 

depending on the pollutant.  The slope of the parity plots of these data for NO, CO and 

CO2 is not significantly different from 1.  NDIR is well known to respond only partially 

to the total loading of hydrocarbon species in the exhaust, because it responds well to 

alkanes but is less responsive for other types of compounds, such as aromatics (21-23).   

As expected, HC measurements are estimated to be low by a factor of two compared to 

the actual pollutant loading (18). 
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2.3. Field Data Collection 

Each time before field data collection, the instrument was calibrated in the 

laboratory, and then installed onto the vehicle. Two persons were involved in data 

collection.  One is the driver and the other is in charge of the instrument and data logging. 

2.4. Data Post-Processing.   

The purpose of data post-processing is to: (a) evaluate the raw data reported by the 

PEMS to identify any errors and correct them if possible; (b) combine data from the 

PEMS with roadway infrastructure data regarding road grade into a single database; and 

(c) combine multiple runs into a single database.   

Examples of possible errors include time misalignment between different data 

sources (e.g., engine, emissions, and GPS data), communication loss between the engine 

scanner and the vehicle on-board computer, loss of data because of sensor zeroing, and 

others (18, 19).  Typically errors were detected for approximately 10% of the data.  A 

Visual basic-based macro was developed to check for errors and for data post-processing. 

Road grade has been estimated separately for the selected routes using Light 

Detection And Ranging (LIDAR) data as detailed elsewhere (13).  LIDAR data is 

matched to each data point from the PEMS based on the position of the vehicle along the 

route. 

In order to more easily manipulate collected data for analysis, all runs from the 

same vehicle were combined into a single database.  Because each run has unique 

information such as driver, route, time of day, and run number, data can be stratified as 

needed. 

2.5 Empirical Emissions Comparisons 

The methodology focuses on:  (a) statistical analysis of empirical data using 

ANOVA in order to identify key factors associated with in-use emissions and fuel use; (b) 
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comparison of emissions and fuel use by route, driver, time of day, and road grade; and 

(c) quantification of inter-vehicle variability in emissions and fuel use. 

ANOVA is used to quantify the strength of the relationship between a response 

variable and one or more explanatory variables (24, 25) based on the F-statistic, which 

tests whether an explanatory variable has a significant contribution to the response 

variable.  Since the explanatory variables used in ANOVA here are continuous variables, 

there is only one degree of freedom of all explanatory variables. 

In order to reduce the effects of factors that cannot be controlled, such as local 

traffic and ambient conditions, a standardized vehicle specific power (VSP)-based 

average rate of fuel use and emissions was derived to compare the emissions and fuel use 

by route, driver, and time of day, as discussed later.  VSP explains a substantial portion of 

variability in fuel use and tailpipe emissions (26-28).  VSP accounts for power demand, 

rolling resistance, road grade and aerodynamic drag and can be estimated based upon 

speed, acceleration and road grade (26).  VSP may be estimated generically for a typical 

light duty vehicle based on representative coefficient values (27): 
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where: 

v  = speed (km/h) 
a  = acceleration (km/h/s) 
r  = road grade (%)  
VSP = Vehicle Specific Power (kw/ton) 

In order to standardize the comparisons of emission rates for different vehicles, 

drivers, routes, and so on, a modal approach to characterizing fuel use and emissions is 

used.  In the modal approach, vehicle fuel use and emissions are stratified into 14 VSP 

modes, which were developed in previous work (28) and are explained further in the 

Supporting Information.  The definition of the 14 VSP modes along with an example of 
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the corresponding emission and fuel use rates for one of the tested vehicles is shown in 

Table 1.  An average fuel use or emission rate for a given driving cycle is derived based 

on a time-weighted average of the VSP modes.  Thus, the major steps for deriving a 

standardized average rate for a given vehicle, route, driver, and time of day is: 

(1) Develop VSP-based modal emission and fuel use rates for a given vehicle based 

upon all data from that vehicle from all routes, drivers, and times of day; 

(2) Stratify the database for that vehicle by driver, time of day, and route to define a 

particular scenario (an example of a scenario is travel on Route 1 in the morning 

with Driver A); 

(3) Estimate the time spent in each VSP mode for each scenario from the empirical 

data for that scenario; and  

(4) Calculate the standardized average rates for the scenario: 

∑
=

=
14

1
,,,,,,,,,,

i
iRTDVjiVjRTDV fERE                                           (2) 

Where: 

jRTDVE ,,,,    = Standardized average rate for vehicle V, Driver D, time of day     T, 
route R, and specie j (g/sec) 

jiVER ,,       = VSP-based modal mass rate for vehicle V, VSP mode i, and specie 
j (g/sec) 

iRTDVf ,,,,     = Fraction of time spent in VSP mode i for vehicle V, Driver D, time 
of day T, and route R  

i = VSP mode from 1 to 14 
j = Specie, i.e., NO, HC, CO, CO2, and fuel 
D = Driver 
R = Route 
V = Vehicle 
T = Time of day, i.e. AM or PM 

The standardized totals for fuel use or emissions for a given scenario are calculated by 

multiplying the standardized average rates with the average travel time. 

Both measured and standardized fuel use and emissions by driver and time of day 

were compared across routes with respect to both total and rates.  The effect of road grade 
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was quantified by comparing VSP-based modal emissions over an entire trip with and 

without consideration of road grade.  Inter-vehicle variability was quantified by 

comparing the average vehicle-specific fuel use and emission rates on a mode-by-mode 

(VSP mode) basis among all vehicles. 

Fuel use rate is estimated using measured engine and CO2 exhaust concentration 

data based on a mass balance (17).  Except in rare situations in which CO or HC 

emissions are very high, the CO2 emission rate and fuel use rate are strongly linear.  Thus, 

for practical purposes, insights regarding trends in CO2 emissions also apply to fuel use, 

and vice versa. 

2.6 Determination of the Minimum Field Data Requirements 

A key question is whether it is possible to capture a large range of variability in 

vehicle dynamics and emissions with only a small number of hours of data collection.  To 

explore this issue, for the three primary vehicles data were collected intensively with 

many runs (e.g., typically 14) on each route.  These data serve as a testbed for evaluation 

of whether a smaller number of runs would produce an adequate characterization of 

variability for a given route and whether a selected subset of all of the routes would 

enable characterization of variability comparable to that for the entire study region.  The 

methodology includes:  (1) identification of preferred routes with a wide range of 

variability in fuel use and emissions; and (2) determination of the number of the trips on 

preferred routes to adequately cover a wide range of variability in fuel use and emissions.  

Since any of the routes can produce episodes of very low emissions (e.g., associated with 

idling), the main focus here is to characterize the upper range of variability.  Thus, the 

95th percentiles of fuel use and emissions rates are used to assess variability. 

For the primary vehicles, m trips were made on a given route.  X95 is the 95th 

percentile value of the fuel use and emissions rates data for a given pollutant over all of 
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the m trips.  In order to represent a subset of data that might have been collected in a less 

resource intensive study, suppose that only m’ trips are made, where m’ < m.  A subset of 

m’ trips is judged to adequately characterize variability in the real world data if the 

maximum fuel use or emissions rate observed in the subset, Xsubset
max, is greater than the 

95th percentile of fuel use or emissions observed in the larger study.  Thus, the purpose of 

the analysis here is to determine what value of m’ is adequate to achieve this criterion for 

adequate coverage of variability.   

A Monte Carlo simulation (MCS) with replacement (29-31) was used to perform 

the adequacy study.  A number of trips, m’, are randomly selected from the m trips to 

form a subset, and the criteria for adequacy is evaluated.  MCS was repeated 200 times 

for each value of m’, and m’ was varied from 1 to 3.  If the frequency of Xsubset
max ≥ X95 

over all simulations is greater than 0.95 for a given value of m’, then the number of trips 

in the subset is deemed to provide adequate coverage of variability. 

3.0 RESULTS AND DISCUSSION 

 Results are given regarding:  (1) key factors associated with intra-vehicle 

variability in in-use fuel use and emissions; (2) empirical comparisons of intra-vehicle 

emissions and fuel use by route, driver, time of day, and road grade; (3) inter-vehicle 

variability in emissions and fuel use; and (4) minimum requirements for data collection 

for an individual vehicle.  The results for items (1), (2), and (4) are based on the extensive 

data collected for each of the three primary vehicles, while the results of item (3) also 

include the secondary vehicles.    

3.1 Key Factors Associated with Intra-Vehicle Variability.   

Speed and acceleration were identified to be the two most important factors 

associated with intra-vehicle variability in emissions and fuel use, based on the results of 

ANOVA for the three primary vehicles.  The third most important factor was typically 
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road grade, but in some cases (e.g., for NO emission rate for a 2005 Dodge Caravan), 

ambient conditions such as temperature and humidity were more significant than road 

grade. 

3.2 Comparison of Routes   

This section quantifies the difference in fuel use and emissions for different routes 

and identifies key factors contributing to such differences.  The average and total fuel use 

and emission rates were compared both empirically, based on a statistical summary of the 

field data, and using the standardized approach to reduce the effect of run-to-run 

variability in traffic and ambient conditions.  The results for the three routes and two 

travel directions associated with each O/D pair are summarized in Table 2.  Clearly, there 

is a preferred choice of route for a given O/D pair, travel direction, and time of day.  The 

preferred choice of route varies depend on the pollutant and the metric used, e.g., the rate 

or totals. 

If a preferred choice of route was not made, a substantial difference in fuel use 

and emissions by taking other choices of route was observed with respect to both rates 

and totals.  The magnitude of difference depends on pollutant.  For example, the 

empirical average fuel use and emissions differed by 28 to 113% in rates and by 29 to 

119% in totals. The standardized average fuel use and emissions differed by 20 to 32% in 

rates and 28 to 34% in totals.  The difference is much smaller when the standardized data 

were used.  This is because there is more variability in the empirical data because of 

variations in traffic and ambient conditions.  The variability is reduced when 

standardization is done.  For example, the average coefficient of variation (CV) of 

standardized fuel use and emission rates for all routes, times of day, drivers and vehicles 

were 36 to 67% lower compared to the empirical estimates depending on the pollutant, as 

detailed in SI.  CV is defined as the ratio of the standard deviation to the mean.  The 
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details regarding the differences in fuel use and emissions by different choice of route are 

given in the supporting information. 

Figure 2 shows fuel use and emission rates as functions of average speed for all 

routes, time of day and drivers on a trip basis.  The actual trip average emission rates for 

some pollutants, such as HC and CO exhibit a clearer monotonic relationship with respect 

to average speed.  The actual fuel use rate has a more explicitly monotonic relationship 

with average speeds than the others.  The standardized average fuel use and emission 

rates have a more explicitly monotonic relationship with respect to average speed than the 

empirical estimates.  The selected routes in this study cover a wide range of roadway 

classes and have different average speeds.  The average travel speed for individual trip 

varies because of variations in traffic conditions.  However, the average fuel use and 

emission rates generally increase as average speed increases.  Thus, differences in 

emission and fuel use rates among trips appear to be mainly attributed to the average 

travel speed. 

  As shown in Table 2, a route with high fuel use and emission rates may not necessarily 

have high totals.  For example, for the NR/RTP O/D pair in the afternoon, Route 1 has a 

higher HC emission rate compared to Route 2.  However, Route 1 has a lower total in HC 

emissions.  Therefore, routing selection to reduce fuel use and emissions should consider 

both rates and totals. 

 

 

3.3 Drivers   

Average fuel use and emission rates for a given vehicle, route, and time of day 

were found to differ between two drivers by as much as 12% to 122%, based on the 

empirical data, and by 10 to 30 percent, based on the standardized comparisons, as 
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detailed in the SI.  Table 3 provides the comparisons for two specific drivers by routes.  

CO emission rates, which are more highly variable because of fuel enrichment associated 

with high engine load, exhibited the largest variability whereas fuel use (and CO2 

emission rates) had the smallest.  More details regarding comparisons for specific 

vehicles, routes, and time of day are given in the SI.   

The inter-driver variability in emissions and fuel use is due to the difference in 

driving behavior such as speed selection and intensity of acceleration.  For example, 

Table 4 summarizes of the percentage of time spent in various combinations of ranges of 

speed and acceleration event for two drivers on Route 1 in the morning.  Driver B 

appeared to spend more time in high speed and acceleration events than Driver A.  For 

example, compared to Driver A, Drive B spent a slightly higher percent of time in high 

acceleration but a 14% more percent of time with speed greater than 120 km/h.  Aa a 

result, the average emission rate differed by 20% to more 100% depending on the 

pollutant, as detailed in the SI .  Of course, the speed selection and intensity of 

acceleration for a driver may be different from trip to trip. 

Inter-driver variability in emissions is as significant as other sources of variability 

in emissions, implying the need to consider this factor in emission inventory 

development.  For example, driving cycles used for emission inventory development 

should consider inter-driver variability in speed selection and acceleration intensity. 

3.4 Time of Day   

An empirical comparison of morning versus afternoon travel time periods for a 

given vehicle, route, and driver reveals substantial difference in both average rates and 

totals for fuel use and emissions.  In general, for O/D pairs connecting NR and RTP, the 

average fuel use rate in the morning is higher than that in the afternoon; while for O/D 

pairs connecting NR and NCSU, the average fuel use rate in the afternoon is higher than 
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that in the morning.  In the morning, travel from NR to RTP tends to experience higher 

rates and totals in fuel use and emissions compared to the reverse direction; while in the 

afternoon, the peak travel direction is from RTP to NR, and thus experience higher fuel 

use and emissions.  Moreover, travel from NCSU to NR usually has higher fuel use and 

emission rates than the reverse direction during the day.  The most congested/slowest 

trips had the lowest rates, but the highest totals because of the long travel time, and vice 

versa.  However, due to the inter-trip variability in fuel use and emissions, the higher rates 

travel direction for individual routes may change depending on the pollutant and fuel use.  

For example, as shown in Table 2, emissions rate for Route 2 in the morning is 

higher than that for Route 2R, however, with less fuel uses both in rates and totals.  Route 

3R in the afternoon has higher fuel use and emissions than Route 3 both in rates and totals 

except for NO.  

The empirical average fuel use and emission rates by time of day differed by 

approximately 10% to 70% and much higher for the totals due to the difference in 

average speeds and total travel time, as detailed in SI.  For a given route, on average, both 

the average speed and total travel time by time of day can vary by 10%. 

Temporal variations in traffic conditions appeared to have significant effects on 

emissions and fuel use.  Traffic management schemes aimed at improving air quality 

should consider both speed and travel time effects. 

 

3.5. Road Grade   

An empirical comparison of the effect of different road grades has been reported 

elsewhere (13) for the case of a vehicle cruising at speeds of 35 to 45 mph.  For example, 

the average NO emission rate for grades of five percent or more was a factor of four 
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higher compared to grades of zero or less; while the corresponding increases in HC 

emission, CO emission, and fuel use rates ranged from 40% to 100%.   

Because of the substantial variability in traffic conditions, coupled with the 

localized nature of variations in road grade during short segments of a trip, it is difficult 

to make purely empirical and statistically significant comparisons of the effect of road 

grade for situations other than cruising at the indicated range of speeds.  A standardized 

approach discussed previously can be used to quantify the road grade effect on fuel use 

and emissions, as detailed in the SI.  Fuel use and emissions were found to differ from 

65% to more than 900% depending on fuel use, pollutant, cruise speed, and vehicle when 

comparing a five or more percent grade to a flat and negative grade.  NO had the largest 

relative change and fuel use had the least.  Furthermore, as the vehicle cruise speed 

increases, the fuel use rate increases.  Thus, the relative change in fuel use appeared to 

decrease.  

As an alternative means for gaining insight regarding the effect of road grade, VSP-

based modal rates were used to calculate the total emissions on a trip basis for two cases.  

In one case, the actual road grade for a specific route was taken into account, while in the 

other case road grade was assumed to be zero.  The comparison is based on Route 3, since 

this route has the most variation in road grade among the routes studied.  The VSP modal 

emission rates for the example are based on a 2005 Chevrolet Cavalier.  Furthermore, the 

effect of road grade was assessed on two different scales.  One was focused on a “micro-

scale”, such as short segments, i.e having a length of 4 to 570 meters, of positive or 

negative grade on the route.  The other was at the macro-scale, as represented by the 

average over the entire route.   

On a micro-scale case study, localized fuel use and emissions are underestimated 

by 16 to 20 percent if positive road grades are ignored.  However, conversely, localized 
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fuel use and emissions are overestimated by 22 to 24 percent if negative road grades are 

ignored.  However, the speed profile might not be the same when comparing zero versus 

non-zero road grades .  For example, assuming that engine power demand remains 

approximately the same in either case, speed may be faster if a positive road grade is 

flattened, or slower if a negative road grade was leveled out.  Therefore, the percentage 

difference in emissions due to non-zero road grade as given above may be an upper 

bound.   

On a meso-scale, there is at least partial compensation between the increase in fuel 

use and emissions associated with positive road grades and the decrease associated with 

negative road grades.  The average change in fuel use and emissions totals when grades 

are considered versus when they are not ranges from -0.2% to 3%.  These results suggest 

that the effect of variations in road grade at the macro-scale may be much less important 

than at the micro-scale.   However, on a micro-scale, the effect is significant and should 

be taken into account for accurate emission inventories development.  These results are 

based upon the data collected in this study, and thus may not represent the situation at 

other locations. 

3.6 Inter-Vehicle Variability  

Each of the 10 vehicles tested in this study were characterized by a fuel use and 

emissions “fingerprint” based on average rates for each of 14 VSP modes.  The average 

rates for NO, HC, CO, and fuel use for each of the modes and for all 10 vehicles are given 

in detail in the Supporting Information.  Table 4 summarizes the inter-vehicle variability 

based on the ratio of the highest to lowest observed rate among the ten vehicles for a 

given mode and quantity (either fuel use or emission rate).  These varied from 2.0 to 730 

depending on VSP mode and quantity, indicating the existence of significant inter-vehicle 
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variability.  NO exhibits the highest variation and fuel use the least.  In general, the 

magnitude of rates increases as the size of the engine of vehicle increase. 

For a given VSP mode, the inter-vehicle variability in fuel use is mainly due to the 

inter-vehicle variability in vehicle weight.  For example, the ratio of the highest to the 

lowest fuel use rate for each mode is approximately the same as the ratio of highest to 

lowest vehicle weight except Mode 3, as shown in Table 4.  The ratio for fuel use for 

Mode 3 is more than twice as high as that for vehicle weight.  Fuel use is not senstitive to 

non-positive VSP (28).  Mode 3 includes situation that a vehicle is idling.  Fuel use at this 

mode was also influenced by other factors such as engine size.  Thus, the ratio for fuel 

use at Mode 3 appeared to be larger than other modes.  For other pollutants, vehicle 

weight is only one of the factors influencing the emission, vehicle mileage, engine 

combustion efficiency, ambient conditions and others also influence the emissions.  Thus, 

a larger ratio of the highest to the lowest mass rate was observed compared to fuel use 

rate.  Moreover, the ratio of pair of vehicle weight differed by pollutant for a given mode, 

and may differ by VSP mode for a given pollutant.   For a given pollutant, one vehicle 

tended to exhibit the highest emission rate and one tended to exhibit the lowest emission 

rate.  For example, for NO, a pair of vehicle is responsible for the ratio of emission rate 

for Mode 1 to 7 and another pair of vehicle is responsible for the ratio of emission rate for 

Mode 8 to 14.  However, for a given mode, the pair of the vehicle that is responbile for 

the ratio for emission rate differed by pollutant because the ratio of vehicle weight for 

different pollutant is different. 

The inter-vehicle variability in emissions is a significant source of variability in 

emissions.  Accurate emission inventories development should consider the inter-vehicle 

variability.  For example, vehicle-specific emissions can be aggregated for emission 

inventories development. 
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3.7 Minimum Data Requirements 

Fuel use and emissions for alternative routes connecting NR and RTP are 

generally higher than those for alternative routes connecting NR and NCSU.  Routes 1 

and 1R were identified to be the preferred routes because these routes have the highest 

95th percentile value in fuel use and emissions in most cases.  Because of the logistical 

need to get from NCSU to the start point of Route 1, a route from NCSU to NR was also 

selected.  Routes C and CR were chosen because they have higher 95th percentile values 

of fuel use and emission in most cases compared to the other NCSU/NR routes.  The 

details of identification of preferred routes are given in SI.  The preferred routes were 

designated for data collection for secondary vehicles. 

For each of the primary vehicles, m was typically 14 for the four preferred routes. 

Based upon the methodology described previously, a m’ = 3 was found to equal or exceed 

the criterion for variability.  Thus, three trips per route are deemed adequate for secondary 

vehicle data collection.  This corresponds to an approximate minimum of three hours of 

data collection, consisting of three round-trips connecting NR and RTP (40 min/round-

trip) and one round-trip connecting NCSU and NR.  The detailed simulation results are 

given in SI. 

3.8 Implications of In-Use Emissions Comparisons. 

Speed, acceleration, and road grade were shown to have significant impact on 

vehicle fuel use and emissions.  Fuel use and emissions substantially differed by 

alternative routes with same O/D, drivers, time of day, road grade and vehicles.  Thus, 

accurate emission inventories development should take into account these sources of 

variability in emissions. 

Road grade was shown to have significant effect on “micro-scale” fuel use and 

emissions and less or even insignificant effect on “meso-scale” fuel use and emissions.  
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However, because these effects were evaluated based upon the data collected in the study 

aera, road grade effect study should be extended to other locations for more generalized 

conclusions.   

Although extensive hours of data collection is able to capture a wide range of 

variability in fuel use and emissions, a small number of hours data collection was shown 

to adequately capture at least the 95th percentile value of variability in fuel use and 

emissions observed in a larger number of hours of data.  Thus, data collection reduction 

can be achieved, enabling the carry-out of data collection on a larger number of vehicles 

in an effective way. 

4.0 ACKNOWLEDGEMENTS 

This material is based upon research supported by the National Science Foundation 

via Grant No. 0230506.  Any opinions, findings, and conclusions or recommendations 

expressed in this document are solely those of the author(s) and do not necessarily reflect 

the views of the National Science Foundation. The authors are also grateful to Mr. Saeed 

Abolhasani and Michael Wray for their assistance in the field data collection. 

5.0 REFERENCES 

1. Environmental Protection Agency. National Air Quality and Emissions Trend 
Report, Special Studies Edition, 2003. EPA-454/R-03-005. Office of Air Quality 
Planning and Standards, U.S. Environmental Protection Agency, Research 
Triangle Park, NC, 2003. 

2. Bishop, G. A.; Stedman, D. H.; Ashbaugh, L. Motor vehicle variability; J. Air 
Waste Manage. Assoc. 1996, 46(7), 667-675. 

3. Frey, H. C.; Zheng, J. Y. Probabilistic analysis of driving cycle-based highway 
vehicle emission factors; Environ. Sci. Technol. 2002, 36(23), 5184-5191. 

4. Malcolm, C.; Younglove, T.; Barth, M.; Davis, N. Mobile-source emissions - 
Analysis of spatial variability in vehicle activity patterns and vehicle fleet 
distributions. In Proceedings of Energy, Air Quality, and Fuels 2003, 2003, 91-
98. 

5. Enns, P.; German, J.; Markey, J. US EPA’s Survey of In-Use Driving Patterns: 
Implications for Mobile Source Emission Inventories; In Proceedings of 
Specialty Conference on The Emission Inventory: Perception and Reality of 
A&WMA, Pasadena, CA, October 1993; A&WMA: Pittsburgh, PA, 1993.  

6. Denis, M.J.; Cicero-Fernández, P.; Winer, A.M. Effects of In-Use Driving 
Conditions and Vehicle/Engine Operating Parameters on Off-Cycle Events: 



171 

Comparison with Federal Test Procedure Conditions; J. Air Waste Manage. 
Assoc. 1994, 44(1), 31-38. 

7. Tong, H. Y.; Hung, W. T.; Cheung, C. S. On-Road Motor Vehicle Emissions and 
Fuel Consumption in Urban Driving Conditions; J. Air Waste Manage. Assoc. 
2000, 50(4), 543-554. 

8. Unal, A.; Rouphail, N. M.; Frey, H. C. Effect of arterial signalization and level 
of service on measured vehicle emissions. In Proceeding of Energy, Air Quality, 
and Fuels 2003, 2003, 47-56. 

9. Cardelino, C. Daily variability of motor vehicle emissions derived from traffic 
counter data; J. Air Waste Manage. Assoc. 1998, 48(7), 637-645. 

10. Hellinga, B.; Khan, M.A.; Fu, L. Analytical Emission Models for Signalised 
Arterials; In Proceedings of the Canadian Society of Civil Engineers 3rd 
Transportation Specialty Conference, London, Ontario, June 2000; Canadian 
Society of Civil Engineers, 2000. 

11. Krause, S.R. Effect of engine intake-air humidity, temperature, and pressure on 
exhaust emissions; SAE, 710835, 1971.  

12. Brown, W.J.; Gendernalik, S.A.; Kerley, R.V.; Marsee, F.J. Effects of Engine 
Intake-Air Moisture on Exhaust Emissions; SAE, 700107, 1970. 

13. Zhang, K.; Frey, H.C. Road Grade Estimation for On-Road Vehicle Emission 
Modeling using LIDAR data; J. Air & Waste Manage. Assoc. 2006, 56(6), 777-
788. 

14. Leblance, D.; Saunders, F.M.; Meyer, M.D.; Guensler, R. Driving Pattern 
Variability and Impacts on Vehicle Carbon Monoxide Emissions;  
Transportation Research Record, 1995, 1472, 45-52. 

15. Britt, A.H.; Niemeier, D.A. Characterizing the Effects of Driver Variability on 
Real-World Vehicle Emissions; Trans. Res. Rec. Part D, 1998, 3(2), 117-128. 

16. Vlieger, I.D., Keukeleere, D.D., Kretzschmar, J.G. Environmental effects of 
driving behavior and congestion related to passenger cars; Atmos.Environ., 2000, 
34(27), 4649–4655. 

17. Vojtisek-Lom, M.; Cobb, J.T. Vehicle Mass Emissions Measurement using a 
Portable 5-Gas Exhaust Analyzer and Engine Computer Data; In Proceedings of 
Emission Inventory, Planning for the Future of A&WMA; A&WMA: Pittsburgh, 
PA, 1997. 

18. Frey, H.C.; Unal, A.; Rouphail, N.M.; Colyar, J.D. On-Road Measurement of 
Vehicle Tailpipe Emissions Using a Portable Instrument; J. Air Waste Manage. 
Assoc. 2004, 53(8), 992-1002. 

19. Unal, A.; Frey, H.C.; Rouphail, N.M. Quantification of Highway Vehicle 
Emissions Hot Spots Based upon On-Board Measurements; J. Air Waste 
Manage. Assoc. 2004, 54(2), 130-140. 

20. Vojtisek-lom, M.; Wilson, P.J.; Julian, M. Enhanced Real-Time, Real-World 
Vehicle Emissions Measurement Using An On-Board FTIR Analyzer; In 
Proceedings of the 14th CRC On-Road Vehicle Emissions Workshop, San Diego, 
CA, March 2004; Coordinating Research Council: Atlanta, GA, 2004. 

21. Singer, B.C.; Harley, D.A.; Littlejohn, D.; Ho, J.; Vo, T. Scaling of Infrared 
Remote Sensor Hydrocarbon Measurements for Motor Vehicle Emission 
Inventory Calculations; Environ. Sci. Technol. 1998, 32(21), 3241-3248. 

22. Stephens, R.D.; Mulawa, P.A.; Giles, M.T.; Kennedy, K.G.; Groblicki, P.J.; 
Cadle, S.H. An Experimental Evaluation of Remote Sensing-Based HC 
Measurement: A Comparison to FID Measurements; J. Air & Waste Manage. 
Assoc. 1996, 46(2), 148-158. 



172 

23. Stephens, R.D.; Cadle, S.H.; Qian, T.Z. Analysis of Remote Sensing Errors of 
Commission and Omission under FTP Conditions; J. Air & Waste Manage. 
Assoc. 1996, 46(6), 510-516. 

24. Neter, J.; Wasserman, W.; Whitmore, G.A. In Applied Statistics, Allyn & Bacon: 
Boston, 1993.  

25. Casella, G.; Berger, R.L. In Statistical Inference, 2nd ed., DUXBURY: Pacific 
Grove, CA, 2001. 

26. Jiménez-Palacios, J.L. Ph.D. thesis, Massachusetts Institute of Technology, 
Cambridge, MA, 1999. 

27. Nam, E.K. Proof of Concept Investigation for the Physical Emissions Estimator 
(PERE) for MOVES, EPA420-R-03-005, prepared by Ford Research and 
Advanced Engineering for Assessment and Standards Division, Office of 
Transportation and Air Quality, EPA, February, 2003. 

28. Frey, H.C; Unal, A.; Chen, J.; Li, S.; Xuan, C. Methodology for Developing 
Modal Emission Rates for EPA’s Multi-scale Motor Vehicle & Equipment 
Emission System; EPA420-R-02-02; Prepared by North Carolina State 
University for Office of Transportation and Air Quality, U.S. Environmental 
Protection Agency: Ann Arbor, MI, 2002. 

29. Efron, B.; Tibshirani, R. J. An Introduction to the Bootstrap; Chapman & Hall: 
London, 1993. 

30. Evans, M.; Hastings, N.; Peacock, B. Statistical Distributions (2nd ed.); 
Chapman & Hall: New York, 1993. 

31. Christian, P. R.; Casella, G. Monte Carlo statistical method; Springer: New 
York, 2004. 

 
 
 



173 

Table 1. Definition of VSP Modes and Average Emission and Fuel Use Rates for a 2005 
Chevrolet Cavalier 2.2 L Vehicle a 

 
VSP 
mode Definition NO  

(mg/sec)
HC 

(mg/sec)
CO 

(mg/sec) 
CO2  

(g/sec) 
Fuel 

(g/sec)
1 VSP < -2 0.12 0.076 1.83 1.30 0.41 
2 -2 <= VSP < 0 0.092 0.083 1.86 1.43 0.45 
3 0 <= VSP < 1 0.026 0.056 0.90 0.97 0.31 
4 1 <= VSP < 4 0.14 0.12 2.59 2.03 0.64 
5 4 <= VSP < 7 0.21 0.16 3.68 2.74 0.87 
6 7 <=  VSP < 10 0.23 0.20 4.74 3.42 1.08 
7 10 <= VSP < 13 0.29 0.24 5.73 4.02 1.27 
8 13 <=  VSP < 16 0.32 0.28 6.18 4.56 1.44 
9 16 <=  VSP < 19 0.37 0.31 7.09 5.08 1.61 
10 19 <=  VSP < 23 0.47 0.35 7.81 5.61 1.77 
11 23 <=  VSP < 28 0.59 0.38 8.36 6.05 1.91 
12 28 <=  VSP < 33 0.68 0.42 9.01 6.41 2.03 
13 33 <= VSP < 39 0.79 0.46 10.5 6.86 2.17 
14 39 <=  VSP 0.97 0.48 10.9 7.41 2.34 

Note: a The average 95% confidence intervals for these VSP modes in % are ±5, ±2, ±3, 
±1, and ±1 for NO, HC, CO, CO2, and Fuel, respectively.  The unit for VSP is kw/ton. 
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Table 2. Empirical and Standardized Average Fuel Use and Emissions by Routes and 
Times of Day. 

 
NO HC 

Average Total Average Total 
(mg/s) g (mg/s) g 

T O/D R 

Em. Std. Em. Std. Em. Std. Em. Std. 
1 0.37 0.50 0.38 0.57 0.43 0.40 0.44 0.45 

2 0.49 0.51 0.61 0.67 0.37 0.37 0.47 0.49 

N
R

/R
T

P 

3 0.41 0.38 0.61 0.65 0.25 0.29 0.36 0.50 

1R 0.39 0.54 0.35 0.55 0.49 0.41 0.45 0.42 
2R 0.36 0.53 0.51 0.83 0.28 0.38 0.39 0.59 

R
T

P/
N

R
 

3R 0.42 0.42 0.49 0.68 0.32 0.31 0.36 0.50 

A 0.35 0.26 0.35 0.38 0.15 0.25 0.16 0.36 

B 0.44 0.34 0.54 0.42 0.31 0.27 0.37 0.35 

N
C

SU
/N

R
 

C 0.38 0.34 0.36 0.39 0.26 0.30 0.25 0.34 

AR 0.30 0.34 0.29 0.37 0.27 0.28 0.26 0.30 

BR 0.34 0.33 0.39 0.40 0.26 0.30 0.31 0.36 

A
M

 

N
R

/N
C

SU
 

CR 0.28 0.35 0.29 0.42 0.27 0.30 0.27 0.36 

1 0.45 0.59 0.47 0.67 0.42 0.40 0.44 0.45 
2 0.44 0.47 0.62 0.73 0.37 0.36 0.53 0.56 

N
R

/R
T

P 

3 0.65 0.40 0.74 0.70 0.25 0.30 0.39 0.52 

1R 0.34 0.55 0.37 0.66 0.49 0.38 0.56 0.46 

2R 0.48 0.53 0.63 0.76 0.40 0.39 0.52 0.56 

R
T

P/
N

R
 

3R 0.54 0.39 0.75 0.75 0.30 0.32 0.48 0.61 

A 0.40 0.26 0.50 0.34 0.25 0.25 0.35 0.33 

B 0.42 0.30 0.65 0.47 0.32 0.27 0.50 0.43 

N
C

SU
/N

R
 

C 0.50 0.33 0.57 0.40 0.35 0.30 0.41 0.36 

AR 0.61 0.31 0.27 0.32 0.30 0.28 0.28 0.29 
BR 0.39 0.32 0.40 0.45 0.31 0.29 0.33 0.40 

PM
 

N
R

/N
C

SU
 

CR 0.29 0.29 0.38 0.50 0.24 0.27 0.32 0.47 
 
Note: T – time of day; R – Route; Em. – empirical; and Std. – standardized. 
Data are averaged over drivers and three primary vehicles. 
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Table 2 (continued) 
 

CO Fuel 
Average Total Average Total 
(mg/s) g g/s kg 

T O/D R 

Em. Std. Em. Std. Em. Std. Em. Std. 
1 10.6 7.51 11.1 8.56 1.97 1.81 2.06 2.06 

2 4.25 6.84 5.51 9.02 1.79 1.73 2.31 2.28 
N

R
/R

T
P 

3 7.28 4.82 11.4 8.39 1.34 1.36 1.98 2.37 

1R 13.6 8.25 13.0 8.41 2.12 1.87 1.99 1.91 
2R 3.87 7.72 5.50 12.0 1.89 1.76 2.64 2.75 

R
T

P/
N

R
 

3R 7.57 5.46 10.9 8.84 1.48 1.45 1.99 2.35 

A 1.75 3.11 1.91 4.48 1.11 1.20 1.15 1.73 

B 4.17 4.06 5.36 5.12 1.25 1.32 1.54 1.67 

N
C

SU
/N

R
 

C 2.90 4.28 2.83 4.88 1.37 1.39 1.30 1.59 

AR 2.36 3.97 2.47 4.29 1.26 1.34 1.29 1.45 

BR 2.33 4.78 2.70 5.73 1.34 1.38 1.54 1.65 

A
M

 

N
R

/N
C

SU
 

CR 3.95 4.70 3.98 5.64 1.36 1.41 1.34 1.69 

1 13.2 8.40 14.1 9.57 1.92 1.85 2.03 2.11 
2 5.51 6.43 8.36 10.0 1.69 1.66 2.41 2.59 

N
R

/R
T

P 

3 3.38 5.74 4.97 9.99 1.36 1.41 1.97 2.45 

1R 6.85 6.13 6.77 7.35 1.89 1.78 2.09 2.14 

2R 4.64 6.70 6.29 9.64 1.71 1.78 2.23 2.56 

R
T

P/
N

R
 

3R 3.93 6.33 6.21 12.2 1.42 1.45 2.25 2.79 

A 2.21 3.18 2.94 4.20 1.04 1.18 1.34 1.56 

B 4.67 4.22 9.36 6.59 1.18 1.29 1.78 2.01 

N
C

SU
/N

R
 

C 2.76 4.25 3.16 5.10 1.35 1.37 1.53 1.65 

AR 2.73 4.83 2.54 4.92 1.16 1.30 1.04 1.32 
BR 2.40 3.97 2.62 5.48 1.25 1.34 1.35 1.85 

PM
 

N
R

/N
C

SU
 

CR 2.68 4.68 3.43 8.15 1.16 1.26 1.59 2.19 
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Table 3. Empirical and Standardized Average Fuel Use and Emissions by Drivers and 
Routes 

 
NO HC 

Average Total Average Total 
(mg/s) g (mg/s) g O/D R D 

Em. Std. Em. Std. Em. Std. Em. Std. 
a 0.40 0.56 0.41 0.64 0.43 0.36 0.44 0.41 1 
b 0.47 0.55 0.48 0.63 0.41 0.38 0.43 0.44 
a 0.36 0.48 0.49 0.70 0.34 0.36 0.47 0.52 2 
b 0.65 0.54 0.84 0.78 0.38 0.33 0.50 0.49 
a 0.51 0.42 0.73 0.72 0.30 0.31 0.48 0.54 N

R
/R

TP
 

3 
b 0.54 0.42 0.81 0.74 0.24 0.30 0.35 0.52 
a 0.36 0.55 0.34 0.61 0.55 0.39 0.54 0.43 1R 
b 0.42 0.54 0.42 0.60 0.42 0.38 0.45 0.42 
a 0.42 0.58 0.56 0.88 0.39 0.41 0.54 0.62 2R 
b 0.47 0.54 0.65 0.81 0.33 0.33 0.44 0.49 
a 0.35 0.40 0.60 0.71 0.30 0.31 0.48 0.55 R

TP
/N

R
 

3R 
b 0.65 0.48 0.81 0.87 0.34 0.30 0.42 0.55 
a 0.42 0.29 0.44 0.41 0.24 0.26 0.30 0.35 A 
b 0.41 0.28 0.50 0.39 0.17 0.24 0.24 0.34 
a 0.47 0.38 0.55 0.54 0.32 0.27 0.39 0.39 B 
b 0.46 0.31 0.73 0.44 0.28 0.27 0.43 0.37 
a 0.48 0.34 0.51 0.40 0.34 0.29 0.38 0.34 N

C
SU

/N
R

 

C 
b 0.47 0.37 0.50 0.43 0.32 0.28 0.33 0.33 
a 0.44 0.41 0.39 0.43 0.34 0.32 0.33 0.33 A

R b 0.25 0.30 0.25 0.32 0.26 0.25 0.26 0.26 
a 0.36 0.34 0.38 0.44 0.26 0.28 0.28 0.36 BR
b 0.42 0.36 0.46 0.46 0.28 0.29 0.31 0.37 
a 0.26 0.33 0.33 0.46 0.28 0.28 0.33 0.40 N

R
/N

C
SU

 

CR
b 0.35 0.33 0.40 0.47 0.24 0.27 0.29 0.39 

 
Note: Data are averaged over three primary vehicles and times of day. Only two drivers 
are compared here because they are the only two who drove on all three vehicles. The 
third driver is not included because he only drove on one of the primary vehicles. 
R – routes; D – drivers, a and b. 
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Table 3 (continued) 
 

CO Fuel 
Average Total Average Total 
(mg/s) g g/s kg O/D R D 

Em. Std. Em. Std. Em. Std. Em. Std. 
a 3.76 5.56 4.01 6.33 1.82 1.76 1.89 2.01 1 
b 16.1 7.37 17.4 8.40 1.93 1.80 2.04 2.05 
a 3.11 5.73 4.53 8.26 1.71 1.69 2.38 2.43 2 
b 7.33 5.33 10.5 7.91 1.71 1.65 2.29 2.41 
a 2.75 4.72 4.50 8.21 1.46 1.47 2.31 2.55 N

R
/R

TP
 

3 
b 3.61 4.28 5.59 7.44 1.36 1.43 2.06 2.49 
a 5.04 6.73 5.07 7.47 2.01 1.83 2.01 2.03 1R 
b 10.7 6.08 10.6 6.69 1.95 1.78 2.03 1.97 
a 3.70 7.21 5.17 10.9 1.88 1.91 2.60 2.88 2R 
b 5.27 4.98 7.44 7.35 1.75 1.65 2.41 2.45 
a 2.91 5.06 4.72 8.96 1.45 1.46 2.36 2.59 R

TP
/N

R
 

3R 
b 5.17 5.92 7.28 11.9 1.50 1.49 2.05 2.70 
a 1.66 3.27 1.94 4.53 1.15 1.23 1.32 1.70 A 
b 2.37 3.09 3.23 4.26 1.04 1.19 1.30 1.65 
a 1.89 3.41 2.46 4.97 1.27 1.34 1.57 1.93 B 
b 6.74 4.14 12.2 5.81 1.16 1.27 1.69 1.79 
a 2.22 3.96 2.43 4.64 1.38 1.37 1.49 1.60 N

C
SU

/N
R

 

C 
b 3.25 3.74 3.44 4.38 1.35 1.36 1.40 1.60 
a 2.29 3.78 2.34 3.99 1.41 1.51 1.39 1.59 A

R b 3.14 3.69 3.33 3.85 1.08 1.20 1.12 1.27 
a 2.15 3.84 2.41 4.93 1.28 1.36 1.40 1.75 BR
b 2.57 4.35 2.94 5.57 1.32 1.37 1.50 1.76 
a 2.16 4.04 2.55 5.75 1.25 1.33 1.56 1.90 N

R
/N

C
SU

 

CR
b 4.02 3.97 4.66 5.74 1.23 1.28 1.46 1.87 
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Table 4. Percentage Difference of Distribution of Acceleration and Speed for Two 
Drivers Traveling on Route 1 in the Morning for a Chevrolet Cavalier with a 2.2 Liter 

Engine 
 

Speed (kmh) Acceleration 
(kmh/s) ≥ 0 

< 20 
≥20 
<40 

≥40 
<60 

≥60 
<80 

≥18 
<100 

≥100 
<120 

≥120 
<140 

≥140 
<160 

≥15, ≤ 20 0 0 0 0 0 0 0 0 
≥10, <15 0 0 0 0 0 0 0 0 
≥5, <10 0 0 0 0 0 0 0 0 
≥0, <5 0 0 -1 0 -2 1 3 0 
≥-5, <0 0 0 -1 -1 -10 0 11 0 
≥-10, <-5 0 0 0 0 0 0 0 0 
≥-15, <-10 0 0 0 0 0 0 0 0 
≥ -20, <-15 0 0 0 0 0 0 0 0 

 
Note: Sample size of data for Driver A is 3518 and is 7649 for Driver B.  The number is 
the table is the difference of percent of the total driving time associated with each 
indicated range of speed and acceleration (Driver B subtracts Driver A). 
 

Table 5. Ratio of Highest to Lowest Average Emission and Fuel Use Rates and 
Corresponding Vehicle Weight by VSP Mode among Ten Tested Vehicles 

 
VSP 
Mode NO HC CO Fuel 

 Rate Weight Rate Weight Rate Weight Rate Weight 
1 72.5 0.92 6.9 1.34 16.6 0.59 2.4 1.87 
2 111.7 0.92 8.5 1.34 18.1 0.76 2.6 1.87 
3 730.7 0.92 19.8 1.34 15.9 1.10 4.8 1.87 
4 92.2 0.92 9.6 1.34 23.3 0.59 2.4 1.87 
5 93.7 0.92 9.0 1.34 22.6 0.59 2.3 1.87 
6 102.3 0.92 7.5 1.34 31.2 0.59 2.2 1.87 
7 80.9 0.92 6.4 1.34 30.5 0.59 2.0 1.87 
8 80.4 1.34 6.2 1.34 48.0 0.74 2.0 1.87 
9 77.9 1.34 6.2 1.34 34.5 0.59 2.0 1.64 

10 74.3 1.34 5.8 1.34 38.2 0.59 2.0 1.64 
11 57.5 1.34 5.3 1.10 53.4 0.74 2.2 1.64 
12 64.9 1.34 5.4 1.10 81.7 0.74 2.1 1.87 
13 57.0 1.34 5.7 1.10 48.4 0.59 2.2 1.87 
14 50.0 1.34 9.1 1.10 67.8 1.10 2.3 1.64 
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Figure 1. Geographic Representation of Selected Routes and Origin/Destination (O/D) 
Pairs in the Study Area 
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Figure 2. Measured and Standardized Average Emission and Fuel Use Rates vs. Average 
Speed for Selected Vehicles (left column – Measured; right column – Standardized) 
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This supporting information (SI) contains text and tables pertaining to vehicle emissions 

comparisons on a route basis for primary and secondary vehicles.  Information presented 

here is supplemental to material in the main body of the paper.  Materials presented here 

include:   

(1) summary of experimental design and field data collection;  

(2) methodology and vehicle-specific results for development of VSP-based model;  

(3) fuel use and emissions comparisons by routes, drivers, and times of day;  

(4) methodology and results for assessment of key factors associated with intra-

vehicle variability based on analysis of variance (ANOVA);  

(5) effect of road grade on fuel use and emissions;  

(6) evaluation of the minimum data requirements for intra-vehicle variability in 

emissions; and  

(7) quantification of intra-vehicle variability using the coefficient of variation for 

emissions and fuel use on a trip basis. 
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 1. Summary of Experimental Design and Field Data Collection 
 

As noted in the main paper, the study design is based on two origin and 

destination (O/D) pairs, and three alternative routes between each of the two O/D pairs.  

Key route characteristics such as length, speed limit, travel time and ranges of road grade 

are given in Table S-1.  Routes A, B, and C are 10 to 12 miles in length and higher 

frequency of signalized intersections than Routes 1,2, and 3.  The latter are longer (16-20 

miles) and involve more vehicle travel on interstate highways.  An average travel time for 

each is estimated based on the posted speed limit.  The observed average travel times for 

morning and afternoon time periods, and for forward and reverse travel directions, are 

given in Section (3) of the SI.   

As noted in the paper, data were collected for three “primary” and seven 

“secondary” vehicles.  The study design for the primary vehicles focused on 

characterization of intra-vehicle variability based on many repeated runs of each of these 

three vehicles on each of the study routes, culminating in data sets with an average of 65 

hours of data.  The study design for the secondary vehicles focused more on 

characterization of inter-vehicle variability.  The amount of data collected for the 

secondary vehicles was informed by the assessment of minimum data requirements 

described in the main paper and later in this Supporting Information.  The result of the 

assessment of minimum data requirements was that a limited number of runs on a 

selected set of routes would be adequate to quantify intra-vehicle variability in fuel use 

and emissions, which in turn would enable adequate characterization of the VSP-based 

model fuel use and emissions rates of each of the secondary vehicles.  In turn, this enables 

comparisons between vehicles.  On average, approximately 5 hours of data were collected 

for each of the secondary vehicles. 
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A summary of data collection for all primary and secondary vehicles are given in 

Table S-2.  In total, there was approximately 230 hours of field data obtained in this study 

based on over 10,000 miles of real-world vehicle travel.     

2.  Vehicle Specific Power (VSP)-based Model.   

The main purpose of this section is to evaluate the VSP-based model that is used 

in the main paper.  In this section, the accuracy and precision of the VSP-based model is 

evaluated based upon data collected from three primary vehicles.  The VSP-based model 

was used to estimate the VSP-based modal fuel use and emission rates for all tested 

vehicles.  

The VSP-based modal approach (S1) accurately represents the average modal 

emission rates, although only a portion of variability is explained.  For example, Figure S-

1 presents scatter plots of measured vs. predicted values for a 2005 Chevrolet Cavalier 

with a 2.2 liter engine.  The slope of the line of actual measured vs. VSP-based modal 

averages is unity for all species while the coefficient of determination (R2) varied from 

0.06 to 0.56 depending on the species.  The model for fuel use has the highest R2 and for 

NO the lowest.  The R2 for all three primary vehicles are shown in Table S-3.  Using the 

VSP-based model, 4 to 30 percent of the variability in emissions can be explained, 

depending on pollutant.  For fuel use, approximately 50% of the variability can be 

explained. 

In order to evaluate whether increasing the number of VSP modes will improve 

the explanatory power of VSP binning approach, the 14 VSP modes were further split 

into 28, 42 and 56 modes based upon speed.  For example, a cut-off speed was chosen in 

order to split the 14 modes into 28 modes.  The determination of the cut-offs speed will 

be discussed later.  Based upon the VSP value and speed, the 28 VSP modes were defined 
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as shown in Table S-4.  The 42 and 56 modes can be defined similarly, but have 

additional speed range strata.  

In order to determine the cut-off value for speed, a Hierarchical Tree-Based 

Regression (HTBR) technique (S2) was used.  HTBR is done by splitting the data into 

tree-based modes based upon independent variables in order to minimize the deviance of 

the data.  S-Plus 2000 was used to perform the HTBR. The speed cut-off values for the 

28, 42 and 56 modes-based models are listed in Table S-5.  

As shown in Table S-5, there is an improvement in R2 as the amount of 

stratification by speed is increased.  However, the increases are not deemed to be 

substantial for fuel and HC.  For CO and NO, the relative increase in the R2 is larger, but 

the absolute values of R2 are still low.  Similar results are obtained for all primary 

vehicles.  Given the trade-off in computational burden to work with a larger number of 

modes, and the lack of large improvement in the absolute values of R2, a choice was made 

to use the simpler 14 mode approach.  

In order to quantify the inter-vehicle variability in fuel use and emissions, the 

VSP-based modal approach (S1) was used to derive VSP-based modal fuel use and 

emission rates for all tested vehicles.  These results are shown in Figure S-2 to S-11. 

The key findings are: 

• Usually, Mode 3 has the lowest emission rates because idling is included in 

this mode.  Average emissions increase monotonically for Modes 4-14.  

Average emissions are highest for Mode 14 because this mode usually is 

associated with high engine load conditions.  

• For the same mode, the inter-vehicle variability ranged from a factor of 3 to 

more than an order of magnitude with NO having the largest variability and 

CO2 having the least. 
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• When comparing vehicles for a given mode, CO2 emissions usually increase 

as engine size increases.   

• Some vehicles are more likely to operate at fuel enrichment conditions, as 

indicated by an unusually high CO average emission rates at high VSP modes.  

This was observed for several vehicles, e.g., the 2000 and 2005 Dodge 

Caravan 3.3 L, as shown in Figure S-8, and S-10, respectively. 

3.  Fuel Use and Emissions Comparisons by Routes, Drivers, and Times of Day   

As explained in the paper, real-world data collection is partly observational in that 

it is subject to uncontrollable variation in traffic flow and ambient conditions, which in 

turn leads to variations in measured vehicle activity, fuel use, and emissions from one run 

to another even for the same route, travel direction, and time of day.  Furthermore, travel 

in different directions on the same route can be substantially different in terms of travel 

time because there is often a peak travel direction.  For example, in the morning of a 

weekday, traffic flow may be predominately in one direction, while in the afternoon of a 

weekday the direction of predominate traffic flow may reverse.   

The objectives of this study motivate comparisons between routes for different 

travel directions and times of day.  This comparison can be done purely empirically based 

on statistical summaries of the observed data, and such an approach is used elsewhere in 

the paper and the SI (Tables S-6 to S-19).  However, because field data are subject to 

uncontrollable variability in traffic flow and ambient conditions, the purely empirical 

comparisons can be subject to a substantial amount of variability.  To help reduce the 

effect of these uncontrollable sources of variability on comparisons, a “standardized” 

approach to comparisons is developed and explained in the paper.  This section of the SI 

provides additional information on fuel use and emissions comparisons for alternative 

routes with same O/D, drivers, times of day, and three primary vehicles using both 
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empirical and standardized data.  In addition, total emissions as a function of travel time 

is also presented. 

For some purposes, it is desirable to develop a representative average estimate of 

emissions for a particular vehicle for a given route, travel direction, and time of day to 

enable comparisons with another vehicle on the same route, travel direction, and time of 

day that minimizes or eliminates the effect of traffic and ambient variations.  Likewise, 

when comparing emissions for a given vehicle when operated on a given route with those 

of the same vehicle on an alternative route, it is desirable to compare average values in 

rates and totals. 

Average fuel use and emissions of individual routes for all O/D pairs in both rates 

and totals are given in Tables S-6 to S-19 for all primary vehicles, drivers, and times of 

day.  In order to more easily interpret the results shown in Tables S-6 to S-19, Table S-20 

was prepared to summarize the average difference in fuel use and emissions among routes 

with same O/D pairs based upon the comparison category.  For example, for category of 

“Route”, the average difference refers to the percentage increase when comparing the 

routes with the highest and lowest fuel use and emissions averaged over vehicles, drivers, 

and time of day.  Similarly, for the category of “Driver”, the average difference refers to 

the percentage increase when comparing the drivers with the highest and lowest fuel use 

and emissions averaged over vehicles, routes, and time of day.  For category of “Time of 

day”, the average difference refers to the percentage increase when comparing the times 

of day with the highest and lowest fuel use and emissions averaged over vehicles, routes, 

and drivers. 

Emissions Comparisons by Routes. 

For a given O/D pair, on average, a different choice of route caused 28 to 113% 

difference in rates, and 29 to 119% difference in totals for fuel use and emissions based 
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upon empirical data as shown in Table S-20.  When using the standardized averages, the 

difference is generally smaller, varying from 20 to 32% in rates and 28 to 36% in totals.  

This is because the standardization reduces portions of the variability in the data.  The 

details are given Section 7.  As discussed in the main paper, the difference in fuel use and 

emission rates is mainly attributed to the average trip speed.  

Emissions Comparisons by Drivers. 

As shown in Table S-20, on average, when different drivers drive on the same 

route at the same time of day and using the same vehicle, the fuel use and emission 

differed by 12 to 114% in rates and 15 to 119% in totals depending on fuel use and 

pollutant.  The differences are much smaller, ranging from 10 to 30% in both rates and 

totals when the empirical data are standardized.  CO emissions exhibited the largest 

variability whereas fuel use had the smallest.  As illustrated in the main paper, the inter-

driver variability is mainly due to the difference in driving behavior such as speed 

selection and intensity of acceleration. 

Emissions by Time of Day. 

As shown in Table S-20, the empirical average fuel use and emission by time of 

day differed by approximately 10 to 70% in rates and 20 to 95% in totals depending on 

pollutant and fuel use, with fuel use having the least variation.  When the standardized 

averages were used, the difference was less than 30% in both rates and totals. 

In order to interpret the difference in fuel use and emissions due to times of day, 

the average travel time and average speed for given O/D pairs are provided in Table S-21.  

Travel on certain time of day and directions usually are associated with varying traffic 

flow condition. In general, for a given O/D pair, the average travel time in the afternoon 

appears to be longer than that in the morning.  For a given time of day, one travel 

direction appears to have longer travel time than the other direction.  For example, in the 
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morning, the peak travel direction is from NCSU to NR and from NR to RTP; while in 

the afternoon, the peak travel direction is from NCSU to NR and from RTP to NR.  

However, for a given time of day, some individual routes do not appear to have different 

average travel time in two travel directions, e.g. Routes B and BR, and Routes 3 and 3R 

in the morning. 

In some cases, a higher average speed does not correspond to a shorter average 

travel time.  For example, the difference in average speed for Routes AR, BR, and 1 for 

different times of day does not lead to difference in average travel time.  This is because 

the average speed is calculated by averaging many runs on the same route.  The speeds of 

all individual runs have the same weight in calculating the average speed.  Hence, high 

speeds for some individual runs will have substantial impacts on the average, although 

these runs may not be the typical cases. 

Compared to the average travel time calculated using the length of the roadway 

and speed limit as shown in Table S-1, the actual travel time is longer in most cases.  This 

is because the former does not account for traffic delay.  In some cases, there is no 

difference, or the actual travel time is shorter (e.g., Route 1R in the morning).  This is 

because the actual speed driven on a particular route is higher than the speed limit for 

most of the trip. 

Compared to the slowest average speed (longest travel time), the difference for 

alternative routes connecting the same O/D pair varied from 4% to 42% in average travel 

time, and by 2% to 67% in average speeds, depending on the O/D pair and time of the day 

considered.  This indicates the choice of route for a given O/D pair and time of day will 

make difference, which eventually will affect the fuel use and emissions.  On average, the 

average speed and the total travel time for a given route by time of day vary by 10%. 
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Total Fuel Use and Emissions As A function of Total Travel Time. 

 Total fuel use and emissions are not only a function of average speed, but also a 

function of total travel time.  In some cases, a higher fuel use or emission rate is not 

necessarily associated with a higher total.  This section illustrates that the total fuel use 

and emissions over a trip are a function of both rate and time.   

As an example, the empirical average NO emission rate for Route 2 is higher than 

that for Route 3 as shown in Table S-6, however, because the travel time for Route 2 is 

generally shorter than that for Route 3 as shown in Table S-21, the total NO emissions for 

Route 2 is less than that for Route 3. 

Figure S-12 indicates a general trend that the total fuel use and emissions increase 

as total route travel time increases for all data collected on a route for a specific vehicle.  

The straight line is fitted to the data using a simple linear regression.  These lines all have 

a positive slope. 

Fuel use and emissions substantially differed by alternative routes, drivers, and 

times of day.  Average speed and travel time are key contributing factors in total fuel use 

and emissions.  Inter-driver variability is a significant source of variability in fuel use and 

emission.  Traffic conditions, which are surrogated by time of day has significant effect 

on fuel use and emissions.  Thus, traffic management aiming at reducing fuel use and 

emissions and accurate emission inventories development should take into account these 

various sources of variability in fuel use and emissions. 

  4.  Assessment of Key Factors Associated with Intra-Vehicle Variability Using 

ANOVA 

ANOVA is a statistical technique for evaluating the relationship between a 

response variable and one or more explanatory variables (S3, S4).  The F-test is used to 

determine whether a variable is a significant source of variation.  The p-value is a statistic 
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used to determine whether null hypothesis should be rejected.  The null hypothesis is a 

particular factor of is not associated with variability in emission or fuel use rates.  If the p-

value is less than the preset significance level (usually is 0.05), the null hypothesis is 

rejected.  Details regarding ANOVA, F-test, and p-values are given elsewhere (S3, S4).  

Because the explanatory variables used for ANOVA are continuous, the degree of 

freedom for all explanatory variables is one. 

Tables S-22 to S-31 showed the ANOVA results for NO, HC, CO and Fuel use for 

all 10 tested vehicles.  Because CO2 has a strong linear relationship with fuel use, results 

for CO2 are very similar to those for fuel use.  Thus, results for CO2 are not shown here.  

However, conclusions regarding fuel use are applicable to CO2. 

Speed and acceleration are shown to have a significant effect on fuel use and 

emissions for all vehicles because the p value for the F test is far less than the preset 

significance level of 0.05. 

Road grade is shown to have a significant effect on fuel use and emissions almost 

for all vehicles.  For some vehicles and pollutants, ambient conditions such as relative 

humidity were shown to have more contribution than road grade, e.g., NO emission rate 

for a 2005 Dodge Caravan, as indicated by larger F values. 

Usually, ambient conditions such as ambient air temperature, relative humidity, 

and barometric pressure have a statistically significant effect on emissions and fuel use in 

most cases.  However, compared to speed, acceleration and road grade, the effect of these 

ambient variables on fuel use and emissions is typically much less. Moreover, the 

frequency that ambient conditions have more contribution than road grade is small.  For 

example, for only 5 out of 40 cases for all vehicles, ambient conditions have more 

contribution to pollutants and fuel use than road grade as shown in Table S-32.  Speed, 
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acceleration and road grade are the most important factors with respect to fuel use and 

emissions, in decreasing importance. 

5.  Road Grade Effect on Fuel Use and Emissions 

Road grade effect on fuel use and emissions is quantified using a VSP-based 

modal approach and empirical data.  This section provides the results for the effect of 

road grade on average fuel use and emissions by different cruising speeds. 

Although actual emission measurements were stratified by vehicle driving mode, 

speed range and road grade range, minor variations in speed or vehicle transient 

conditions such as “fuel enrichment” can still significantly affect the measurements and 

confound the road grade effect.  Thus, the standardized average rates for each road grade 

range were used to more quantitatively assess the road grade effect. 

For each road grade range, the standardized average rate is calculated by the following 

equation: 

∑
=

=
14

1
,,,,,,

i
irVjiVjrV fERE                                                (S1) 

Where  

jrVE ,,      = Standardized average rate for vehicle V, road grade range r, and 
specie j (g/sec) 

irVf ,,     = Fraction of time spent in VSP mode i for vehicle V, road grade 
range r  

r = road grade range. 

Figure S-13 illustrates the standardized NO emission rate as a monotonic function 

of road grade at cruise speeds of 55 to 65 mph for the three primary vehicles.  It is evident 

that ignoring the effect of positive road grade will lead to underestimation of emissions 

and vice versa for significant negative road grade. 

In order to evaluate the effect of road grade on fuel use and emissions for different 

cruising speeds, standardized averages of fuel use and emission rates at which a vehicle is 
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cruising at different speeds on a flat or negative road grade segments are compared to 

those occurring at five percent or higher road grades. 

As shown in Table S-33, when comparing the standardized average rates of fuel 

use and emissions at five percent or higher road grade to those at zero or less road grade, 

the standardized averages rates of fuel use and emissions were found to differ from 65% 

to more than 900% depending on cruising speed, fuel use, pollutant, and vehicle.   

Although there are significant differences in emissions changes across vehicles, 

NO had the largest relative change in emission rate and fuel use has the lowest relative 

change in most cases.  As cruising speed increases, the relative difference in fuel use due 

to road grade differences decreases.  Moreover, on some occasions, the occurrence of fuel 

enrichment conditions on steep road grades significantly increased the relative differences 

in emissions.  For example, the difference in CO emission rates for the 2005 Dodge 

Caravan at speeds exceeding 55 mph can be more than 900%.   

“Micro-scale” analysis of road grade effect on fuel use and emissions have been 

discussed in the main paper.  “Micro-scale” is focused on short segments with negative or 

positive road grades on a route in this study.   

Figure S-14 presents a road grade profile for Route 3 that was used to illustrate 

how road grade will affect the estimation of emissions over an entire route.  Segments 

with negative road grades and positive road grades were extracted for analysis, separately.  

The characteristics of these “short” segments are given in Table S-34.  For these “short” 

segments, most of them have length at least 30 meters because there is a minimum length 

requirement for road grade estimation, as detailed in Part IV.  However, among the 

negative and positive road grade segments, two segments have lengths less than 5 meters.  

One has negative road grade and the other has positive road grade.  Road grades for these 

particular segments are not estimated using the light detection and ranging (LIDAR)-
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based method, as detailed in Part IV.  However, because of the short length, the road 

grade is interpolated by the road gardes of the connecting segments.   

Ignoring the road grade on a micro-scale significantly affect the fuel use and 

emissions estimates, as shown in Table S-35.  Ignoring the positive road grade 

underestimates the fuel used and emissions by 11 to 20% depending on pollutant and 

route.  Similarly, ignoring the negative road grade overestimates the fuel use and 

emissions by 14 to 24%.  However, as discussed previously in the main paper, the road 

grade effect may not be significant on a “macroscale” entire route. 

6.  Determination of Minimum Data Requirements 

The 95th percentile values of fuel use and emission rates for all three primary 

vehicles are shown in Table S-36 to S-38 for the 2005 Chevrolet Cavalier, the 2005 

Dodge Caravan, and the 2005 Chevrolet Tahoe, respectively.  

In general, alternative routes connecting NR/RTP O/D pair have higher fuel use 

and emission rates than those connecting NR/NCSU O/D pair.  Compared to other 

alternative routes connecting NR and RTP, Route 1 has the highest fuel use and emission 

rates for most vehicles.  Compared to other alternative routes connecting RTP and NR, 

Route 1R appears to have the highest fuel use and emission rates for most vehicles.  In 

some cases, for some pollutants, Route 1 and 1R may not have the highest emission rates 

compared to their corresponding alternative routes for some vehicles.  Given the trade-off 

in choice of preferred routes, Route 1 and 1R were selected as preferred routes because 

these routes have the largest range of speed.   

Thus, future data collection will be mainly based upon Routes 1 and 1R.  

However, because of the logistical needs to get to the start point of the Route 1 from 

NCSU, another two routes were also identified using the same criteria.  Route C and CR 

appear to have the highest fuel use and emission rates, although occasionally for some 



194 

pollutants, these two routes do not have the highest rates compared to their corresponding 

alterative routes.  For example, AR has slightly higher NO, HC, and CO emission rate 

than CR for the 2005 Caravan.  Given the trade-off in choice of route, Route C and CR 

were selected as the preferred routes also because these two routes have more variation in 

speed. 

The simulation results for determination of minimum data requirement are shown 

in Table S-39 to S-41 for the 2005 Cavalier, the 2005 Caravan, and the 2005 Tahoe, 

respectively.  Results showed that three trips on the same route will cover at least 95th 

percentile value of the total variability in observed fuel use and emission data for that 

route.  Thus, three trips were deemed adequate for additional data collection.  This 

provided the basis for secondary vehicles data collection and should be used as guidance 

for future data collection.  The average travel time for a round-trip between NR and RTP 

and between NCSU and NR is approximately 40 minutes.  Thus, the minimum data 

requirement will be three hours of data collection using data in Table S-20 

(i.e. triproundrthrtrrtrttr
hr

=≈×+× ,3]min/401min/403[
min/60

1 ).  

 In order to verify the data collection reduction strategy, cumulative distribution 

functions (CDFs) of fuel use and NO emission rates for multiple trips done on a given 

Route were used.  Because similar simulation results are obtained for all preferred routes 

and all three primary vehicles, only Route 1 for the 2005 Chevrolet Cavalier were 

selected as illustration as shown in Figures S-15 and S-16 for fuel use and emission rates, 

respectively.  Trips used for the CDF plot are randomly selected from all available trips 

on Route 1.  In both Figures, the CDFs for a single trip (rightmost) and two trips 

(leftmost) are significantly different.  However, the CDFs for three and 14 trips (middle 

two) are virtually identical.  This confirms that three trips adequately represent the 

variability in fuel use and NO emission rates.  
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 7.  Coefficient of Variation in Emission and Fuel Use 

The coefficient of variation (CV) was used to quantify the inter-trip variability.  

The CV is defined as the ratio of the standard deviation to the mean.  The CV of fuel use 

and emission rates for both empirical and standardized data are presented in this section.  

Table S-42 lists the CV of fuel use and emission rates for both empirical and 

standardized data for three primary vehicles.  The CV of the empirical data ranged from 

0.15 to 1.42 depending on the fuel use, pollutant and vehicle, with fuel use having the 

lowest for all vehicles.  This indicates that there is substantial inter-trip variability in fuel 

use and emissions.  However, the CV of the standardized averages of fuel use and 

emission rates had a tighter range, varying from 0.14 to 0.26.  This is because 

standardization of empirical data reduced portions of variability in the data.  CV of fuel 

use rate does not experience a big change after the standardization is done, indicating a 

relatively small inter-trip variability in fuel use. 
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Table S-1. Summary of Key Characteristics of Routes Selected for Data Collection in the 
Study Area 

 

O/D pair Routes* Length 
(mile) 

Travel 
Time 
(min)a

Speed limit  
Range 
(mph) 

Road Grade 
Range 

(%) 

# of 
Traffic 
Signals 

A 10 16 15 - 45 -5.0 to 6.6 41 
B 12 17 15 - 60 -7.5 to 6.6 32 NCSU/NR 
C 11 15 15 - 60 -5.0 to 6.3 29 

AR 9 15 15 - 45 -6.6 to 5.0 41 
BR 11 16 15 - 60 -6.6 to 7.5 32 NR/NCSU 
CR 11 15 15 - 60 -6.3 to 5.0 29 
1 16 18 25 - 65 -3.3 to 3.2 8 
2 20 22 25 - 65 -5.1 to 5.1 17 NR/RTP 
3 17 23 25 - 50 -8.7 to 7.7 23 

1R 16 18 25 - 65 -3.2 to 3.3 8 
2R 21 21 25 - 65 -5.1 to 5.1 17 RTP/NR 
3R 18 25 25 - 50 -7.7 to 8.7 23 

 
Note: a Travel time is calculated based upon estimated distance and posted speed limit; 
* refer to Figure 1; O/D – Origin/Destination; NCSU – North Carolina State University; 
NR – North Raleigh; RTP – Research Triangle Park.  



197 

Table S-2. Summary of Field Data Collection for Three Primary and Seven Secondary Vehicles 
 

 Vehicles Weight
(kg) Hrs Miles 

Traveled Dates Average 
Hrs/day* 

2005 Chevrolet Cavalier 2.2 L 1204 69 2519 Oct.4-22, 04 9 

2005 Dodge Caravan 3.3 L 1759 64 2729 Dec.3-24, 04 9 
Pr

im
ar

y 
2005 Chevrolet Tahoe 5.3 L 2250 62 2422 Nov.8-26, 04 9 

1997 Honda Accord 2.2 L 1370 4 210 Apr.1, 05 7 
1998 Plymouth Breeze 2.4 L 1328 9 458 Mar.10-12, 05 6 

2004 Dodge Stratus 2.7 L 1391 2.5 119 Jul. 1, 05 6 
1997 Dodge Caravan 3.3 L 1612 2.5 87 Jun. 29, 05 6 
2000 Dodge Caravan 3.3 L 1612 11 532 Mar.24-26, 05 7 
2002 Dodge Caravan 3.3 L 1741 2.5 119 Jul. 3, 05 6 

Se
co

nd
ar

y 

2000 Ford Crown Victoria 4.6 L 1800 3 127 Jul. 2, 05 6 

Note: * Average hours per day include instrument warm up, installation, removal, and maintenance thing (on average).  
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Table S-3. Goodness-of-Fit for VSP-based Model for Three Primary Vehicles 
 

Species Vehicle 
NO HC CO Fuel 

2005 Chevrolet Cavalier 2.2 L 0.06 0.18 0.14 0.56 
2005 Dodge Caravan 3.3 L 0.04 0.29 0.04 0.64 
2005 Chevrolet Tahoe 5.3 L 0.17 0.17 0.17 0.49 

Note: number in the table is the coefficient of determination (R2) of the model. 

Table S-4. Definition of 28 VSP Mode 
 

Speed (km/h) VSP (kw/ton) 0 to 40 >40 
VSP< -2 1 2 

-2 ≤ VSP < 0 3 4 
0 ≤ VSP < 1 5 6 
1 ≤ VSP < 4 7 8 
4 ≤ VSP < 7 9 10 

7 ≤  VSP < 10 11 12 
10 ≤ VSP < 13 13 14 
13 ≤  VSP < 16 15 16 
16 ≤  VSP < 19 17 18 
19 ≤  VSP < 23 19 20 
23 ≤  VSP < 28 21 22 
28 ≤  VSP < 33 23 24 
33 ≤ VSP < 39 25 26 

39 ≤ VSP  27 28 

Note: the number in the table is VSP mode.  
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Table S-5.  Coefficient of Determination (R2) for Model of Actual Measured vs. 
Predicted Values Using VSP-Binning Based Approach 

 
  Cavalier: 

# of VSP 
Mode 

Cut-off Speed within 
each VSP mode(km/h) NO HC CO CO2 

14 N/A 0.06 0.18 0.13 0.56 
28 40 0.07 0.18 0.14 0.57 
42 50, 80 0.09 0.19 0.16 0.59 
56 50, 80, 110 0.10 0.19 0.17 0.60 

 
Note: Data are from a 2005 Chevrolet Cavalier with a 2.2 liter engine with more than 
200,000 data points. 
 
  Caravan: 

# of VSP 
Mode 

Cut-off Speed within 
each VSP mode(km/h) NO HC CO CO2 

14 N/A 0.04 0.29 0.04 0.64 
28 40 0.04 0.30 0.04 0.65 
42 50, 80 0.04 0.30 0.05 0.65 
56 50, 80, 110 0.05 0.30 0.05 0.66 

 
Note: Data are from a 2005 Dodge Caravan with a 3.3 liter engine with more than 
200,000 data points. 
 
  Tahoe: 

# of VSP 
Mode 

Cut-off Speed within 
each VSP mode(km/h) NO HC CO CO2 

14 N/A 0.17 0.17 0.17 0.49 
28 40 0.18 0.17 0.18 0.50 
42 50, 80 0.20 0.18 0.18 0.50 
56 50, 80, 110 0.22 0.18 0.19 0.51 

 
Note: Data are from a 2005 Chevrolet Tahoe with a 5.3 liter engine with more than 
200,000 data points. 
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Table S-6. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 Chevrolet 
Cavalier with a 2.2 Liter Engine by Driver A in the Morning 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.25 0.26 0.29 0.30 0.13 0.20 0.16 0.23 3.38 4.59 3.92 5.23 1.11 1.06 1.29 1.20 
2 0.27 0.26 0.39 0.35 0.22 0.20 0.32 0.27 3.89 4.58 5.57 6.04 1.06 1.05 1.52 1.39 
3 0.24 0.22 0.40 0.37 0.09 0.17 0.16 0.29 2.36 3.69 4.08 6.42 0.86 0.86 1.51 1.50 

1R 0.27 0.30 0.29 0.30 0.26 0.23 0.28 0.23 6.04 5.07 6.34 5.17 1.35 1.16 1.41 1.18 
2R 0.24 0.26 0.38 0.40 0.18 0.20 0.29 0.31 3.28 4.40 5.09 6.86 1.05 1.02 1.63 1.58 
3R 0.18 0.23 0.30 0.38 0.10 0.18 0.17 0.29 3.00 4.00 4.94 6.48 0.95 0.93 1.56 1.51 
A 0.11 0.18 0.14 0.25 0.05 0.15 0.06 0.21 1.34 3.23 1.72 4.65 0.68 0.77 0.88 1.11 
B 0.20 0.18 0.21 0.23 0.16 0.15 0.14 0.19 1.62 3.29 1.90 4.14 0.73 0.78 0.79 0.98 
C 0.26 0.21 0.28 0.24 0.03 0.17 0.03 0.19 2.16 3.74 2.37 4.26 0.87 0.87 0.96 1.00 

AR 0.11 0.20 0.12 0.21 0.02 0.16 0.03 0.17 2.19 3.49 2.44 3.77 0.76 0.82 0.85 0.88 
BR 0.16 0.20 0.19 0.24 0.10 0.16 0.11 0.19 2.44 3.58 2.87 4.30 0.82 0.84 0.96 1.01 
CR 0.16 0.20 0.18 0.24 0.18 0.16 0.21 0.19 2.09 3.54 2.45 4.24 0.78 0.83 0.93 1.00 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-7. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 Chevrolet 
Cavalier with a 2.2 Liter Engine by Driver A in the Afternoon 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.21  0.27 0.23 0.31 0.30 0.21 0.33 0.24 4.38  4.73 4.93 5.40 1.15 1.09 1.31 1.24 
2 0.25  0.23 0.47 0.35 0.15 0.18 0.27 0.28 2.49  3.97 4.66 6.19 0.93 0.92 1.74 1.44 
3 0.24  0.20 0.61 0.35 0.17 0.16 0.43 0.28 1.96  3.52 4.97 6.13 0.80 0.83 2.02 1.45 

1R 0.27  0.28 0.32 0.33 0.25 0.21 0.29 0.25 5.09  4.77 5.83 5.72 1.17 1.09 1.35 1.31 
2R n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 
3R 0.19  0.21 0.37 0.39 0.19 0.16 0.37 0.31 2.74  3.54 5.36 6.80 0.80 0.83 1.60 1.60 
A 0.07  0.16 0.05 0.21 0.10 0.13 0.07 0.17 0.99  2.91 0.74 3.85 0.60 0.70 0.45 0.92 
B 0.11  0.16 0.20 0.25 0.18 0.13 0.32 0.21 1.45  2.94 2.56 4.58 0.65 0.71 1.15 1.11 
C 0.16  0.20 0.19 0.24 0.41 0.16 0.50 0.19 1.79  3.53 2.06 4.24 0.75 0.83 0.87 1.00 

AR n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 
BR 0.16  0.18 0.20 0.25 0.10 0.15 0.14 0.20 1.84  3.24 2.43 4.47 0.67 0.77 0.92 1.06 
CR 0.22  0.21 0.25 0.36 0.15 0.16 0.16 0.28 2.46  3.61 2.81 6.28 0.84 0.84 0.95 1.47 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-8. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 Chevrolet 
Cavalier with a 2.2 Liter Engine by Driver B in the Morning 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.31  0.29 0.33 0.33 0.27 0.22 0.30 0.25 6.64  4.94 7.26 5.63 1.27 1.13 1.37 1.29 
2 0.36  0.28 0.49 0.37 0.24 0.21 0.28 0.27 5.96  4.68 7.42 6.18 1.21 1.07 1.53 1.42 
3 0.26  0.22 0.44 0.39 0.14 0.17 0.24 0.30 3.52  3.83 5.94 6.66 0.85 0.89 1.44 1.55 

1R 0.31  0.32 0.31 0.32 0.29 0.23 0.30 0.24 7.83  5.24 8.10 5.35 1.48 1.20 1.54 1.22 
2R 0.21  0.27 0.29 0.42 0.10 0.20 0.12 0.32 4.54  4.56 6.58 7.11 1.17 1.05 1.48 1.63 
3R 0.21  0.23 0.33 0.37 0.16 0.18 0.24 0.29 3.85  3.93 5.97 6.37 0.85 0.91 1.32 1.48 
A 0.19  0.19 0.29 0.27 0.10 0.15 0.15 0.22 2.53  3.36 3.91 4.84 0.66 0.79 1.04 1.14 
B 0.22  0.20 0.25 0.26 0.22 0.16 0.26 0.20 4.18  3.59 4.84 4.53 0.82 0.84 0.94 1.06 
C 0.28  0.20 0.32 0.23 0.19 0.16 0.22 0.18 3.96  3.62 4.51 4.13 0.89 0.85 1.02 0.97 

AR 0.10  0.19 0.11 0.21 0.09 0.15 0.10 0.17 2.89  3.46 3.23 3.74 0.67 0.81 0.74 0.88 
BR 0.16  0.20 0.18 0.24 0.17 0.16 0.19 0.19 3.45  3.56 3.98 4.27 0.81 0.83 0.96 1.00 
CR 0.20  0.21 0.22 0.25 0.11 0.16 0.13 0.20 3.55  3.63 4.09 4.36 0.84 0.85 0.97 1.02 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-9. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 Chevrolet 
Cavalier with a 2.2 Liter Engine by Driver B in the Afternoon 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.21  0.29 0.22 0.33 0.44 0.22 0.47 0.25 5.36  4.98 5.82 5.68 1.12 1.14 1.22 1.30 
2 0.30  0.27 0.43 0.42 0.33 0.20 0.48 0.32 5.83  4.59 8.43 7.15 1.19 1.06 1.72 1.65 
3 0.33  0.24 0.53 0.43 0.12 0.18 0.19 0.32 4.15  4.08 6.66 7.09 0.78 0.94 1.26 1.64 

1R 0.24  0.26 0.30 0.31 0.33 0.20 0.42 0.23 6.73  4.38 8.52 5.25 1.06 1.01 1.33 1.22 
2R 0.28  0.29 0.42 0.42 0.24 0.21 0.35 0.31 7.96  4.79 11.62 6.90 1.14 1.10 1.67 1.58 
3R 0.21  0.22 0.36 0.42 0.17 0.17 0.29 0.33 4.38  3.85 7.53 7.38 0.89 0.89 1.53 1.72 
A 0.20  0.17 0.28 0.23 0.12 0.14 0.16 0.19 3.59  3.13 5.15 4.13 0.60 0.75 0.85 0.99 
B 0.23  0.18 0.34 0.28 0.24 0.15 0.34 0.23 3.44  3.21 5.07 5.00 0.74 0.76 1.08 1.19 
C 0.39  0.20 0.47 0.24 0.24 0.16 0.31 0.19 3.95  3.48 4.86 4.18 0.85 0.82 1.05 0.98 

AR 0.10  0.19 0.10 0.20 0.11 0.15 0.11 0.16 4.15  3.46 4.34 3.53 0.74 0.81 0.77 0.83 
BR 0.14  0.18 0.19 0.24 0.05 0.15 0.06 0.20 3.13  3.25 4.06 4.49 0.75 0.77 0.97 1.07 
CR 0.13  0.15 0.25 0.26 0.15 0.13 0.32 0.22 2.22  2.79 3.94 4.86 0.64 0.68 1.26 1.18 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-10. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 Dodge 
Caravan with a 3.3 Liter Engine by Driver A in the Morning 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.16  0.38  0.15 0.43 0.78 0.50 0.75 0.58 4.66  11.38 4.76 12.98 2.17 1.97 2.16 2.25 
2 0.14  0.32  0.21 0.43 0.20 0.47 0.29 0.63 3.44  9.18 5.03 12.12 1.84 1.86 2.66 2.45 
3 0.24  0.27  0.35 0.48 0.34 0.39 0.50 0.67 2.92  8.38 4.38 14.58 1.57 1.54 2.29 2.67 

1R 0.18  0.38  0.13 0.39 0.79 0.50 0.58 0.51 5.81  11.41 4.50 11.63 2.18 1.97 1.73 2.01 
2R 0.18  0.38  0.26 0.59 0.36 0.50 0.54 0.78 3.97  12.57 5.70 19.61 2.02 1.95 2.91 3.05 
3R 0.14  0.28  0.19 0.45 0.38 0.41 0.50 0.66 3.36  8.28 4.77 13.42 1.68 1.60 2.37 2.59 
A 0.20  0.17  0.24 0.25 0.32 0.33 0.40 0.47 2.07  4.63 2.51 6.67 1.28 1.31 1.56 1.88 
B n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 
C 0.14  0.23  0.14 0.26 0.44 0.39 0.44 0.45 3.19  5.67 3.35 6.46 1.63 1.55 1.71 1.77 

AR 0.15  0.19  0.15 0.20 0.48 0.35 0.48 0.38 2.46  4.99 2.54 5.38 1.42 1.41 1.43 1.52 
BR 0.08  0.22  0.08 0.26 0.25 0.38 0.26 0.46 2.78  6.03 2.95 7.24 1.47 1.50 1.54 1.80 
CR 0.18  0.28  0.17 0.34 0.49 0.42 0.45 0.51 3.64  7.79 3.37 9.34 1.74 1.67 1.60 2.00 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-11. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 Dodge 
Caravan with a 3.3 Liter Engine by Driver A in the Afternoon 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 
2 0.22  0.33  0.33 0.52 0.57 0.47 0.87 0.73 4.23  10.00 6.41 15.60 1.90 1.82 2.88 2.85 
3 0.17  0.25  0.30 0.43 0.39 0.39 0.68 0.68 3.37  6.66 5.79 11.58 1.51 1.55 2.61 2.69 

1R 0.12  0.38  0.14 0.46 0.74 0.51 0.81 0.61 5.67  11.90 6.15 14.28 2.08 1.98 2.28 2.37 
2R 0.15  0.36  0.20 0.52 0.51 0.47 0.71 0.68 4.94  11.99 6.68 17.27 1.82 1.86 2.41 2.67 
3R 0.18  0.31  0.26 0.59 0.47 0.43 0.69 0.82 3.64  9.00 5.37 17.28 1.64 1.69 2.42 3.24 
A 0.20  0.16  0.30 0.22 0.47 0.32 0.67 0.42 2.11  4.13 3.02 5.45 1.16 1.27 1.67 1.68 
B 0.15  0.20  0.21 0.31 0.39 0.35 0.55 0.55 2.29  5.38 3.19 8.39 1.33 1.41 1.85 2.19 
C 0.71  0.21  0.93 0.25 0.38 0.35 0.50 0.42 2.34  5.71 3.10 6.85 1.37 1.38 1.81 1.66 

AR 0.14  0.18  0.16 0.18 0.49 0.34 0.58 0.34 2.47  4.62 2.95 4.71 1.27 1.35 1.51 1.37 
BR 0.28  0.18  0.39 0.25 0.40 0.34 0.52 0.47 2.01  4.96 2.57 6.84 1.27 1.36 1.63 1.87 
CR 0.12  0.16  0.19 0.28 0.32 0.31 0.48 0.54 1.55  4.51 2.55 7.85 1.15 1.24 1.83 2.16 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-12. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 Dodge 
Caravan with a 3.3 Liter Engine by Driver B in the Morning 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.32  0.34  0.36 0.38 0.47 0.49 0.53 0.55 42.03  11.65 44.30 13.28 2.11 1.90 2.35 2.16 
2 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 
3 0.18  0.13  0.18 0.23 0.37 0.29 0.38 0.51 1.55  3.10 1.57 5.40 1.01 1.18 1.02 2.05 

1R 0.40  0.35  0.45 0.36 0.51 0.50 0.61 0.51 24.69  11.27 26.87 11.49 2.12 1.96 2.53 2.00 
2R n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 
3R n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 
A 0.13  0.12  0.13 0.18 0.03 0.29 0.03 0.42 1.13  3.34 1.12 4.81 1.05 1.17 1.04 1.69 
B 0.39  0.21  0.53 0.27 0.36 0.36 0.42 0.45 12.67  6.86 16.95 8.65 1.38 1.43 1.66 1.81 
C 0.10  0.17  0.07 0.19 0.42 0.32 0.32 0.37 3.12  4.38 2.39 5.00 1.23 1.29 0.94 1.48 

AR n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 
BR 0.55  0.25  0.63 0.31 0.35 0.38 0.41 0.46 1.87  8.18 2.16 9.81 1.56 1.52 1.80 1.83 
CR 0.24  0.22  0.25 0.26 0.37 0.36 0.35 0.43 8.33  6.75 8.25 8.10 1.37 1.43 1.30 1.71 

 
Note: Emp. – empirical; Std. – standardized. 
 



207 

Table S-13. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 Dodge 
Caravan with a 3.3 Liter Engine by Driver B in the Afternoon 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.39  0.40  0.44 0.46 0.42 0.49 0.48 0.56 33.17  15.40 37.33 17.55 2.03 1.91 2.29 2.18 
2 0.56  0.30  0.69 0.46 0.39 0.42 0.54 0.66 16.31  10.49 25.71 16.36 1.69 1.66 2.29 2.59 
3 0.31  0.25  0.57 0.43 0.30 0.37 0.55 0.65 3.66  8.27 6.64 14.40 1.44 1.48 2.61 2.57 

1R 0.15  0.28  0.17 0.34 0.44 0.44 0.47 0.53 14.31  8.16 10.35 9.80 1.82 1.73 1.89 2.07 
2R 0.30  0.27  0.47 0.38 0.42 0.40 0.62 0.58 3.77  8.56 5.78 12.33 1.56 1.58 2.36 2.28 
3R 1.05  0.41  1.50 0.79 0.34 0.45 0.49 0.87 9.55  15.84 13.61 30.42 1.82 1.80 2.59 3.45 
A 0.23  0.14  0.37 0.18 0.30 0.29 0.50 0.38 3.12  4.04 4.81 5.33 1.06 1.17 1.66 1.55 
B 0.40  0.19  0.84 0.30 0.31 0.33 0.60 0.51 15.99  6.44 39.85 10.04 1.22 1.32 2.23 2.06 
C 0.41  0.19  0.50 0.23 0.49 0.35 0.59 0.42 2.74  5.30 3.32 6.36 1.37 1.39 1.65 1.67 

AR 0.19  0.18  0.21 0.19 0.39 0.34 0.43 0.35 2.94  5.21 3.30 5.31 1.25 1.37 1.41 1.40 
BR 0.26  0.20  0.30 0.28 0.42 0.36 0.48 0.50 2.20  5.76 2.53 7.94 1.43 1.43 1.65 1.98 
CR 0.32  0.18  0.41 0.31 0.27 0.32 0.38 0.56 4.34  5.60 5.65 9.75 1.18 1.28 1.63 2.23 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-14. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 Dodge 
Caravan a 3.3 Liter Engine by Driver C in the Morning 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.25  0.40  0.26 0.45 0.38 0.51 0.41 0.58 8.78  13.07 9.26 14.90 2.22 2.00 2.41 2.28 
2 0.42  0.44  0.53 0.58 0.57 0.51 0.74 0.68 5.41  15.95 7.03 21.06 2.11 2.01 2.75 2.66 
3 0.12  0.20  0.18 0.35 0.17 0.26 0.26 0.45 34.12  8.65 54.00 15.05 1.05 1.06 1.38 1.84 

1R 0.09  0.49  0.08 0.50 0.58 0.53 0.54 0.54 41.86  17.62 37.66 17.97 2.45 2.08 2.25 2.12 
2R 0.36  0.50  0.46 0.79 0.28 0.55 0.37 0.86 3.85  18.14 4.96 28.29 2.27 2.16 2.92 3.37 
3R 0.13  0.28  0.18 0.45 0.34 0.36 0.39 0.58 27.88  10.63 41.61 17.22 1.47 1.42 1.87 2.31 
A 0.07  0.10  0.03 0.14 0.13 0.25 0.07 0.36 1.86  2.51 0.94 3.62 1.01 1.03 0.51 1.48 
B 0.15  0.19  0.22 0.23 0.54 0.33 0.76 0.41 2.40  5.49 3.32 6.92 1.30 1.31 1.81 1.65 
C 0.24  0.22  0.20 0.25 0.11 0.34 0.09 0.39 2.58  7.01 2.47 7.99 1.11 1.38 0.93 1.57 

AR 0.10  0.21  0.11 0.23 0.23 0.35 0.25 0.38 2.24  6.71 2.45 7.25 1.37 1.39 1.50 1.50 
BR 0.22  0.20  0.34 0.24 0.39 0.33 0.54 0.40 1.91  6.91 2.82 8.29 1.25 1.33 1.79 1.60 
CR 0.06  0.19  0.06 0.23 0.13 0.34 0.10 0.41 5.27  5.79 4.81 6.95 1.19 1.35 0.91 1.62 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-15. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 Dodge 
Caravan with a 3.3 Liter Engine by Driver C in the Afternoon 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.28  0.50  0.28 0.57 0.57 0.56 0.56 0.63 28.70  17.85 28.65 20.35 2.46 2.18 2.45 2.48 
2 0.22  0.28  0.31 0.44 0.34 0.41 0.48 0.64 3.36  9.05 4.67 14.11 1.61 1.62 2.20 2.52 
3 0.98  0.19  0.03 0.34 0.04 0.24 0.00 0.42 2.33  11.35 0.07 19.74 0.95 0.99 0.03 1.72 

1R n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 
2R 0.24  0.21  0.32 0.30 0.23 0.32 0.21 0.46 2.31  7.38 2.75 10.62 1.19 1.28 1.29 1.84 
3R 0.82  0.19  0.33 0.37 0.17 0.30 0.19 0.58 1.77  6.49 2.67 12.46 1.16 1.21 1.35 2.33 
A 0.27  0.12  0.29 0.16 0.25 0.26 0.36 0.34 1.64  3.40 1.98 4.49 0.91 1.06 1.19 1.40 
B 0.33  0.19  0.53 0.30 0.30 0.32 0.49 0.50 5.38  6.54 8.82 10.20 1.18 1.28 1.93 2.00 
C 0.23  0.24  0.23 0.29 0.25 0.40 0.25 0.48 4.19  6.47 4.21 7.76 1.55 1.58 1.56 1.89 

AR 1.55  0.14  0.08 0.14 0.13 0.18 0.01 0.18 1.55  7.60 0.08 7.76 0.60 0.78 0.03 0.79 
BR 0.26  0.19  0.17 0.27 0.40 0.34 0.37 0.46 2.88  5.22 2.25 7.21 1.21 1.34 1.06 1.85 
CR 0.23  0.33  0.21 0.57 0.34 0.42 0.31 0.73 4.05  11.85 3.79 20.62 1.59 1.66 1.48 2.89 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-16. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 
Chevrolet Tahoe with a 5.3 Liter Engine by Driver A in the Morning 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.67  0.99 0.70 1.13 0.39 0.45 0.43 0.51 2.51  3.64 2.59 4.15 2.20 2.40 2.26 2.73 
2 0.67  0.97 0.80 1.51 0.53 0.45 0.62 0.70 2.45  3.58 2.84 5.58 2.41 2.38 2.90 3.72 
3 1.27  0.76 1.45 1.33 0.49 0.37 0.59 0.64 3.15  2.97 3.74 5.17 2.02 1.98 2.42 3.44 

1R 0.49  0.99 0.58 1.19 0.75 0.45 0.89 0.54 3.20  3.65 3.82 4.38 2.50 2.41 2.96 2.89 
2R 0.92  0.97 1.18 1.39 0.38 0.44 0.49 0.64 3.02  3.56 3.90 5.13 2.06 2.37 2.66 3.41 
3R 0.70  0.61 1.44 1.18 0.34 0.32 0.69 0.62 1.82  2.56 3.69 4.91 1.67 1.77 3.40 3.39 
A 0.94  0.55 1.02 0.72 0.30 0.31 0.38 0.40 1.73  2.38 2.00 3.14 1.57 1.68 1.80 2.22 
B 0.81  0.70 0.90 1.09 0.40 0.36 0.44 0.56 1.75  2.81 1.94 4.38 1.84 1.94 2.05 3.03 
C 0.70  0.56 0.78 0.67 0.45 0.31 0.51 0.37 1.78  2.39 2.00 2.87 1.72 1.68 1.93 2.01 

AR 1.09  0.85 0.81 0.87 0.38 0.41 0.29 0.42 2.56  3.24 2.02 3.30 1.94 2.19 1.48 2.23 
BR 0.87  0.63 0.85 0.88 0.39 0.34 0.34 0.47 1.87  2.62 1.71 3.62 1.72 1.85 1.61 2.55 
CR 0.30  0.40 0.59 0.69 0.16 0.25 0.30 0.44 0.92  1.94 1.78 3.37 1.10 1.41 2.14 2.46 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-17. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 
Chevrolet Tahoe with a 5.3 Liter Engine by Driver A in the Afternoon 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.71  0.92 0.69 1.05 0.55 0.43 0.52 0.49 3.88  3.44 3.86 3.92 2.46 2.29 2.44 2.62 
2 0.62  0.79 0.75 1.04 0.36 0.39 0.46 0.51 2.15  3.06 2.65 4.04 2.10 2.09 2.60 2.76 
3 0.90  0.80 1.30 1.39 0.34 0.38 0.51 0.66 2.72  3.08 4.02 5.36 2.01 2.04 3.01 3.55 

1R 0.85  0.97 0.61 0.99 0.50 0.45 0.39 0.45 4.44  3.59 3.78 3.66 2.75 2.37 2.32 2.42 
2R 0.59  0.96 0.79 1.50 0.50 0.44 0.66 0.69 3.32  3.55 4.46 5.53 2.47 2.35 3.37 3.67 
3R 0.73  0.77 1.04 1.25 0.33 0.37 0.45 0.59 2.89  2.99 4.22 4.85 1.95 1.97 2.82 3.19 
A 0.96  0.54 0.87 0.78 0.20 0.30 0.20 0.44 1.74  2.36 1.70 3.40 1.59 1.67 1.57 2.41 
B 1.06  0.65 1.20 0.81 0.44 0.34 0.49 0.43 2.36  2.65 2.68 3.34 1.77 1.86 2.01 2.34 
C 0.91  0.68 0.76 0.77 0.30 0.35 0.28 0.40 2.07  2.74 1.72 3.13 1.92 1.91 1.65 2.18 

AR 0.70  0.61 0.68 0.66 0.33 0.33 0.30 0.36 1.79  2.56 1.74 2.76 1.68 1.80 1.68 1.95 
BR 0.58  0.63 0.58 0.76 0.31 0.33 0.29 0.40 1.95  2.61 1.92 3.13 1.73 1.82 1.75 2.18 
CR 0.59  0.72 0.60 0.86 0.35 0.36 0.36 0.44 2.31  2.85 2.35 3.42 1.88 1.96 1.90 2.35 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-18. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 
Chevrolet Tahoe with a 5.3 Liter Engine by Driver B in the Morning 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.60  0.94 0.57 1.07 0.46 0.43 0.42 0.49 4.50  3.47 4.38 3.96 2.44 2.29 2.38 2.62 
2 1.13  0.97 1.27 1.29 0.65 0.43 0.73 0.57 4.67  3.55 5.35 4.69 2.39 2.27 2.79 3.00 
3 0.93  0.79 1.46 1.37 0.28 0.37 0.43 0.64 3.77  3.03 5.81 5.28 2.06 1.98 3.18 3.44 

1R 0.64  0.96 0.56 0.98 0.48 0.44 0.43 0.45 4.73  3.54 4.12 3.61 2.51 2.34 2.16 2.39 
2R 0.59  0.81 0.89 1.26 0.26 0.38 0.37 0.60 4.26  3.10 6.21 4.84 2.38 2.06 3.51 3.21 
3R 1.12  0.74 0.89 1.21 0.60 0.35 0.42 0.57 4.45  2.90 4.07 4.70 1.99 1.87 1.98 3.03 
A 0.82  0.55 0.76 0.79 0.24 0.30 0.23 0.43 1.58  2.36 1.51 3.40 1.52 1.66 1.47 2.39 
B 0.63  0.59 0.85 0.74 0.14 0.31 0.18 0.39 1.78  2.47 2.47 3.12 1.52 1.71 2.05 2.16 
C 0.77  0.71 0.73 0.81 0.36 0.35 0.35 0.40 3.22  2.81 3.03 3.20 1.95 1.90 1.89 2.17 

AR 0.63  0.63 0.57 0.68 0.44 0.33 0.39 0.36 2.59  2.61 2.44 2.82 1.65 1.82 1.54 1.96 
BR 0.65  0.62 0.75 0.74 0.29 0.33 0.33 0.39 1.89  2.57 2.18 3.09 1.73 1.78 2.00 2.14 
CR 0.50  0.61 0.52 0.73 0.28 0.32 0.29 0.39 2.47  2.54 2.55 3.05 1.70 1.76 1.79 2.11 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-19. Empirical and Standardized Average Emission and Fuel Use Rates and Totals for All Routes for Data Collection on a 2005 
Chevrolet Tahoe with a 5.3 Liter Engine by Driver B in the Afternoon 

 
NO HC CO Fuel 

Average Total Average Total Average Total Average Total 
(mg/s) g (mg/s) g (mg/s) g g/s kg 

Route 

Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. Emp. Std. 
1 0.96  1.06 0.98 1.20 0.39 0.46 0.39 0.52 4.98  3.78 5.06 4.31 2.59 2.40 2.63 2.73 
2 0.88  0.89 1.32 1.39 0.30 0.41 0.46 0.64 3.90  3.32 5.80 5.19 2.09 2.18 3.12 3.40 
3 1.23  0.91 1.69 1.58 0.25 0.40 0.32 0.69 5.03  3.35 6.91 5.82 2.04 2.10 2.85 3.66 

1R 0.76  1.10 0.74 1.31 0.46 0.47 0.46 0.56 6.11  3.89 5.96 4.67 2.72 2.45 2.76 2.94 
2R 0.97  1.09 1.17 1.57 0.62 0.47 0.74 0.68 5.82  3.89 7.00 5.60 2.51 2.47 3.01 3.56 
3R 0.67  0.80 0.97 1.53 0.45 0.37 0.65 0.72 3.60  3.06 5.23 5.88 1.96 1.99 2.84 3.82 
A 0.90  0.53 1.17 0.69 0.25 0.29 0.34 0.39 2.29  2.30 2.87 3.04 1.34 1.62 1.76 2.13 
B 0.91  0.50 1.55 0.79 0.44 0.28 0.75 0.44 2.40  2.25 4.07 3.50 1.29 1.58 2.19 2.46 
C 0.90  0.72 0.91 0.87 0.20 0.36 0.20 0.43 2.50  2.85 2.54 3.42 1.83 1.93 1.86 2.32 

AR n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 
BR 0.75  0.69 0.71 0.96 0.41 0.35 0.40 0.48 2.90  2.78 2.76 3.83 1.66 1.87 1.60 2.58 
CR 0.71  0.59 0.74 1.03 0.27 0.31 0.29 0.54 3.22  2.49 3.48 4.33 1.63 1.69 1.81 2.94 

 
Note: Emp. – empirical; Std. – standardized. 
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Table S-20. Relative Difference between the Highest and Lowest Average Fuel Use and 
Emissions for all Routes Connecting the Same O/D Pair, Time of Day, and Drivers a (%) 

NO HC CO Fuel Category Data Type μb Σc μb Σc μb Σc μb Σc 
Empirical d 67 82 108 92 113 119 28 29 Route Standardized 32 34 22 28 31 36 20 28 
Empirical d 63 62 48 50 114 119 12 15 Driver Standardized 16 16 10 10 30 30 14 14 
Empirical d 52 57 69 95 34 39 12 20 Time of 

day Standardized 15 27 9 22 14 27 8 21 
 
Note: a Relative difference is calculated based upon the highest to the lowest rates in 
emissions and fuel use on a route basis. 
b mass per rate (e.g., g/sec). 
c mass over the entire route (e.g., g). The standardized total is calculated by the 
standardized average multiplied by the average travel time. 
d measured emission and fuel use rates (e.g., g/sec). 

Table S-21. Average Speed and Travel Time for Selected Routes in the Study 
Area 

 
Travel Time Average Speed 

AM PM AM PM O/D Pair Routes # of 
Runs 

Length
(mile) min % a min % a mph % b mph % b 

A 42 10 18 -10 21 -19 40 - 37 - 
B 44 12 20 - 26 - 49 23 43 16 NCSU/NR 
C 58 11 16 -20 19 -27 54 35 51 38 

AR 40 9 17 -15 17 -29 50 - 54 26 
BR 43 11 20 - 20 -21 51 2 50 17 NR/NCSU 
CR 58 11 17 -15 24 - 55 10 43 - 
1 72 16 18 -22 18 -28 82 58 85 67 
2 48 20 22 -4 24 -4 78 50 71 39 NR/RTP 
3 43 17 23 - 25 - 52 - 51 - 

1R 73 16 16 -36 19 -27 85 44 80 45 
2R 40 21 23 -8 26 -7 78 32 77 33 RTP/NR 
3R 45 18 25 - 28 - 59 - 58 - 

 
Note: Travel time and average speed in this table are averages based upon all runs of 
data collection on a route for all vehicles and drivers.  a Percentage Decrease 
Compared to Longest Time; b Percentage Increase Compared to the Slowest Average 
Speed 
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Table S-22. Results of ANOVA for a 2005 Chevrolet Cavalier with a 2.2 Liter Engine 
 
NO Emission Rate (g/sec) 

Source of variation DF SS MS F-Value p-value 
Speed 1 0.004788 0.004788 9872 <0.00001 

Acceleration 1 0.001431 0.001431 2950 <0.00001 
Road Grade 1 0.000159 0.000159 327 <0.00001 
Temperature 1 0.000023 0.000023 47 <0.00001 

Relative Humidity 1 0.000011 0.000011 23 <0.00001 
Pressure 1 0.000001 0.000001 2 0.148 

Residuals 219065 0.10 4.85×10-

7 N/A 

 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.00154 0.00154 25320 <0.00001 

Acceleration 1 0.00076 0.00076 12559 <0.00001 
Road Grade 1 0.00009 0.00009 1458 <0.00001 
Temperature 1 0.00016 0.00016 2590 <0.00001 

Relative Humidity 1 0.00017 0.00017 2770 <0.00001 
Pressure 1 0.00004 0.00004 674 <0.00001 
Residuals 219065 0.013 1×10-7 N/A 

 
CO Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 1.282 1.282 29647 <0.00001 

Acceleration 1 0.229 0.229 5293 <0.00001 
Road Grade 1 0.045 0.045 1045 <0.00001 
Temperature 1 0.014 0.014 315 <0.00001 

Relative Humidity 1 0.001 0.001 23 <0.00001 
Pressure 1 0.038 0.038 871 <0.00001 
Residuals 219065 9.47 4.32×10-5 N/A 

 
Fuel Use Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 36777 36777 125370 <0.00001 

Acceleration 1 19675 19675 67072 <0.00001 
Road Grade 1 2319 2319 7905 <0.00001 
Temperature 1 107 107 363 <0.00001 

Relative Humidity 1 1 1 3 0.07 
Pressure 1 20 20 69 <0.00001 
Residuals 219065 64262 0.2933 N/A 

 
Note: DF – degree of freedom; SS – sum of squares; MS – mean of sum of squares. 
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Table S-23.  Results for ANOVA for a 2005 Dodge Caravan with a 3.3 Liter Engine 
 
NO Emission Rate (g/sec) 

Source of variation DF SS MS F-Value p-value 
Speed 1 0.003164 0.003164 605.9722 <0.0001 

Acceleration 1 0.014635 0.014635 2802.941 0 
Road Grade 1 0.000419 0.000419 80.18017 <0.0001 
Temperature 1 5.85E-05 5.85E-05 11.19673 <0.0001 

Relative Humidity 1 0.00115 0.00115 220.218 <0.0001 
Pressure 1 3.35E-05 3.35E-05 6.424908 0.011 
Residuals 191125 0.997914 5.22E-06 NA 

 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.006557 0.006557 31544.55 0 

Acceleration 1 0.004645 0.004645 22346.98 0 
Road Grade 1 0.000643 0.000643 3092.954 0 
Temperature 1 9.60E-05 9.60E-05 461.9488 <0.0001 

Relative Humidity 1 0.000286 0.000286 1375.289 <0.0001 
Pressure 1 3.63E-06 3.63E-06 17.47699 <0.0001 
Residuals 191125 0.039729 2.08E-07 NA 

 
CO Emission Rate (g/sec) 
Source of Variation DF SS MS F-Value p-value 

Speed 1 12.74976 12.74976 487.0956 <0.0001 
Acceleration 1 11.10654 11.10654 424.3178 <0.0001 
Road Grade 1 2.479389 2.479389 94.72333 <0.0001 
Temperature 1 0.028865 0.028865 1.102751 0.293664 

Relative Humidity 1 0.2012 0.2012 7.686708 0.005563 
Pressure 1 0.85002 0.85002 32.47442 <0.0001 
Residuals 191125 5002.708 0.026175 NA 

 
Fuel Use Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 97777.33 97777.33 113153.4 0 

Acceleration 1 66113.88 66113.88 76510.71 0 
Road Grade 1 7496.455 7496.455 8675.321 0 
Temperature 1 94.29509 94.29509 109.1236 <0.0001 

Relative Humidity 1 10.99943 10.99943 12.72915 0.00036 
Pressure 1 67.19796 67.19796 77.76526 <0.0001 
Residuals 191125 165153.6 0.864113 NA 

 
Note: DF – degree of freedom; SS – sum of squares; MS – mean of sum of squares. 
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Table S-24.  Results of ANOVA for a 2005 Chevrolet Tahoe with a 5.3 Liter Engine 
 
NO Emission Rate (g/sec) 

Source of variation DF SS MS F-Value p-value 
Speed 1 0.007193 0.007193 2398.453 0 

Acceleration 1 0.062979 0.062979 20999.03 0 
Road Grade 1 0.002205 0.002205 735.1555 <0.0001 
Temperature 1 0.000643 0.000643 214.329 <0.0001 

Relative Humidity 1 5.43E-05 5.43E-05 18.09706 <0.0001 
Pressure 1 0.000415 0.000415 138.3043 <0.0001 
Residuals 184749 0.554084 3.00E-06 NA 

 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.003806 0.003806 15066.11 0 

Acceleration 1 0.002753 0.002753 10897.1 0 
Road Grade 1 0.000283 0.000283 1121.415 <0.0001 
Temperature 1 4.75E-06 4.75E-06 18.7874 <0.0001 

Relative Humidity 1 0.000778 0.000778 3078.274 0 
Pressure 1 3.89E-05 3.89E-05 154.1017 <0.0001 
Residuals 184749 0.046673 2.53E-07 NA 

 
CO Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.317087 0.317087 14367.2 0 

Acceleration 1 0.212788 0.212788 9641.416 0 
Road Grade 1 0.013258 0.013258 600.712 <0.0001 
Temperature 1 0.009022 0.009022 408.7745 <0.0001 

Relative Humidity 1 0.00132 0.00132 59.81225 <0.0001 
Pressure 1 0.002752 0.002752 124.6838 <0.0001 
Residuals 184749 4.07745 2.21E-05 NA 

 
Fuel Use Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 102569.6 102569.6 69826.75 0 

Acceleration 1 64567.04 64567.04 43955.57 0 
Road Grade 1 5413.083 5413.083 3685.088 0 
Temperature 1 38.25306 38.25306 26.0417 <0.0001 

Relative Humidity 1 42.13714 42.13714 28.68588 <0.0001 
Pressure 1 19.69937 19.69937 13.41082 0.00025 
Residuals 184749 271380.7 1.468916 NA 

 
Note: DF – degree of freedom; SS – sum of squares; MS – mean of sum of squares. 
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Table S-25.  Results of ANOVA for a 1998 Plymouth Breeze with a 2.4 Liter Engine 
 
NO Emission Rate (g/sec) 

Source of variation DF SS MS F-Value p-value 
Speed 1 3.644012 3.644012 15559.35 0 

Acceleration 1 0.15036 0.15036 642.0144 <0.0001 
Road Grade 1 0.214493 0.214493 915.8526 <0.0001 
Temperature 1 0.095407 0.095407 407.3719 <0.0001 

Relative Humidity 1 0.016904 0.016904 72.17913 <0.0001 
Pressure 1 0.075182 0.075182 321.0132 <0.0001 
Residuals 35365 8.28251 0.000234 NA 

 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.015598 0.015598 2981.716 0 

Acceleration 1 0.002365 0.002365 452.1681 <0.0001 
Road Grade 1 0.000548 0.000548 104.745 <0.0001 
Temperature 1 0.000445 0.000445 85.11569 <0.0001 

Relative Humidity 1 4.68E-05 4.68E-05 8.945176 0.002784 
Pressure 1 0.000115 0.000115 21.9249 <0.0001 
Residuals 35365 0.185007 5.23E-06 NA 

 
CO Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 230.857 230.857 4135.245 0 

Acceleration 1 68.81134 68.81134 1232.589 <0.0001 
Road Grade 1 17.85838 17.85838 319.8897 <0.0001 
Temperature 1 0.296834 0.296834 5.317058 0.0211234 

Relative Humidity 1 2.173243 2.173243 38.9284 <0.0001 
Pressure 1 5.425286 5.425286 97.18089 <0.0001 
Residuals 35365 1974.31 0.055827 NA 

 
Fuel Use Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 12811.39 12811.39 30150.14 0 

Acceleration 1 3707.382 3707.382 8724.902 0 
Road Grade 1 808.6011 808.6011 1902.951 0 
Temperature 1 18.98808 18.98808 44.68628 <0.0001 

Relative Humidity 1 8.181808 8.181808 19.25495 <0.0001 
Pressure 1 61.90601 61.90601 145.6887 <0.0001 
Residuals 35365 15027.28 0.42492 NA 

 
Note: DF – degree of freedom; SS – sum of squares; MS – mean of sum of squares. 
 
 



219 

Table S-26.  Results of ANOVA for a 1997 Honda Accord with a 2.2 Liter Engine 
 
NO Emission Rate (g/sec) 

Source of variation DF SS MS F-Value p-value 
Speed 1 0.00556 0.00556 741.0698 <0.0001 

Acceleration 1 0.005765 0.005765 768.3936 <0.0001 
Road Grade 1 0.001456 0.001456 194.0139 <0.0001 
Temperature 1 4.90E-07 4.90E-07 0.065363 0.798218 

Relative Humidity 1 7.62E-05 7.62E-05 10.14981 0.001449 
Residuals 7600 0.057024 7.50E-06 NA 

 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.000818 0.000818 1726.848 0 

Acceleration 1 0.00049 0.00049 1035.321 <0.0001 
Road Grade 1 0.000119 0.000119 251.3915 <0.0001 
Temperature 1 2.13E-05 2.13E-05 45.01376 <0.0001 

Relative Humidity 1 4.21E-05 4.21E-05 88.86093 <0.0001 
Residuals 7600 0.0036 4.74E-07 NA 

 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.844501 0.844501 1419.357 <0.0001 

Acceleration 1 0.204251 0.204251 343.2856 <0.0001 
Road Grade 1 0.089522 0.089522 150.46 <0.0001 
Temperature 1 0.00018 0.00018 0.302675 0.582227 

Relative Humidity 1 0.019238 0.019238 32.33384 <0.0001 
Residuals 7600 4.521911 0.000595 NA 

 
Fuel Use Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 1325.896 1325.896 3964.799 0 

Acceleration 1 560.5023 560.5023 1676.058 0 
Road Grade 1 80.66476 80.66476 241.2102 <0.0001 
Temperature 1 0.043093 0.043093 0.128859 0.719628 

Relative Humidity 1 5.39835 5.39835 16.14258 <0.0001 
Residuals 7600 2541.568 0.334417 NA 

 
Note: DF – degree of freedom; SS – sum of squares; MS – mean of sum of squares. 
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Table S-27.  Results of ANOVA for a 2004 Dodge Status with a 2.7 Liter Engine 
 
NO Emission Rate (g/sec) 

Source of variation DF SS MS F-Value p-value 
Speed 1 0.001181 0.001181 96.12105 <0.0001 

Acceleration 1 0.000945 0.000945 76.90678 <0.0001 
Road Grade 1 0.00017 0.00017 13.80222 0.000207 
Residuals 3132 0.038484 1.23E-05 NA 

 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 5.40E-05 5.40E-05 116.4652 <0.0001 

Acceleration 1 6.42E-06 6.42E-06 13.85922 0.0002 
Road Grade 1 8.78E-07 8.78E-07 1.893516 0.168904 
Residuals  3132 0.001452 4.64E-07 NA 

 
CO Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.220673 0.220673 119.0132 <0.0001 

Acceleration 1 0.045239 0.045239 24.39832 <0.0001 
Road Grade 1 0.005147 0.005147 2.775865 0.095795 
Residuals 3132 5.807308 0.001854 NA 

 
Fuel Use Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 574.7406 574.7406 577.2025 <0.0001 

Acceleration 1 45.57893 45.57893 45.77417 <0.0001 
Road Grade 1 0.161459 0.161459 0.162151 0.687211 
Residuals 3132 3118.641 0.995735 NA 

 
Note: DF – degree of freedom; SS – sum of squares; MS – mean of sum of squares. 
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Table S-28.  Results of ANOVA for a 1997 Dodge Caravan with a 3.3 Liter Engine 
 
NO Emission Rate (g/sec) 

Source of variation DF SS MS F-Value p-value 
Speed 1 0.221524 0.221524 733.0213 <0.0001 

Acceleration 1 0.114733 0.114733 379.6504 <0.0001 
Road Grade 1 0.006608 0.006608 21.86428 <0.0001 
Temperature 1 0.056753 0.056753 187.7961 <0.0001 

Residuals 6390 1.931103 0.000302 NA 
 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.000331 0.000331 373.8692 <0.0001 

Acceleration 1 0.000498 0.000498 561.2213 <0.0001 
Road Grade 1 9.16E-06 9.16E-06 10.33694 0.0013104 
Temperature 1 2.56E-07 2.56E-07 0.288249 0.5913634 

Residuals 6390 0.005665 8.87E-07 NA 
 
CO Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.04021 0.04021 76.57054 <0.0001 

Acceleration 1 0.125114 0.125114 238.2497 <0.0001 
Road Grade 1 0.000496 0.000496 0.945246 0.330969 
Temperature 1 0.007343 0.007343 13.9839 0.000186 

Residuals 6390 3.35562 0.000525 NA 
 
Fuel Use Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 1897.537 1897.537 2028.378 0 

Acceleration 1 568.5051 568.5051 607.7054 <0.0001 
Road Grade 1 5.03333 5.03333 5.380394 0.020396 
Temperature 1 274.3753 274.3753 293.2944 <0.0001 

Residuals 6390 5977.81 0.935495 NA 
 
Note: DF – degree of freedom; SS – sum of squares; MS – mean of sum of squares. 
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Table S-29.  Results of ANOVA for a 2000 Dodge Caravan with a 3.3 Liter Engine 
 
NO Emission Rate (g/sec) 

Source of variation DF SS MS F-Value p-value 
Speed 1 0.317435 0.317435 10981.51 0 

Acceleration 1 0.053152 0.053152 1838.768 0 
Road Grade 1 0.016273 0.016273 562.9469 <0.0001 
Temperature 1 0.001775 0.001775 61.40238 <0.0001 

Relative Humidity 1 0.000611 0.000611 21.14764 <0.0001 
Pressure 1 0.000159 0.000159 5.502447 0.018995 
Residuals 37264 1.077165 2.89E-05 NA 

 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.000988 0.000988 80.63543 <0.0001 

Acceleration 1 0.000398 0.000398 32.5123 <0.0001 
Road Grade 1 2.17E-05 2.17E-05 1.773982 0.182898 
Temperature 1 1.04E-05 1.04E-05 0.847864 0.357163 

Relative Humidity 1 0.000161 0.000161 13.15092 0.000288 
Pressure 1 1.36E-05 1.36E-05 1.105981 0.292964 
Residuals 37264 0.456663 1.23E-05 NA 

 
CO Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 3.06521 3.06521 183.8198 <0.0001 

Acceleration 1 3.351935 3.351935 201.0147 <0.0001 
Road Grade 1 0.01426 0.01426 0.855155 0.355104 
Temperature 1 0.030701 0.030701 1.84112 0.174828 

Relative Humidity 1 0.168447 0.168447 10.10172 0.001483 
Pressure 1 0.029489 0.029489 1.76846 0.183581 
Residuals 37264 621.38 0.016675 NA 

 
Fuel l Use Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 20238.07 20238.07 37595.97 0 

Acceleration 1 6228.144 6228.144 11569.93 0 
Road Grade 1 530.0068 530.0068 984.586 <0.0001 
Temperature 1 2.690551 2.690551 4.998198 0.02538 

Relative Humidity 1 56.29417 56.29417 104.5769 <0.0001 
Pressure 1 4.122489 4.122489 7.658288 0.005654 
Residuals 37264 20059.37 0.538304 NA 

 
Note: DF – degree of freedom; SS – sum of squares; MS – mean of sum of squares. 
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Table S-30.  Results of ANOVA for a 2002 Dodge Caravan with a 3.3 Liter Engine 
 
NO Emission Rate (g/sec) 

Source of variation DF SS MS F-Value p-value 
Speed 1 0.007494 0.007494 306.8725 <0.0001 

Acceleration 1 0.015458 0.015458 633.0216 <0.0001 
Road Grade 1 0.00191 0.00191 78.21154 <0.0001 
Residuals 6801 0.166075 2.44E-05 NA 

 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 5.97E-05 5.97E-05 219.7869 <0.0001 

Acceleration 1 0.000205 0.000205 754.3858 <0.0001 
Road Grade 1 1.41E-05 1.41E-05 51.97302 <0.0001 
Residuals 6801 0.001846 2.71E-07 NA 

 
CO Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.049936 0.049936 35.92598 <0.0001 

Acceleration 1 0.230097 0.230097 183.8175 <0.0001 
Road Grade 1 0.032037 0.032037 25.59349 <0.0001 
Residuals 6801 8.513273 0.001252 NA 

 
Fuel Use Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 1706.847 1706.847 2693.132 0 

Acceleration 1 1351.235 1351.235 2132.032 0 
Road Grade 1 172.814 172.814 272.6728 <0.0001 
Residuals 6801 4310.322 0.633778 NA 

 
Note: DF – degree of freedom; SS – sum of squares; MS – mean of sum of squares. 
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Table S-31. Results of ANOVA for a 2000 Ford Crown Victoria with a 4.6 Liter Engine 
 
NO Emission Rate (g/sec) 

Source of variation DF SS MS F-Value p-value 
Speed 1 0.028119 0.028119 129.8676 <0.0001 

Acceleration 1 0.227125 0.227125 1048.989 <0.0001 
Road Grade 1 0.003356 0.003356 15.49776 <0.0001 
Residuals 11189 2.422625 0.000217 NA 

 
HC Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.00014 0.00014 397.3502 <0.0001 

Acceleration 1 0.000469 0.000469 1325.579 <0.0001 
Road Grade 1 1.48E-06 1.48E-06 4.19327 0.040608 
Residuals 11189 0.003955 3.54E-07 NA 

 
CO Emission Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 0.004623 0.004623 9.326488 0.002264 

Acceleration 1 0.010587 0.010587 21.35866 <0.0001 
Road Grade 1 0.000312 0.000312 0.628972 0.42775 
Residuals 11189 5.546279 0.000496 NA 

 
Fuel Use Rate (g/sec) 

Source of Variation DF SS MS F-Value p-value 
Speed 1 877.4517 877.4517 1076.782 <0.0001 

Acceleration 1 2115.489 2115.489 2596.064 0 
Road Grade 1 16.87509 16.87509 20.70859 <0.0001 
Residuals 11189 9117.73 0.814883 NA 

 
Note: DF – degree of freedom; SS – sum of squares; MS – mean of sum of squares. 
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Table S-32.  Frequency of Ranks by Contribution for Emission Affecting Factors 
 

Rankb Variable 
1 2 3 4 5 6 

Speed 38 2 0 0 0 0 
Acceleration 2 38 0 0 0 0 
Road Grade 0 0 35 3 1 1 

Air Temperature a 0 0 5 8 11 6 
Relative Humidity a 0 0 3 7 2 8 

Pressure a 0 0 0 6 7 5 

Note: number in this table refers to the frequency out of 40 or less.  a for some vehicles, these variables are not available. Thus, the sum of the 
frequency is not equal to 40. b Rank is based upon the F-test value for each ANOVA table for each pollutant and fuel use. 

Table S-33. Average Increase in Emissions for Road Grade Exceeding Five Percent versus 0% or less Grades for Selected Vehicles 
 

2005 Chevrolet 
Cavalier 2.2 L 

2005 Dodge 
Caravan 3.3 L 

2005 Chevrolet 
Tahoe 5.3 L Speed 

(mph) 
NO HC CO Fuel NO HC CO Fuel NO HC CO Fuel

< 35 116 112 122 106 272 129 170 118 165 88 84 83 
35-45 118 116 117 109 245 137  147 121 188 103 113 92

45-55 119 108 106 99 283 116 227 108 165 91 107 81

55-65 156 109 105 98 509 117 912 115 239 114 155 96
s > 65 156 74 67 65 370 78  690 79 221 101 154 81

 
Note: all in %; Data are based upon standardized average emission and fuel use rates 
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Table S-34.  Characteristics for Short Segments of Route 3 with Negative or Positive 
Road Grades 

Segments # of Segments Ave. Grade 
(%) 

Length 
(m) 

Range of segment length 
(m) 

- 134 -2.46 114 5-548 
+ 119 2.55 120 4-575 

Note: “-“ segments with negative road grades; “+” segments with positive road 
grades. 

Table S-35. The Percentage Change of Total Fuel Use and Emissions between 
Scenarios that Road Grade is Considered Versus Not Considered (%) 

Route Case NO HC CO Fuel 
a 17 15 15 14 
b -16 -12 -12 -11 1 
c -0.6 0.4 0.6 0.7 
a 21 19 19 17 
b -15 -14 -13 -12 2 
c -0.5 -0.5 -0.7 -0.9 
a 24 24 23 22 
b -20 -17 -16 -16 3 
c -3 0.6 0.7 0.2 

 
Note: 

Case a: For segments with negative road grades, road grade was assumed to be zero. 
Fuel use and emissions considering road grade were compared to those not 
considering road grade only for these segments.  
Case b: For segments with positive road grades, road grade was assumed to be zero. 
Fuel use and emissions considering road grade were compared to those not 
considering road grade only for these segments. 
Case c: Road grade was set to zero for the entire route. Fuel use and emissions   
considering road grade were compared to those not considering road grade over the 
entire route. 
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Table S-36.  The 95th percentile of Fuel Use and Emission Rates for a 2005 Chevrolet 
Cavalier with a 2.2 Liter Engine 

 

Route NO 
(mg/s) 

HC 
(mg/s) 

CO 
(mg/s) 

CO2 
(g/s) 

Fuel 
(g/s) 

# of 
 Run 

A 0.89 0.43 8.82 6.03 1.91 15 
B 1.07 0.81 11.71 6.80 2.15 14 
C 1.42 0.90 13.00 7.24 2.29 14 
1 1.21 0.91 15.53 8.05 2.55 14 
2 1.51 0.91 15.17 8.28 2.62 14 
3 1.33 0.56 11.03 7.28 2.31 13 

1R 1.19 0.92 17.35 8.62 2.73 16 
2R 1.19 0.70 16.31 8.20 2.60 13 
3R 0.97 0.67 11.17 7.40 2.34 15 
AR 0.51 0.41 9.87 6.26 1.98 14 
BR 0.67 0.49 9.10 6.33 2.00 12 
CR 0.81 0.58 9.11 6.67 2.11 15 

 
Table S-37.  The 95th percentile of Fuel Use and Emission Rates for a 2005 Dodge 

Caravan with a 3.3 Liter Engine 
 

Route NO 
(mg/s) 

HC 
(mg/s) 

CO 
(mg/s) 

CO2 
(g/s) 

Fuel 
(g/s) 

# of 
 Run 

A 1.00 1.39 8.05 10.22 3.23 14 
B 0.94 1.53 11.16 11.44 3.61 14 
C 1.00 1.41 11.02 11.54 3.65 13 
1 1.04 1.58 18.24 14.04 4.44 13 
2 1.16 1.44 14.21 13.61 4.30 14 
3 1.07 1.32 11.74 12.96 4.10 14 

1R 0.68 1.74 16.14 13.50 4.27 14 
2R 0.79 1.41 14.74 13.56 4.29 15 
3R 0.94 1.40 13.23 14.30 4.53 10 
AR 0.83 1.38 9.28 10.93 3.46 13 
BR 0.72 1.35 8.54 11.22 3.55 13 
CR 0.71 1.22 9.76 11.66 3.69 15 
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Table S-38.  The 95th percentile of Fuel Use and Emission Rates for a 2005 Chevrolet 
Tahoe with a 5.3 Liter Engine 

 

Route NO 
(mg/s) 

HC 
(mg/s) 

CO 
(mg/s) 

CO2 
(g/s) 

Fuel 
(g/s) 

# of 
 Run 

A 4.42 1.09 6.16 12.77 4.03 13 
B 5.07 1.33 8.55 13.80 4.36 14 
C 4.07 1.39 9.84 15.64 4.94 16 
1 3.40 1.73 13.00 17.01 5.37 15 
2 3.89 1.60 11.19 16.47 5.20 15 
3 5.18 1.28 12.36 17.34 5.48 13 

1R 3.10 1.70 14.97 17.89 5.65 16 
2R 3.05 1.52 14.20 17.28 5.46 12 
3R 4.06 1.51 10.66 16.55 5.23 14 
AR 3.52 1.32 6.83 13.33 4.21 14 
BR 3.55 1.28 7.07 13.13 4.15 14 
CR 2.86 1.21 9.68 14.77 4.67 15 

 
Table S-39.  Relative Frequency that Combined Trips will Covered at least 95th Percentile 

of the Total Variability in Fuel Use and Emission Rates for a 2005 Chevrolet Cavalier 
with a 2.2 Liter Engine (%) 

Route 1: 
# of Trip NO HC CO Fuel 

1 94.5 100 87.5 100 
2 100 100 98 100 
3 100 100 100 100 

 
Route 1R: 

# of Trip NO HC CO Fuel 
1 100 83.5 100 100 
2 100 99 100 100 
3 100 100 100 100 

 
Route C: 

# of Trip NO HC CO Fuel 
1 100 79 100 100 
2 100 93 100 100 
3 100 98.5 100 100 

 
Route CR: 

# of Trip NO HC CO Fuel 
1 100 100 100 100 
2 100 100 100 100 
3 100 100 100 100 

 
Note: * Based upon 200 Monte Carlo simulations 
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Table S-40.  Relative Frequency that Combined Trips will Covered at least 95th Percentile 
of the Total Variability in Fuel Use and Emission Rates for a 2005 Dodge Caravan with a 

3.3 Liter Engine 
 
Route 1: 

# of Trip NO HC CO Fuel 
1 100 100 100 85.5 
2 100 100 100 98 
3 100 100 100 99.5 

 
Route 1R: 

# of Trip NO HC CO Fuel 
1 100 100 100 100 
2 100 100 100 100 
3 100 100 100 100 

 
Route C: 

# of Trip NO HC CO Fuel 
1 100 100 100 100 
2 100 100 100 100 
3 100 100 100 100 

 
Route CR: 

# of Trip NO HC CO Fuel 
1 83.5 83.5 100 83.5 
2 96.5 96.5 100 96.5 
3 99.5 99.5 100 99.5 

 
Note: * Based upon 200 Monte Carlo simulations 
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Table S-41.  Relative Frequency that Combined Trips will Covered at least 95th Percentile 
of the Total Variability in Fuel Use and Emission Rates for a 2005 Chevrolet Tahoe with 

a 5.3 Liter Engine (%) 
 
Route 1: 

# of Trip NO HC CO Fuel 
1 100 100 100 92.5 
2 100 100 100 99.5 
3 100 100 100 100 

 
Route 1R: 

# of Trip NO HC CO Fuel 
1 100 92 100 92 
2 100 99 100 99 
3 100 99 100 99 

 
Route C: 

# of Trip NO HC CO Fuel 
1 100 94 100 100 
2 100 99.5 100 100 
3 100 100 100 100 

 
Route CR: 

# of Trip NO HC CO Fuel 
1 100 100 100 100 
2 100 100 100 100 
3 100 100 100 100 

Note: * Based upon 200 Monte Carlo simulations 

Table S-42.  Average Coefficient of Variation of the Average Fuel Use and Emission 
Rates on a Trip Basis for all Routes, Times of day, and Drivers 

 Vehicles Comparison 
Methods NO HC CO Fuel 

Actual 0.34 0.54 0.47 0.24 2005 Chevrolet 
Cavalier 2.2 L Standardized 0.20 0.16 0.17 0.15 

Actual 0.81 0.39 1.42 0.27 2005 Dodge 
Caravan 3.3 L Standardized 0.26 0.17 0.26 0.16 

Actual 0.24 0.33 0.40 0.20 2005 Chevrolet 
Tahoe 5.3 L Standardized 0.23 0.15 0.17 0.14 
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Figure S-1.  Scatter Plots of Measured vs. Predicted Emissions and Fuel Use Using VSP 
Binning Approach for a 2005 Chevrolet Cavalier 2.2 L Vehicle 
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Figure S-2. VSP-Based Modal Emissions for a 2005 Chevrolet Cavalier 2.2 L vehicle 
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Figure S-3. VSP-Based Modal Emissions for a 1997 Honda Accord 2.2 L vehicle 
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Figure S-4. VSP-Based Modal Emissions for a 2004 Dodge Stratus 2.7 L vehicle 
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Figure S-5. VSP-Based Modal Emissions for a 1998 Plymouth Breeze 2.4 L vehicle 
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Figure S-6. VSP-Based Modal Emissions for a 2000 Ford Crown Victoria 4.6 L vehicle 
 



234 

VSP Bin
1 2 3 4 5 6 7 8 9 10 11 12 13 14

C
O

2 E
m

is
si

on
 R

at
e 

(g
/s

)

0

5

10

15

20
1997 Dodge Caravan 3.3 L

VSP Bin
1 2 3 4 5 6 7 8 9 10 11 12 13 14

C
O

 E
m

is
si

on
 R

at
e 

(m
g/

s)

0.1

1

10

100

1000
1997 Dodge Caravan 3.3 L

VSP Bin
1 2 3 4 5 6 7 8 9 10 11 12 13 14

H
C

 E
m

is
si

on
 R

at
e 

(m
g/

s)

0

1

2

3

4

5
1997 Dodge Caravan 3.3 L

VSP Bin
1 2 3 4 5 6 7 8 9 10 11 12 13 14

N
O

 E
m

is
si

on
 R

at
e 

(m
g/

s)

0.01

0.1

1

10

100 1997 Dodge Caravan 3.3 L

 
Figure S-7. VSP-Based Modal Emissions for a 1997 Dodge Caravan 3.3 L vehicle 
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Figure S-8. VSP-Based Modal Emissions for a 2000 Dodge Caravan 3.3 L vehicle 
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Figure S-9. VSP-Based Modal Emissions for a 2002 Dodge Caravan 3.3 L vehicle 
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Figure S-10. VSP-Based Modal Emissions for a 2005 Dodge Caravan 3.3 L vehicle 
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Figure S-11. VSP-Based Modal Emissions for a 2005 Chevrolet Tahoe 5.3 L vehicle 
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Figure S-12. Actual Total Emissions and Fuel Use per Route as Functions of Route 
Travel Time 
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Figure S-13.  Standardized Average NO Emission Rates for Different Road Grade Ranges 
for Selected Vehicles 
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Figure S-14. Road Grade Profile for Route 3 via US-70 from North Raleigh to Research 
Triangle Park (RTP) 



238 

Fuel Consumption Rate (g/s)
0 1 2 3 4 5

C
um

ul
at

iv
e 

Fr
eq

ue
nc

y 
 (%

)

0

20

40

60

80

100
95%

Single Trip
Two Trips
Three Trips
14 Trips

 
Figure S-15. Cumulative Distribution Function of Fuel Consumption Rates for Multiple 
Trips on Route 1 for a 2005 Chevrolet Cavalier 2.2 L vehicle 
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Figure S-16. Cumulative Distribution Function of NO Emission Rates for Multiple Trips 
on Route 1 for a 2005 Chevrolet Cavalier 2.2 L Vehicle 
 
 

 

 



239 

 

 

 

 

 

Part VII 

 

 

VEHICLE-SPECIFIC EMISSIONS MODELING USING ON-ROAD VEHICLE 

EMISSIONS MEASUREMENTS 

 
This manuscript is in preparation for submission to Journal of Environmental Science and 
Technology 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



240 

VEHICLE-SPECIFIC EMISSIONS MODELING USING ON-ROAD VEHICLE 

EMISSIONS MEASUREMENTS 

H. Christopher Frey and Kaishan Zhang 
 

Department of Civil, Construction and Environmental Engineering 
North Carolina State University 
Campus Box 7908 
Raleigh, NC  27695-7908 
 
Email:  frey@eos.ncsu.edu 
Tel:  (919) 515-1155 
Fax:  (919) 515-7908 

 
 
ABSTRACT 

 The objective of this paper is to develop vehicle-specific micro-scale fuel use and 

emissions rate models based upon real-world measurements made using a portable 

emissions measurement system.  To account for the effect of the finite response time of 

the instrument, consecutive averaging periods of one to three multiples of the response 

time were used as a basis for comparing alternative model formulations.  Furthermore, 

after a preliminary evaluation of a dozen modeling approaches, two modeling schemes 

were evaluated using PEMS data for each of 10 vehicles.  One is based on variables 

observable within the vehicle, such engine speed (ES) and manifold absolute pressure 

(MAP), while the other is based on variables observable externally, such as speed, 

acceleration and road grade.  Models of both approaches produced accurate estimates of 

fuel use and CO2 emissions rate for all averaging times considered, with high precision as 

indicated by R2 values greater than 0.80.  For other pollutants, on average, the R2 ranges 

from 0.4 to 0.6 depending on the pollutant and modeling approach.  The models are 

shown to be sensitive to micro-scale features of driving cycles and can be used for 

prediction of vehicle-specific in-use emissions and energy use at a high temporal and 

mailto:frey@eos.ncsu.edu
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spatial resolution.  Micro-scale vehicle-specific model can be aggregated for meso-scale 

emissions estimates. 

1.0 INTRODUCTION 
 

The purpose of this paper is to develop an approach for micro-scale estimation of 

vehicle-specific emissions based on real-world data, in order to support long-term future 

development of more accurate and robust approaches to emissions estimation.  An 

accurate assessment of highway vehicle emissions is essential for effective air-quality 

management (1, 2).  Such emission estimates are needed at various spatial and temporal 

scales, including macro-, meso-, and micro-scale (2).  Macro-scale refers to urban or 

regional emission inventories based on aggregated data. Meso-scale refers to sub-regional 

estimates, such as for vehicle corridors.  Micro-scale refers to nearly instantaneous 

vehicle emissions at specific locations, such as an intersection or segment of roadway.  

These different scales support different types of analyses.  For example, many existing 

traffic demand models produce meso-scale estimates of average vehicle speeds for 

roadway links (3, 4).  However, because vehicle emissions are highly episodic in nature, 

there is a critical need to better quantify the local effect of traffic control measures and 

other factors that create variability in vehicle speed and acceleration (1, 2).  

Emissions factor models quantify the relationship between emissions and factors such 

as vehicle dynamics (e.g., speed and acceleration) and roadway infrastructure (e.g., road 

grade) at multiple scales (2).  Since micro-scale emissions estimates can be aggregated 

over space and time to produce meso- or macro-scale estimates, an ability to accurately 

estimate micro-scale emission factors is a key step toward development of a highly 

flexible vehicle emissions estimation system.      

Currently, the most widely used emission factor model, MOBILE6, is appropriate for 

macro- and meso-scale estimates of vehicle fleets, but is not applicable to the micro-scale 
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(1, 2).   Alternative methods for emissions estimation applicable to the meso- and micro-

scale have been explored for a number of years, including stratification of empirical data, 

statistical regression, neural network, and physically-based approaches.   Modal-based 

approaches involve stratification of data based on speed and acceleration, vehicle specific 

power, or other factors, and are derived either based on a priori definitions of modes or 

from a statistical analysis of data using methods such as hierarchical tree-based regression 

(5-11).  Modal-based approaches are the foundation of the MOVES model that is under 

development to replace MOBILE6 (12).  Statistically-based approaches include simple 

least-squares linear regressions, and time series modeling, among others (13).   A neural 

network attempts to predict emissions by training the network with known emissions and 

vehicle activity datasets (14).  Physically-based approaches typically attempt to explicitly 

model the physics and chemistry of pollutant formation and control taking into account 

detailed characteristics of the vehicle and its operation (15-18).  Examples include the 

CMEM and PERE models (16-18).   

The advantage of the modal approaches is that they are relatively easy to derive and 

are conceptually straightforward in their implementation.  Furthermore, they do not 

require fitting of an analytical model and thus do not introduce errors that might occur if 

the model is not a good fit to the data.  However, such models inherently involve a 

significant amount of averaging of data (since a mode typically represents the average 

emissions for a significant proportion of the vehicle activity pattern), which may be 

adequate for meso-scale purposes but can reduce their explanatory power and potentially 

limit their usefulness for micro-scale applications. 

Statistically-based approaches typically involve fitting a model to empirical data.  For 

some types of models, such as higher order polynomials, the terms in the model may or 

may not have any physical interpretation. For example, the product of speed (v) and 
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acceleration (a) is a surrogate for power demand (av) while a3v3 does not have an explicit 

physical interpretation or relevance.   However, if properly formulated, statistically-based 

models can be both physically plausible while offering a useful degree of explanatory 

power.  A key challenge, however, is whether such models can be developed 

appropriately for use in micro-scale emissions estimation.   

The physically-based approaches typically have substantial requirements for input 

data that limit their practicality for general application.  However, simplified models that 

have a physical basis may offer a substantial degree of explanatory power.  For example, 

vehicle specific power (VSP), which is a function of speed, acceleration, and road grade, 

has been shown by others to be an excellent predictor of vehicle fuel use (11).  Because 

emissions of many pollutants have a significant relationship to fuel use, VSP has also 

been shown to be a useful explanatory variable for vehicle emissions. 

The modeling methodologies that are the focus of this paper are a modal approach and 

two statistical approaches that are informed by insights from previous work of others in 

the area of physically-based modeling.    

Most vehicle emission models focus on providing average emission factors that are 

intended to represent a vehicle fleet.  However, such modeling often involves 

compromises, because the relationship between emissions and the explanatory variables 

can differ from one vehicle to another.   Therefore, in this work, we take the approach of 

developing separate models for individual vehicles.  This allows for assessment of inter-

vehicle similarities and differences to determine whether a single modeling approach can 

be appropriately used for all vehicles.  Furthermore, in a purely micro-scale approach, one 

could estimate emissions for individual vehicles (or for individual classes of similar 

vehicles) and aggregate them to arrive at an overall average emission rate appropriate for 
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a particular vehicle fleet operating at a particular location and time on the roadway 

network.   

Emissions can be measured by a variety of methods.  For light duty gasoline vehicles 

that are the focus of this paper, the most common measurement methods include chassis 

dynamometer tests, remote sensing, tunnel studies, and portable emissions measurement 

systems (PEMS).  Chassis dynamometers can produce either average or second-by-

second data on emissions for a specified standardized driving cycle (19).  Remote sensing 

involves capturing a “snapshot” of instantaneous ratios of pollutants in vehicle exhaust as 

the vehicles pass through a specific location (20).  Tunnel studies enable characterization 

of average emission rates for a segment of roadway enclosed by a tunnel (21).  PEMS can 

be installed on a vehicle and used to collect data along any route driven by the vehicle 

(22).  Of these methods, dynamometer and PEMS measurements are most suited to 

capturing details of intra-vehicle variability in activity and emissions, whereas remote 

sensing is more adept at quantifying a snapshot of inter-vehicle variability at one location.  

Tunnel studies inherently involve averaging of emissions over the entire roadway 

segment and thus are not applicable to detailed micro-scale model development.  When 

comparing dynamometer and PEMS data, the latter have the advantage of representing 

actual real-world conditions, although dynamometer measurement methods are typically 

more accurate and precise.  Overall, a choice was made to focus on the use of PEMS data 

as a basis for development of micro-scale models.  In a closely related study, PEMS data 

have been collected for 10 vehicles on alternative routes between two origin and 

destination pairs at different times of day and with different drivers, producing data that 

capture a wide range of variability in vehicle activity and ambient conditions (23).  These 

data are used as the basis for model development here. 
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2.0 EXPERIMENTAL SECTION  

This section describes methodologies for:  (1) on-road data collection; (2) 

development of datasets for model building and validation; (3) selection of vehicle-

specific emissions and fuel use modeling approaches; and (4) model evaluation.  

2.1 Data Collection  

  The data used for model development and evaluation were collected as detailed 

elsewhere and briefly summarized here.  In order to capture a substantial range of intra-

vehicle variability, data were collected extensively for three “primary” vehicles using a 

PEMS, and were supplemented with fewer data on each of seven additional secondary 

vehicles.   

The primary vehicles were operated by three different drivers on three alternative 

routes between each of two origin and destination (O/D) pairs.   On average, there were 

65 hours of second-by-second data collected over a three week period for each primary 

vehicle, involving an average of 14 runs on each route and travel direction.  The routes 

captured a variety of roadway facility types (e.g., feeder/collector street, minor arterial, 

major arterial, freeway) and road grades (varying between approximately plus or minus 

eight percent).  Data were collected in both travel directions on each route for both 

morning and afternoon weekday time periods, thereby capturing both peak and off-peak 

traffic flow.     

Based on analysis of data collected for the primary vehicles, an estimate was made of 

the minimum field data requirement necessary to adequately quantify intra-vehicle 

variability in emissions.  As a result of the analysis, one preferred route was identified, 

and a minimum of three round-trips on the preferred route was determined to adequately 

capture variability with 95 percent confidence.  Thus, for each secondary vehicle, data 

collection typically occurred during one day by one driver.   
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The measurements were made using the Montana system PEMS manufactured by 

Clean Air Technology International, Inc.  This PEMS acquires tailpipe emissions 

concentrations and vehicle activity data on a second-by-second basis, as detailed 

elsewhere (21).  Emissions measurements include NO, Hydrocarbons (HC), CO, CO2, 

and O2.  Vehicle activity data include speed and acceleration, and engine data such as 

engine speed (ES, in rpm), throttle position percentage (TP, in %), coolant temperature 

(CT, in ºC), manifold absolute pressure (MAP, in kPa), and intake air temperature (IAT, in 

ºC).   Road grade was estimated by a light detection and ranging (LIDAR)-based method 

(24).  As detailed elsewhere (22, 25, 26), this PEMS has adequate accuracy and precision 

compared to laboratory dynamometer tests. 

A summary of the data collection activities by vehicle is given in the supporting 

information (SI). 

2.2 Emissions Modeling and Validation Datasets  

The field data were stratified into two datasets.  One, the “modeling dataset,” was 

used to build models and the other, the “validation dataset,” was used to validate the 

models.  In order for both the modeling and validation datasets to have similar vehicle 

dynamics, trips from the same route were randomly but proportionally selected to form 

the modeling and validation datasets.  Approximately 75% of all trips on a route were 

selected to populate the modeling dataset and the other 25% were included in the 

validation dataset.  A Kolmogorov-Smirnov (K-S) two sample test (27, 28) was used to 

conform that the modeling and validation datasets had non-significant differences in 

vehicle speed and acceleration distributions. 
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2.3 Vehicle-Specific Fuel Use and Emissions Modeling Schemes 

This section describes the selection of statistical approaches for modeling, 

methods to ensure that the basic assumptions for statistical model are met, and 

development of two modeling approaches for PEMS-based emissions and fuel use. 

2.3.1 Selection of Statistical Approaches 

Both non-parametric and parametric regression approach can be used for 

emissions modeling.  Nonparametric regression (NPR) techniques include kernel 

regression, local polynomial regression, spline regression, additive models, generalized 

additive models and others (29-32).  The form of a fitted NPR function is mainly data-

driven.  NPR models do not provide an explicit mathematical equation for model 

interpretation.  In addition, NPR models did not provide much higher explanatory 

capability than parametric regression models.  For these reasons, they were excluded from 

further consideration. Parametric regression includes linear and non-linear regression 

models.  

Linear regression models describe how the mean of the dependent variable varies 

with respect to changes in the corresponding explanatory (independent) variables.  A 

linear regression model can be a linear combination of “basis functions” in which the 

basis functions themselves might be nonlinear.  In order to have confidence in the 

predictive ability of a regression model, each variable in the model should have a physical 

interpretation.  In order to produce unbiased estimates of the model parameters, the model 

residuals should have constant variance and zero mean and be independently and 

identically distributed (iid). 

In some cases, a model with a physicall-based interpretation cannot be simplified 

to a linear combination of basis functions, and may be inherently non-linear.  In these 
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cases, non-linear regression is used.  Compared to linear regression, non-linear regression 

is more sensitive to outliers (33).   

2.3.2 Criteria for Application of Linear Regression 

If residuals do not have constant variance, and vary with one or more of the 

independent variables, then there is heteroscedasticity.  A method for eliminating 

heteroscedacity is the Box-Cox transformation (BCT) (34, 35).  The general BCT is: 
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Where yi’s are observations and λ is the BCT coefficient. λ can be obtained by 

minimizing the variance of the transformed variables (35).  When λ is non-zero, the BCT 

is reported as λ
iy  for simplification.  Variables transformed using the BCT and used for 

linear regression will meet the general assumption of constant variance.  However, when 

variables are back-transformed, predictions based upon the model using transformed 

variables are biased and have to be corrected.   

For example, assume Z is the transformed form of a dependent variable Y: 

εβλ +== ˆXYZ                                                            (2) 

Where 1)'('ˆ −= XXYX λβ  and the residual error is ),(~ 2σμε N .  For the cases with λ = 

0 and λ = 0.5, when the mean of the reidual error, μ, is zero, the expectation of Y is:  
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In either case, the variance of the residual is part of the back-transformed expression.  

Thus, the back-transformation will be biased if the model residual is ignored, even if its 

mean is zero.  Therefore, in order to obtain a best estimate of Y, model residuals have to 
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be taken into account.  For non-zero λ, the expectation of the back-transformed Y is 

approximated using Taylor series expansion:  

)()ˆ)(11(1)ˆ()ˆ()( 222111

μσβ
λλ

βεβ λλλ +−+≈+=
−

XXXEYE                  (5) 

The detailed derivations for Eqs 3 to 5 are given in the Supporting Information.  For 

the databases described in this paper, λ is approximately 0.1 for NO, and 0.3 for HC and 

CO. 

The assumption of iid residuals is not often true for models fit to raw second-by-second 

emissions data, since the vehicle activity and emissions in one second is dependent on 

activity and emissions in recent seconds.  For example, an engine typically does not run at 

high RPM in one second unless it had been run at moderate to high RPM in a previous 

second.  On-road emissions data were collected in several to many continuous time 

periods and therefore are comprised of multiple time series per vehicle.  The time 

constants of the PEMS emissions sensors are longer than the rate at which data are 

reported (36), which imposes a correlation in the measured values even if the true 

emissions are changing independently every second.  The time constant is the time that an 

instrument takes to reach 63% of the final measurement (37).  Thus, emissions modeling 

using PEMS data should take into account the response time of the instrument.  A 

technique for reducing the influence of autocorrelation is to stratify the data and work 

with average, rather than continuous, values in each strata.  Therefore, models were 

developed based on consecutive averages of vehicle activity and emission data that were 

equal to or greater than the response time of the emissions sensors.   

2.3.3 Emissions Modeling 

The vehicle-specific micro-scale emissions models were developed taking into 

consideration their potential applications.  One possible future application is to couple 

such models with transportation simulation models that estimate externally (to the 
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vehicle) observable information such as speed and acceleration of individual vehicles on a 

roadway network, as well as characterize infrastructure features such as road grade.   

Another is to use the models as part of an in-vehicle information system that could report 

to a driver or, via a communication system, a traffic management facility, regarding real-

time fuel use and emissions.  Such information could guide real-time decision making 

regarding driver behavior, traffic control, or routing.  A modeling approach to estimating 

emissions would be cheaper than installing pollutant sensors in the vehicle.  An in-vehicle 

model could access internally observable data from the on-board diagnostic system, such 

as engine RPM, IAT, and MAP.  A key question is whether a model based on internally 

observable variables, such as the latter is more accurate or precise than one based on 

externally-observable ones, such as the former.  

2.3.3.1 Internal Observable Variable Model (IOVM) 

ES and MAP were used as explanatory variables because ES and MAP are two 

significant factors in fuel injection control (38) and they are strongly influenced by 

vehicle dynamics such as speed and acceleration. 

The formation of CO and HC are intimately coupled with the fuel combustion 

process whereas NO formation is assumed to occur as part of post-flame processes (38).  

These processes account for engine-out emissions prior to the catalytic converter.  One 

modeling is approach is used to estimate fuel use and emission rates of HC and CO, while 

another is used to model NO emissions.  The former were modeled as: 

t
enginemapi

t
i SPam

ΔΔ
=                                                        (6)    

Where  

im   = Average mass emission rate for specie i (fuel, CO, HC) for a  
consecutive averaging period, g/sec 

Pmap   =  Manifold absolute pressure, kpa 
Sengine  = Engine speed, rpm 
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enginemapSP  = Average of the product of Pmap and Sengine for a  
consecutive averaging period 

 ai  = model coefficient for specie i 
Δt  = index for averaging period 

The theoretical NO formation rate in the engine is assumed to be based on a 

simplified Zeldovich mechanism (38): 

                        ee NO
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Where 

 d[NO]/dt = NO formation rate (mol/cm3-s) 
 T  = gas temperature in the cylinder (K) 
 [O2]e  = equilibrium concentration of O2 in the engine (mol/cm3) 
 [N2]e  = equilibrium concentration of N2 in the engine (mol/cm3) 

However, since the gas temperature and equilibrium concentrations of oxygen and 

nitrogen in the cylinder are not measured by PEMS or reported by the OBD system, these 

are not observable.  Assumptions are made that the engine gas temperature is proportional 

to fuel use and that the concentrations of oxygen and nitrogen in the engine are constant 

at equilibrium.  Based on these assumptions, the model is simplified to:  
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Where  

NOm   = average mass emission rate for NO for a     
     consecutive averaging period, g/sec 
aNO, bNO = model coefficients  

Equations 6 and 8 are based on factors governing engine-out emissions.  To 

convert to tailpipe emissions, a catalytic converter efficiency (CCE) must be assumed.  

CCE is a function of the AFR and exhaust temperature (38-41), both of which will vary 

over time.  For example, AFR can vary with a frequency from 0.5 Hz to 4 Hz (41).   

However, because consecutive averages of emissions and engine data are used, AFR and 
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exhaust temperature are stable over the averaging time period.  Therefore, the assumption 

of a constant CCE is reasonable.  

The NO model parameters are fitted using non-linear regression.  A statistical 

package “R” is used to accomplish this work (42). 

2.3.3.2 External Observable Variable Mode (EOVM) 

VSP is a measure of road load on a vehicle and is defined as the power per unit 

mass to overcome inertial acceleration (power demand), rolling resistance, road grade and 

aerodynamic drag (11): 

 ( )( )
m

AvCgCgravVSP DR
1

2
11 3ρε ++++=                                 (9) 

Where 

 v = vehicle speed (m/s) 
 a  = vehicle acceleration (m/s2) 
 ε = mass factor accounting for the rotational masses (~ 0.1) 
 g = acceleration of gravity (9.8m/s2) 
 r = road grade 
 CR = rolling resistance coefficient (dimensionless, ~ 0.0135) 
 CD  = aerodynamic drag coefficient (dimensionless) 
 ρ = ambient air density (1.207 kg/m3 at 20 ºC) 
 A = vehicle frontal area (m2) 
 m = vehicle mass (in metric tons) 
 VSP = Vehicle Specific Power (kw/ton) 

The CDA/m term in Eq 9 varies by vehicle.  For example, the difference could be a 

factor of two between an empty compact car and a full size passenger car (11).   

For each vehicle, individual terms in Eq 9 were used as basis function in a linear 

regression model.   Prior to model calibration, the data were stratified into idle and non-

idle because fuel use and emissions is not sensitive to VSP when speed is zero (43).  The 

former has a zero speed and acceleration.  The model for non-idle is:  

j
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Where: 
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av    = average of the product av, for a consecutive averaging  
period (km2/h2s)  

ε j   = model residual for specie j 
j   = specie (i.e. NO, HC, CO, CO2 and fuel use) 

jm        = average of mass emission rate specie j. for a consecutive  
averaging period, (g/s) 

v    = average of v for a consecutive averaging period, (km/h) 
vr    = average of vr for a consecutive averaging period, (km/h) 

3v    = average of v3 for a consecutive averaging period, (km3/h3) 
A j, B j, …, D j  = model coefficients for specie j  

 
When the vehicle is idling, the corresponding fuel use and emission rates are represented 

by a constant average. 

2.3.4 Model Evaluation 

The purpose of model evaluation is to:  (1) compare and select from among 

several alternative averaging times as the basis for the consecutive averages ; (2) 

demonstrates the sensitivity of the model predictions to micro-scale features of driving 

cycles such as idle, acceleration, cruise, and deceleration; and (3) demonstrate the 

procedures by which the models are applied to make predictions of energy use and 

emissions. 

Both IOVM and EOVM were developed from modeling datasets for each vehicle.  

These models were used to predict emissions and fuel use for comparison to validation 

values.  The model development and comparisons were done for various averaging times. 

In order to evaluate the sensitivity of the models to different driving cycles (inter-

cycle variability), and to assess the ability of the models to make micro-scale predictions 

for a given cycle (intra-cycle variability), the models were used to predict fuel use and 

emissions for a selected set of driving cycles.  These cycles included four chassis 

dynamometer cycles and four representative real-world cycles from field data collection.  

The four dynamometer cycles include Bags 1, 2, and 3 of the Federal Test Procedure 

(FTP), US06, New York City Cycle (NYCC), and California LA92.   
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For the EOVMs, the model inputs from the cycles are based on the second-by-

second speed profiles, from which acceleration can be inferred.  Road grade was assumed 

to be zero.  Estimates of average emissions for the various cycles were compared, on a 

percentage difference basis, to the estimate for the FTP for a given vehicle, pollutant, and 

averaging time.   For benchmarking purposes, a similar assessment of percentage 

differences in average emission rates were done using the MOBILE6 model, for ambient 

conditions and vehicle model year the same as for each tested vehicle.  Of course, 

because MOBILE6 produces fleet average emission rates, it is not expected to produce 

exactly the same percentage changes from one cycle to another as for an individual 

vehicle.  However, the average changes in emissions from one cycle to another were 

averaged over the 10 vehicles in order to obtain an approximately estimate of a fleet 

average that is more comparable to the output of MOBILE6.   

For the IOVMs, only the real world driving cycles could be used for assessment 

because vehicle-specific engine speed and RPM data were available for these, but not for 

the dynamometer cycles.  Further details regarding the model evaluation study are given 

in the Supporting Information. 

3.0 RESULTS AND DISCUSSION  

Results are presented for: (a) the identification, comparison, and selection of 

modeling approaches; (b) evaluation of model goodness-of-fit; (c) assessment of the use 

of the BCT; (d) evaluation of minimum data requirements for model development; and 

(e) evaluation of the choice of model averaging time and its effect on model resolution. 

3.1 Modeling Approaches Selection 

In an effort to seek the appropriate modeling approach, several modeling schemes 

were compared with respect to goodness-of-fit using data collected for a 2005 Chevrolet 

Cavalier 2.2 L vehicle.  As shown in Table 1, these include a VSP binning approach 
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(Model 1), linear regression approaches such as simple linear and polynomial regression 

(Models 2-8), time series approaches such as moving averages (MA) and time series 

regression with serial errors (TSRSE) (35, 44) (models 9 and 10, respectively), and 

physically-based approaches (models 11 and 12).    

The best goodness-of-fit was produced by Models 10, 11, 12, and 14.  The lowest 

R2 among these four models for a given pollutant is higher than the R2 values for any 

other model.  The highest R2 values for NO, HC, and CO were obtained with the TSRSE 

model.  Because this model requires knowledge of prior model residuals, it cannot be 

used to make predictions.  It illustrates, however, that there is autocorrelation in the 

residuals of model predictions.  This motivates the use of methods that either account for 

or reduce the effect of autocorrelation.  The attempt to account for autoregresion by 

considering lag effects in the explanatory variables, as embodied in Model 9, produces a 

fairly poor goodness of fit for all pollutants and thus is not an effective approach.  An 

alternative is to use consecutive averaging times in an attempt to “average out” 

autocorrelation effects.  Models 11, 12, and 14 use consecutive averages and produce R2 

values that are quite high for fuel use (and CO2 emissions) and imply that approximately 

35 to 60 percent  of the variability in the emissions of the other pollutants can be 

explained.   Overall, Models 11, 12, and 14 are the most practical basis for more 

extensive exploration.  Models 11 and 12 are IOVMs and Model 14 is the basis for the 

EOVMs. 

3.2 Model Goodness-of-Fit 

  IOVMs and EOVMs were developed for each of the three primary and seven 

secondary vehicles, based on a default consecutive averaging time of three multiples of 

the gas analyzer response time.  For NO, the averaging is 18 seconds and for the other 

pollutants and fuel use the averaging time is 12 seconds.   Each model was fit to the 
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modeling data base.  The goodness of fit is assessed based on the slope and R2 of a parity 

plot of predicted versus actual average emissions for each consecutive average time 

period.  The slope is an indicator of model accuracy while the R2 is an indicator of model 

precision.  Furthermore, the models were applied to the validation data sets to make 

independent predictions of emissions and fuel use.  The model predictions for the 

validation were plotted versus the actual values and a slope and R2 for the trend line was 

assessed.  Ideally, the goodness of fit for the validation data set should be similar to that 

of the modeling data set. 

The results of goodness of fit for the IOVMs are given in Table 2.  As expected, 

the slope in the modeling domain is unity for all vehicles.  The slope in the validation 

domain varies depending on the robustness of the model in explaining variability in the 

validation data.  In most cases, the slope in the validation domain is close to one, with 

average values among the 10 vehicles for each pollutant ranging from 0.98 to 1.05.  In 

only four cases does the slope differ from unity by more than 20 percent, primarily for 

HC (in three cases) and CO (in one case).  The overall results here indicate that the IOVM 

approach is robust with respect to inter-vehicle differences. 

However, the portion of intra-vehicle variability explained by the models varies 

among the vehicles.  On average, 40 to 99 percent of the variability can be explained for a 

given pollutant or for fuel use.  However, there are isolated cases in which the R2 values 

are very low.  For example, R2 values of less than 0.3 occur for 6 cases in Table 2, of 

which 4 are for CO, one is for HC, and one is for NO.  There is only one pollutant for a 

given vehicle associated with such low R2 values except for the 2000 Dodge Caravan.  

The low R2 values for CO are likely to be associated with vehicles that have highly 

pronounced fuel enrichment characteristics, that in turn are associated with short episodes 

of high CO emissions.    The data were not further stratified to attempt to isolate possible 
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enrichment episodes because: (1) the average duration of fuel enrichment is less than two 

seconds, which is much shorter than the averaging time used in the models; and (2) data 

associated with fuel enrichment condition are not indicated by the PEMS.  Furthermore, 

enrichment events are sensitive to the response of the catalytic converter, whose 

performance (in terms of second-by-second control efficiency by pollutant) is mostly 

unobservable even when OBD data are available.   

The goodness-of-fit is excellent for fuel use for both modeling and validation data 

sets for all 10 vehicles, with an average R2 of 0.99 and an average slope of one.  

Furthermore, there is little variability in either of these values among the 10 vehicles.   

The goodness-of-fit for the validation data is very similar to that for the modeling 

data, indicating consistent performance of the models. 

 The MAP in the Ford vehicle is not reported by the ECU.  Thus, the air intake 

flow rate can not be derived using engine data.  However, the ECU directly reports the air 

intake flow rate.  Because the IOVMs use RPM and MAP as explanatory, a constant 

MAP is used exclusively for modeling for the Ford vehicle.  This diminishes the 

explanatory power of the model.   

The general results for the EOVMs are qualitatively similar to those for the 

IOVMs, based on a comparison of Tables 3 and 2, respectively.  The main differences are 

that the R2 values for a given vehicle and pollutant are typically lower for the EOVM than 

for the IOVM.  Because there are 10 vehicles and 4 predicted model outputs, there are a 

total of 40 models.  Of these 40. the EOVMs have an R2 0.00 to 0.10 less than for the 

IOVMs in 27 cases, compared to average EOVM R2 values for a given pollutant of 0.38 

to 0.90, depending on the dependent variable.  The average decrease in the R2 is -0.10, -

0.05 -0.03, and -0.09 for NO, HC, and CO emissions, and fuel use, respectively.   For 

cases where a large decrease in R2 occurred for an EOVM vs the corresponding IOVM, 
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the EOVM nonetheless has substantial explanatory power.  For example, for four cases 

where the decrease in R2 was greater than 0.2, the average R2 for the EOVMs is 0.55.  

The six cases for the IOVMs that had very low R2 values (of 0.30 or smaller) also had 

low R2 values for the EOVMs. 

Details of the model parameters for both the IOVMs and EOVMs for all 

pollutants and dependent variables are given in the Supporting Information. 

3.3 Box-Cox Transformation 

The use of the BCT was evaluated by comparing IOVMs as reported in Table 2 

with corresponding models developed using the BCT.  The comparison was done based 

on goodness-of-fit in the BCT domain and after back-transformation of the model.   

IOVM using BCT were also developed and validated in order to determine the 

idea, if any, of the transformation.  Models in the BCT transformation domain generally 

resulted in higher R2.  However, when the dependent variable was back-transformed, the 

R2 of the observations vs. the predicted value (back-transformed from BCT) is much 

smaller.  Furthermore, the slope is deviated considerably from unity, especially for NO.  

For the Chevrolet Cavalier, the R2 for NO in the transformation domain is 0.85.  

However, it drops to 0.1 in the back-transformation domain and with a slope of 0.003.  

This is probably because the statistical model is developed using least squares estimates.  

The estimated model parameters will remain optimal and unbiased in the modeling 

datasets.  Any changes in the data in other datasets will lead to bias in the estimator, thus, 

a comparable R2 in the validation datasets cannot be guaranteed.  Details regarding 

models using the BCT are given in SI. 

Because of the generally much lower R2 in the back-transformation domain and 

the frequent occurrence of non-unity slopes, there appears not worthy to apply 

transformation methods for dependent variables. 
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3.4 Minimum Data Requirement 

In order to evaluate the data reduction strategy, eight trips (approximately three 

hours of data) on preferred routes were randomly selected separately for each of the 

primary vehicles for emissions modeling.  The three-hour dataset was split into modeling 

and validation datasets as discussed previously. 

As shown in Table 4, IOVMs appear to have similar performance as reflected in 

R2 and slope for both three-hour dataset and overall dataset.  In most cases, the relative 

difference in predicted values by two models for each pollutant is within 10%, and within 

1% for fuel use rate.  On occasions the difference can be as high as 40%.   Three-hour 

data appear to be adequate for emissions and fuel use modeling.  Thus, the data collection 

reduction strategy provides an effective way for future data collection. 

3.5 Choice of Averaging Time and Model Sensitivity 

This section discusses the effect of the choice of averaging time on model 

performance and how the model will respond to change in driving conditions with details 

given in SI. 

The choice of averaging time will ultimately affect the model performance.  For 

example, an increase in averaging time leads to an increase in R2, mitigation in 

autocorrelation and a decrease in residual variance.  However, a long averaging time will 

smear out the effect of the micro-scale events in vehicle operation on emissions during a 

driving cycle.  For example, the effect of a frequent acceleration and deceleration on 

emissions will not be distinguished during the averaging period.  On the other hand, in 

order to evaluate the local effect (corridor or intersection level) of the transportation 

control measurements (TCMs) and transportation improvement programs (TIPs), corridor 

or intersection level hot spots in emissions are needed to be identified.  However, for 

example, a spatial resolution of 350 m (with an average speed of 70 kmh and an 
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averaging time of 18 seconds) may not meet the needs because usually an intersection is 

not that long.  Therefore, the spatial resolution should be taken into account for a choice 

of the averaging time when a model is applied. 

As detailed in SI, by varying the averaging time from one to three times the time 

constant (3 to 18 seconds) for all pollutants, the difference in R2 is less than 0.1 in 

absolute value.  However, the autocorrelation is still significant with a slightly reduced 

variance.  Particularly, the averaging time does not change the R2 for fuel use for IOVM 

and has negligible effects on the R2 for EOVM.  Moreover, the choice of averaging time 

does not make much difference in emissions change from one cycle to the FTP in most 

cases, which indicate a high temporal and spatial resolution can be achieved.  Thus, the 

models can be used for micro-scale predictions of emissions and energy use.  An 

illustration of the use of model for micro-scale prediction of emissions will be given later. 

In general, both EOVM and MOBILE6 have similar trend in emission change 

from one cycle to the FTP, although the magnitude of change may be different.  

Compared to MOBILE6, CO2 emissions change from one cycle to the FTP can vary from 

-80% to 100% depending on cycle and vehicle using EOVM with NYCC having the 

largest positive change and Route 2 having the largest negative change for most vehicles.  

However, MOBILE6 does not produce any difference.  This may be because the tested 

vehicles all belong to the same vehicle class.  Thus, MOBIlE6 estimates the same fuel 

economy.  Moreover, the absolute emission change from one cycle to the FTP using 

EOVM is relatively smaller.  This indicates that the averaging trip speed is only one 

factor affecting the emissions.  Other short-term variability in vehicle operation 

conditions also contributes to the emissions.  EOVM is more sensitive to these variations 

that MOBILE6.  For other pollutants, NYCC still has the largest emission change in 

emissions for both MOBILE6 and EOVM.   NYCC has the lowest speed but have the 
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longest travel time.  The emissions in a unit of gram per mile depend on not only the mass 

rate per time but also time per distance.  This explains some low speed driving cycles 

have larger percentage change in emissions per mile. 

In general, IOVM has higher explanatory power than EOVM.  When engine data 

are available, IOVM is preferred.  However, EOVM may have more practical value for 

traffic management since internal observable variables usually are not available or not 

used for emission estimation.  As detailed in the SI, over the entire trip, total fuel use and 

emissions estimated by IOVM and EOVM are comparable.  For example, for HC and fuel 

use, the relative difference between IOVM and EOVM is approximately 10% for all three 

primary vehicles over all trips.  For NO and CO, depending on averaging time and 

vehicle, the difference varied from 9 to 60%.  Except for NO, IOVM predicts more fuel 

use and emissions than EOVM. 

In order to illustrate the capability of the model for micro-scale prediction of 

emissions, EOVM was used to predict the total fuel use and emissions for a route in the 

study area.  Figure 1 shows the EOVM was able to capture the episodic events in vehicle 

dynamics.  For example, a peak in speed profile was corresponded by a peak in 

emissions.  Although a longer averaging time has a lower spatial resolution in prediction, 

the EOVM with the 18 seconds averaging time is still able to capture the episodic events 

in emissions.  A shorter averaging time produces a larger peak in emissions.  Thus, 

modeling schemes developed in this paper are capable for micro-scale prediction of 

emissions. 
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Table 1. Pollutant-Specific R2 based upon Regression Techniques using PEMS Data  
 

Model Explanatory Variables NO HC CO Fuel 
1a )141(, toiiMER =  0.06 0.18 0.14 0.56 
2 v , a , r , MAPP , engineS ,CT ,TP , IAT  0.17 0.46 0.22 0.95 
3 v , a , r  0.06 0.21 0.14 0.48 
4 VSP  0.04 0.21 0.10 0.46 
5b VSP  0.08 0.26 0.17 0.60 
6 v , 3v , av , r  0.06 0.24 0.16 0.54 

7 b v , 3v , av , r  0.10 0.28 0.22 0.65 
8 )3,2,1,( =ji

jiav  0.07 0.18 0.16 0.56 
9 tVSP , 1−tVSP , 2−tVSP , 3−tVSP  0.01 0.25 0.15 0.46 

10c tVSP , tv  0.72 0.86 0.73 0.87 

11d enginemapSP  0.40 0.55 0.60 0.99 

12 )exp(
)(

____________
5.0

___________

enginemap

NO

enginemap

NO

SP

b

SP

a −  0.43 n/a n/a n/a 

13e v , 3v , av , vr  0.16 0.22 0.32 0.71 
14f v , 3v , av , vr  0.35 0.48 0.58 0.89 

Note:  Data are from a 2005 Chevrolet Cavalier 2.2 L vehicle.  The model has a general 
form:  ε++= ∑ jjii EVAAm ,0 , where mi is the mass per time for specie i, i is NO, HC, 
CO or fuel. A0, i is the intercept, EVj is the jth explanatory variable, Aj is the corresponding 
coefficient for EVj, and ε is the model residual. The time resolution is second-by-second 
unless noted exclusively. 
a: MER – Modal emission rates.  In this model, measured values were regressed on VSP-
based modal emission rates.  
b: Averages of dependent and independent variables were used for modeling with 
averaging time intervals of five seconds. 
c:  This model is time series regression with serial errors (TSRSE). The second term in this 
model is further modeled as a 5th order autoregressive (AR) model.  Higher orders AR 
model was not further investigated because of not significant improvement in the 
explanatory power. 
d,e: NO model is non-linear while the others are linear ones.  Consecutive averages of both 
dependent and independent variables were used for modeling without defining driving 
modes.  For NO, the averaging time interval is 18 seconds and is 12 seconds for the 
others. 
f: These results based for a non-idling driving mode. 
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Table 2.  Goodness-Of-Fit of Vehicle-Specific Models for NO, HC, CO, and Fuel Use for 
Ten Vehicles Using Time-Averaged Engine Speed and Manifold Absolute Pressure a 

NO HC 
Modeling Validation Modeling Validation Vehicles 
R2

m Slm R2
v Slv R2

m Slm R2
v Slv 

2005 Chevrolet 
Cavalier2.2 L 0.43 1 0.43 1.02 0.54 1 0.56 0.99 

2005 Dodge 
Caravan 3.3 L 0.10 1 0.10 1.16 0.67 1 0.67 1.04 

2005 Chevrolet 
Tahoe 5.3 L 0.50 1 0.50 1.02 0.59 1 0.59 1.20 

1997 Honda 
Accord 2.2 L 0.75 1 0.75 1.18 0.70 1 0.69 0.78 

1998 Plymouth 
Breeze 2.4 L 0.75 1 0.74 0.99 0.44 1 0.43 1.00 

2004 Dodge 
Stratus 2.7 L 0.75 1 0.75 1.19 0.70 1 0.69 0.78 

1997 Dodge 
Caravan 3.3 L 0.92 1 0.90 1.01 0.88 1 0.88 1.05 

2000 Dodge 
Caravan 3.3 L 0.84 1 0.84 1.00 0.06 1 0.10 1.07 

2002 Dodge 
Caravan 3.3 L 0.72 1 0.68 1.00 0.74 1 0.81 1.49 

2000 Ford Crown 
Victoria 4.6 L 0.75 1 0.70 0.97 0.72 1 0.73 1.01 

Average 0.65 1 0.64 1.05 0.60 1 0.62 1.04 

Range 
0.10 

– 
0.92 

1 
0.10 

– 
0.90 

0.99 
– 

1.19 

0.06 
– 

0.88 
1 

0.10 
– 

0.88 

0.78 
– 

1.49 

Note: a NO model is )exp(
)(

____________
5.0

___________

_____

t

enginemap

NO
t

enginemap

NO
t

NO

SP

b

SP

am ΔΔ

Δ −
= , others is 

t
enginemapi

t
i SPam

ΔΔ
=  

The averaging time period for NO is 18 seconds and 12 seconds for the others 
R2 and slope are based upon the model of actual measurements vs. model predicting 
values 
R2

m and Slm –R2 and slope using data from modeling databases 
R2

v  and Slv – R2 and slope using data from validation databases 
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Table 2 (continued) 

CO Fuel 
Modeling Validation Modeling Validation Vehicles 
R2

m Slm R2
v Slv R2

m Slm R2
v Slv 

2005 Chevrolet 
Cavalier2.2 L 0.61 1 0.59 1.05 >0.99 1 >0.99 1.00 

2005 Dodge 
Caravan 3.3 L 0.03 1 0.03 0.69 >0.99 1 >0.99 1.01 

2005 Chevrolet 
Tahoe 5.3 L 0.60 1 0.60 1.04 >0.99 1 >0.99 1.00 

1997 Honda 
Accord 2.2 L 0.62 1 0.61 1.03 >0.99 1 >0.99 1.00 

1998 Plymouth 
Breeze 2.4 L 0.48 1 0.49 1.02 >0.99 1 >0.99 0.99 

2004 Dodge 
Stratus 2.7 L 0.62 1 0.61 1.03 >0.99 1 >0.99 0.99 

1997 Dodge 
Caravan 3.3 L 0.67 1 0.67 1.00 >0.99 1 >0.99 1.00 

2000 Dodge 
Caravan 3.3 L 0.05 1 0.05 1.09 >0.99 1 >0.99 1.00 

2002 Dodge 
Caravan 3.3 L 0.26 1 0.29 1.04 >0.99 1 >0.99 1.00 

2000 Ford Crown 
Victoria 4.6 L 0.13 1 0.13 1.12 0.88 1 0.88 0.99 

Average 0.41 1 0.41 0.98 0.99 1 0.99 1 

Range 
0.03 

– 
0.67 

1 
0.03 

– 
0.77 

0.69 
– 

1.12 

0.88 
– 

0.99 
1 

0.88 
– 

0.99 
1 
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Table 3.  Goodness-Of-Fit of Vehicle-Specific Non-Idling Models for NO, HC, CO, and 
Fuel Use for Ten Vehicles Using Time-Averaged Speed, Acceleration, and Road Grade a 

NO HC 
Modeling Validation Modeling Validation Vehicles 

R2
m Slm R2

v Slv R2
m Slm R2

v Slv 
2005 Chevrolet 
Cavalier2.2 L 0.35 1 0.35 1.02 0.49 1 0.49 0.98 

2005 Dodge 
Caravan 3.3 L 0.10 1 0.10 0.95 0.61 1 0.61 0.98 

2005 Chevrolet 
Tahoe 5.3 L 0.45 1 0.46 1.01 0.51 1 0.50 1.00 

1997 Honda 
Accord 2.2 L 0.54 1 0.55 0.93 0.41 1 0.48 0.76 

1998 Plymouth 
Breeze 2.4 L 0.68 1 0.69 1.01 0.46 1 0.40 0.98 

2004 Dodge 
Stratus 2.7 L 0.70 1 0.68 1.03 0.80 1 0.79 1.04 

1997 Dodge 
Caravan 3.3 L 0.76 1 0.74 0.92 0.79 1 0.78 1.02 

2000 Dodge 
Caravan 3.3 L 0.72 1 0.72 1.01 0.07 1 0.09 1.22 

2002 Dodge 
Caravan 3.3 L 0.69 1 0.65 0.99 0.72 1 0.75 1.39 

2000 Ford Crown 
Victoria 4.6 L 0.49 1 0.45 1.05 0.67 1 0.64 1.00 

Average 0.55 1 0.54 0.99 0.55 1 0.55 1.04 

Range 
0.10 

– 
0.76 

1 
0.10 

– 
0.74 

0.92 
– 

1.05 

0.07 
– 

0.80 
1 

0.09 
– 

0.79 

0.76 
– 

1.39 
 

Note: a the model form is j

t

j

t

j

t

j

t

j

t

j vDvrCvBavAm ε++++=
ΔΔΔΔΔ ____

3
_______________

 
The averaging time period for NO is 18 seconds and 12 seconds for the others with non-
zero corresponding average speed.  
R2 and slope are based upon the model of actual measurements vs. model predicting 
values 
R2

m and Slm –R2 and slope using data from modeling databases 
R2

v  and Slv – R2 and slope using data from validation databases 
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Table 3 (continued) 

CO Fuel 
Modeling Validation Modeling Validation Vehicles 

R2
m Slm R2

v Slv R2
m Slm R2

v Slv 
2005 Chevrolet 
Cavalier2.2 L 0.58 1.00 0.58 1.02 0.89 1.00 0.89 1.00 

2005 Dodge 
Caravan 3.3 L 0.03 1.00 0.03 1.01 0.91 1.00 0.91 1.00 

2005 Chevrolet 
Tahoe 5.3 L 0.51 1.00 0.51 0.99 0.88 1.00 0.88 0.99 

1997 Honda 
Accord 2.2 L 0.45 1.00 0.45 1.00 0.77 1.00 0.82 0.97 

1998 Plymouth 
Breeze 2.4 L 0.49 1.00 0.48 1.02 0.93 1.00 0.93 1.00 

2004 Dodge 
Stratus 2.7 L 0.71 1.00 0.69 1.04 0.93 1.00 0.92 1.01 

1997 Dodge 
Caravan 3.3 L 0.62 1.00 0.58 0.93 0.93 1.00 0.90 0.96 

2000 Dodge 
Caravan 3.3 L 0.06 1.00 0.07 1.22 0.94 1.00 0.94 1.00 

2002 Dodge 
Caravan 3.3 L 0.28 1.00 0.28 1.01 0.94 1.00 0.93 0.99 

2000 Ford Crown 
Victoria 4.6 L 0.12 1.00 0.05 0.74 0.84 1.00 0.83 1.00 

Average 0.38 1.00 0.37 1.00 0.90 1.00 0.87 1.02 

Range 
0.03 

– 
0.71 

1 
0.03 

– 
0.75 

0.74 
– 

1.22 

0.77 
– 

0.94 
1 

0.82 
– 

0.94 

0.96 
– 

1.22 
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Table 4. Comparisons of Vehicle-Specific Models for NO, HC, CO, and Fuel Use for 
Three Primary Vehicles Using Time-Averaged Engine Speed and Manifold Absolute 

Pressure a using Different Size of Datasets 
 

Vehicles  Sample 
Size (hrs)b R2

m Slm 

69 0.43 1 NO 
3 0.43 1 
69  0.55 1 HC 
3 0.63 1 
69  0.60 1 CO 
3 0.69 1 
69  0.99 1 

2005Chevrolet 
Cavalier 2.2 L 

Fuel
3 0.99 1 
64  0.11 1 NO 
3 0.12 1 
64 0.67 1 HC 
3 0.70 1 
64  0.02 1 CO 
3 0.04 1 
64 1 1 

2005Dodge 
Caravan 3.3 L 

Fuel
3 1 1 
62 0.50 1 NO 
3 0.56 1 
62 0.59 1 HC 
3 0.61 1 
62  0.60 1 CO 
3 0.68 1 
62  1 1 

2005Chevrolet 
Tahoe 5.3 L 

Fuel
3 1 1 

Note: Results for three-hour data models are the averages based upon 50 random 
realizations of three-hour datasets.  The averaging time for NO is 18 seconds and 12 
seconds for the others. 
a NO model is )exp(

)(
____________

5.0
___________

_____

t

enginemap

NO
t

enginemap

NO
t

NO

SP

b

SP

am ΔΔ

Δ −
= , others is 

t
enginemapi

t
i SPam

ΔΔ
=  

b refers to the size of datasets that were used to form modeling and validation datasets. 
c for NO, ai, and bi are referred as to aNO, and  bNO, respectively. 
d %100(%) ×

−
=

w

rw

X
XXRD , where wX and rX is the average prediction for the whole 

dataset and reduced dataset, respectively.  R2 and slope are based upon the model of 
actual measurements vs. model predicting values.  R2

m and Slm –R2 and slope using data 
from modeling datasets, and R2

v  and Slv – R2 and slope using data from validation 
datasets. 
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Table 4 (continued) 
 

Vehicles  R2
v Slv ai

c bi 
c RD(%)d 

0.43 1.02 1.75 307129 NO 
0.41 0.97 1.58 299885 

-6 

0.54 0.99 2.22×10-9
HC 

0.62 1.02 2.65×10-9 19 

0.59 1.02 4.92×10-8
CO 

0.7 1.03 4.93×10-8 0.2 

0.99 1 1.12×10-5

2005Chevrolet 
Cavalier 2.2 L 

Fuel 
0.99 1 1.12×10-5

N/A 

0 

0.11 0.99 6.99 546317 NO 
0.10 0.89 2.06 393463 

-36 

0.67 1 4.64×10-9
HC 

0.69 1 4.69×10-9 1 

0.03 1.13 1.59×10-7
CO 

0.05 0.91 2.22×10-7 40 

1 1 1.80×10-5

2005Dodge 
Caravan 3.3 L 

Fuel 
1 1 1.82×10-5

N/A 

1 

0.51 1.02 9.34 333840 NO 
0.53 0.96 10.5 371727 

-13 

0.59 1 5.50×10-9

HC 
0.63 1.05 5.47×10-9 -0.5 

0.60 1.02 4.65×10-8

CO 
0.67 0.95 4.99×10-8 7 

1 1 2.83×10-5

2005Chevrolet 
Tahoe 5.3 L 

Fuel 
1 1 2.84×10-5

N/A 

0.4 
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Note: EOVM – external observable variable model; and Route 3 refers to the route 
from North Raleigh to Research Triangle Park via US-70. The speed profile was a 
trip on Route 3 using a 2005 Chevrolet Cavalier 2.2 L. 
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Figure 1. Micro-scale Prediction of NO and HC Emissions Using EOVM. 
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Supporting Information 

This supporting information (SI) contains texts, tables, and figures pertaining to 

vehicle-specific emissions modeling described in this paper.  This SI documents data 

analysis related to selection of explanatory variables and model function form, modeling 

approaches, and model evaluation. 

Key questions to be answered in the SI include: (1) which variables should be 

used as explanatory variables in the model? (2) Which function form should the model 

be? (3) Is a transformation on data needed? (4) What are the model parameters?; (5) What 

options are available for modeling? and (6) How do models work? 

In order to answer of these questions, the topics covered in the SI are: (1) 

summary of data collection activities; (2) data explanatory analysis for model parameters 

selection; (3) evaluation of model function form selection; (4) documentation of model 

parameters; (5) comparison of Internal Observable Variable Models (IOVMs) and 

External Observable Variable Models (EOVMs); (6) evaluation of application of an 

EOVM model for micro-scale prediction of emissions; (7) evaluation of Box-Cox 

transformation; (8) derivation of correction factor for unbiased estimates after back-

mailto:frey@eos.ncsu.edu
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transformation; (9) evaluation of selection of descriptive statistics for emissions 

modeling; (10) time series regression with serial errors; (11) various types of model 

evaluation and benchmarking; (12) assessment of inter-vehicle variability in model 

parameters and predictions; (13) assessment of “Open loop” fuel enrichment; and (14) 

relationship between fuel use and CO2 emissions. 
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S1.  Summary of Data Collection Activities 

Test vehicles included three primary and seven secondary vehicles.  The primary 

vehicles refer to those with extensive data collection, and secondary vehicles refer to 

additional testing vehicles with limited hours of data collection based upon developed 

data collection reduction strategy from the primary vehicles.  For each primary vehicle, 

there are approximately 65 hrs of second-by-second data.  The data collection hours range 

from 2.5 to 11 hrs of second-by-second data for the secondary vehicles.  A summary of 

data collection including vehicles and duration is shown in Table S-1. 

S2. Data Explanatory Analysis for Model Parameters Selection 

In order to evaluate how emissions correlate with vehicle activity data and help 

select the explanatory variables for emissions modeling, the correlation between 

emissions and vehicle activity data are investigated.  This section describes the 

correlation coefficients between emissions and vehicle activity data for three primary 

vehicles, including sampling correlation coefficients and rank correlation coefficients.  

Pearson sample correlation is usually used to evaluate the linear relationship 

between two variables; Spearman rank correlation, however, measures correspondence 

between ranks of variables (S8). Thus, Spearman rank correlation coefficient is not 

necessarily a measure of linear correlation, and usually used for evaluate the non-linear 

correlation between variables.  

By definition, coefficient of determination, known as R2, is squares of sample 

correlation coefficients. Thus, correlation between emissions and vehicle operating 

parameters can be used to evaluate how much variability can be explained by simple 

regression.  
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 Pearson sample and Spearman rank correlation coefficients between emissions 

and vehicle activity data are presented in Tables S-2 to S-4 for the Cavalier, Caravan and 

Tahoe, respectively.  The key findings are: 

 (1) Emissions are strongly correlated with vehicle activity such as MAP, 

throttle position percentage (THP), engine RPM, speed and acceleration.  Both Pearson 

and Spearman correlation coefficients between emissions and these parameters are 

statistically significant. For example, Pearson and Spearman correlation coefficients 

between emissions and MAP typically range from 0.4 to 0.9. 

(2) For some pollutants, relationship between emissions and vehicle activity 

data tends to be non-linear rather than linear. For example, the magnitudes of Spearman 

correlation coefficients between NO and CO emissions and vehicle activity data are larger 

than those of Pearson correlation coefficients. For HC and Fuel, there is no much 

difference.  

(3) Emissions are also correlated with road grade with relatively small 

correlation coefficients of 0.02 to 0.1. This implies road grade, along with speed, and 

acceleration together can explain statistically significant portion of variability in vehicle 

emissions, especially when other vehicle activity data such as MAP and RPM are not 

available.  

(4)  High multicollinearity is observed among vehicle activity data.  

Multicollinearity refers to the explanatory variables are not independent when used in 

simple linear regression (Steel et al., 1997).  For example, speed is highly correlated with 

RPM with both types of correlation coefficients of 0.8 as shown in Table S-47.  Both 

types of correlation coefficients between MAP, THP, RPM, speed, and acceleration 

typically range from 0.3 to 0.8. 
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(5)  Emissions were shown correlated with each other. NO, HC, and CO are 

strongly correlated to fuel with Pearson and Spearman correlation coefficients ranging 

from 0.4 to 0.7. 

Correlation of inter-pollutants, pollutants and vehicle activity data, and inter-

vehicle activity data impose challenges in vehicle emissions modeling.  These results 

imply that it is not necessary to include all of the vehicle activity data for emissions 

modeling and the function form of the model may be non-linear. 

S3.   Evaluation of Model Function Form Selection 

This section uses a VSP-based binning approach to estimate both the emissions 

per time and per mass of fuel in order to confirm a model form for emissions modeling.   

Figure S-1 shows the VSP-based modal emission rates for HC, CO, and NO.  For 

HC and CO, the highest VSP-based modal emission rate is a factor of 9 to 12 to the 

lowest VSP-based modal emission rate in mass per time while the emission rates in mass 

per gallon fuel are virtually constant.  Thus, HC and CO emission rates are modeled in 

proportion to fuel use rate.  However, VSP-based modal NO emission rate for both mass 

per time and mass per gallon increases as VSP mode increases.  The highest VSP-based 

NO modal emission rate can be as high as three orders of magnitude as the lowest.  This 

indicates a non-linear relationship between NO emissions and fuel use.  Thus, a non-

linear model form for NO is appropriate. 

S4.  Documentation of Model Parameters 

This section describes the coefficients of the vehicle-specific models using 

internal and external observable variables, as discussed in the main paper.  For models 

using external observable variable models (EOVMs), model coefficients for different 

driving modes are also provided. 
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Coefficients for modeling schemes described in the main paper are shown in 

Table S-5 and S-6a&b for internal observable variable models (IOVMs) and EOVMs, 

respectively. 

Table S-7 listed the results for models using external observable variables (EOVs) 

when no driving modes are defined.  In the validation dataset, except for fuel use, this 

type of model has a much smaller R2 with non-unity slope than the model using internal 

observable variables (IOVs).  This is because when the vehicle is idling, Eq 13 in the 

main paper will be just the random errors.  Thus, no variability will be explained. The 

model for fuel use has a higher R2 and a slope closer to unity than other pollutants.     

To further improve the explanatory power of the model using EOVs, regression is 

done with respect to different vehicle driving modes.  Four driving modes were defined 

using consecutive averages of instantaneous speed data.  These are idling, acceleration, 

deceleration and cruise.  The criteria for driving modes are listed in Table S-8.  The 

emissions and fuel use rates for idling are the same as discussed in the main paper. 

Results for models based upon EOVs in the modeling domain are shown in Table 

S-9a and S-9b for NO and HC, CO and fuel use, respectively.    The corresponding results 

in the validation domain are shown in Table S-10a and S-10b.  In generally, the R2 in the 

modeling domain is higher than that in the validation domain.  Compared to models based 

upon IOVs, models based upon EOVs are relatively inaccurate and less robust.  For 

example, the slope in the validation domain has a wider range from 0.2 to 2.4.  For the 

fuel use rate model, the slope is much closer to one than the other pollutants with a much 

higher R2 as well.   More than 80% of variability in fuel use can be explained.  For the 

other pollutants, the slope and R2 vary by driving mode and vehicle.  Approximately 50 to 

60% of the variability in NO, HC and CO emission rates can be explained depending on 

the pollutant and driving mode for this type of model.  In general, R2 for different driving 
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modes are different with the acceleration model producing the highest R2 and the 

deceleration mode having the lowest one for most vehicles.  Similar to models based 

upon detailed engine data, models based upon vehicle dynamics also have limit 

explanatory power for some vehicles.  For example, less than 2% of the variability in CO 

emission rate could be explained for the 2000 Ford Crown Victoria by the model.  This 

could be also due to the large variability in emissions associated with some transient 

conditions. 

S5. Comparison of Internal Observable Variable Models (IOVMs) and External 

Observable Variable Models (EOVMs) 

As discussed previously in the main paper, IOVM has higher explanatory power 

than EOVM.  However, EVOM may have more practical value of use in traffic 

management.  Thus, in order to answer the question whether EVOM and IOVM are 

comparable in estimation of emissions, total emissions on given routes for all three 

primary vehicles are compared and discussed using IOVM and EVOM in this section. 

Figure S-2 to S-4 presents the parity plots of EOVM vs. IOVM predictions of 

emissions for the 2005 Cavalier, 2005 Caravan and 2005 Tahoe, respectively.   For all 

three primary vehicles, the average HC and CO2 emissions are closer to the parity line, 

although the estimates by IOVM is slightly higher than that by EOVM.  For NO and CO, 

there is more variation in difference in estimates by both models.  IOVM can predict 

more or less emissions than EOVM.  However, in general, predictions by both models are 

scattered around the parity line.  Except for CO for the Caravan, the difference appeared 

to be significant.  This is because the R2 for CO model for both IOVM and EOVM is 

relatively small.  The model can only explain a small portion of the variability.  Thus, 

estimates are systematically high or low.  
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Except for NO, the difference in estimates by EOVM and IOVM for different 

choice of averaging time is similar.   For NO, a longer averaging time leaded to less 

difference in estimates by EOVM and IOVM.  

Table S-11 lists the relative difference in total estimates by EOVM and IOVM 

with different averaging time for three primary vehicles.  For HC and CO2 (also fuel use), 

the difference is approximately 10% across vehicles in most cases. The longer averaging 

time, the difference decreases.  For CO, the difference is less than 20%.  However, for a 

particular vehicle, the difference can be more than 50%.  NO has the highest difference, 

ranging from 9% to 60%, depending on vehicle and averaging time. 

In general, both models are comparable.  EOVM can be used for emissions 

prediction when internal observable variables are not available.   

S6.  Evaluation of Application of An EOVM Model for Micro-scale Prediction of 

Emissions 

In order to illustrate the capability of the models for micro-scale prediction of 

emissions, EOVMs with two averaging times are selected for this study.  Vehicle activity 

data collected on Route 3 for a 2005 Chevrolet Cavalier with 2.2 liter engine were used 

for emission predictions.  Since the results for NO and HC have been presented in Figure 

1 in the main paper, this section presents the results for CO, CO2 and fuel use. 

Route 3 was selected for this study is because traveling on this route typically 

experiences more stops and traffic signals than traveling on other alternative routes 

connecting the same origin and destination.  Thus, more episodic events in vehicle 

dynamics are observed on this route and more appropriate for this study than other 

alternatives.  
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Figure S-5 shows the EOVM was able to capture the episodic events in vehicle 

dynamics.  For example, a peak in speed profile was corresponded by a peak in 

emissions.  

Although a longer averaging time has a lower spatial resolution in prediction, the 

EOVM with the 18 seconds averaging time is still able to capture the episodic events in 

emissions.  A shorter averaging time produces a larger peak in emissions.  Thus, 

modeling schemes developed in this paper are capable for micro-scale prediction of fuel 

use and emissions. 

S7.  Evaluation of Box-Cox Transformation 
 

Models based upon IOVs using BCT were calibrated and validated in order to 

determine whether it is worthwhile to do transformation. Tables S-12 and S-13 list the R2 

and slope for models using detailed engine and vehicle dynamics data, respectively in the 

transformation and back-transformation domain.  The R2 in the transformation domain is 

much higher than that in the back-transformation domain in most cases.  However, when 

the dependent variable was back-transformed, the R2 of the observations vs. the predicted 

value (back-transformed from BCT) is much smaller than that in the transformation 

domain.  Furthermore, the slope is considerably deviant from unity, especially for NO.  

For the Chevrolet Cavalier, the R2 for NO in the transformation domain is 0.85.  

However, it drops to 0.1 in the back-transformation domain and with a slope of 0.003.  

This is because the statistical model is developed using least squares estimates.  The 

estimated model parameters will remain optimal and unbiased in the calibration 

databases.  Any changes in the data in other databases will lead to bias in the estimator, 

thus, a comparable R2 in the validation databases cannot be guaranteed.  Because of the 

generally much lower R2 in the back-transformation domain and the frequent occurrence 
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of non-unity slopes, there appears not worthy to apply transformation methods for 

dependent variables. 

S8.  Derivation of Correction Factors for Unbiased Estimates After Back-

Transformation 

Box-Cox transformation (BCT) is oftern used to mitigate the unconstant variance, 

as detailed in the main paper.  However, after back-transformation, estimates usually are 

unbiased.  This section is to derive a correction factor to obtain unbiased estimates after 

back-transformation. 

For a linear regression model  

                                     εβ += XY                                                               (1) 

Where Y = Dependent variable 
 X = Independent variable 
 β  = Regression coefficients 

ε  = Residuals with zero mean and standard deviation of 2σ , ε ~ N (0, σ2) 
 

Assume Y is the logarithm of Z, then  

εβ +== XZY )log(                                                 (2) 

Y needs to be back-transformed to obtain Z, which is by the above equation,  

εβεβ eeeeZ XY X === +                                               (3) 
εβ EeEeZE X=)(                                                         (4) 

Since 1)( ≠εeE even if 0)( =εE . Therefore, if dependent variables are log 

transformed to alleviate heteroscedasticity (unconstant variance) for linear regression, 

estimates will be biased if model residual is ignored when dependent variables are back-

transformed for prediction from fitted linear regression model as shown above.  

Since ε is normally distributed random variable with mean zero and variance of 
σ2, 
 

∫
+∞

∞−

= εεεε dfeeE )()(                                                (5) 
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Where )(εf  is the probability density function (Pdf) of ε , which has a form of 
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The unbiased estimates of Z then should be  

2

2σ
β eeZ X=                                                           (6) 

Similarly, for square root transformation, 

εβ +== XZY                                                 (7) 
22 )( εβ +== XYZ                                              (8) 

222 )(2)()()( εεββεβ EXEXEXEYE ++=+=         

22)( εβ EXE +=                                                 (9) 

Therefore, since 0)( 2 ≠εE  estimates of Z will be biased if )( 2εE is not taken into 

account.  In fact,  

22222 ))(()()))(()(2())(()( εεεεεεεεε EEEEEEEVar −=+−=−= , therefore 

2222 ))(()()( σμεεε +=+= EVarE                            (10) 

Since μ  = 0,  

2222 )()()()( σβεβ +=+= XEEXEYE                            (11) 

Therefore, to obtain unbiased estimates of Z, the variance of the residuals has to be 

added.  
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For a general non-zero λ, the expectation of Y will be 

λλ εβ
11

)ˆ()()( +== XEZEYE                                       (12) 

Because the probability density function distribution of Y is not known, the expectation 

of Y has to be approximated numerically.  By Taylor expansion, f(x) can be evaluated at 

0, such that  
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Therefore, ignoring the third and higher order terms ofε , the expectation of Y is 

approximated as:  

)()ˆ)(11(1)ˆ()ˆ()( 222111

μσβ
λλ

βεβ λλλ +−+≈+=
−

XXXEYE                             (15) 

When models based upon transformed emissions data are used for emissions 

prediction, model predictions need to be back-transformed.  However, estimates of 

emissions will be biased after back-transformation. 

In order to obtain unbiased estimates of emissions, the mean and variance of the 

model residuals should be taken into account.  Equation 15 provides the general formula 

to obtain unbiased estimates after back-transformation. 

S9. Evaluation of Selection of Descriptive Statistics for Emissions Modeling  

In order to determine whether the difference choice of descriptive statistics will 

change the model performance, this section evaluates the selection of descriptive statistics 

for emission modeling.   The descriptive statistics refers to a statistical measure of 

quantity such as mean, median, and percentile value.  
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Averages, median, and 75th percentile of the values within the averaging time 

period were used.   The averaging time period was varied from one to 30 seconds. The 

model form is 

                                                   enginemapii SPam =                                                     (16) 

Where  

im   = consecutive average mass per time for specie i, such as fuel, 
CO2,  

CO, HC and NO 
Pmap   = manifold absolute pressure, Kpa 
Sengine  = engine speed, RPM 

enginemapSP  = consecutive averages of product of Pmap and Sengine 
ai  = model coefficient for specie i 

The data source for this study is from a 2005 Chevrolet Cavalier 2.2 L vehicle.  

Approximately 75% of the database from this vehicle serves as the modeling dataset and 

the other 25% serves as the validation dataset.  As shown in Figure S-6 and S-7, while 

there was some discrepancy in R2 among different statistics, these tended to dampen 

considerably as the averaging time period exceeded 10 seconds.  Thus, there was no 

rationale to substituting another descriptive statistic for the average. 

S10.  Time Series Regression with Serial Errors 

On-road emissions data were collected continuously and therefore constitute time 

series.  Continuous time series data are typically expected to have correlated residuals, 

referred to as serial errors (S-1).  Serial error can be identified by the Durbin-Watson test 

(S-2), which is defined as: 

∑ ∑
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t
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2 1

22
1 /)(                                                        (17) 

Where: 

 d = Durbin-Watson statistic 
 et = the model residual 
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Figure S-8 presents the autocorrelation in measurements of emissions and vehicle 

activity data using all data collected for a 2005 Chevrolet Cavalier with a 2.2 l engine.  

Measurements are autocorrelated. The significant lags can be more than half a minute.  

Similarly, the autocorrelation coefficients in vehicle activity data is also significant for 

more than half a minute in most cases.  For acceleration, the autocorrelation is not 

statistically significant for a lag longer than 10 seconds.  Similar autocorrelation is found 

in measurements for other vehicles.  Because of the strong autocorrelation in 

measurements, the consecutive average with less than half a minute may not be able to 

significantly mitigate the autocorrelation in the model residuals. 

Time series regression with serial error (TSRSE) can be used to mitigate the 

effects of serial errors (S-3).  A TSRSE model can be expressed as  

ttt XY νβ +=                                                                   (18) 

tktkttt ενϕνϕνϕν +−−−−= −−− ...2211                          (19)  
),0(~ 2σε Nt                                                                (20) 

As shown in eqs 18 and 19, at time t, emission tY , is modeled as a function of 

explanatory variables tX with regression coefficients β , plus a residual term, tν . The 

residual term is fitted as a kth  autoregressive model with parameters kϕϕ ...1  and normally 

distributed residual tε .  Thus, emission at time t is predicted not only based upon 

explanatory variables at time t but also upon residuals from previous k seconds.  TSRSE 

model can have a high coefficient of determination (R2).  However, TSRSE model might 

not be applicable for accurate prediction when information regarding previous residuals is 

not available, in which cases TSRSE ends up performing similarly to simple linear 

regression.  TSRSE model is investigated to evaluate the contributions of residuals to the 

explanatory power of the emission model.  To eliminate dependency among residuals and 

account for response time of the PEMS, consecutive averages and generalized least 

squares (S-4) were used instead.  
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To illustrate how emission data are serially correlated, VSP is used as an 

explanatory variable for TSRSE.  By taking into account serial errors, predicted emissions 

generally tend to produce good agreement with measurements.  For example, Figure S-9 

shows second-by-second NO measurements of emissions regressed on VSP using the 

TSRSE model.  Residuals are fitted to a fifth order autoregressive model.  The model 

predictions are able to capture detailed changes in measurements.  For example, peaks in 

measurements at time from 215 s to 230 s are captured by the model.  This model has a 

much higher R2 of 0.72 compared to 0.04 if serial errors are not taken into account.  As 

shown in Tables S-14, R2 for TSRSE models are much superior compared to the general 

linear regression across all pollutants.  

Improvements of R2 by taking into account serial errors indicate that residuals can 

significantly contribute to the variability in emissions (from 60% to 90%).  Even though 

the TSRSE model is quite powerful, its use is of limited value since residuals will not be 

available when the developed model is used for prediction.  Thus, TSRSE is not 

applicable for emissions prediction using vehicle operating parameters as explanatory 

variables.  However, it can be used to evaluate how much variability can be explained if 

the serial errors can be somehow eliminated. 

S11.  Various Types of Model Evaluation and Benchmarking 

This section describes a model evaluation study that is intended to assess the 

insights obtained from micro-scale emissions models when applied to several examples of 

typical driving cycles.   

S11.1  Methodology 

The model evaluation study: (a) demonstrates the procedures by which the models 

are applied to make predictions of energy use and emissions; (b) demonstrates the 

sensitivity of the model predictions to micro-scale features of driving cycles such as idle, 
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acceleration, cruise, and deceleration; and (c) evaluates the model performance and 

applicability as a function of the averaging time used in model development.   This study 

deals with two different types of models:  (1) models that are developed based on 

variables that could be observed from outside of the vehicle, such as speed, acceleration, 

and road grade; and (2) models that are developed based on variables that could be 

observed from inside the vehicle, such as engine RPM and manifold absolute pressure 

(MAP).  Each model has been developed using consecutive averages of both input and 

output variables, to take into account the response time of the instrument from which 

emission measurements were made.  The study design for model evaluation includes the 

following major elements: 

- Both internal and external observable variable-based models will be investigated.  

- A range of averaging times are compared for both types of models, based on the 

response time of the emissions measurement methods.  Averaging times are selected 

ranging from one to three times the instrument response time.  For NO, these 

averaging times are 6, 12, and 18 seconds, while for HC, CO, and CO2 these 

averaging times are 3, 6, 9, and 12. 

- Models are developed and evaluated separately for three primary vehicles and seven 

secondary vehicles. 

- Four chassis dynamometer driving cycles and six real-world driving cycles are 

selected to evaluate how the models will respond to vehicle activity variations both 

within an individual cycle (intra-cycle variability) and from one cycle to the other 

(inter-cycle variability).  The four chassis dynamometer driving cycles include the 

Federal Test Procedure (FTP) cycle including Bag 1, 2, and 3, the US06 cycle, New 

York City Cycle (NYCC), and California LA92 dynamometer driving schedule 

(LA92).  Representative trips on Route 1, Route 2, Route 3, Route A, Route B, and 
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Route C are selected as real-world driving cycles.  The choice of these driving cycles 

is explained below. 

- All of the chosen driving cycles, including the real-world cycles, are used to evaluate 

the models based on externally-observable variables.  However, for the model based 

on internally-observable variables, only the real-world cycles can be used because 

engine data are available for these, but not for the dynamometer cycles. 

- For the external observable variable models, the percentage change in average cycle 

emissions from one cycle to the other will be compared to estimates of the changes 

based on MOBILE6 for all four dynamometer and six real-world driving cycles.  

Absolute values of emissions from the models will not be compared with MOBILE6 

because the new models are vehicle-specific, whereas MOBILE6 is for a fleet 

average.  However, it is expected the percentages change in emissions from one cycle 

to the other, especially when averaged over the results of ten vehicles, should be 

comparable to that obtained from MOBILE6. 

- MOBILE6 allows the user to change many input parameters to estimate the emissions 

as detailed elsewhere (S-5).  In this study, the calendar year, month, humidity, average 

speed, distribution of vehicle mile traveled (VMT) by roadway type will be changed.  

The distribution of VMT by roadway type will be estimated based upon real-world 

data collected for this project.  Roadway type includes freeway, arterial/collector, 

local roadway, and ramp.  The default settings of other parameters along these 

changed parameters will be used to estimate the emissions. 

- For estimation of the change in emissions based on MOBILE6, the FTP will be used 

as a datum.  The average emissions of each of the other chassis dynamometer cycles 

will be estimated using MOBILE6.  The percentage change in emissions for each 

cycle compared to the FTP cycle will be estimated. 
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- For the models based on internally observable variables, the percentage change in 

emissions from one cycle to the other will be compared among the six real-world 

driving cycles.  Because the chassis dynamometer cycles do not provide engine data, 

MOBILE6 will not be used for comparisons in this case. 

The FTP, US06, NYCC, and LA92 cycles were selected for model evaluation 

purposes because they are among the cycles used as a basis for developing the MOBILE6 

model and they differ in terms of intra-cycle variability in vehicle activity.  MOBILE6 is 

a mobile source emission factor model developed by the US EPA (S-5).  The FTP driving 

cycle was primarily used to derive the base emission rates (BERs) for MOBILE6 (S-6).  

In order to derive the speed correction factors (SCFs) for derivation of emissions for 

different average speeds, vehicle emissions data obtained from chassis dynamometer 

driving cycles were used for a variety of such cycles.  The driving cycles used to develop 

MOBILE6 include the FTP, freeway driving cycles based on different levels of service, 

arterial/collector driving cycles, a local roadway driving cycle, a freeway ramp driving 

cycle, and LA92, NYCC, and US06 (S-6, S-7).  Thus, emissions predicted by MOBILE6 

include data contributions from these driving cycles. 

The characteristics of the four selected chassis dynamometer driving cycles, along 

with those of the six real-world driving cycles, are summarized in Table S-15.  Each cycle 

has variability in second-by-second speed and acceleration.  The minimum, mean, and 

maximum values of speed and acceleration are summarized.  Furthermore, the temporal 

distribution of each cycle in terms of fraction of time in idle, acceleration, deceleration, 

and cruise is indicated.  The intra-cycle variability in speed ranges from 0 to 28 mph for 

the NYCC to 0 to 89 mph for the Route 1 cycle.  The accelerations for the FTP are no 

higher than 3.3 mph/s.  However, the US06 and the real world cycles have similar ranges 

of acceleration, with some values in excess of 8 mph/s for most of these cycles.  Most of 
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the cycles include a large fraction of time in the cruise mode, followed by the idle, 

acceleration, and deceleration modes. 

There is variability in driving conditions when comparing the cycles with each 

other.  The NYCC represents low speed driving.  The FTP and LA92 cycles represent a 

mix of driving with average speeds of 21 to 25 mph.  The US06 was designed to represent 

high speed and aggressive driving, and thus has the highest average speed and maximum 

acceleration among the selected chassis dynamometer cycles.  The selected real-world 

cycles tend to have high average speeds when compared with the FTP.  Representative 

trips of real-world driving cycles on these routes were selected to match the average 

values of the characteristics of the routes as shown in Table S-15.  When the engine data 

of these real-world driving cycles are needed, representative trips on these routes are 

selected for each vehicle while maintaining the similar characteristics of these cycles as 

shown in Table S-15.  This is because engine data from one vehicle may not be 

representative to the other. 

S11.2 Results 

This section explains the format by which the model evaluation results are 

reported. 

This research aims to develop vehicle-specific energy use and emissions models 

to capture episodic events during the real-world driving.  Thus, a goal is for the models to 

have high spatial and temporal resolution for practical use.  However, due to the response 

time of the instrument, there is a trade-off of the averaging time and the temporal 

resolution of the model.  The latter has implications for the applicability of the models to 

estimation of emissions associated with micro-scale situations such as intersections, 

traffic control devices, roadway geometry changes, traffic flow operational improvement 

such as ramp metering, signal coordination, and automated highway systems.  Usually, a 
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model with a longer averaging time will have a higher R2, which is, however, at a cost of 

the spatial resolution.  Table S-16 lists the spatial resolution for model prediction, ranging 

from 10 m to 600 m depending on averaging time and vehicle average speed. 

Table S-17 to S-26 lists model coefficients for both IOVMs and EOVMs for NO, 

HC, CO and Fuel use for all ten tested vehicles.  By varying the averaging time from one 

to three times the time constant (6 to 18 seconds) for NO, and 3 to 12 seconds all other 

pollutants, the difference in R2 is less than 0.1 in absolute value, although the R2 slightly 

increases as the averaging time increases.  The slightly increase of R2 is because the 

averaging tends to level out the variability in the data.  Compared to other pollutants, the 

R2 for HC is less sensitive to the averaging time.  This may be due to the variability in HC 

data is less than the other pollutants.  However, the autocorrelation is still significant with 

a slightly reduced variance.  Particularly, the averaging time does not change the R2 for 

fuel use for IOVM and has negligible effects on the R2 for EOVM. 

MOBILE6 was used to estimate the average emissions change from one cycle to 

the FTP for all tested vehicles.  Table S-27 summarized these vehicles with corresponding 

testing conditions, which are needed to run the MOBILE6.  Table S-28 lists the input 

assumption to run the MOBILE6 for different driving cycles, including average speed and 

distribution of vehicle mileage traveled (VMT) by facility type.  Table S-29 lists the 

average emission change from one cycle to the FTP using MOBILE6 for all tested 

vehicles.  The average emission change per mile estimated by MOBILE6 from one cycle 

to the FTP can be more than 100% depending on cycle and pollutant.  However, the 

estimation of CO2 does not change across all cycles.  This is because the CO2 estimation 

in MOBILE6 does not adjust to the speed and is based upon the fuel economy.  Among 

all cycles, NYCC has the highest change in emissions except for CO2 since this cycle has 

frequent stop-and-go.  The emission change trend is the same for HC and CO across all 
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vehicles because these tested vehicles belong to the same category in MOBILE6. 

However, because MOBILE6 use humidity and temperature correction factors for NO, 

the emissions change may be different for some vehicles due to the different testing 

weather conditions. 

Table S-30 to S-39 lists the average emission change form one cycle to the FTP using 

EOVM for all tested vehicles.  In general, both EOVM and MOBILE6 have similar trend 

in emission change from one cycle to the FTP, although the magnitude of change may be 

different.  Compared to MOBILE6, CO2 emissions change from one cycle to the FTP can 

vary from -80% to 100% depending on cycle and vehicle using EOVM with NYCC 

having the largest positive change and Route 2 having the largest negative change for 

most vehicles.  Route 2 is one of the routes selected for data collection for this study, 

which connect North Raleigh and Research Triangle Park via I-40.  However, MOBILE6 

does not produce any difference.   Moreover, the absolute emission change from one 

cycle to the FTP using EOVM is relatively smaller.  This indicates that the averaging trip 

speed is only one factor affecting the emissions.  Other short-term variability in vehicle 

operation conditions also contributes to the emissions.  EOVM is more sensitive to these 

variations that MOBILE6.  For other pollutants, NYCC still has the largest emission 

change in emissions for both MOBILE6 and EOVM. 

Table S-40 to S-49 lists the average emission change among real-world driving cycles 

using IOVM.  The averaging time does not impose difference in estimation of emission of 

change for HC, CO and CO2 from one cycle to the other.  However, in some cases, the 

emission changes for NO may vary depending on route and vehicle.  

S11.3 An Example of Commands for Emissions Estimation Using MOBILE6 

This section presents an example of using MOBILE6 to predict the average 

emissions for the FTP cycle with an average speed of 21.3 mph.  In the example, the 
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minimum and maximum temperature, calendar year of the vehicle, testing month, relative 

humidity, barometric pressure, average speed, and the vehicle mileage traveled (VMT) 

distribution were specified based upon the testing conditions.  The tested vehicles in this 

project all belong to the category of light duty gasoline vehicle (LDGV) in MOBILE6.  

Thus, the emissions corresponding to LDGV were of interest and retrieved in the outputs 

of MOBILE6. 

MOBILE6 INPUT FILE   : 
REPORT FILE            : V2005.TXT 
SPREADSHEET          : V2005 
POLLUTANTS           : NOX CO CO2 HC    
 
RUN DATA 
MIN/MAX TEMP         : 72. 92. 
FUEL RVP              : 8.7 
 
SCENARIO REC         : This is for a 2005 Chevrolet Cavalier 2.2 L  
CALENDAR YEAR        : 2005 
EVALUATION MONTH    : 1 
RELATIVE HUMIDITY   : 0.76 0.76 0.76 0.76 0.76 0.76 0.76 0.76 0.76 0.76  

0.76 0.76 0.76 0.76 0.76 0.76 0.76 0.76 0.76 0.76  
0.76 0.76 0.76 0.76 

BAROMETRIC PRES      : 30 
AVERAGE SPEED        : 21.3 freeway 71.0 19.0 6.0 4.0  
END OF RUN 

 
The distribution of VMT by facility type in this study is calculated based upon the 

length of road segments with different facility types for all selected routes in the study 

area.   

For NYCC, all of the driving is assigned to arterial/collector because this driving 

cycle has a very low average speed and is derived from a “crowd” city.  

For LA92, the default distribution of VMT in MOBILE6 is used, which is 34.2, 

49.8, 13, and 3 for freeway, arterial/collector, local, freeway ramp, respectively. 

In order to specify the distribution of VMT in MOBILE6, several “commands” 

need to be specified, as detailed elsewhere (S-5).  For example, the command 

“AVERAGE SPEED: 7 Arterial” means that the average speed of the driving cycle is 7 
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mph and with 100% driving assigned on arterial/collectors.  The “command” 

“AVERAGE SPEED: 21.3 freeway 71.0 19.0 6.0 4.0” means that the average speed of 

the driving cycle is 21.3 mph, and VMT distribution by roadway facility type is 71%, 

19%, 6% and 4% for freeway, arterial/collectors, local, and ramp, respectively.  

S12. Assessment of Inter-Vehicle Variability in Model Parameters and Predictions 

As opposed to fleet average models such as macro- or meso-scale emission factor 

model, e.g., MOBILE6, micro-scale vehicle-specific models are able to characterize the 

episodic events in emissions and driving dynamics, as discussed previously.  In 

developing a micro-scale vehicle-specific model, a hypothesis is that models would be 

more accurate when applied to an individual vehicle than a fleet-average model and their 

predictions could be aggregated to develop more accurate estimates of fleet fuel use and 

emissions.  This also presumes that the vehicle-specific models are substantially different 

from one vehicle to another. 

In order to quantify the difference of vehicle-specific models for different 

vehicles, vehicle-specific models for different vehicles were used to predict emissions for 

the same driving cycles.  Driving cycles selected for the model evaluation study in 

Section S6 were used here.  For a given cycle, fuel use and emissions were predicted 

using the vehicle-specific model for each tested vehicle.  The average fuel use and 

emissions per mile for all tested vehicles and inter-vehicle variability were quantified. 

MOBILE6 uses average speed to estimate emissions for each vehicle class.  

However, there are only five vehicle classes for light duty gasoline vehicle. All tested 

vehicles belong to the same class.   

In order to evaluate how sensitive the MOBILE6 predicts emissions for individual 

vehicles for the same driving cycle, the coefficient of variation (CV) of estimated 
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emissions among all vehicles were quantified.  The CV is the ratio of the standard 

deviation to the mean. 

The summary statistics of estimated emissions per mile for all tested vehicles 

using MOBILE6 are listed in Table S-50, S-51 and S-52 for NO, HC and CO, 

respectively. 

The CV of average emissions per mile for all driving cycles and pollutants is less 

than 30%.  In addition, the confidence interval (CI) ratio is only approximately two. The 

confidence interval ratio is defined to be the ratio of the 97.5th percentile value to the 2.5th 

percentile value. Because these vehicles belong to the same class, the differences in 

testing conditions are mainly attributed to the inter-vehicle variability in emissions.   

Moreover, the average emission per mile across different driving cycles is only 

sensitive to the average speed.  For example, US06 and R2 has the same average speed, 

thus, the average emission per mile for these two driving cycles across all tested vehicles 

are the same.   

 However, compared to MOBILE6, significant inter-vehicle variability in 

emissions has been observed using the vehicle-specific models.  As shown in Tables S-53 

to S-56, CV of the average emission per mile ranged from 30% to a factor of two 

depending on pollutant and driving cycle with NO having the largest and fuel use having 

the least.  The CI ratio ranged from 2 to 276 depending on pollutant and driving cycle.  

Except for CO, NYCC has the largest CI ratio among all driving cycles.  For CO, US06, 

which is regarded as a more aggressive driving cycle has a relative higher CI ratio and 

average CO emission per mile than other standard driving cycles.  For these particular 

real-world driving cycles, Route 2 appeared to have relatively higher CI ratio and average 

CO emission per mile than others.  The high CV of average emission per mile and CI 
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ratios indicate the existence of large inter-vehicle variability in emissions, although they 

belong to the same vehicle class. 

 Moreover, for a given driving cycle, micro-scale prediction of emissions differs 

from vehicle to vehicle. Thus, a hotspot of emissions for a specific vehicle at a certain 

time and location may not be necessarily true for another vehicle because the emission is 

very low for the latter.  For example, Figure S-10 presents the micro-scale prediction of 

NO emissions for two vehicles (the speed profile is the same as shown in Figure S-5).  

One vehicle has much higher NO emission than the other (a factor of more than 10) most 

of the time and at most locations during the whole trip.  Thus, hotspots at certain locations 

identified by one vehicle are not hotspots for the other. 

   Thus, the inter-vehicle variability in emission is not adequately captured by 

MOBILE6, where, however, has been shown to be significant.  Vehicle-specific 

emissions have to be considered for development of more accurate emission inventory.  

Thus, it is worthwhile to develop micro-scale vehicle-specific models such that micro-

scale emissions can be aggregated to develop more representative and accurate emission 

inventories.  

S13. Assessment of “Open Loop” Fuel Enrichment 
 

When a vehicle is operating at fuel enrichment or “open loop”, more fuel is 

injected into the engine controlled by the vehicle computer at a fix air/fuel ratio.  An old 

version of the PEMS manufactured by Clean Air Technologies International, Inc. (CATI) 

reported the “loop” condition in the measurement data.  However, the Montana system, 

the new version PEMS by CATI does not report the “loop” condition.  

In order to study at what conditions that the vehicle tends to operate at “open 

loop” condition, data collected on a previous pilot study using a 2004 Ford Focus 2.0 L 

vehicle was used for this study.  
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Approximately 2.5% of total 24,000 data points are associated with “open loop”. 

Figure S-6 presents the cumulative distribution function (CDF) of the duration of the 

“open loop” during the data collection.  The average duration of “open loop” is less than 

two seconds and more than 90% of the “open loop” events have a duration less than five 

seconds, although in some cases, the duration can be 12 seconds.  

Figure S-11 and S-12 presents the CDF of acceleration and speed during the 

“open loop” events, respectively.  The acceleration is less than 2 kmh/s.   The vehicle 

speed ranged from 50 kmh to 120 kmh with more weights on more than 100 kmh.  

Compared to the “close loop” as summarized in Table S-57, when the vehicle is running 

at high speed, RPM and then is decelerating, an “open loop” transient events is more 

likely to occur.  

Because the average duration of “open loop” is less than two seconds while the 

modeling schemes use consecutive averages, data is not further stratified by high speed to 

capture these episodic events.  This issue will remain a challenge because in these cases 

emissions will be sensitive to the catalytic conversion efficiency, which is also sensitive 

to the air-to-fuel ratio. 

S14.  Relationship between Fuel Use and CO2 Emissions 

 Fuel use rate is not actually measured by the PEMS but derived from a mass 

balance of chemical combustion in the engine.  CO2 emission rate appears to have a 

strongly linear relationship with fuel use rate because the CO2 concentration in the 

tailpipe usually is much higher than other pollutants.  For example, Figure S-14 depicts a 

perfectly linear relationship between fuel use and CO2 emission rates.  CO2 emission rate 

is approximately three times as high as fuel use rate.  Thus, conclusions regarding fuel 

use are also applicable to CO2 emissions.  

 



299 

S15. Reference 

S-1. Rawlings, J.O.; Pantula, S.G.; Dicky, D. In Applied Regression Analysis: A 
Research Tool; Springer-Verlag: Nee York, 1998. 
 

S-2. Durbin, J.; Watson, G.S. Testing for Serial Correlation in Least Squares 
Regression; Biometrika, 1951, 38(1-2), 159-178. 

 
S-3. Shumway, R.H.; Stoffer, D.S. In Time Series Analysis and Its Applications; 

Springer-Verlag: New York, 2000. 
 
S-4. Sen, A.; Srivastava, M. In Regression Analysis: Theory, Methods, and 

Application;  Springer-Verlag: New York, 1990. 
 
S-5. EPA. User’s Guide to MOBILE6.1 and MOBILE 6.2: Mobile Source Emission 

Factor Model, EPA 420-R-03-010; Assessment and Standards Division, Office of 
Transportation and Air Quality, U.S. Environmental Protection Agency: Ann 
Arbor, MI, 2003. 

 
S-6. EPA. Final Facility Specific Speed Correction Factors, EPA 420-R-01-060; 

Assessment and Standards Division, Office of Transportation and Air Quality, 
U.S. Environmental Protection Agency: Ann Arbor, MI, 2002. 

 
S-7. EPA. Technical Guidance on the Use of MOBILE6.2 for Emission Inventory 

Preparation, EPA420-R-04-013; the Transportation and Regional Programs 
Division, Office of Transportation and Air Quality, U.S. Environmental Protection 
Agency: Ann Arbor, MI, 2004.  

 
S-8. Steel, R.G.D.; Torrie, J.H.; Dickey, D. A. In Principles and Procedures of 

Statistics: A Biometrical Approach (3rd ed.); McGraw-Hill: Boston, MA, 1997. 



300 

Table S-1. Summary of Field Data Collection for Three Primary and Seven Secondary 
Vehicles 

 

Categories Vehicles Hrs of Data 
Collection 

2005 Chevrolet Cavalier 2.2 L 69 

2005 Dodge Caravan 3.3 L 64 
Pr

im
ar

y 
2005 Chevrolet Tahoe 5.3 L 62 

1998 Plymouth Breeze 2.4 L 9 
2000 Dodge Caravan 3.3 L 11 
1997 Honda Accord 2.2 L 4 
1997 Dodge Caravan 3.3 L 2.5 
2004 Dodge Stratus 2.7 L 2.5 

2000 Ford Crown Victoria 4.6 L 3 

Se
co

nd
ar

y 

2002 Dodge Caravan 3.3 L 2.5 
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Table S-2. Correlation Coefficients between Vehicle Activity and Emissions Data for a 2005 Chevrolet Cavalier with a 2.2 L Engine 
 
Pearson Correlation Coefficients: 
 Speed Accela RPMb CTc  THPd MAPe IATf Gradeg NO HC CO Fuel 
Speed 1.0 0.04 0.81 -0.49 0.47 0.27 -0.29 -0.06 0.21 0.31 0.34 0.55 
Accel 0.04 1.0 0.24 0.11 0.41 0.47 0.01* -0.04 0.12 0.23 0.16 0.42 
RPM 0.81 0.24 1.0 -0.3 0.68 0.38 -0.18 0* 0.24 0.4 0.39 0.73 
CT -0.49 0.11 -0.3 1.0 -0.12 -0.1 0.51 0.06 -0.08 -0.09 -0.16 -0.19 

THP 0.47 0.41 0.68 -0.12 1.0 0.72 -0.1 0.09 0.28 0.49 0.41 0.85 
MAP 0.27 0.47 0.38 -0.08 0.72 1.0 -0.08 0.13 0.37 0.5 0.37 0.87 
IAT -0.29 0.01* -0.18 0.51 -0.1 -0.1 1.0 0.03 -0.05 0.01 -0.08 -0.17 

Grade -0.06 -0.04 0* 0.06 0.09 0.13 0.03 1.0 0.02 0.05 0.04 0.09 
NO 0.21 0.12 0.24 -0.08 0.28 0.37 -0.05 0.02 1.0 0.26 0.14 0.39 
HC 0.31 0.23 0.4 -0.09 0.49 0.5 0.01 0.05 0.26 1.0 0.3 0.57 
CO 0.34 0.16 0.39 -0.16 0.41 0.37 -0.08 0.04 0.14 0.3 1.0 0.47 
Fuel 0.55 0.42 0.73 -0.19 0.85 0.87 -0.17 0.09 0.39 0.57 0.47 1.0 

 
Note:   * Not statistically significant; a Accel – acceleration; b RPM – engine RPM; c CT – coolant temperature; d THP – throttle position 
percentage; e MAP – manifold absolute pressure; f IAT – intake air temperature; g Grade – road grade 
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Table S-2 (continued) 
 
Spearman Rank Correlation Coefficients: 
 Speed Accela RPMb CTc  THPd MAPe IATf Gradeg NO HC CO Fuel 
Speed 1.0 0.04 0.79 -0.62 0.51 0.24 -0.26 -0.07 0.48 0.30 0.6 0.59 
Accel 0.04 1.0 0.24 0.15 0.48 0.58 0.01 -0.05 0.31 0.22 0.29 0.48 
RPM 0.79 0.24 1.0 -0.44 0.75 0.39 -0.2 -0.02 0.53 0.37 0.67 0.79 
CT -0.62 0.15 -0.44 1.0 -0.19 -0.06 0.24 0.04 -0.3 -0.11 -0.32 -0.28 
THP 0.51 0.48 0.75 -0.2 1.0 0.69 -0.1 0.08 0.55 0.41 0.64 0.86 
MAP 0.24 0.58 0.39 -0.06 0.69 1.0 -0.07 0.14 0.58 0.4 0.56 0.83 
IAT -0.26 0.01 -0.2 0.24 -0.1 -0.07 1.0 0.02 -0.1 0.04 -0.19 -0.18 
Grade -0.07 -0.05 -0.02 0.04 0.08 0.14 0.02 1.0 0.08 0.04 0.04 0.08 
NO 0.48 0.31 0.53 -0.26 0.55 0.58 -0.13 0.08 1.0 0.33 0.49 0.66 
HC 0.3 0.22 0.37 -0.11 0.41 0.4 0.04 0.04 0.33 1.0 0.4 0.46 
CO 0.6 0.29 0.67 -0.32 0.64 0.56 -0.19 0.04 0.49 0.4 1.0 0.73 
Fuel 0.59 0.48 0.79 -0.28 0.86 0.83 -0.18 0.08 0.66 0.46 0.73 1.0 
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Table S-3. Correlation Coefficients between Vehicle Activity and Emissions Data for a 2005 Dodge Caravan with a 3.3 L Engine 
  

Pearson Correlation Coefficients: 
 Speed Accela RPMb CTc  THPd MAPe IATf Gradeg NO HC CO Fuel 
Speed 1.0 0.03 0.81 -0.23 0.5 0.37 -0.22 -0.07 0.06 0.36 0.05 0.54 
Accel 0.03 1.0 0.26 0.04 0.43 0.53 0.01 -0.03 0.12 0.31 0.05 0.46 
RPM 0.81 0.26 1.0 -0.15 0.78 0.57 -0.18 -0.01 0.15 0.54 0.15 0.8 
CT -0.23 0.04 -0.15 1.0 -0.08 -0.06 0.43 0.05 -0.01 -0.05 0.01 -0.1 
THP 0.5 0.43 0.78 -0.08 1.0 0.82 -0.12 0.09 0.2 0.63 0.16 0.93 
MAP 0.37 0.53 0.57 -0.06 0.82 1.0 -0.1 0.14 0.16 0.63 0.07 0.92 
IAT -0.22 0.01 -0.18 0.43 -0.12 -0.1 1.0 0.03 -0.02 -0.08 -0.01 -0.15 
Grade -0.07 -0.03 -0.01 0.05 0.09 0.14 0.03 1.0 0.01 0.08 0.02 0.1 
NO 0.06 0.12 0.15 -0.01 0.2 0.16 -0.02 0.01 1.0 0.15 0.02 0.2 
HC 0.36 0.31 0.54 -0.05 0.63 0.63 -0.08 0.08 0.15 1.0 0.14 0.67 
CO 0.05 0.05 0.15 0.01 0.16 0.07 -0.01 0.02 0.02 0.14 1.0 0.12 
Fuel 0.54 0.46 0.8 -0.1 0.93 0.92 -0.15 0.1 0.2 0.67 0.12 1.0 

 
Note:   * Not statistically significant; a Accel – acceleration; b RPM – engine RPM; c CT – coolant temperature; d THP – throttle position 
percentage; e MAP – manifold absolute pressure; f IAT – intake air temperature; g Grade – road grade 
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Table S-3 (continued) 
 
Spearman Rank Correlation Coefficients: 
 Speed Accela RPMb CTc  THPd  MAPe IATf Gradeg NO HC CO Fuel 
Speed 1.0 0.03 0.82 -0.19 0.58 0.3 -0.2 0.08 0.23 0.41 0.5 0.62 
Accel 0.03 1.0 0.28 0.04 0.51 0.6 0.01 -0.04 0.31 0.33 0.31 0.48 
RPM 0.82 0.28 1.0 -0.12 0.82 0.53 -0.16 -0.02 0.39 0.55 0.6 0.84 
CT -0.19 0.04 -0.12 1.0 -0.08 -0.04 0.39 0.02 -0.05 -0.04 -0.06 -0.11 

THP 0.58 0.51 0.82 -0.08 1.0 0.83 -0.13 0.08 0.45 0.62 0.63 0.92 
MAP 0.3 0.6 0.53 -0.04 0.83 1.0 -0.08 0.14 0.44 0.58 0.57 0.86 
IAT -0.2 0.01 -0.16 0.39 -0.13 -0.08 1.0 0.02 -0.11 -0.08 -0.11 -0.17 

Grade 0.08 -0.04 -0.02 0.02 0.08 0.14 0.02 1.0 0.08 0.06 0.05 0.07 
NO 0.23 0.31 0.39 -0.05 0.45 0.44 -0.11 0.08 1.0 0.36 0.26 0.47 
HC 0.41 0.33 0.55 -0.04 0.62 0.58 -0.08 0.06 0.36 1.0 0.52 0.65 
CO 0.5 0.31 0.6 -0.06 0.63 0.57 -0.11 0.05 0.26 0.52 1.0 0.65 
Fuel 0.62 0.48 0.84 -0.11 0.92 0.86 -0.17 0.07 0.47 0.65 0.65 1.0 
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Table S-4. Correlation Coefficients between Vehicle Activity and Emissions Data for a 2005 Chevrolet Tahoe with a 5.3 L Engine 
 

Pearson Correlation Coefficients: 
 Speed Accela RPMb CTc  THPd  MAPe IATf Gradeg NO HC CO Fuel 
Speed 1.0 0.03 0.75 -0.49 0.53 0.26 -0.17 0.04 0.11 0.26 0.26 0.48 
Accel 0.03 1.0 0.22 0.15 0.36 0.44 0.02 -0.03 0.32 0.23 0.22 0.4 
RPM 0.75 0.22 1.0 -0.39 0.77 0.44 -0.16 0.01 0.35 0.43 0.42 0.73 
CT -0.49 0.15 -0.39 1.0 -0.2 -0.003 0.28 0.03 0.02 -0.08 -0.1 -0.17 

THP 0.53 0.36 0.77 -0.2 1.0 0.78 -0.08 0.07 0.52 0.55 0.56 0.91 
MAP 0.26 0.44 0.44 -0.003 0.78 1.0 -0.02 0.11 0.52 0.55 0.51 0.91 
IAT -0.17 0.02 -0.16 0.28 -0.08 -0.02 1.0 -0.01 -0.01 -0.06 -0.11 -0.11 

Grade 0.04 -0.03 0.01 0.03 0.07 0.11 -0.01 1.0 0.05 0.06 0.04 0.08 
NO 0.11 0.32 0.35 0.02 0.52 0.52 -0.01 0.05 1.0 0.48 0.56 0.58 
HC 0.26 0.23 0.43 -0.08 0.55 0.55 -0.06 0.06 0.48 1.0 0.49 0.61 
CO 0.26 0.22 0.42 -0.1 0.56 0.51 -0.11 0.04 0.56 0.49 1.0 0.61 
Fuel 0.48 0.4 0.73 -0.17 0.91 0.91 -0.11 0.08 0.58 0.61 0.61 1.0 

 
Note:   * Not statistically significant; a Accel – acceleration; b RPM – engine RPM; c CT – coolant temperature; d THP – throttle position 
percentage; e MAP – manifold absolute pressure; f IAT – intake air temperature; g Grade – road grade 
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Table S-4 (continued) 
 
Spearman Rank Correlation Coefficients: 
 Speed Accela RPMb CTc  THPd  MAPe IATf Gradeg NO HC CO Fuel 
Speed 1.0 0.02 0.74 -0.58 0.59 0.23 -0.16 -0.04 0.35 0.27 0.4 0.56
Accel 0.02 1.0 0.22 0.16 0.4 0.55 0.01 -0.04 0.45 0.21 0.33 0.45
RPM 0.74 0.22 1.0 -0.49 0.82 0.41 -0.17 0.01 0.56 0.38 0.57 0.78
CT -0.58 0.16 -0.49 1.0 -0.3 0* 0.23 0.02 -0.14 -0.12 -0.19 -0.28

THP 0.59 0.4 0.82 -0.3 1.0 0.74 -0.07 0.06 0.73 0.46 0.64 0.94
MAP 0.23 0.55 0.41 0* 0.74 1.0 -0.01 0.11 0.68 0.42 0.6 0.85
IAT -0.16 0.01 -0.17 0.23 -0.07 -0.01 1.0 -0.01 -0.07 -0.03 -0.16 -0.11

Grade -0.04 -0.04 0.01 0.02 0.06 0.11 -0.01 1.0 0.08 0.04 0.06 0.07
NO 0.35 0.45 0.56 -0.14 0.73 0.68 -0.07 0.08 1.0 0.45 0.64 0.76
HC 0.27 0.21 0.38 -0.12 0.46 0.42 -0.03 0.04 0.45 1.0 0.44 0.48
CO 0.4 0.33 0.57 -0.19 0.64 0.6 -0.16 0.06 0.64 0.44 1.0 0.68
Fuel 0.56 0.45 0.78 -0.28 0.94 0.85 -0.11 0.07 0.76 0.48 0.68 1.0 
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Table S-5.  IOVMs for NO, HC, CO and Fuel for All Vehicles 
 

NO HC CO Fuel 

Vehicles aNO bNO 
aHC  

(×10-9) 
(rpm.kpa)-1 

aCO 
(×10-8) 

(rpm.kpa)-1 

aFuel 
(×10-5) 

(rpm.kpa)-1 
2005 Chevrolet  
Cavalier 2.2 L 1.75 307129 2.2  4.92  1.12  

2005 Dodge 
Caravan 3.3 L 6.99 546317 4.64 15.9 1.80 

2005 Chevrolet  
Tahoe 5.3 L 9.34 333840 5.50 4.65 2.83 

1997 Honda  
Accord 2.2 L 8.13 307038 4.46 9.62 1.05 

1998 Plymouth 
Breeze 2.4 L 348 615159 9.45 120 1.2 

2004 Dodge 
Stratus 2.7 L  48.8 517003 9.55 23.6 1.26 

1997 Dodge 
Caravan 3.3 L 326 576501 11.2 13.5 1.59 

2000 Dodge 
Caravan 3.3 L 120 646161 2.81 14.9 1.43 

2002 Dodge 
Caravan 3.3 L 24.0 367295 5.40 9.46 1.57 

2000 Ford  
Crown Victoria 

4.6 L 
3110 1000521 5.120 3.5 1.19 

 

Note: a NO model is )exp(
)(

____________
5.0

___________

_____

t
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NO
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t
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Table S-6a.  EOVMs for NO and HC for All Vehicles 

 
NO HC 

Idlinga non-idlingb Idlinga non-idlingb Vehicle 
µNO 

(mg/s) 
ANO

c 
(×10-6) 

BNO
c 

(×10-6) 
CNO

c 

(×10-9) 
DNO

c 

(×10-6) 
µHC 

(mg/s) 
AHC

c 

(×10-6) 
BHC

c 

(×10-6) 
CHC

c 

(×10-10) 
DHC

c 
(×10-7) 

2005 Chevrolet  
Cavalier 2.2 L 0.006 1.368 3.287 0.044 0.317 0.043 0.910 2.457 0.225 2.262 

2005 Dodge 
Caravan 3.3 L 0.004 3.374 4.730 -0.111 0.447 0.068 2.188 7.307 -1.38 6.832 

2005 Chevrolet  
Tahoe 5.3 L 0.147 8.162 15.99 -0.678 1.300 0.118 1.758 6.305 -1.16 4.36 

1997 Honda  
Accord 2.2 L 0.102 12.47 15.00 0.390 2.363 0.124 2.433 6.845 -0.269 2.035 

1998 Plymouth 
Breeze 2.4 L 0.042 54.09 -47.12 17.91 29.90 0.099 5.363 2.524 8.495 16.27 

2004 Dodge 
Stratus 2.7 L  0.096 22.88 30.07 -0.431 6.203 0.216 5.588 13.95 -2.26 16.28 

1997 Dodge 
Caravan 3.3 L 13.2 108.6 254.4 -1.861 46.59 1.18 5.719 26.55 -10.4 6.579 

2000 Dodge 
Caravan 3.3 L 0.032 25.28 14.79 3.728 9.963 0.046 2.51 3.154 0.314 -0.949 

2002 Dodge 
Caravan 3.3 L 0.064 31 54.40 -1.298 7.762 0.170 2.59 12.02 -5.34 4.385 

2000 Ford  
Crown Victoria 4.6 L 3.097 74.04 185.0 -12.18 4.651 0.334 2.658 17.76 -13.1 0.2068 

 
Note: a: When the vehicle time-averaged speed is zero, the vehicle is defined to be idling. For NO, the averaging time is 18 seconds while it is 12 
seconds for the others.  At idling, the average emissions and fuel use is modeled as the averages of second-by-second data. 

b the model form is j

t

j

t

j

t

j

t

j

t

j vDvrCvBavAm ε++++=
ΔΔΔΔΔ ____

3
_______________

 when the vehicle is not idling.  The non-idling driving mode is defined 
as a situation that the vehicle time-averaged speed is not zero.  Since each model term has a unit of g/sec.  Thus, the fitted coefficients have units 
that can be derived from the corresponding explanatory variable. For example, the unit of Bj will be g/(sec-km/h) since the unit of speed used 
here is km/h; c : units for coefficients: ANO, AHC – g.km-2.h; BNO, BHC – g.km-1.h.s-1; CNO, CHC –g.km-1.h.s-1; DNO, DHC – g.km-3.h3.s-1; 
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Table S-6b.  EOVMs for CO and Fuel for All Vehicles 
 

CO Fuel 
Idlinga non-idlingb Idlinga non-idlingb Vehicle 

µCO 
(mg/s) 

ACO
c 

(×10-5) 
BCO

c 

(×10-5) 
CCO

c 

(×10-9) 
DCO

c 

(×10-5) 
µFuel 
(g/s) 

AFuel
c 

(×10-3) 
BFuel

c 

(×10-2) 
CFuel

c 

(×10-7) 
DFuel

c 
(×10-3) 

2005 Chevrolet 
Cavalier 2.2 L 0.581 1.365 4.405 2.104 0.551 0.247 4.182 1.361 -0.003 1.149 

2005 Dodge 
Caravan 3.3 L 0.756 16.59 1.012 14.644 4.236 0.344 7.883 2.638 -2.903 2.382 

2005 Chevrolet 
Tahoe 5.3 L 1.242 1.585 3.442 0.881 0.350 0.741 8.214 3.366 -6.019 1.906 

1997 Honda 
Accord 2.2 L 2.136 1.006 17.84 -2.024 1.153 0.289 5.247 2.086 -13.325 0. 870 

1998 Plymouth 
Breeze 2.4 L 4.404 92.11 56.383 79.932 31.299 0.292 5.489 1.700 -0.295 1.767 

2004 Dodge 
Stratus 2.7 L 8.214 12.21 18.485 10.108 4.782 0.394 5.413 2.037 -4.240 1.421 

1997 Dodge 
Caravan 3.3 L 14.0 7.837 40.975 -20.811 0.405 1.567 6.518 3.438 -8.086 1.296 

2000 Dodge 
Caravan 3.3 L 0.230 21.41 10.55 4.238 1.640 0.291 6.362 1.888 1.676 1.299 

2002 Dodge 
Caravan 3.3 L 2.978 11.06 21.609 -10.408 3.400 0.414 7.849 2.704 -6.198 2.065 

2000 Ford 
Crown Victoria 4.6 L 2.807 0.643 10.595 -7.477 -0.123 0.713 5.738 3.772 -25.835 0. 273 

 
Note: a: When the vehicle time-averaged speed is zero, the vehicle is defined to be idling. For NO, the averaging time is 18 seconds while it is 12 
seconds for the others.  At idling, the average emissions and fuel use is modeled as the averages of second-by-second data. 

b the model form is j

t

j

t

j

t

j

t

j

t

j vDvrCvBavAm ε++++=
ΔΔΔΔΔ ____

3
_______________

 when the vehicle is not idling.  The non-idling driving mode is defined 
as a situation that the vehicle time-averaged speed is not zero.  Since each model term has a unit of g/sec.  Thus, the fitted coefficients have units 
that can be derived from the corresponding explanatory variable. For example, the unit of Bj will be g/(sec-km/h) since the unit of speed used 
here is km/h. c : units for coefficients: ACO, AFuel – g.km-2.h; BCO, BFuel – g.km-1.h.s-1; CCO, CFuel –g.km-1.h.s-1; DCO, DFuel – g.km-3.h3.s-1; 
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Table S-7.  Goodness-of-Fit of Vehicle-Specific Models for NO, HC, CO, and Fuel Use 
for Ten Vehicles Using Time-Averaged Speed, Acceleration, and Road Grade a 

 
NO HC 

Modeling Validation Modeling Validation Vehicles 
R2

m Slm R2
v Slv R2

m Slm R2
v Slv 

2005 Chevrolet 
Cavalier2.2 L 0.16 1 0.16 0.99 0.22 1 0.20 0.94 

2005 Dodge 
Caravan 3.3 L 0.05 1 0.05 1.04 0.32 1 0.33 1.01 

2005 Chevrolet 
Tahoe 5.3 L 0.24 1 0.23 0.98 0.20 1 0.19 0.98 

1997 Honda 
Accord 2.2 L 0.11 1 0.15 1.26 0.03 1 0.08 1.09 

1998 Plymouth 
Breeze 2.4 L 0.56 1 0.55 0.98 0.29 1 0.24 0.97 

2004 Dodge 
Stratus 2.7 L 0.44 1 0.41 1.00 0.46 1 0.47 1.02 

1997 Dodge 
Caravan 3.3 L 0.31 1 0.35 0.88 0.21 1 0.25 0.91 

2000 Dodge 
Caravan 3.3 L 0.52 1 0.53 1.01 0.02 1 0.03 1.09 

2002 Dodge 
Caravan 3.3 L 0.36 1 0.36 0.93 0.28 1 0.29 0.85 

2000 Ford Crown 
Victoria 4.6 L 0.27 1 0.20 1.16 0.24 1 0.16 0.87 

Average 0.30 1 0.30 1.02 0.23 1 0.22 0.97 

Range 
0.05 

– 
0.56 

1 
0.05 

– 
0.55 

0.36 
– 

1.16 

0.02 
– 

0.46 
1 

0.03 
– 

0.47 

0.85 
– 

1.09 

Note: a the model form is j

t

j

t

j

t

j

t

jj

t

j vDvrCvBavAAm ε+++++=
ΔΔΔΔΔ ____

3
_________

,0

______
 

The averaging time period for NO is 18 seconds and 12 seconds for the others 
R2 and slope are based upon the model of actual measurements vs. model predicting 
values 
R2

m and Slm –R2 and slope using data from modeling databases 
R2

v  and Slv – R2 and slope using data from validation databases 
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Table S-7 (continued) 
 

CO Fuel 
Modeling Validation Modeling Validation Vehicles 

R2
m Slm R2

v Slv R2
m Slm R2

v Slv 
2005 Chevrolet 
Cavalier2.2 L 0.32  1.00  0.31  1.00  0.71  1.00  0.70  0.99  

2005 Dodge 
Caravan 3.3 L 0.02  1.00  0.02  0.94  0.77  1.00  0.77  1.00  

2005 Chevrolet 
Tahoe 5.3 L 0.24  1.00  0.24  1.00  0.62  1.00  0.61  1.00  

1997 Honda 
Accord 2.2 L 0.06  1.00  0.07  1.56 0.17  1.00  0.26  1.45 

1998 Plymouth 
Breeze 2.4 L 0.33  1.00  0.32  0.98  0.79  1.00  0.80  1.00  

2004 Dodge 
Stratus 2.7 L 0.41  1.00  0.42  1.15  0.46  1.00  0.42  0.97  

1997 Dodge 
Caravan 3.3 L 0.14  1.00  0.12  0.90  0.43  1.00  0.47  0.99  

2000 Dodge 
Caravan 3.3 L 0.04  1.00  0.04  1.19  0.79  1.00  0.80  1.01  

2002 Dodge 
Caravan 3.3 L 0.14  1.00  0.13  0.97  0.71  1.00  0.74  1.00  

2000 Ford Crown 
Victoria 4.6 L 0.02  1.00  0.03  1.25  0.46  1.00  0.42  0.97  

Average 0.17 1 0.17 1.09 0.59 1 0.60 1.04 

Range 
0.02 

– 
0.41 

1 
0.02 

– 
0.42 

0.94 
– 

1.25 

0.43 
– 

0.79 
1 

0.35 
– 

0.80 

0.97 
– 

1.00 
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Table S-8. Definition of Idling, Acceleration, Deceleration and Cruise Mode Using Time-
Averaged Speed 

 
Driving Mode Definition 

Idle Speed = 0 & Acceleration = 0 
Acceleration Speed > 0 & Acceleration  ≥ 3.22 km/h/s  
Deceleration Speed > 0 & Acceleration  ≤ -3.22 km/h/s  

Cruise Other situations than the above defined 
 
Note: Acceleration is derived from the consecutive speed averages. The averaging time 
interval is 18 seconds for NO and 12 seconds for the others. 
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Table S-9a.  Goodness-of-Fit of Vehicle-Specific Models for NO and HC Emission Rates for Ten Tested Vehicles Using Speed, Acceleration 
and Road Grade for Modeling Dataset a 

 
Pollutant NO HC 

Driving Mode Accel.b Decel.b Cruise Accel.b Decel.b Cruise 
 R2

m SLm R2
m SLm R2

m SLm R2
m SLm R2

m SLm R2
m SLm 

2005 Chevrolet 
Cavalier2.2 L 0.42 1 0.30 1 0.35 1 0.52 1 0.40 1 0.52 1 

2005 Dodge 
Caravan 3.3 L 0.14 1 0.12 1 0.10 1 0.66 1 0.57 1 0.65 1 

2005 Chevrolet 
Tahoe 5.3 L 0.52 1 0.43 1 0.38 1 0.55 1 0.49 1 0.54 1 

1997 Honda 
Accord 2.2 L 0.83 1 0.71 1 0.86 1 0.83 1 0.68 1 0.76 1 

1998 Plymouth 
Breeze 2.4 L 0.73 1 0.56 1 0.73 1 0.41 1 0.33 1 0.68 1 

2004 Dodge 
Stratus 2.7 L 0.77 1 0.64 1 0.72 1 0.85 1 0.79 1 0.83 1 

1997 Dodge 
Caravan 3.3 L 0.82 1 0.53 1 0.69 1 0.78 1 0.59 1 0.74 1 

2000 Dodge 
Caravan 3.3 L 0.72 1 0.64 1 0.76 1 0.04 1 0.36 1 0.33 1 

2002 Dodge 
Caravan 3.3 L 0.75 1 0.51 1 0.71 1 0.73 1 0.68 1 0.71 1 

2000 Ford Crown 
Victoria 4.6 L 0.56 1 0.49 1 0.27 1 0.74 1 0.64 1 0.61 1 

Average 0.63 1 0.49 1 0.56 1 0.61 1 0.55 1 0.64 1 
Range 0.14-0.83 1 0.12-0.71 1 0.10-0.86 1 0.04-0.85 1 0.33-0.79 1 0.33-0.83 1 

Note: a the model form is ji

t

ji

t

ji

t

ji

t

ji

t

ji vDvrCvBavAm ,

____
3

,

___

,

__

,

____

,

______

, ε++++=
ΔΔΔΔΔ

 
b Driving mode: Accel. – acceleration, Decel. – deceleration;  The averaging time period for NO is 18 seconds and 12 seconds for the others 
R2 and slope are based upon the model of actual measurements vs. model predicting values;  R2

m  and Slm – R2 and slope using data from 
modeling (calibration) databases 
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Table S-9b.  Goodness-of-Fit of Vehicle-Specific Models for CO and Fuel Use Rates for Ten Tested Vehicles Using Speed, Acceleration and 
Road Grade for Modeling Dataset a 

 
Pollutant CO Fuel 

Driving Mode Accel.b Decel.b Cruise Accel.b Decel.b Cruise 
 R2

m SLm R2
m SLm R2

m SLm R2
m SLm R2

m SLm R2
m SLm 

2005 Chevrolet 
Cavalier2.2 L 0.61 1 0.57 1 0.70 1 0.92 1 0.86 1 0.92 1 

2005 Dodge 
Caravan 3.3 L 0.02 1 0.03 1 0.10 1 0.94 1 0.87 1 0.94 1 

2005 Chevrolet 
Tahoe 5.3 L 0.58 1 0.49 1 0.56 1 0.92 1 0.86 1 0.89 1 

1997 Honda 
Accord 2.2 L 0.85 1 0.59 1 0.69 1 0.95 1 0.88 1 0.91 1 

1998 Plymouth 
Breeze 2.4 L 0.52 1 0.59 1 0.80 1 0.96 1 0.89 1 0.94 1 

2004 Dodge 
Stratus 2.7 L 0.75 1 0.78 1 0.74 1 0.96 1 0.91 1 0.94 1 

1997 Dodge 
Caravan 3.3 L 0.70 1 0.56 1 0.51 1 0.94 1 0.81 1 0.88 1 

2000 Dodge 
Caravan 3.3 L 0.07 1 0.15 1 0.07 1 0.95 1 0.92 1 0.97 1 

2002 Dodge 
Caravan 3.3 L 0.36 1 0.26 1 0.40 1 0.95 1 0.88 1 0.96 1 

2000 Ford Crown 
Victoria 4.6 L 0.14 1 0.23 1 0.27 1 0.89 1 0.86 1 0.79 1 

Average 0.46 1 0.43 1.00 0.48 1.00 0.94 1.00 0.87 1.00 0.91 1.00 
Range 0.02-0.85 1 0.03-0.78 1 0.07-0.80 1 0.89-0.96 1 0.81-0.92 1 0.79-0.97 1 

Note: a the model form is ji

t

ji

t

ji

t

ji

t

ji

t

ji vDvrCvBavAm ,

____
3

,

___

,

__

,

____

,

______

, ε++++=
ΔΔΔΔΔ

 
b Driving mode: Accel. – acceleration, Decel. – deceleration; The averaging time period for NO is 18 seconds and 12 seconds for the others 
R2 and slope are based upon the model of actual measurements vs. model predicting values; R2

m  and Slm – R2 and slope using data from 
modeling (calibration) databases 
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Table S-10a.  Goodness-of-Fit of Vehicle-Specific Models for NO and HC Emission Rates for Ten Tested Vehicles Using Speed, Acceleration 
and Road Grade for Validation Dataset a 

 
Pollutant NO HC 

Driving Mode Accel.b Decel.b Cruise Accel.b Decel.b Cruise 
 R2

v SLv R2
v SLv R2

v SLv R2
v SLv R2

v SLv R2
v SLv 

2005 Chevrolet 
Cavalier2.2 L 0.42 1.02 0.32 1.14 0.40 1.11 0.57 1.06 0.47 1.12 0.54 1.16 

2005 Dodge 
Caravan 3.3 L 0.14 1.07 0.13 0.87 0.05 1.45 0.67 0.98 0.58 0.92 0.72 0.96 

2005 Chevrolet 
Tahoe 5.3 L 0.49 1.00 0.46 1.13 0.43 0.96 0.52 1.00 0.48 0.96 0.49 0.87 

1997 Honda 
Accord 2.2 L 0.69 0.52 0.73 0.73 0.72 0.30 0.66 0.71 0.44 0.31 0.73 0.47 

1998 Plymouth 
Breeze 2.4 L 0.72 0.77 0.55 0.96 0.73 1.17 0.40 1.10 0.48 1.16 0.73 1.25 

2004 Dodge 
Stratus 2.7 L 0.68 0.84 0.58 0.82 0.84 1.21 0.68 1.05 0.42 1.05 0.69 1.16 

1997 Dodge 
Caravan 3.3 L 0.78 0.76 0.56 1.24 0.65 0.83 0.84 0.75 0.74 1.00 0.78 0.79 

2000 Dodge 
Caravan 3.3 L 0.70 1.15 0.64 1.13 0.74 1.15 0.09 1.12 0.17 1.78 0.39 1.25 

2002 Dodge 
Caravan 3.3 L 0.82 1.24 0.58 0.98 0.70 1.09 0.86 0.83 0.65 0.71 0.52 0.59 

2000 Ford Crown 
Victoria 4.6 L 0.61 1.68 0.23 0.95 0.24 1.25 0.73 1.24 0.47 1.13 0.74 1.53 

Average 0.61 1.01 0.48 1.00 0.55 1.05 0.60 0.98 0.49 1.01 0.63 1.00 
min 0.14 0.52 0.13 0.73 0.05 0.30 0.09 0.71 0.17 0.31 0.39 0.47 

Range 
max 0.82 168 0.73 1.24 0.84 1.45 0.86 1.24 0.74 1.78 0.78 1.53 

Note: a the model form is ji

t

ji

t

ji

t

ji

t

ji

t

ji vDvrCvBavAm ,

____
3

,

___

,

__

,

____

,

______

, ε++++=
ΔΔΔΔΔ

; b Driving mode: Accel. – acceleration, Decel. – 
deceleration; The averaging time period for NO is 18 seconds and 12 seconds for the others ; R2 and slope are based upon the model of actual 
measurements vs. model predicting values; R2

v  and Slv – R2 and slope using data from validation databases.  
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Table S-10b.  Goodness-of-Fit of Vehicle-Specific Models for CO and Fuel Use Rates for Ten Tested Vehicles Using Speed, Acceleration and 
Road Grade for Validation Dataset a 

Pollutant CO Fuel 
Driving Mode Accel.b Decel.b Cruise Accel.b Decel.b Cruise 

 R2
v SLv R2

v SLv R2
v SLv R2

v SLv R2
v SLv R2

v SLv 
2005 Chevrolet 
Cavalier2.2 L 0.63 1.04 0.48 1.03 0.69 0.97 0.93 1.04 0.87 1.03 0.93 1.02 

2005 Dodge 
Caravan 3.3 L 0.05 2.38 0.03 0.24 0.61 0.27 0.95 1.01 .87 1.00 0.95 1.00 

2005 Chevrolet 
Tahoe 5.3 L 0.60 0.98 0.51 1.04 0.56 0.94 0.92 1.01 0.86 1.03 0.88 1.02 

1997 Honda 
Accord 2.2 L 0.84 0.95 0.88 0.45 0.88 0.41 0.89 1.04 0.94 1.41 0.93 1.71 

1998 Plymouth 
Breeze 2.4 L 0.56 1.14 0.43 1.40 0.82 1.05 0.96 0.96 0.90 0.99 0.96 1.00 

2004 Dodge 
Stratus 2.7 L 0.44 0.92 0.70 1.27 0.78 1.12 0.83 1.00 0.84 0.99 0.89 1.04 

1997 Dodge 
Caravan 3.3 L 0.68 0.72 0.56 1.26 0.71 0.95 0.93 0.89 0.83 1.08 0.86 0.96 

2000 Dodge 
Caravan 3.3 L 0.09 1.38 0.12 1.59 0.21 0.31 0.95 1.01 0.91 0.99 0.97 1.01 

2002 Dodge 
Caravan 3.3 L 0.71 1.54 0.27 1.04 0.50 1.11 0.98 1.06 0.90 1.08 0.95 1.02 

2000 Ford Crown 
Victoria 4.6 L 0.01 0.48 0.01 0.21 0.02 0.22 0.90 1.08 0.75 1.02 0.84 1.24 

Average 0.46  1.15  0.40  0.95  0.58  0.74  0.92  1.01  0.87  1.06  0.92  1.10  
min 0.01 0.48 0.01 0.21 0.02 0.22 0.83 0.89 0.75 0.99 0.84 0.96 

Range 
max 0.84 2.38 0.88 1.59 0.88 1.12 0.98 1.08 0.94 1.41 0.97 1.71 

Note: a the model form is ji

t

ji

t

ji

t

ji

t

ji

t

ji vDvrCvBavAm ,

____
3

,

___

,

__

,

____

,

______

, ε++++=
ΔΔΔΔΔ

; b Driving mode: Accel. – acceleration, Decel. – 
deceleration; The averaging time period for NO is 18 seconds and 12 seconds for the others; R2 and slope are based upon the model of actual 
measurements vs. model predicting values; R2

v  and Slv – R2 and slope using data from validation databases. 
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Table S-11. Average Difference between the Average Total Emissions for All Trips on a 
Route Estimated by IOVM and EOVM (%) 
 

NO HC CO CO2 Fuel 
Ave. T. (s) Ave. T. (s) Ave. T. (s) Ave. T. (s) Ave. T. (s) Vehicles 
6 18 3 12 3 12 3 12 3 12 

2005 Chevrolet 
 Cavalier 2.2 L 20  9  -14 -13  -13  -13  -11  -10  -11  -10  

2005 Dodge 
 Caravan 3.3 L 34  25  -10 -9  -56  -49  -10  -9  -10  -9  

2005 Chevrolet 
 Tahoe 5.3 L 58  30  -12 -11  -19  -18  -8  -7  -8  -7  

Note: Ave.T – the averaging time; IOVM – internal observable variable model; EOVM – 
external observable variable model. 
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Table S-12.  Goodness-of-Fit of Vehicle-Specific Engine Data-Based Models for NO, HC, and CO Rates for Ten Vehicles with Box-Cox 
Transformation 

Pollutant NO HC CO 
Domain T BT T BT T BT 

 R2
m,T R2

m,BT R2
v,BT Slv,BT R2

m,T R2
m,BT R2

v,BT Slv,BT R2
m,T R2

m,BT R2
v,BT Slv,BT 

2005 Chevrolet 
Cavalier2.2 L 0.85 0.1 0.1 0.003 0.73 0.54 0.5 0.45 0.86 0.52 0.49 0.43 

2005 Dodge 
Caravan 3.3 L 0.73 0.01 0.25 0.008 0.79 0.53 0.47 0.36 0.79 0.13 0.2 1.82 

2005 Chevrolet 
Tahoe 5.3 L 0.9 0.43 0.21 0.004 0.78 0.6 0.54 0.56 0.91 0.74 0.58 0.51 

1997 Honda 
Accord 2.2 L 0.87 0.36 0.52 0.001 0.90 0.71 0.62 0.22 0.83 0.38 0.73 0.20 

1998 Plymouth 
Breeze 2.4 L 0.9 0.32 0.42 0.01 0.84 0.48 0.69 0.74 0.95 0.66 0.67 0.86 

2004 Dodge 
Stratus 2.7 L 0.93 0.25 0.58 0.02 0.95 0.85 0.78 0.60 0.94 0.82 0.82 0.69 

1997 Dodge 
Caravan 3.3 L 0.9 0.45 0.74 0.02 0.91 0.76 0.81 0.54 0.88 0.61 0.68 0.51 

2000 Dodge 
Caravan 3.3 L 0.88 0.54 0.59 0.01 0.6 0.04 0.06 0.96 0.74 0.07 0.1 1.83 

2002 Dodge 
Caravan 3.3 L 0.91 0.26 0.24 0.01 0.84 0.5 0.75 0.74 0.7 0.31 0.44 0.93 

2000 Ford Crown 
Victoria 4.6 L 0.96 0.53 0.65 0.11 0.94 0.74 0.87 0.77 0.62 0.14 0.12 0.90 

Average 0.88 0.33 0.43 0.02 0.83 0.58 0.61 0.59 0.82 0.44 0.48 0.87 
min 0.73 0.01 0.10 0.003 0.60 0.04 0.06 0.22 0.62 0.07 0.10 0.20 Range max 0.96 0.54 0.74 0.11 0.95 0.85 0.87 0.96 0.95 0.82 0.82 1.83 

Note: T – refers to the domain based upon application of Box-Cox transformation; BT – refers to the domain based upon back-transformation 
from Box-Cox transformation; R2 and slope are based upon the model of actual measurements vs. model predicting values; R2

m,T – R2 using data 
from modeling databases in the transformation domain; R2

m,BT – R2 using data from modeling databases in the back-transformation domain; 
R2

v,BT – R2 using data from validation databases in the back-transformation domain; Slv,BT – slope using data from validation databases in the 
back-transformation domain 
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Table S-13.  Coefficient of Determination (R2) for Vehicle-Specific Models for NO, HC, and CO for Ten Vehicles Using Box-Cox 
Transformation and Vehicle Dynamics Data as Explanatory Variables 

 
NO HC 

Driving Mode Driving Mode 

Accel.a Decel.a Cruise Accel.a Decel.a Cruise 
Vehicles 

T BT T BT T BT T BT T BT T BT 
2005 Chevrolet 
Cavalier2.2 L 0.88 0.12 0.79 0.22 0.87 0.34 0.75 0.54 0.66 0.41 0.71 0.53 

2005 Dodge 
Caravan 3.3 L 0.81 0.10 0.65 0.06 0.73 0.03 0.87 0.60 0.75 0.46 0.80 0.68 

2005 Chevrolet 
Tahoe 5.3 L 0.91 0.22 0.81 0.25 0.87 0.35 0.80 0.47 0.70 0.41 0.74 0.46 

1997 Honda 
Accord 2.2 L 0.93 0.21 0.82 0.58 0.82 0.22 0.95 0.38 0.87 0.45 0.83 0.47 

1998 Plymouth 
Breeze 2.4 L 0.94 0.43 0.85 0.14 0.94 0.44 0.88 0.44 0.76 0.38 0.80 0.70 

2004 Dodge 
Stratus 2.7 L 0.83 0.61 0.83 0.20 0.77 0.72 0.71 0.72 0.65 0.29 0.63 0.66 

1997 Dodge 
Caravan 3.3 L 0.92 0.41 0.76 0.19 0.86 0.60 0.90 0.68 0.73 0.66 0.83 0.81 

2000 Dodge 
Caravan 3.3 L 0.97 0.44 0.89 0.34 0.97 0.55 0.58 0.12 0.58 0.16 0.65 0.38 

2002 Dodge 
Caravan 3.3 L 0.97 0.56 0.91 0.18 0.95 0.36 0.94 0.78 0.86 0.50 0.89 0.43 

2000 Ford Crown 
Victoria 4.6 L 0.92 0.51 0.85 0.17 0.78 0.21 0.90 0.68 0.84 0.46 0.81 0.70 

Average 0.91  0.36  0.82  0.23  0.86  0.38  0.83  0.54  0.74  0.42  0.77  0.58  

Min 0.81 0.1 0.65 0.06 0.73 0.03 0.58 0.12 0.58 0.16 0.63 0.38 
range 

max 0.97 0.61 0.91 0.58 0.97 0.72 0.95 0.78 0.87 0.66 0.89 0.81 

Note:   T – refers to transformation domain using produce of manifold absolute pressure and engine speed as explanatory variable; BT – refers to 
back-transformation domain; R2 refers to the coefficient of determination for validation dataset using models developed from modeling dataset 
a Driving mode: Accel. – acceleration, Decel. – deceleration.  
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Table S-13 (continued) 
 

CO 
Driving Mode 

Accel.a Decel.a Cruise 
Vehicles 

T BT T BT T BT 
2005 Chevrolet 
Cavalier2.2 L 0.90 0.58 0.82 0.44 0.89 0.65 

2005 Dodge 
Caravan 3.3 L 0.73 0.04 0.75 0.01 0.83 0.48 

2005 Chevrolet 
Tahoe 5.3 L 0.88 0.51 0.79 0.42 0.82 0.42 

1997 Honda 
Accord 2.2 L 0.95 0.56 0.87 0.77 0.84 0.57 

1998 Plymouth 
Breeze 2.4 L 0.93 0.66 0.88 0.36 0.94 0.70 

2004 Dodge 
Stratus 2.7 L 0.87 0.49 0.82 0.43 0.73 0.82 

1997 Dodge 
Caravan 3.3 L 0.91 0.57 0.72 0.52 0.78 0.63 

2000 Dodge 
Caravan 3.3 L 0.72 0.11 0.71 0.11 0.85 0.18 

2002 Dodge 
Caravan 3.3 L 0.80 0.61 0.46 0.38 0.69 0.39 

2000 Ford Crown 
Victoria 4.6 L 0.70 0.14 0.67 0.05 0.64 0.13 

Average 0.84  0.43  0.75  0.35  0.80  0.50  

Min 0.7 0.04 0.46 0.01 0.64 0.13 
range 

max 0.95 0.66 0.88 0.77 0.94 0.82 
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Table S-14. R2 Comparisons for Simple Linear Regression and Time Series Regression 
with Serial Errors Models of NO, HC, CO and CO2 Using Vehicle Specific Power 

 
Coefficient of Determination (R2) Models 

NO HC CO CO2 
Linear Regression 0.04 0.01 0.18 0.30 

Time Series Regression 
with Serial Errors 0.72 0.89 0.84 0.86 

Note: Emissions Data are collected on a highway for a 2005 Chevrolet Cavalier 2.2 L 
vehicle. 
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Table S-15. Characteristics of Selected Driving Cycles 

Fraction of Driving Mode Speed 
(mph) 

Acceleration 
(mph/s) 

Deceleration 
(mph/s) LengthCycles 

Idling Accel Del. Cruise min μ max min μ max min μ max mile 
FTP* 0.19 0.05 0.06 0.70 0 21 57 0.1 1.1 3.3 -3.3 -1.3 -0.1 11.0 

NYCC 0.35 0.04 0.04 0.57 0 7 28 0.1 1.4 6.0 -5.9 -1.4 -0.1 1.2 
LA92 0.16 0.05 0.07 0.72 0 25 67 0.3 1.5 6.9 -8.8 -1.7 -0.3 9.8 
US06 0.07 0.08 0.09 0.75 0 48 80 0.1 1.5 8.4 -6.9 -1.6 -0.1 8.0 
RAa 0.17 0.18 0.15 0.50 0 27 76 0.3 1.8 18.8 -11.3 -1.9 -0.3 10.9 
RBa 0.16 0.18 0.15 0.51 0 29 79 0.6 1.7 15.6 -11.3 -1.9 -0.6 10.9 
RCa 0.12 0.18 0.15 0.55 0 33 83 0.3 1.7 12.5 -12.5 -1.8 -0.6 10.7 
R3a 0.15 0.20 0.16 0.49 0 35 79 0.6 1.8 11.9 -12.5 -2.0 -0.6 16.2 
R2a 0.07 0.15 0.12 0.67 0 48 86 0.6 1.6 16.9 -11.9 -1.7 -0.3 19.5 
R1a 0.07 0.13 0.10 0.70 0 51 89 0.6 1.5 11.9 -12.5 -1.7 -0.6 16.0 

Note: * including Bag 1, 2, and 3 
a these characteristics of these cycles are based upon many runs on these routes for a 2005 Chevrolet Cavalier 2.2 L.  
Representative trips on these routes will be selected to match these average values of the characteristics. When engine data is needed, 
representative trips are selected for each vehicle while maintaining the similar characteristics of these cycles. 
b the definitions of driving modes are: idling (s = 0); acceleration (s≠0 & a>=3); deceleration (s≠0 & a<=-3); cruise (all other conditions), where 
s is speed (mph), a is acceleration (mph/s) 
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Table S-16. The Spatial Resolution for Model Prediction for Different Average Speeds 
and Averaging Duration (km) 

 
Speed  Averaging Time (s) 
(kmh) 3 6 9 12 18 

10 0.01 0.02 0.03 0.03 0.05 
20 0.02 0.03 0.05 0.07 0.10 
30 0.03 0.05 0.08 0.10 0.15 
40 0.03 0.07 0.10 0.13 0.20 
50 0.04 0.08 0.13 0.17 0.25 
60 0.05 0.10 0.15 0.20 0.30 
70 0.06 0.12 0.18 0.23 0.35 
80 0.07 0.13 0.20 0.27 0.40 
90 0.08 0.15 0.23 0.30 0.45 

100 0.08 0.17 0.25 0.33 0.50 
110 0.09 0.18 0.28 0.37 0.55 
120 0.10 0.20 0.30 0.40 0.60 
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Table S-17. NO, HC, CO and Fuel Model for a 2005 Chevrolet Cavalier with a 2.2 L 
Engine 

 
Internal Observable Variable Models 

Pollutant 
Ave. 
Time 

(s) Ri
2 Di 

σi 
× 10-4

ai 
× 10-9 

bi 
× 105 

6 0.32 1.30 5.14 3.31* -4.13 
12 0.39 1.34 4.23 2.25* -3.46 NO 
18 0.44 1.35 3.73 1.79* -3.10 
3 0.52 0.30 2.17 2.23 n/a 
6 0.53 0.43 2.09 2.21 n/a 
9 0.54 0.50 2.02 2.21 n/a 

HC 

12 0.54 0.54 1.97 2.20 n/a 
3 0.45 0.99 54.7 4.9.1 n/a 
6 0.52 1.18 47.2 48.9 n/a 
9 0.56 1.23 42.9 49.1 n/a 

CO 

12 0.59 1.23 39.7 49.1 n/a 
3 0.99 0.56 1070 11300 n/a 
6 0.99 0.78 991 11200 n/a 
9 0.99 0.91 933 11200 n/a 

Fuel 

12 0.99 0.99 886 11100 n/a 
 
Note: * - the numbers are the original ones; the internal observable variable model form 

for NO is )exp(
)(
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 when the vehicle is non-idling.; Ii – 
the emission rates when the vehicle is idling; Ri

2 – the coefficient of determination for 
internal observable variable models; Re

2 – the coefficient of determination for external 
observable variable models; Di – the Durbin-Watson statistics for the internal observable 
variable model; De – the Durbin-Watson statistics for the external observable variable 

model; the Durbin-Watson statistic is defined as ∑ ∑
= =

−−=
n

t

n

t
ttt eeed

2 1

22
1 /)(  where ei is the 

model residual. σi – the standard error of the internal observable variable model; and σe – 
the standard error of the external observable variable model; Model was developed using 
the overall dataset.; Durbin-Watson test is all significant. 
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Table S-17 (continued) 
 

External Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Re
2 De 

σe 
× 10-4

 

Ij  
μg/s 

Aj 
× 10-6

Bj 
× 10-6 

Cj 
×10-11 

Dj 
× 10-7 

6 0.22 1.30 5.64 5.84 1.13 3.56 1.75 2.67 
12 0.30 1.37 4.58 5.84 1.26 3.35 4.11 3.02 NO 
18 0.35 1.40 3.99 5.84 1.40 3.22 5.39 3.16 
3 0.44 0.36 2.47 43.1 0.787 2.51 1.39 1.79 
6 0.46 0.49 2.34 43.1 0.83 2.49 1.63 1.96 
9 0.47 0.56 2.24 43.1 0.87 2.47 1.85 2.09 

HC 

12 0.48 0.61 2.17 43.1 0.90 2.46 1.94 2.24 
3 0.42 1.01 59.4 589 13.1 44.7 206 42.3 
6 0.49 1.19 50.7 589 13.3 44.6 206 46.3 
9 0.54 1.29 45.8 589 13.6 44.6 206 50.1 

CO 

12 0.58 1.29 42.0 589 13.5 44.7 205 54.9 
3 0.85 0.72 4730 248000 3800 13974 -4100 9200 
6 0.87 0.90 4260 248000 4010 13847 -2930 10000 
9 0.88 1.05 3960 248000 4130 13760 -2020 10000 

Fuel 

12 0.89 1.14 3730 248000 7170 13707 -1360 14900 
 



326 

Table S-18. NO, HC, CO and Fuel Model for a 2005 Dodge Caravan with a 3.3 L Engine 
 

Internal Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Ri
2 Di 

σi 
× 10-4

ai 
× 10-9 

bi 
× 105 

6 0.11 1.58 17.5 52.7* -9.47 
12 0.11 1.71 13.6 21.3* -7.31 NO 
18 0.11 1.75 11.6 6.6* -5.11 
3 0.65 0.29 3.8 4.71 n/a 
6 0.66 0.49 3.6 4.69 n/a 
9 0.66 0.60 3.5 4.67 n/a 

HC 

12 0.67 0.66 3.4 4.65 n/a 
3 0.02 0.77 1500 195 n/a 
6 0.02 1.47 1378 189 n/a 
9 0.02 1.55 1164 170 n/a 

CO 

12 0.03 1.71 1070 168 n/a 
3 0.99 0.49 1541 18300 n/a 
6 0.99 0.81 1444 18200 n/a 
9 0.99 0.98 1352 18100 n/a 

Fuel 

12 0.99 1.11 1284 18100 n/a 
 
Note: * - the numbers are the original ones; the internal observable variable model form 

for NO is )exp(
)(
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 when the vehicle is non-idling. 
Ii – the emission rates when the vehicle is idling; Ri

2 – the coefficient of determination for 
internal observable variable models; Re

2 – the coefficient of determination for external 
observable variable models; Di – the Durbin-Watson statistics for the internal observable 
variable model; De – the Durbin-Watson statistics for the external observable variable 

model; the Durbin-Watson statistic is defined as ∑ ∑
= =

−−=
n

t

n

t
ttt eeed

2 1

22
1 /)(  where ei is the 

model residual. σi – the standard error of the internal observable variable model; and σe – 
the standard error of the external observable variable model. 
Model was developed using the overall dataset. 
Durbin-Watson test is all significant. 
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Table S-18 (continued) 
 

External Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Re
2 De 

σe 
× 10-4

 

Ij 
μg/s 

Aj 
× 10-6

Bj 
× 10-6 

Cj 
×10-11 

Dj 
× 10-7 

6 0.06 1.58 18.4 3.79 3.64 4.95 -11.1 5.39 
12 0.08 1.72 14.2 3.79 3.32 4.65 -7.45 5.42 NO 
18 0.09 1.75 11.9 3.79 3.27 4.37 -4.72 4.54 
3 0.57 0.39 4.46 68.5 1.92 7.35 -14.3 5.56 
6 0.59 0.58 4.20 68.5 2.06 7.32 -14.0 6.10 
9 0.60 0.71 4.00 68.5 2.10 7.29 -13.8 6.50 

HC 

12 0.62 0.78 3.84 68.5 2.14 7.30 -13.9 6.96 
3 0.02 0.78 1601 755 149 -34.7 2020 457 
6 0.02 1.47 1454 755 164 -29.1 1940 492 
9 0.02 1.55 1219 755 149 -4.50 1660 399 

CO 

12 0.03 1.70 1113 755 156 7.20 1510 434 
3 0.87 0.77 7648 346919 7213 26753 -32400 19430 
6 0.89 0.99 6821 346919 7624 26621 -31200 21230 
9 0.90 1.18 6278 346919 7741 26534 -30300 22580 

Fuel 

12 0.91 1.31 5860 346919 7841 26477 -29700 24080 
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Table S-19. NO, HC, CO and Fuel Model for a 2005 Chevrolet Tahoe with a 5.3 L 
Engine 

 
Internal Observable Variable 

Pollutant 
Ave. 
Time 

(s) Ri
2 Di 

σi 
× 10-4

ai 
× 10-9 

bi 
× 105 

6 0.52 1.02 13.7 43.46 -5.66 
12 0.52 1.32 11.9 23.51 -4.60 NO 
18 0.52 1.40 10.5 8.93 -3.25 
3 0.57 0.32 4.22 5.59 n/a 
6 0.58 0.49 4.05 5.56 n/a 
9 0.58 0.60 3.91 5.52 n/a 

HC 

12 0.59 0.65 3.79 5.50 n/a 
3 0.54 0.59 37.8 46.9 n/a 
6 0.56 0.82 35.1 46.6 n/a 
9 0.58 0.92 33.0 46.2 n/a 

CO 

12 0.60 0.97 31.2 45.9 n/a 
3 0.99 0.51 1990 28600 n/a 
6 0.99 0.80 1850 28500 n/a 
9 0.99 1.00 1740 28400 n/a 

Fuel 

12 1.00 1.16 1650 28300 n/a 
 
Note: * - the numbers are the original ones; the internal observable variable model form 

for NO is )exp(
)(
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 when the vehicle is non-idling. 
Ii – the emission rates when the vehicle is idling; Ri

2 – the coefficient of determination for 
internal observable variable models; Re

2 – the coefficient of determination for external 
observable variable models; Di – the Durbin-Watson statistics for the internal observable 
variable model; De – the Durbin-Watson statistics for the external observable variable 

model; the Durbin-Watson statistic is defined as ∑ ∑
= =

−−=
n

t

n

t
ttt eeed

2 1

22
1 /)(  where ei is the 

model residual. σi – the standard error of the internal observable variable model; and σe – 
the standard error of the external observable variable model. 
Model was developed using the overall dataset. 
Durbin-Watson test is all significant. 
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Table S-19 (continued) 
 

External Observable Variable 
Pollutant 

Ave. 
Time 

(s) Re
2 De 

σe 
× 10-4

 

Ij  
μg/s 

Aj 
× 10-6

Bj 
× 10-6 

Cj 
×10-11 

Dj 
× 10-7 

6 0.37 1.09 14.7 141 7.23 16.8 -74.9 10.6 
12 0.42 1.38 12.3 141 8.0 16.2 -70.6 11.9 NO 
18 0.45 1.46 10.8 141 8.32 16.0 -68.2 13.4 
3 0.45 0.40 4.98 116 1.40 6.56 -14.2 3.35 
6 0.48 0.57 4.68 116 1.63 6.49 -13.7 3.76 
9 0.49 0.67 4.47 116 1.72 6.45 -13.5 4.05 

HC 

12 0.51 0.74 4.29 116 1.81 6.44 -13.4 4.37 
3 0.41 0.63 44.2 1220 12.3 36.3 60.7 25.7 
6 0.45 0.86 40.4 1220 14.4 35.6 6.5.3 29.1 
9 0.48 0.95 37.6 1220 15.2 35.1 69.2 31.8 

CO 

12 0.50 1.03 35.4 1220 16.1 35.0 69.2 34.4 
3 0.83 0.79 10900 734000 6592 34367 -68100 14450 
6 0.86 0.97 9620 734000 7578 34051 -65700 16340 
9 0.87 1.08 8830 734000 7993 33902 -64500 17810 

Fuel 

12 0.88 1.20 8290 734000 8307 33803 -63600 19370 
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Table S-20. NO, HC, CO and Fuel Models for a 1997 Honda Accord with a 2.2 L Engine  
 

Internal Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Ri
2 Di 

σi 
× 10-4 

ai 
× 10-9 

bi 
× 105 

6 0.68 1.04 9.41 9.07 -3.90 
12 0.71 1.25 7.97 3.88 -2.56 NO 
18 0.75 1.45 7.12 3.62 -2.46 
3 0.71 0.32 2.79 3.80 n/a 
6 0.72 0.46 2.65 3.79 n/a 
9 0.73 0.56 2.56 3.79 n/a 

HC 

12 0.74 0.60 2.47 3.76 n/a 
3 0.44 1.08 108 84.1 n/a 
6 0.52 1.35 89.1 82.1 n/a 
9 0.55 1.67 83.7 82.3 n/a 

CO 

12 0.64 1.28 67.1 80.7 n/a 
3 1.00 0.60 861 10700 n/a 
6 1.00 0.87 789 10600 n/a 
9 1.00 1.07 747 10600 n/a 

Fuel 

12 1.00 1.04 677 10600 n/a 
 
Note: * - the numbers are the original ones; the internal observable variable model form 

for NO is )exp(
)(
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 when the vehicle is non-idling. 
Ii – the emission rates when the vehicle is idling; Ri

2 – the coefficient of determination for 
internal observable variable models; Re

2 – the coefficient of determination for external 
observable variable models; Di – the Durbin-Watson statistics for the internal observable 
variable model; De – the Durbin-Watson statistics for the external observable variable 

model; the Durbin-Watson statistic is defined as ∑ ∑
= =

−−=
n

t

n

t
ttt eeed

2 1

22
1 /)(  where ei is the 

model residual. σi – the standard error of the internal observable variable model; and σe – 
the standard error of the external observable variable model. 
Model was developed using the overall dataset. 
Durbin-Watson test is all significant. 
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Table S-20 (continued) 
 

External Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Re
2 De 

σe 
× 10-4

 

Ij  
μg/s 

Aj 
× 10-6

Bj 
× 10-6 

Cj 
×10-11 

Dj 
× 10-7 

6 0.61 1.16 10.4 109 9.91 19.3 -67.0 9.21 
12 0.68 1.33 8.49 109 10.9 18.5 -60.5 12.4 NO 
18 0.72 1.58 7.61 109 12.3 18.1 -56.6 10.7 
3 0.61 0.42 3.40 120 1.57 6.15 -10.5 1.83 
6 0.64 0.54 3.15 120 1.81 6.13 -10.5 1.77 
9 0.65 0.71 3.03 120 1.99 5.97 -8.97 2.03 

HC 

12 0.67 0.75 2.86 120 1.91 6.09 -10.3 1.87 
3 0.41 1.13 118 2060 21.2 174 -553 68.8 
6 0.50 1.41 95.3 2060 19.2 175 -571 60.1 
9 0.53 1.75 89.1 2060 20.8 176 -588 56.3 

CO 

12 0.65 1.34 68.7 2060 15.7 175 -574 56.0 
3 0.88 0.68 4540 288000 4451 17097 -24500 6820 
6 0.89 0.78 4130 288000 4829 16974 -23700 6510 
9 0.90 1.03 3920 288000 5229 16748 -21800 6940 

Fuel 

12 0.91 1.09 3560 288000 4797 16877 -22700 7370 
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Table S-21. NO, HC, CO and Fuel Model for a 1998 Plymouth Breeze with a 2.4 L 
Engine 

 
Internal Observable Variable Models 

Pollutant 
Ave. 
Time 

(s) Ri
2 Di 

σi 
× 10-4

ai 
× 10-9 

bi 
× 105 

6 0.68 0.33 139 204* -5.42 
12 0.72 0.46 133 265* -5.81 NO 
18 0.75 0.55 129 306* -6.00 
3 0.30 1.10 19.8 9.71 n/a 
6 0.35 1.29 17.1 9.61 n/a 
9 0.39 1.35 15.4 9.53 n/a 

HC 

12 0.43 1.34 14.1 9.44 n/a 
3 0.38 0.64 2110 1250 n/a 
6 0.41 1.16 1930 1230 n/a 
9 0.45 1.40 1760 1220 n/a 

CO 

12 0.47 1.56 1660 1200 n/a 
3 0.99 0.49 1362 12100 n/a 
6 0.99 0.79 1272 12100 n/a 
9 0.99 0.96 1200 12000 n/a 

Fuel 

12 0.99 1.08 1139 12000 n/a 
 
Note: * - the numbers are the original ones; the internal observable variable model form 

for NO is )exp(
)(
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 when the vehicle is non-idling. 
Ii – the emission rates when the vehicle is idling; Ri

2 – the coefficient of determination for 
internal observable variable models; Re

2 – the coefficient of determination for external 
observable variable models; Di – the Durbin-Watson statistics for the internal observable 
variable model; De – the Durbin-Watson statistics for the external observable variable 

model; the Durbin-Watson statistic is defined as ∑ ∑
= =

−−=
n

t

n

t
ttt eeed

2 1

22
1 /)(  where ei is the 

model residual. σi – the standard error of the internal observable variable model; and σe – 
the standard error of the external observable variable model. 
Model was developed using the overall dataset. 
Durbin-Watson test is all significant. 
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Table S-21 (continued) 
 

External Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Re
2 De 

σe 
× 10-4

 

Ij  
μg/s 

Aj 
× 10-6

Bj 
× 10-6 

Cj 
×10-11 

Dj 
× 10-7 

6 0.64 0.48 132 42.2 47.3 -45.6 1780 258 
12 0.66 0.68 123 42.2 50.6 -47.1 1790 288 NO 
18 0.68 0.80 116 42.2 52.3 -48.2 1800 307 
3 0.28 1.12 20.8 98.6 5.01 2.54 83.9 13.5 
6 0.34 1.32 17.8 98.6 5.40 2.56 83.5 14.1 
9 0.39 1.39 15.8 98.6 5.42 2.52 83.8 15.6 

HC 

12 0.42 1.40 14.4 98.6 5.48 2.62 82.7 16.8 
3 0.37 0.68 2200 4580 870 623 7630 2560 
6 0.41 1.20 1990 4580 921 611 7700 2730 
9 0.45 1.45 1800 4580 935 599 7780 2980 

CO 

12 0.48 1.61 1680 4580 941 598 7780 3160 
3 0.89 0.82 5481 293195 4887 17065 -3150 14850 
6 0.91 0.95 4836 293195 5319 17005 -2860 16130 
9 0.92 1.09 4496 293195 5445 17002 -2910 17000 

Fuel 

12 0.93 1.17 4203 293195 5477 16986 -2760 17840 
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Table S-22. NO, HC, CO and Fuel Model for a 2004 Dodge Stratus with a 2.7 L Engine 
 

Internal Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Ri
2 Di 

σi 
× 10-4

ai 
× 10-9 

bi 
× 105 

6 0.82 0.81 20.3 89.4* -6.24 
12 0.83 1.16 17.9 54.9* -5.37 NO 
18 0.84 1.50 16.8 44.5* -5.02 
3 0.87 0.22 4.58 9.85 n/a 
6 0.87 0.38 4.46 9.81 n/a 
9 0.87 0.53 4.35 9.77 n/a 

HC 

12 0.88 0.64 4.23 9.72 n/a 
3 0.68 0.70 196 245 n/a 
6 0.71 0.80 180 243 n/a 
9 0.73 0.82 169 242 n/a 

CO 

12 0.75 0.84 160 240 n/a 
3 1.00 0.56 978 12700 n/a 
6 1.00 0.82 908 12600 n/a 
9 1.00 1.00 852 12600 n/a 

Fuel 

12 1.00 1.17 803 12600 n/a 
 
Note: * - the numbers are the original ones; the internal observable variable model form 

for NO is )exp(
)(
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 when the vehicle is non-idling. 
Ii – the emission rates when the vehicle is idling; Ri

2 – the coefficient of determination for 
internal observable variable models; Re

2 – the coefficient of determination for external 
observable variable models; Di – the Durbin-Watson statistics for the internal observable 
variable model; De – the Durbin-Watson statistics for the external observable variable 

model; the Durbin-Watson statistic is defined as ∑ ∑
= =

−−=
n

t

n

t
ttt eeed

2 1

22
1 /)(  where ei is the 

model residual. σi – the standard error of the internal observable variable model; and σe – 
the standard error of the external observable variable model. 
Model was developed using the overall dataset. 
Durbin-Watson test is all significant. 
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Table S-22 (continued) 
 

External Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Re
2 De 

σe 
× 10-4

 

Ij 
μg/s 

Aj 
× 10-6

Bj 
× 10-6 

Cj 
×10-11 

Dj 
× 10-7 

6 0.60 0.96 23.0 92.6 18.5 30.2 -34.2 47.1 
12 0.65 1.35 19.8 92.6 20.5 30.0 -33.3 54.5 NO 
18 0.69 1.71 17.9 92.6 22.5 29.5 -30.4 61.6 
3 0.75 0.46 6.44 215 4.21 14.5 -25.6 12.2 
6 0.77 0.63 6.03 215 4.96 14.4 -25.1 13.7 
9 0.79 0.78 5.71 215 5.43 14.4 -25.1 15.1 

HC 

12 0.80 0.95 5.47 215 5.63 14.4 -25.3 16.3 
3 0.60 0.77 227 8300 102 174 1190 344 
6 0.65 0.86 205 8300 117 171 1210 387 
9 0.67 0.94 191 8300 122 171 1210 430 

CO 

12 0.70 1.02 179 8300 120 175 1180 480 
3 0.89 0.76 5014 394410 4413 20185 -39600 10690 
6 0.91 0.92 4507 394410 5042 20132 -39500 12060 
9 0.92 1.10 4195 394410 5289 20160 -39800 13270 

Fuel 

12 0.93 1.26 3911 394410 5460 20227 -40400 14650 
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Table S-23. NO, HC, CO and Fuel Model for a 1997 Dodge Caravan with a 3.3 L Engine 
 

Internal Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Ri
2 Di 

σi 
× 10-4

ai 
× 10-9 

bi 
× 105 

6 0.92 0.67 110 485* -6.64 
12 0.92 1.08 102 372* -6.04 NO 
18 0.92 1.40 94 288* -5.54 
3 0.86 0.18 6.06 10.9 n/a 
6 0.86 0.36 5.93 10.9 n/a 
9 0.87 0.51 5.81 10.9 n/a 

HC 

12 0.87 0.58 5.62 10.8 n/a 
3 0.53 1.11 180 139 n/a 
6 0.60 1.28 152 138 n/a 
9 0.65 1.30 136 136 n/a 

CO 

12 0.67 1.38 127 134 n/a 
3 1.00 0.51 1050 16000 n/a 
6 1.00 0.85 977 16000 n/a 
9 1.00 1.03 917 15900 n/a 

Fuel 

12 1.00 1.11 855 15900 n/a 
 
Note: * - the numbers are the original ones; the internal observable variable model form 

for NO is )exp(
)(
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 when the vehicle is non-idling. 
Ii – the emission rates when the vehicle is idling; Ri

2 – the coefficient of determination for 
internal observable variable models; Re

2 – the coefficient of determination for external 
observable variable models; Di – the Durbin-Watson statistics for the internal observable 
variable model; De – the Durbin-Watson statistics for the external observable variable 

model; the Durbin-Watson statistic is defined as ∑ ∑
= =

−−=
n

t

n

t
ttt eeed

2 1

22
1 /)(  where ei is the 

model residual. σi – the standard error of the internal observable variable model; and σe – 
the standard error of the external observable variable model. 
Model was developed using the overall dataset. 
Durbin-Watson test is all significant. 
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Table S-23 (continued) 
 

External Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Re
2 De 

σe 
× 10-4

 

Ij 
mg/s 

Aj 
× 10-6

Bj 
× 10-6 

Cj 
×10-11 

Dj 
× 10-7 

6 0.70 0.92 132 12.9 97.3 256 -266 278 
12 0.75 1.35 114 12.9 115 247 -187 373 NO 
18 0.75 1.71 112 12.9 107 246 -150 438 
3 0.74 0.41 8.49 1.16 4.40 27.6 -114 4.22 
6 0.75 0.58 8.05 1.16 5.13 27.4 -112 5.04 
9 0.76 0.74 7.77 1.16 5.43 27.5 -113 4.94 

HC 

12 0.78 0.81 7.37 1.16 5.92 27.3 -112 6.73 
3 0.46 1.11 203 13.9 72.5 400 -2020 33.5 
6 0.54 1.30 171 13.9 79.5 400 -2030 44.9 
9 0.58 1.40 152 13.9 79.5 404 -2070 -5.01 

CO 

12 0.61 1.50 142 13.9 80.1 408 -2120 50.0 
3 0.90 0.70 7290 1550 5202 34133 -81400 8520 
6 0.91 0.90 6720 1550 5977 33883 -79500 10050 
9 0.91 1.05 6430 1550 6153 34016 -80400 10860 

Fuel 

12 0.92 1.13 5980 1550 6612 33859 -79000 12760 
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Table S-24. NO, HC, CO and Fuel Model for a 2000 Dodge Caravan with a 3.3 L Engine 
 

Internal Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Ri
2 Di 

σi 
× 10-4

ai 
× 10-9 

bi 
× 105 

6 0.79 0.78 42 253* -8.24 
12 0.82 1.10 38 186* -7.43 NO 
18 0.84 1.33 35 132* -6.66 
3 0.02 1.43 29.8 3.04 n/a 
6 0.03 1.63 24.5 2.87 n/a 
9 0.03 1.72 21.2 2.77 n/a 

HC 

12 0.04 1.71 18.7 2.66 n/a 
3 0.04 0.61 1220 167 n/a 
6 0.04 1.15 1110 161 n/a 
9 0.04 1.52 1030 159 n/a 

CO 

12 0.05 1.41 868 147 n/a 
3 1.00 0.45 1164 14300 n/a 
6 1.00 0.72 1094 14300 n/a 
9 1.00 0.89 1040 14300 n/a 

Fuel 

12 1.00 0.99 988 14200 n/a 
 
Note: * - the numbers are the original ones; the internal observable variable model form 

for NO is )exp(
)(

____________
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_____
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; and for others are 

t
enginemapi

t
i SPam

ΔΔ
= ; the external observable variable model for pollutants are 

j

t

j

t

j

t

j

t

j

t

j vDvrCvBavAm ε++++=
ΔΔΔΔΔ ____

3
_______________

 when the vehicle is non-idling. 
Ii – the emission rates when the vehicle is idling; Ri

2 – the coefficient of determination for 
internal observable variable models; Re

2 – the coefficient of determination for external 
observable variable models; Di – the Durbin-Watson statistics for the internal observable 
variable model; De – the Durbin-Watson statistics for the external observable variable 

model; the Durbin-Watson statistic is defined as ∑ ∑
= =

−−=
n

t

n

t
ttt eeed

2 1

22
1 /)(  where ei is the 

model residual. σi – the standard error of the internal observable variable model; and σe – 
the standard error of the external observable variable model. 
Model was developed using the overall dataset. 
Durbin-Watson test is all significant. 
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Table S-24 (continued) 
 

External Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Re
2 De 

σe 
× 10-4

 

Ij 
μg/s 

Aj 
× 10-6

Bj 
× 10-6 

Cj 
×10-11 

Dj 
× 10-7 

6 0.63 0.87 44 33.9 22.0 17.2 357 73.7 
12 0.68 1.32 39 33.9 24.1 15.7 368 88.3 NO 
18 0.72 1.66 35 33.9 26.2 14.2 378 102 
3 0.02 1.43 30.6 44.3 2.24 3.08 5.07 -1.45 
6 0.03 1.64 25.0 44.3 2.38 3.16 4.10 -1.47 
9 0.03 1.72 21.6 44.3 2.23 3.32 2.78 -1.37 

HC 

12 0.04 1.72 18.9 44.3 1.97 3.56 0.85 -2.01 
3 0.04 0.62 1240 220 196 108 517 151 
6 0.05 1.16 1120 220 216 103 539 124 
9 0.05 1.53 1040 220 234 98.6 555 129 

CO 

12 0.06 1.43 873 220 212 121 357 161 
3 0.91 0.75 6255 293806 5519 19265 14400 10250 
6 0.92 0.99 5607 293806 6001 19059 15700 11270 
9 0.93 1.20 5181 293806 6261 18914 16700 12370 

Fuel 

12 0.94 1.37 4845 293806 6380 18813 17500 13100 
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Table S-25. NO, HC, CO and Fuel Model for a 2002 Dodge Caravan with a 3.3 L Engine 
 

Internal Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Ri
2 Di 

σi 
× 10-4

ai 
× 10-9 

bi 
× 105 

6 0.62 1.15 38.1 41* -4.66 
12 0.67 1.62 32.7 25* -3.75 NO 
18 0.71 1.70 29.3 20* -3.38 
3 0.68 0.14 4.66 5.20 n/a 
6 0.68 0.26 4.59 5.19 n/a 
9 0.69 0.33 4.51 5.17 n/a 

HC 

12 0.69 0.38 4.45 5.15 n/a 
3 0.17 1.01 318 110 n/a 
6 0.23 1.19 258 108 n/a 
9 0.27 1.26 220 104 n/a 

CO 

12 0.29 1.48 203 101 n/a 
3 1.00 0.34 1215 15800 n/a 
6 1.00 0.67 1163 15800 n/a 
9 1.00 0.98 1116 15700 n/a 

Fuel 

12 1.00 1.17 1051 15700 n/a 
 
Note: * - the numbers are the original ones; the internal observable variable model form 

for NO is )exp(
)(
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; and for others are 
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= ; the external observable variable model for pollutants are 

j

t

j

t

j

t

j

t

j

t

j vDvrCvBavAm ε++++=
ΔΔΔΔΔ ____
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 when the vehicle is non-idling. 
Ii – the emission rates when the vehicle is idling; Ri

2 – the coefficient of determination for 
internal observable variable models; Re

2 – the coefficient of determination for external 
observable variable models; Di – the Durbin-Watson statistics for the internal observable 
variable model; De – the Durbin-Watson statistics for the external observable variable 

model; the Durbin-Watson statistic is defined as ∑ ∑
= =

−−=
n

t

n

t
ttt eeed

2 1

22
1 /)(  where ei is the 

model residual. σi – the standard error of the internal observable variable model; and σe – 
the standard error of the external observable variable model. 
Model was developed using the overall dataset. 
Durbin-Watson test is all significant. 
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Table S-25 (continued) 
 

External Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Re
2 De 

σe 
× 10-4

 

Ij 
μg/s 

Aj 
× 10-6

Bj 
× 10-6 

Cj 
×10-11 

Dj 
× 10-7 

6 0.55 1.19 40.8 62.8 24.8 59.0 -171 59.1 
12 0.61 1.61 34.8 62.8 26.9 56.8 -151 66.0 NO 
18 0.67 1.64 30.5 62.8 31.1 54.4 -133 76.6 
3 0.65 0.27 5.00 169 2.18 13.4 -62.9 3.78 
6 0.67 0.39 4.82 169 2.52 13.3 -61.8 4.23 
9 0.68 0.47 4.66 169 2.66 13.3 -61.6 4.71 

HC 

12 0.68 0.56 4.56 169 2.69 13.3 -61.6 4.49 
3 0.16 1.04 329 2830 94.7 206 -951 263 
6 0.24 1.21 262 2830 112 203 -938 297 
9 0.27 1.28 225 2830 104 200 -913 315 

CO 

12 0.30 1.45 206 2830 110 198 -901 336 
3 0.90 0.71 6683 414944 6191 27203 -63300 16670 
6 0.92 0.89 6009 414944 7098 26731 -59400 18350 
9 0.93 1.05 5532 414944 7565 26512 -57400 19780 

Fuel 

12 0.93 1.26 5259 414944 7720 26409 -56600 20390 
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Table S-26. NO, HC, CO and Fuel Model for a 2000 Ford Crown Victoria with a 4.6 L 
Engine 

 
Internal Observable Variable Models 

Pollutant 
Ave. 
Time 

(s) Ri
2 Di 

σi 
× 10-4

ai 
× 10-9 

bi 
× 105 

6 0.69 0.84 129 2319 -9.78 
12 0.73 1.33 112 2369 -9.65 NO 
18 0.75 1.62 101 3712 -10.2 
3 0.67 0.41 5.12 5.57 n/a 
6 0.69 0.72 4.84 5.55 n/a 
9 0.71 0.98 4.58 5.51 n/a 

HC 

12 0.73 1.17 4.37 5.48 n/a 
3 0.07 1.25 188 37.9 n/a 
6 0.09 1.44 154 37.5 n/a 
9 0.12 1.44 131 36.5 n/a 

CO 

12 0.13 1.54 122 36.5 n/a 
3 0.83 0.53 7092 12100 n/a 
6 0.85 0.99 6574 12100 n/a 
9 0.87 1.39 6144 12000 n/a 

Fuel 

12 0.88 1.68 5683 12000 n/a 
 
Note: * - the numbers are the original ones; the internal observable variable model form 

for NO is )exp(
)(
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 when the vehicle is non-idling. 
Ii – the emission rates when the vehicle is idling; Ri

2 – the coefficient of determination for 
internal observable variable models; Re

2 – the coefficient of determination for external 
observable variable models; Di – the Durbin-Watson statistics for the internal observable 
variable model; De – the Durbin-Watson statistics for the external observable variable 

model; the Durbin-Watson statistic is defined as ∑ ∑
= =

−−=
n

t

n

t
ttt eeed

2 1

22
1 /)(  where ei is the 

model residual. σi – the standard error of the internal observable variable model; and σe – 
the standard error of the external observable variable model. 
Model was developed using the overall dataset. 
Durbin-Watson test is all significant. 
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Table S-26 (continued) 
 

External Observable Variable Models 
Pollutant 

Ave. 
Time 

(s) Re
2 De 

σe 
× 10-4

 

Ij 
mg/s 

Aj 
× 10-6

Bj 
× 10-6 

Cj 
×10-8 

Dj 
× 10-7 

6 0.39 0.87 130 3.01 63.4 204 -1.54 30.0 
12 0.43 1.31 113 3.01 69.2 187 -1.27 28.6 NO 
18 0.46 1.47 101 3.01 73.1 177 -1.13 32.6 
3 0.61 0.42 5.81 0.33 2.22 17.0 -0.12 0.21 
6 0.63 0.69 5.49 0.33 2.47 16.8 -0.12 0.26 
9 0.66 0.90 5.15 0.33 2.59 16.6 -0.11 0.44 

HC 

12 0.66 1.09 5.06 0.33 2.62 16.4 -0.11 0.39 
3 0.05 1.22 196 2.79 9.74 89.7 -0.40 -13.1 
6 0.07 1.42 161 2.79 7.73 92.4 -0.44 -31.4 
9 0.10 1.37 136 2.79 9.56 87.0 -0.36 -11.1 

CO 

12 0.11 1.50 127 2.79 7.72 90.9 -0.42 -4.92 
3 0.79 0.56 8435 704 4780 38136 -266 1410 
6 0.81 0.88 7806 704 5364 37729 -260 1730 
9 0.83 1.17 7251 704 5598 37540 -257 1900 

Fuel 

12 0.84 1.38 6931 704 5771 37162 -251 2390 
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Table S-27. Tested Vehicles and Testing Ambient Conditions 
 

Vehicles Make Model Engine 
Size Year RH 

(%) 
Temp.(ºF) 
(min/max) 

Pressure 
(in.) 

V1 Chevrolet Cavalier 2.2 L 2005 76 46/75 30.04 
V2 Dodge Caravan 3.3 L 2005 74 28/72 30.26 
V3 Chevrolet Tahoe 5.3 L 2005 44 11/67 30.15 
V4 Honda Accord 2.2 L 1997 75 72/92 30.15 
V5 Plymouth Breeze 2.4 L 1998 51 35/54 29.67 
V6 Dodge Stratus 2.7 L 2004 56 88/91 29.84 
V7 Dodge Caravan 3.3 L 1997 71 80/83 30.05 
V8 Dodge Caravan 3.3 L 2000 69 45/65 30.00 
V9 Dodge Caravan 3.3 L 2002 76 73/78 30.05 

V10 Ford Crown Victoria 4.6 L 2000 66 78/88 29.86 
 

Note: RH – relative humidity; Temp – the air temperature. 
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Table S-28. Average Speed and VMT Distribution by Facility Type for Driving Cycles Selected in the Study as Inputs to MOBILE6 
 

Speed 
(mph) 

Distribution of VMT a by facility type 
(%) Cycle 

μ freeway Arterial/collector local Freeway ramp 
FTP* 21.3 71 19 6 4 

NYCC 7 0 100 0 0 
LA92 25 34.2 49.8 13 3 
US06 48 71 19 6 4 
RA 27 71 19 6 4 
R3 35 71 19 6 4 
R2 48 71 19 6 4 
R1 51 71 19 6 4 

 
Note: * including Bag 1, 2, and 3; a VMT – vehicle mileage traveled. 
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Table S-29.  Estimated Percentage Change in Average Emissions per Mile for Selected 
Driving Cycles Compared to the Federal Test Procedure Based on Results from 

MOBILE6 (in %) 
 

Vehicle Pollutant 
Driving 
Cycle V1 V2 V3 V4 V5 
FTP 0 0 0 0 0 

NYCC 57.1  54.4  52.0 59.0  42.2  
LA92 1.2  1.3  1.4  -0.3  1.0  
US06 5.8  6.6  6.9  -1.9  4.2  
RA 0.8 1.0 1.1 -1.2 0.7 
R3 0.8 1.3 1.6 -2.9 1.0 
R2 5.8 6.6 6.9 -1.9 4.2 

NO 

R1 7.2 8.0 8.3 -1.4 5.1 
FTP 0 0 0 0 0 

NYCC 103.1  97.9  82.5 114.7  87.6  
LA92 -4.3  -4.1  -3.2 -5.0  -3.8  
US06 -19.2  -18.0  -14.3 -22.8  -16.4  
RA -6.7 -6.3 -5.1 -7.6 -5.9 
R3 -13 -13 -10 -16 -12 
R2 -19 -18 -14 -23 -16 

HC 

R1 -20 -19 -15 -24 -17 
FTP 0 0 0 0 0 

NYCC 48.1  43.6  40.6 62.5  44.4  
LA92 0.4  0.3  0.2  0.9  0.2  
US06 9.8  8.3  7.3  13.2  6.7  
RA -1.6 -1.6 -1.5 -1.1 -1.6 
R3 -1.3 -1.5 -1.6 -0.1 -1.7 
R2 9.8 8.3 7.3 13 6.7 

CO 

R1 12 11 9.5 16 8.8 
FTP 0 0 0 0 0 

NYCC 0 0 0 0 0 
LA92 0 0 0 0 0 
US06 0 0 0 0 0 
RA 0 0 0 0 0 
R3 0 0 0 0 0 
R2 0 0 0 0 0 

CO2 

R1 0 0 0 0 0 
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Table S-29 (continued) 
 

Vehicle Pollutant 
Driving 
Cycle V6 V7 V8 V9 V10 

Average 

FTP 0 0 0 0 0 0.0 
NYCC 76.0  56.7 46.4 61.4 65.6 57.1 
LA92 -0.5  -0.1  1.2  0.6  -0.3  0.6 
US06 -2.5  -1.0  5.4  2.1  -1.3  2.4 
RA -1.6 -0.9 0.9 -0.2 -1.1 -0.1 
R3 -4.2 -2.5 1.3 -1.3 -3.1 -0.8 
R2 -2.5 -1.0 5.4 2.1 -1.3 2.4 

NO 

R1 -1.8 -0.4 6.6 3.1 -0.6 3.4 
FTP 0 0 0 0 0 0.0 

NYCC 127.9  108.0 96.9 110.4 112.5 104.2 
LA92 -5.3  -4.9  -4.0  -4.5  -4.7  -4.4 
US06 -23.5  -21.9 -17.5 -19.8 -20.7 -19.4 
RA -8.0 -7.4 -6.3 -7.0 -7.2 -6.8 
R3 -16 -15 -13 -14 -14 -13.6 
R2 -24 -22 -17 -20 -21 -19.4 

HC 

R1 -25 -23 -19 -21 -22 -20.5 
FTP 0 0 0 0 0 0.0 

NYCC 54.8  62.1 46.8 55.3 57.4 51.6 
LA92 1.7  0.8  0.3  1.4  1.5  0.8 
US06 19.0  12.9 8.3  15.9 17.1 11.9 
RA -0.4 -1.2 -1.7 -1.1 -0.7 -1.3 
R3 1.9 -0.2 -1.7 0.4 1.1 -0.5 
R2 19 13 8.3 16 17 11.8 

CO 

R1 23 16 11 20 21 14.8 
FTP 0 0 0 0 0 0.0 

NYCC 0 0 0 0 0 0.0 
LA92 0 0 0 0 0 0.0 
US06 0 0 0 0 0 0.0 
RA 0 0 0 0 0 0.0 
R3 0 0 0 0 0 0.0 
R2 0 0 0 0 0 0.0 

CO2 

R1 0 0 0 0 0 0.0 
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Table S-30. Percentage Change in Emissions per Mile from One Cycle to the other Using the External Observable Variable Models (in %) for a 
2005 Chevrolet Cavalier with a 2.2 L Engine 

 
NO HC CO CO2 

Ave. Time 
(s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 

Cycle 
6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 

FTP 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
NYCC 8 7 7 38 39 39 39 19 19 19 19 42 42 42 42 
LA92 1 3 3 -1 0 0 0 5 5 5 5 -2 -2 -2 -2 
US06 3 7 10 -3 -3 -2 -2 20 20 20 20 -9 -8 -8 -8 

A 2 3 4 -1 -1 -1 -1 5 5 5 5 -3 -3 -3 -3 
R3 5 8 9 2 2 3 3 11 11 12 11 -1 -1 0 0 
R2 5 11 14 -2 -1 0 0 29 29 29 28 -9 -8 -8 -8 
R1 2 5 7 -4 -4 -3 -3 16 16 16 16 -9 -8 -8 -8 
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Table S-31. Percentage Change in Emissions per Mile from One Cycle to the other Using the External Observable Variable Models (in %) for a 
2005 Dodge Caravan with a 3.3 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 12 18 3 6 12 18 3 6 12 18 
FTP 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

NYCC 21 19 18 31 31 31 31 -15 -5 3 10 36 36 36 36 
LA92 -1 0 0 -4 -3 -3 -3 78 70 47 39 -3 -3 -3 -3 

US06 -
15 -10 -7 -

17 -16 -16 -16 285 252 167 136 -
13 -13 -13 -12 

A -1 0 1 -4 -4 -4 -4 82 74 49 41 -4 -3 -3 -3 
R3 4 5 7 -4 -4 -4 -3 166 152 103 88 -3 -2 -2 -2 

R2 -
18 -12 -7 -

20 -20 -20 -20 391 347 230 189 -
15 -15 -15 -14 

R1 -
14 -10 -7 -

15 -15 -15 -15 231 204 135 109 -
12 -12 -12 -12 
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Table S-32. Percentage Change in Emissions per Mile from One Cycle to the other Using the External Observable Variable Models (in %) for a 
2005 Chevrolet Tahoe with a 5.3 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 12 18 3 6 12 18 3 6 12 18 
FTP 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 

NYCC 41 42 43 48 49 49 49 63 64  65 65 54 55 55 55 
LA92 -8 -7 -7 -5 -5 -5 -5 -1 -1  0 0 -5 -5 -5 -5 

US06 -
35 -34 -33 -

21 -21 -21 -20 -3 -2  -2 -1 -
21 -21 -20 -20 

A -8 -7 -7 -6 -6 -6 -6 -2 -2  -2 -2 -7 -6 -6 -6 
R3 -9 -8 -7 -7 -6 -6 -6 1 2  3 3 -7 -7 -7 -6 

R2 -
45 -43 -42 -

26 -25 -25 -25 0 1  2 2 -
25 -25 -24 -24 

R1 -
31 -30 -29 -

19 -19 -19 -19 -4 -4  -4 -4 -
19 -19 -19 -19 
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Table S-33. Percentage Change in Emissions per Mile from One Cycle to the other Using the External Observable Variable Models (in %) for a 
1997 Honda Accord with a 2.2 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 12 18 3 6 12 18 3 6 12 18 
FTP 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 

NYCC 32 33 35 50 51 52 51 39 39  39 38 44 45 45 45 
LA92 -5 -4 -4 -4 -4 -4 -4 -7 -7  -7 -7 -4 -4 -3 -3 

US06 -
26 -24 -23 -

18 -18 -17 -18 -27 -28  -28 -28 -
16 -15 -15 -15 

A -5 -4 -4 -6 -5 -5 -5 -7 -8  -8 -8 -5 -4 -4 -4 
R3 -4 -3 -1 -5 -5 -4 -5 -10 -11  -11 -11 -4 -4 -3 -3 

R2 -
33 -30 -28 -

22 -22 -20 -22 -34 -35  -36 -35 -
18 -18 -17 -18 

R1 -
23 -22 -21 -

17 -17 -16 -17 -24 -24  -24 -24 -
14 -14 -14 -14 
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Table S-34. Percentage Change in Emissions per Mile from One Cycle to the other Using the External Observable Variable Models (in %) for a 
1998 Plymouth Breeze with a 2.4 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 12 18 3 6 12 18 3 6 12 18 
FTP 0 0 0 0 0 0 0 0  0  0 0 0 0 0 0 

NYCC -214 -225 -236 17 18 18 19 7  8  8 8 42 42 42 42 
LA92 182 194 205 22 22 22 22 15  15  16 16 -2 -2 -2 -2 
US06 713 762 803 83 83 83 81 51  52  53 53 -9 -9 -9 -9 

A 188 202 213 22 22 22 22 16  16  17 17 -3 -3 -3 -3 
R3 346 372 394 46 47 47 46 34  35  36 36 -1 -1 -1 -1 

R2 961 1027 1083 115 114 115 113 71  73  74 74 -
10 -10 -10 -10 

R1 590 630 664 67 66 67 65 41  42  42 42 -9 -9 -9 -9 
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Table S-35. Percentage Change in Emissions per Mile from One Cycle to the other Using the External Observable Variable Models (in %) for a 
2004 Dodge Stratus with a 2.7 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 12 18 3 6 12 18 3 6 12 18 
FTP 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 

NYCC 20 21 22 42 43 43 43 68 69  69 69 51 51 52 52 
LA92 0 0 0 -4 -4 -4 -4 4 4  4 4 -5 -5 -5 -5 

US06 -8 -8 -7 -
17 -17 -17 -17 16 17  17 16 -

20 -20 -20 -21 

A 0 0 1 -5 -4 -4 -4 2 3  3 2 -6 -6 -6 -6 
R3 4 5 7 -4 -3 -3 -3 11 12  12 12 -7 -6 -6 -6 

R2 -9 -8 -7 -
21 -20 -20 -20 26 27  27 26 -

25 -25 -25 -25 

R1 -8 -8 -7 -
16 -16 -16 -16 11 11  11 11 -

19 -19 -19 -19 
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Table S-36. Percentage Change in Emissions per Mile from One Cycle to the other Using the External Observable Variable Models (in %) for a 
1997 Dodge Caravan with a 3.3 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 12 18 3 6 12 18 3 6 12 18 
FTP 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 

NYCC 99 101 101 100 100 100 101 93 93  93 93 96 97 97 97 
LA92 -6 -6 -6 -11 -11 -11 -11 -12 -12  -12 -12 -8 -8 -8 -8 
US06 -23 -21 -21 -41 -41 -41 -41 -47 -47  -47 -48 -30 -30 -30 -30 

A -9 -8 -8 -14 -14 -14 -13 -15 -14  -15 -15 -11 -11 -11 -11 
R3 -7 -6 -6 -17 -17 -17 -16 -19 -19  -19 -19 -13 -12 -12 -12 
R2 -25 -23 -22 -51 -50 -50 -50 -58 -59  -59 -60 -36 -35 -35 -35 
R1 -22 -21 -20 -37 -37 -37 -37 -42 -42  -42 -42 -28 -28 -28 -28 
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Table S-37. Percentage Change in Emissions per Mile from One Cycle to the other Using the External Observable Variable Models (in %) for a 
2000 Dodge Caravan with a 3.3 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 12 18 3 6 12 18 3 6 12 18 
FTP 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 

NYCC -14 -14 -14 35 36 35 34 19 22  24 23 34 34 35 35 
LA92 21 22 24 2 2 1 0 10 11  12 8 0 0 0 0 
US06 77 82 87 4 3 0 -3 25 27  28 17 -1 -1 -1 0 

A 22 23 25 2 2 1 0 12 13  14 10 -1 -1 0 0 
R3 43 46 50 10 9 8 5 29 33  35 26 2 3 3 3 
R2 105 112 119 9 7 3 -2 37 40  42 26 0 1 1 2 
R1 63 67 71 2 0 -2 -4 18 20  21 11 -2 -2 -2 -2 
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Table S-38. Percentage Change in Emissions per Mile from One Cycle to the other Using the External Observable Variable Models (in %) for a 
2002 Dodge Caravan with a 3.3 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 12 18 3 6 12 18 3 6 12 18 
FTP 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 

NYCC 18 19 20 47 48 48 48 54 56  55 56 44 45 45 45 

LA92 -4 -3 -2 -
10 -9 -9 -9 -8 -8  -8 -8 -5 -5 -5 -5 

US06 -
20 -18 -17 -

39 -39 -39 -39 -38 -38  -37 -37 -
21 -21 -20 -20 

A -3 -3 -2 -
10 -10 -10 -10 -9 -9  -9 -9 -6 -6 -6 -5 

R3 -3 -1 1 -
15 -15 -14 -14 -10 -9  -9 -9 -7 -6 -6 -5 

R2 -
26 -23 -21 -

50 -50 -50 -50 -48 -47  -47 -46 -
26 -25 -25 -24 

R1 -
18 -16 -15 -

34 -34 -34 -34 -33 -33  -33 -33 -
19 -19 -18 -18 
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Table S-39. Percentage Change in Emissions per Mile from One Cycle to the other Using the External Observable Variable Models (in %) for a 
2000 Ford Crown Victoria with a 4.6 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 12 18 3 6 12 18 3 6 12 18 
FTP 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 

NYCC 68 68 68 73 73 73 73 82 82  83 82 71 71 71 71 

LA92 -
15 -13 -12 -

15 -15 -15 -14 -11 -12  -10 -11 -
15 -15 -15 -15 

US06 -
65 -58 -54 -

61 -61 -60 -58 -42 -44  -40 -43 -
62 -61 -60 -59 

A -
17 -15 -14 -

17 -17 -16 -16 -13 -14  -13 -13 -
17 -17 -17 -16 

R3 -
24 -20 -18 -

25 -25 -24 -24 -18 -19  -17 -18 -
25 -25 -25 -24 

R2 -
84 -74 -69 -

79 -78 -77 -75 -52 -55  -49 -53 -
80 -78 -78 -76 

R1 -
56 -50 -47 -

53 -52 -52 -51 -37 -39  -35 -38 -
53 -52 -52 -51 
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Table S-40. Percentage Change in Emissions per Mile from One Cycle to the other Using the Internal Observable Variable Models (in %) for a 
2005 Chevrolet Cavalier with a 2.2 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 
R1 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 
R2 84 62 49 17 17 17 17 17 17  17 17 17 17 17 17 
R3 48 32 21 28 28 28 28 28 28  28 28 28 28 28 28 
A -7 -8 -13 23 23 23 23 23 23  23 23 23 23 23 23 

 
Table S-41. Percentage Change in Emissions per Mile from One Cycle to the other Using the Internal Observable Variable Models (in %) for a 

2005 Dodge Caravan with a 3.3 L Engine 
 

NO HC CO CO2 
Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 

Cycle 
6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 

R1 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 
R2 2 -9 -12 -9 -9 -9 -9 -9 -9  -9 -9 -9 -9 -9 -9 
R3 40 1 -13 7 7 7 7 7 7  7 7 7 7 7 7 
A -56 -59 -56 18 18 18 18 18 18  18 18 18 18 18 18 
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Table S-42. Percentage Change in Emissions per Mile from One Cycle to the other Using the Internal Observable Variable Models (in %) for a 
2005 Chevrolet Tahoe with a 5.3 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 
R1 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 
R2 4 3 6 -1 -1 -1 -1 -1 -1  -1 -1 -1 -1 -1 -1 
R3 6 -3 -2 30 30 30 30 30 30  30 30 30 30 30 30 
A -45 -47 -39 12 12 12 12 12 12  12 12 12 12 12 12 

 
TableS-43. Percentage Change in Emissions per Mile from One Cycle to the other Using the Internal Observable Variable Models (in %) for a 

1997 Honda Accord with a 2.2 L Engine  
 

NO HC CO CO2 
Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 

Cycle 
6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 

R1 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 
A 125 92 88 34 34 34 34 34 34  34 34 34 34 34 34 
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Table S-44. Percentage Change in Emissions per Mile from One Cycle to the other Using the Internal Observable Variable Models (in %) for a 
1998 Plymouth Breeze with a 2.4 L Engine 

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 
R1 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 
C -31 -40 -42 16 16 16 16 16 16  16 16 16 16 16 16 

 
Table S-45. Percentage Change in Emissions per Mile from One Cycle to the other Using the Internal Observable Variable Models (in %) for a 

2004 Dodge Stratus with a 2.7 L Engine 
 

NO HC CO CO2 
Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 

Cycle 
6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 

R1 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 
C -35 -37 -37 16 16 16 16 16 16  16 16 16 16 16 16 

 
Table S-46. Percentage Change in Emissions per Mile from One Cycle to the other Using the Internal Observable Variable Models (in %) for a 

1997 Dodge Caravan with a 3.3 L Engine  
 

NO HC CO CO2 
Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 

Cycle 
6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 

R1 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 
C -36 -41 -40 16 16 16 16 16 16  16 16 16 16 16 16 
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Table S-47.  Percentage Change in Emissions per Mile from One Cycle to the other Using the Internal Observable Variable Models (in %) for a 
2000 Dodge Caravan with a 3.3 L Engine  

 
NO HC CO CO2 

Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 
Cycle 

6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 
R1 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 
C -42 -47 -45 16 16 16 16 16 16  16 16 16 16 16 16 

 
Table S-48. Percentage Change in Emissions per Mile from One Cycle to the other Using the Internal Observable Variable Models (in %) for a 

2002 Dodge Caravan with a 3.3 L Engine 
 

NO HC CO CO2 
Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 

Cycle 
6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 

R1 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 
C -27 -25 -22 16 16 16 16 16 16  16 16 16 16 16 16 

 
Table S-49. Percentage Change in Emissions per Mile from One Cycle to the other Using the Internal Observable Variable Models (in %) for a 

2000 Ford Crown Victoria with a 4.6 L Engine 
 

NO HC CO CO2 
Ave. Time (s) Ave. Time (s) Ave. Time (s) Ave. Time (s) Driving 

Cycle 
6 12 18 3 6 9 12 3 6 9 12 3 6 9 12 

R3 0 0 0 0 0 0 0 0 0  0 0 0 0 0 0 
C 6 14 15 38 38 38 38 38 38  38 38 38 38 38 38 
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Table S-50. Summary Statistics of Average NO Emission per Mile Estimated Using 
MOBILE6 for All Tested Vehicles and Driving Cycles 

 
Emissions (g/mile) Driving 

Cycle μ σ 2.5% 50% 97.5%
CVa CI ratiob

FTP 1.22 0.29 0.91 1.15 1.75 0.24 1.92 
NYCC 1.89 0.37 1.44 1.82 2.54 0.19 1.76 
LA92 1.22 0.29 0.92 1.15 1.76 0.24 1.92 
US06 1.24 0.30 0.93 1.18 1.82 0.24 1.96 

A 1.22 0.29 0.91 1.15 1.76 0.24 1.93 
R3 1.21 0.29 0.91 1.14 1.76 0.24 1.95 
R2 1.24 0.30 0.93 1.18 1.82 0.24 1.96 
R1 1.26 0.30 0.94 1.19 1.84 0.24 1.96 

 
Note: a CV – coefficient of variation, defined as the ratio of the standard deviation to the 
mean; b CI ratio – ratio of the 97.5th percentile value to the 2.5th percentile value. 
 
Table S-51. Summary Statistics of Average HC Emission per Mile Using MOBILE6 for 

All Tested Vehicles and Driving Cycles 
 

Emissions (g/mile) Driving 
Cycle μ σ 2.5% 50% 97.5%

CVa CI ratiob

FTP 1.80 0.48 1.25 1.74 2.52 0.27 2.03 
NYCC 3.68 1.06 2.35 3.64 5.38 0.29 2.29 
LA92 1.72 0.45 1.19 1.67 2.40 0.26 2.01 
US06 1.44 0.36 1.01 1.42 1.95 0.25 1.93 

A 1.67 0.44 1.16 1.62 2.33 0.26 2.00 
R3 1.55 0.39 1.08 1.51 2.13 0.25 1.97 
R2 1.44 0.36 1.01 1.42 1.95 0.25 1.93 
R1 1.42 0.35 1.00 1.40 1.92 0.25 1.93 

 
Note: a CV – coefficient of variation, defined as the ratio of the standard deviation to the 
mean; b CI ratio – ratio of the 97.5th percentile value to the 2.5th percentile value. 
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Table S-52. Summary Statistics of Average CO Emission per Mile Using MOBILE6 for 
All Tested Vehicles and Driving Cycles 

 
Emissions (g/mile) Driving 

Cycle μ σ 2.5% 50% 97.5%
CVa CI ratiob

FTP 18.48 4.73 13.21 18.39 27.02 0.26 2.05 
NYCC 27.97 7.03 19.88 27.30 39.92 0.25 2.01 
LA92 18.61 4.70 13.38 18.53 27.11 0.25 2.03 
US06 20.57 4.82 14.87 20.58 29.17 0.23 1.96 

A 18.24 4.64 13.11 18.18 26.63 0.25 2.03 
R3 18.37 4.58 13.21 18.33 26.64 0.25 2.02 
R2 20.57 4.82 14.87 20.58 29.17 0.23 1.96 
R1 21.10 4.89 15.26 21.11 29.77 0.23 1.95 

 
Note: a CV – coefficient of variation, defined as the ratio of the standard deviation to the 
mean; b CI ratio – ratio of the 97.5th percentile value to the 2.5th percentile value. 
 

Table S-53. Summary Statistics of Average NO Emissions per Mile Using Vehicle-
Specific Models for All Tested Vehicles and Driving Cycles 

 
Emissions (g/mile) Driving 

Cycle μ σ 2.5% 50% 97.5% 
CVa CI ratiob

FTP 4.28 6.53 0.25 1.56 18.37 1.53 72.52 
NYCC 0.76 1.40 0.01 0.17 3.83 1.83 275.82 
LA92 3.72 5.26 0.23 1.92 15.13 1.41 66.73 
US06 2.78 3.55 0.18 1.68 10.28 1.28 57.13 

A 5.95 8.28 0.37 3.12 23.87 1.39 64.77 
R3 6.10 8.13 0.38 3.43 23.59 1.33 62.65 
R2 6.90 9.31 0.45 3.16 25.85 1.35 57.76 
R1 5.51 6.98 0.36 3.41 20.27 1.27 56.70 

 
Note: a CV – coefficient of variation, defined as the ratio of the standard deviation to the 
mean; b CI ratio – ratio of the 97.5th percentile value to the 2.5th percentile value. 
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Table S-54. Summary Statistics of Average HC Emissions per Mile Using Vehicle-
Specific Models for All Tested Vehicles and Driving Cycles 

 
Emissions (g/mile) Driving 

Cycle μ σ 2.5% 50% 97.5%
CVa CI ratiob 

FTP 0.68 0.52 0.19 0.45 1.71 0.77 8.91 
NYCC 0.12 0.11 0.03 0.07 0.36 0.98 12.69 
LA92 0.56 0.40 0.17 0.41 1.37 0.71 7.98 
US06 0.36 0.21 0.14 0.28 0.76 0.59 5.55 

A 0.90 0.63 0.28 0.67 2.15 0.70 7.81 
R3 0.87 0.58 0.28 0.73 2.05 0.66 7.23 
R2 0.83 0.51 0.33 0.63 1.67 0.62 5.10 
R1 0.75 0.45 0.27 0.61 1.62 0.60 5.98 

 
Note: a CV – coefficient of variation, defined as the ratio of the standard deviation to the 
mean; b CI ratio – ratio of the 97.5th percentile value to the 2.5th percentile value. 
 

Table S-55. Summary Statistics of Average CO Emissions per Mile Using Vehicle-
Specific Models for All Tested Vehicles and Driving Cycles 

 
Emissions (g/mile) Driving 

Cycle μ σ 2.5% 50% 97.5% 
CVa CI ratiob

FTP 15.13 17.67 2.91 9.79 53.15 1.17 18.28 
NYCC 2.25 2.26 0.31 1.36 6.62 1.00 21.55 
LA92 14.12 17.84 2.72 8.79 52.88 1.26 19.42 
US06 12.63 19.43 2.14 6.87 55.02 1.54 25.69 

A 22.79 29.10 4.35 14.27 86.02 1.28 19.77 
R3 24.60 33.21 4.49 14.73 96.65 1.35 21.53 
R2 33.56 55.05 5.09 16.07 153.86 1.64 30.25 
R1 24.20 35.95 4.31 13.07 102.48 1.49 23.77 

 
Note: a CV – coefficient of variation, defined as the ratio of the standard deviation to the 
mean; b CI ratio – ratio of the 97.5th percentile value to the 2.5th percentile value. 

 



365 

Table S-56. Summary Statistics of Average Fuel Use per Mile Using Vehicle-Specific 
Models for All Tested Vehicles and Driving Cycles Fuel-vehicle-specific models 

 
Emissions (g/mile) Driving 

Cycle μ σ 2.5% 50% 97.5% 
CVa CI ratiob

FTP 1660.36 533.90 1019.28 1571.95 2493.19 0.32 2.45 
NYCC 275.62 122.38 155.26 238.54 500.55 0.44 3.22 
LA92 1391.56 410.10 884.53 1357.13 2045.30 0.29 2.31 
US06 926.85 261.12 606.11 894.52 1319.41 0.28 2.18 

A 2221.96 642.11 1418.91 2179.11 3224.86 0.29 2.27 
R3 2168.65 599.94 1420.64 2126.71 3127.16 0.28 2.20 
R2 2147.26 708.77 966.55 2159.11 3071.71 0.33 3.18 
R1 1902.75 513.55 1326.40 1773.67 2702.49 0.27 2.04 

 
Note: a CV – coefficient of variation, defined as the ratio of the standard deviation to the 
mean; b CI ratio – ratio of the 97.5th percentile value to the 2.5th percentile value. 
 

Table S-57.  Summary of Vehicle Activity and Engine Data during Different Vehicle 
Operating Conditions 

 
Speed  
(km/h) 

Acceleration 
(km/h/s) 

Engine Speed 
(rpm) 

Throttle 
(%) Loop 

μ σ μ σ μ σ μ σ 
Closed 67 38 0.1 3.4 1967 716 25.5 6.3 
Open 98 11 -1 3.6 2367 311 20.5 2.5 
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Figure S-1.  Vehicle Specific Power (VSP) Modal HC, CO and NO Emission Rates (in 
mg/sec and g/gallon): Single Vehicle (a 2005 Chevrolet Cavalier 2.2 L Vehicle)  
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Note:These comparisons are based upon the average estimation of total emissions for 
all trips on a route using two different models: internal observable variable model (IOVM)
and external observable variable model (EOVM) for a 2005 Chevrolet Cavalier 2.2 L vehicle.  

Figure S-2. Parity Plot of EOVM Predictions vs. IOVM Predictions of Average Trip 
Emissions for a 2005 Chevrolet Cavalier with a 2.2 Liter Engine 
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Note:These comparisons are based upon the average estimation of total emissions for 
all trips on a route using two different models: internal observable variable model (IOVM)
and external observable variable model (EOVM) for a 2005 Dodge Caravan 3.3 L vehicle.  

Figure S-3. Parity Plot of EOVM Predictions vs. IOVM Predictions of Average Trip 
Emissions for a 2005 Dodge Caravan with a 3.3 Liter Engine 
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Note:These comparisons are based upon the average estimation of total emissions for 
all trips on a route using two different models: internal observable variable model (IOVM)
and external observable variable model (EOVM) for a 2005 Chevrolet Tahoe 5.3 L vehicle.  

Figure S-4. Parity Plot of EOVM Predictions vs. IOVM Predictions of Average Trip 
Emissions for a 2005 Chevrolet Tahoe with a 5.3 Liter Engine 
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from North Raleigh to Research Triangle Park via US-70. The speed profile was a 
trip on Route 3 using a 2005 Chevrolet Cavalier 2.2 L.
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Figure S-5.  Micro-scale Prediction of Fuel Use and CO Emissions Using EOVM 
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Figure S-6. R2 for NO for different averaging time duration using different descriptive 
statistics for modeling 
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Figure S-7.  R2 for HC for different averaging time duration using different descriptive 
statistics for modeling  
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Figure S-8. Evidence of Autocorrelation in Measurements and Vehicle Activity and 
Engine Data 
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Note: Emissions Data are collected on a highway for a 2005 Chevrolet Cavalier 2.2 L 
vehicle and model residuals are fitted as fifth order autoregressive scheme. 

Figure S-9.  NO Emissions Measurements, Predicted Values, 95% Confidence Intervals, 
and Trend Values for Time Series Regression with Serial Error Model using Vehicle 
Specific Power.  
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Figure S-10.  Micro-scale Prediction of NO Emission Rate using Two Vehicle-Specific 
EOVMs. 
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Figure S-11. Cumulative Distribution Function of the Duration of when the vehicle is 
operating at “Open Loop” during the Data Collection 
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Figure S-12. CDF of the Acceleration when the vehicle is operating at “Open Loop” 
during the Data Collection 
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Figure S-13. CDF of the Speed when the vehicle is operating at “Open Loop” during the 
Data Collection 
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Figure S-14.  CO2 Emission Rate versus Fuel Use (Consumption) Rate: single vehicle  
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8.0 Overview 

This chapter presents the key conclusions, recommendations, and future work. 

8.1 Conclusions 

8.1.1 Data Collection Using Portable Emission Measurement System (PEMS) 

PEMS measures the concentrations of the tailpipe exhaust and record the vehicle 

activity data during real-world driving cycles.  After errors associated with data collection 

are cleaned and excluded from the dataset, approximately 90% of the overall data is valid 

for further data analysis for each data collection.  Gas analyzer and engine scanner error 

are two major errors and led to 8% and 3% of data loss, respectively.  Among errors 

related to gas analyzer, negative values of concentrations is the leading error while loose 

connection between the engine scanner and the on-board diagnostic (OBD) data link is 

the leading cause of engine error. 

To reduce the frequency of gas analyzer errors, gas analyzer should be regularly 

maintained and calibrated according to user manual.  The connection between the engine 

scanner and the OBD data link should be fastened enough to reduce the frequency of 

loose connection error.   

PEMS have a relatively low cost and capability to capture episodic events in 

emissions during real-world driving.  Thus, PEMS can be used to measure on-road 

vehicle emissions for a variety of purpose such as emissions modeling, evaluation of the 

effect of roadway infrastructure on emissions, development of emission factors and 

others. 

Based upon extensive hours of data collection for three primary vehicles, a key 

finding is that data collection can be largely reduced while still representing a large range 

of variability in emissions.  For example, approximately three hours of data collection 

was shown to cover at least 95% of the total variability in emissions observed in the 65 
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hours of data collection and enough for modeling purposes.  A limited number of hours of 

data collection was used as the basis for the study design for the seven secondary 

vehicles.  Reduction of data collection per vehicle makes it possible to increase the 

number of vehicles for a given overall level of data collection effort.   

8.1.2 LIDAR-Based Method for Road Grade Estimation and Road Grade Effect 

on Emissions 

A LIDAR-based method for road grade estimation is shown to be reliable and 

accurate.  Estimated road grade using LIDAR-based method can be used for emission 

modeling, evaluation of the effect of road grade on emissions, and roadway inventory 

collection, especially for areas where design drawing data are not available and with 

active maintenance of roadway.   

On a micro-scale (e.g., short segments of a route), ignoring road grade will 

significantly underestimate the total emissions for segments with positive road grades.  

Conversely, total emissions for segments with negative road grades will be significantly 

overestimated if road grade is ignored. 

On a meso-scale (e.g., the entire route), the effect of road grade is less important, 

or even unimportant because the effect is compensated by negative and positive road 

grades.   

Therefore, on a micro-scale, road grade should be considered in order to develop 

accurate emission inventories.  

8.1.3  Effect of Response Time on Measurement Accuracy 

Due to the finite response time of the instrument, measurements may not respond 

as quickly as the emissions change in the tailpipe.  Thus, measurements may be 

underestimated and biased.  Systematic errors in average measurements decrease as 

system input frequency decreases.  For example, based upon the laboratory experiments, 
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if the emissions change every two seconds, the NO average measurements were 

underestimated by 20%.  However, the average measurement was underestimated by only 

3% if the emissions change every 10 seconds. 

Numerical simulations showed that noise in the data is a key factor affecting the 

measurement accuracy.  For example, if there is not noise associated with measurements, 

the average values of simulated measurements asymptotically approach the averages of 

the true values.  Even though the simulated measurements may not respond as quickly as 

the simulated input changes, the simulated input frequency can be reliably inferred from 

the simulated measurements.  For example, the number of the peaks and the intervals 

between peaks in the simulated measurements are the same as those in the simulated 

inputs.  However, measurements are always associated with noise.  On average, average 

measurements are underestimated by 4% over various system input frequencies.  This 

indicates the measurement accuracy on a mode or trip basis is adequate. 

A second order exponential model (SECM) was chosen to correct the 

measurements in order to improve the measurement accuracy.  However, the noise 

associated with measurements should be smoothed out before correction.  Otherwise, the 

correction will exaggerate the noise.  Furthermore, the effectiveness of the smoothing, 

and thus the correction depends on the amount of noise in the data.  For example, 

correction improved the measurement accuracy when the noise is relatively small (the 

standard deviation (SD) of noise is less than 0.1 on a relative basis) but deteriorated the 

measurement accuracy if the noise is large.  When the SD of the noise is high, there is not 

much difference in smoothing and combination of smoothing and correction. 

The SD of noise in the real-world data is likely to vary with the measuring gas 

concentration.  If the concentrations are comparable to the detection limit, the SD of noise 

on a relative basis will be high.  If the concentrations are significantly higher than the 



380 

detection limit, the SD of the noise on a relative basis will be low.  Decision on choice of 

smoothing and correction to improve the measurement accuracy should be made based 

upon the concentration level.  If the concentration is within three times the detection limit, 

moving average is adequate to improve the measurement accuracy.  If the concentration is 

beyond three times the detection limit, combination of moving average and correction 

will be a good choice to improve the measurement accuracy. 

Consecutive moving averages account for consecutive seconds of measurements 

and can be used for emissions modeling. 

8.1.4 Quantification of Inter- and Intra- Vehicle Variability in Fuel Use and 

Emissions 

Total fuel use and emissions for the same origin/destination (O/D) pair varied 

from trip-to-trip and from route-to-route due to variations in the travel time and average 

speed.  On a trip basis, the average relative differences of the highest to the lowest fuel 

used and emissions due to route, driver, and time of day ranged from 15% to more than 

100% depending on fuel use and pollutant.  The relative differences in rates are slightly 

lower than those in totals but still significant.  For example, on average, the difference in 

totals was 10% more than that in rates.  Speed, acceleration and road grade are three most 

important factors contributing to the intra-vehicle variability in fuel use and emissions. 

Inter-driver variability in emissions is as significant as other sources of variability, 

implying the need to take into account this issue in inventory development and to develop 

messages to drivers regarding how their behavior can affect both fuel use and emissions.  

For example, difference in emissions among drivers for a given travel distance should be 

quantified and evaluated. 

Temporal variations in traffic conditions have significant effects on fuel use and 

emissions.  The average speed and travel time for alternative routes connecting a given 
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O/D pair are mainly influenced by traffic conditions.  In turn, so are the total fuel use and 

emissions.  Thus, traffic management strategies aimed at reducing fuel use and emissions 

should take into account both speed and travel time.  For example, improved signal 

timing mitigates the congestion level, increases the average speed but decreases the 

average travel time.  Based upon the data collected in the study area, although the 

increase in speed slightly increases the emission rates, the travel time is reduced by a 

larger proportion and the total emissions will be reduced.   

Although only ten vehicles are tested and compared in this study, significant inter-

vehicle variability was observed.  For example, for a given driving mode, the ratio of the 

highest to the lowest modal emission rate ranged from 2.0 to 730 depending on fuel use 

and pollutant with fuel use having the least and NO having the largest.  This indicates that 

development of accurate emission inventories should take into account inter-vehicle 

variability in emissions because the trend of variation in emissions from vehicle to 

vehicle is not the same.  For example, micro-scale vehicle-specific models were 

developed and used to estimate the meso-scale emissions for this study.  Estimated meso-

scale emissions were shown to be accurate and precise when comparing to the on-road 

emissions measurements.  Thus, vehicle-specific emissions models can be developed and 

aggregated for emission inventories development. 

8.1.5 Micro-scale Vehicle-Specific Fuel Use and Emissions Modeling 

Emissions modeling should take into account the finite response of the instrument.  

Consecutive averages of fuel use, emissions and vehicle operating parameters were 

shown to be capable of capturing substantial variability in on-road vehicle fuel use and 

emissions and improving predictability of the emission models.  Varying the averaging 

time from one to three times the time constant, models were shown to have similar 

explanatory power in fuel use and emissions and sensitivity to different driving cycles.  
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Of course, a longer averaging time has slightly higher explanatory power.  The spatial 

resolution of emissions estimates varies depending on the choice of averaging time.  

Thus, the choice of averaging time has to be determined based upon the study objective.  

For example, the evaluation of effectiveness of the intersection level transportation 

improvement programs (TIPs) typically requires a high spatial resolution while a low 

spatial resolution for estimation of total fuel use and emissions on a highway may not 

have much difference from that with a higher spatial resolution.  A temporal resolution of 

6 to 18 seconds for NO and 3 to 12 seconds for fuel use and other pollutants were able to 

capture episodic events in the real-world driving cycles such as high accelerations.  Thus, 

models can be used for micro-scale prediction of emissions.   

Internal observable variable models (IOVMs) using engine speed and manifold 

absolute pressure appear to be accurate and precise for fuel use and CO2 emissions, and 

moderately accurate and precise for the other pollutants.  External observable variable 

models (EOVMs) using speed, acceleration and road grade can capture substantial 

variability in fuel use and emissions.  In general, IOVMs explain more variability in 

emissions than EOVMs.  Thus, when both internal and external observable variables are 

available, IOVM is preferred.  However, for the perspective of transportation 

management, EOVMs have more practical value since internal observable variables 

usually are not available or not used for emission estimation. 

Compared to fleet-average model such as MOBILE6, both IOVMs and EOVMs 

appear to be more sensitive.  Furthermore, emissions estimated by vehicle-specific 

models of different vehicles are significantly different.  Thus, it is worthwhile to develop 

vehicle-specific model instead of fleet-average model. 

Micro-scale vehicle-specific models can be used for a variety of applications.  For 

example, models can be used to identify the hotspots of fuel use and emissions.  Models 
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can also be used to estimate meso-scale fuel use and emissions.  When comparing to the 

on-road measurements, micro-scale emissions estimates were shown to be accurate and 

precise while meso-scale emissions estimates were less accurate and precise than micro-

scale estimates. 

The unique aspects of this work are: (1) extensive data collection on alternative 

routes for given O/D pairs; (2) comparisons of fuel use and emissions on a commuting 

trip basis by route, time of day, driver, and road grade; (3) determination of minimum 

data requirements for vehicle on-road data collection; (4) evaluation of the capabilities of 

measuring and estimating emissions at the micro-scale; and (5) development of vehicle-

specific micro-scale fuel use and emissions models. 

The contributions of this work are: (1) refinement of methodology for the 

estimation of road grade and its application to improving the accuracy of micro-scale 

emissions estimates; (2) methodology developed to collect, analyze, and interpret the 

emissions data on alternative routes connecting the same O/D pair regarding routes, times 

of day, and drivers can be used for a variety of applications such as empirically-based 

traffic management; (3) determination of minimum data requirement for data collection, 

which enables data collection on additional vehicles to more fully characterize the inter-

vehicle variability in an effective way; (4) evaluation of the effect of the response time on 

emission measurements, and development of recommendations for measurement 

accuracy improvement and emission modeling; and (5) demonstration of the benefits to 

develop vehicle-specific emissions models instead of fleet-average emissions model. 

8.2 Recommendations 

Key recommendations of this study are: 
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8.2.1 On-Road Data Collection Method 

On-road data collection using PEMS is a viable method for measuring 

representative real-world tailpipe emissions.  Methods to collect, analyze and interpret the 

emissions data developed in this study should be applied to other study objectives such as 

evaluation of TIPs. 

8.2.2 Data Collection Reduction Feasibility 

Data collection reduction strategy is shown to be feasible and should be used as 

guidance for future on-road data collection.  Thus, future data collection should be 

focused on fewer routes, more vehicles, and with less number of hours to more fully 

characterize the inter-vehicle variability in fuel use and emissions. 

8.2.3 Experimental Design for Data On-Road Data Collection 

Experimental design for on-road data collection should take into account key 

sources of inter- and intra-vehicle variability, such as vehicles, alternative routes, drivers, 

times of day, and scheduling of data collection.  For example, data should be collected 

directly or indirectly associated with key sources of both inter- and intra-vehicle 

variability in fuel use and emissions.  Inter-driver variability should be further captured 

by choosing drivers with significantly different driving style. 

8.2.4 Application of On-Road Emission Measurements 

Empirically-based traffic management aimed at reducing fuel used and emissions 

should be based upon on-road emissions measurements.  For example, for routes with 

higher fuel use and emissions and longer travel time, congestion mitigation measures 

such as improved signal timing and coordination should be used to reduce fuel use and 

emissions.  Real-world data should be collected to quantify the effect of traffic 

management strategy on fuel use and emissions.  Evaluation of this effect should be based 
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upon real-world emissions measurements, or alternatively, based upon the models using 

vehicle activity data. 

8.2.5 Development Application of Micro-scale Vehicle-Specific Models 

Emissions modeling schemes are shown to be capable for micro-scale prediction 

of emissions.  Thus, micro-scale vehicle-specific models should be developed and used 

for more accurate development of emission inventory.  Models should be used as a tool to 

identify hotspots of fuel use and emissions for a given route, evaluate the effect of TIPs 

on a corridor or intersection level, and study the effect of inter-driver variability on fuel 

use and emissions.  For example, for a given route, different drivers will have different 

vehicle dynamics traces such as speed profile. By using the same model to the different 

real-world driving cycles, the inter-driver variability in fuel use and emission can be 

evaluated.  Information obtained from this study should be used to develop public 

education messages aimed at the driving public, so as to inform about how their driving 

behavior relates to air pollutant emissions. 

8.3 Future work  

8.3.1 Development of  A “Fast” Response Time Instrument 

Due to the finite response of the PEMS, the measurement does not reflect the 

actual concentration at a high temporal resolution such as second-by-second.  Thus, in 

order to accurately capture the variability in emissions due to episodic events at a high 

temporal resolution, the development of a fast response time instrument is needed.  For 

example, a more accurate instrument with 3 to 6 seconds 95% response time is needed.   

8.3.2 Data Needs for Improving Emissions Models 

Emissions modeling in this project assumes a constant catalytic conversion 

efficiency due to the lack of information regarding the engine-out emissions, the exhaust 

temperature and the air/fuel ratio (AFR).  However, the catalytic conversion efficiency is 
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a function of the AFR and the exhaust temperature.  On a consecutive average basis, a 

constant AFR is a reasonable assumption because the AFR is controlled to be close to the 

stoichiometric value in the modern vehicles even though there are some short-term 

transient conditions.  However, when a higher temporal resolution model is needed, 

information regarding the exhaust temperature and the AFR may be needed to improve 

the model performance.  For example, involving the exhaust temperature and the AFR in 

the model to account for the effect of catalytic conversion efficiency may improve the 

model explanatory power.  However, this only applies to the development of an internal 

observable variable model (IOVM) which will use the engine data as explanatory 

variables.  Moreover, if the exhaust temperature and the AFR are not available via the on-

board diagnostics (OBD) link, additional instrumentation of the vehicle will be needed.  

Thus, there is a need to determine whether the benefits of obtaining such data outweight 

the additional cost.  

8.3.3 Emissions Modeling  

Consecutive averages were used for emissions modeling in this project with an 

averaging time longer than three seconds to account for the response time.  Short-term 

events such as fuel-enrichment, which is typically less than 2 seconds, are not 

distinguished from other operating conditions.  These events should be further 

investigated as a fast response time instrument becomes available. 

Since the vehicle activity data are autocorrelated, emissions are likely to be 

autocorrelated even if the response time of the instrument is not an issue.  Thus, the 

autocorrelation of emissions and vehicle activity data should be further investigated in 

emissions modeling.  However, the autocorrelation of emissions due to the response time 

should be distinguished from the autocorrelation due to vehicle activity.  This implies a 

need for a fast response time instrument.  For example, if the instrument responds as 
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quickly as the emissions change, the autocorrelation of measurements data is no longer 

because of the response time, but simply because the vehicle activity data are 

autocorrelated.
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Appendix A.  Characteristics of Selected Routes for Data Collection 
 

This appendix describes the key characteristics of segments comprising the 

route selected for this study.  Because the reverse direction for a route generally is 

similar to the opposite direction of that route, the key characteristics of a route are 

only given for one direction.  These routes include three alternatives connecting North 

Carolina State University (NCSU) and North Raleigh (NR) and three alternatives 

connecting NR and Research Triangle Park (RTP).  Maps showing the geographic 

locations of these selected routes with end points of the comprising segments for these 

routes are also given.  For alternative routes between NCSU and NR, two maps are 

used for each of these routes, in which a control line is designed for connecting the 

two maps.  For alternative routes between NR and RTP, only a map for each of these 

routes is used. 

Table A-1 lists the key characteristics of segments for Route A from NCSU to 

NR via Wake Forest Rd.  The definitions for each segment for Route A are listed in 

Table A-2 with geographic locations shown in Figure A-1a and A-1b.  Route A is 

mainly comprised of feeder/collector and minor arterial. 

Table A-3 lists the key characteristics of segments for Route B from NCSU to 

NR via Capital Blvd.  The definitions for each segment for Route B are listed in Table 

A-4 with geographic locations shown in Figure A-2a and A-2b.  Route B has several 

common segments with Route A.  The main differences between Route A and B is 

that Route B is also comprised of some portions of interstate highway, i.e. I-440. 

Table A-5 lists the key characteristics of segments for Route C from NCSU to 

NR via I-440.  The definitions for each segment for Route C are listed in Table A-6 

with geographic locations shown in Figure A-3a and A-3b.  Route C also has some 
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common segments with Route A and B.  However, compared to Routes A and B, 

Route C is mainly comprised of minor arterial and interstate highway and has higher 

average speed. 

Table A-7 lists the key characteristics of segments for Route 1 from NR to 

RTP via I-540.  The definitions for each segment for Route 1 are listed in Table A-8 

with geographic locations shown in Figure A-4. 

Table A-9 lists the key characteristics of segments for Route 2 from NR to 

RTP via I-40.  The definitions for each segment for Route 2 are listed in Table A-10 

with geographic locations shown in Figure A-5. 

Table A-11 lists the key characteristics of segments for Route 3 from NR to 

RTP via US-70.  The definitions for each segment for Route 3 are listed in Table A-

12 with geographic locations shown in Figure A-6. 

Compared to Route 3, Route 1 and 2 are mainly comprised of interstate 

highway and thus have higher average speed.  Route 3, however, has a mix of 

feeder/collector, minor and major arterial and freeway.  Thus, Route 3 covers more 

variation in road grade than the other two routes. 
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Table A-1.  Characteristics of Segments for Route A 

Segments Length
(mi)a 

Speed 
Limit 
(mph) 

Max. 
Grade 
(%) 

Min. 
Grade 
(%) 

Ave. 
Grade 
(%) 

Travel 
Time 
(s)b 

# of 
Lanes/direction 

# of 
Traffic  
Lights 

Roadway 
Class 

Median  
dividend 
(Yes/No) 

1 0.0585  15 0 0 0 14 2/2 0 Feeder/Collector No 
2 0.4332  25 6.32 -1.84 2.04 62 2/2 2 Feeder/Collector No 
3 0.4311  35 3.24 -0.57 1.14 44 4/2 3 Feeder/Collector No 
4 0.9777  25 6.59 -4.27 0.49 141 2/1 7 Feeder/Collector No 
5 0.3566  35 3.50 -4.76 -1.48 37 3/1 4 Feeder/Collector No 
6 1.4322  45 1.31 -4.13 -1.03 115 6/2 0 Minor Arterial Yes 
7 0.4167  35 2.95 -3.31 -0.15 43 1/1 0 Minor Arterial No 
8 1.1619  35 5.02 -4.66 -0.15 120 4/2 6 Minor Arterial No 
9 4.9506  45 5.83 -5.04 0.68 396 4/2 19 Minor Arterial No 

Note: a Segment length is calculated by the map provided by NCDOT using ArcGIS. b The travel time is estimated based upon the segment 
length and speed limit. 
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Table A-2.  Descriptions of Segments in Table A-1 

 
 
 
 
 
 
 

 

 

Segments Descriptions of Segments 
1 Cates Ave. from NCSU Coliseum to Pullen Rd. 
2 Pullen Rd. from Cates Ave. to Hillsborough St. 
3 Hillsborough St. from Pullen Rd. to W. Morgan St. 
4 W. Morgan St. from Hillsborough to McDowell St. 
5 McDowell St. from W. Morgan St. to Capital Blvd  
6 Capital Blvd from McDowell St. to Ramp 1  
7 Ramp 1 (from Capital Blvd. to Wake Forest Rd.) 
8 Wake Forest Rd. from Ramp 1 to Six Forks Rd.  
9 Six Forks Rd. from Wake Forest Rd. to Sawmill Rd. 
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Figure A-1a.  Geographic Locations of Segments for Route A Connecting North 
Carolina State University (NCSU) and North Raleigh (NR) for Segments A1 to A8 
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Figure A-1b. Geographic Locations of Segments for Route A Connecting North 
Carolina State University (NCSU) and North Raleigh (NR) for Segment A9 
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Table A-3.  Characteristics of Segments for Route B 

Segments Length(
mi)a 

Speed 
Limit 
(mph) 

Max. 
Grade 
(%) 

Min. 
Grade 
(%) 

Ave. 
Grade 
(%) 

Travel 
Time 
(s)b 

# of 
Lanes/direction 

# of 
Traffic  
Lights 

Roadway 
Class 

Median  
dividend 
(Yes/No) 

1 0.0585 15 0 0 0 14 2/2 0 Feeder/Collector No 
2 0.4332 25 6.32 -1.84 2.04 62 2/2 2 Feeder/Collector No 
3 0.4311 35 3.24 -0.57 1.14 44 4/2 3 Feeder/Collector No 
4 0.9777 25 6.59 -4.27 0.49 141 2/1 7 Feeder/Collector No 
5 0.3566 35 3.50 -4.76 -1.48 37 3/1 4 Feeder/Collector No 
6 3.3680 45 3.71 -7.50 -0.53 269 6/2 1 Minor Arterial Yes 
7 0.1566 35 1.23 -5.54 -1.78 16 1/1 0 Interstate No 
8 2.2850 60 3.61 -2.63 0.36 137 6/2 0 Interstate Yes 
9 0.2517 35 6.19 0.42 3.19 26 1/1 0 Minor Arterial No 
10 3.4795 45 4.94 -5.04 0.15 278 4/2 15 Minor Arterial No 

Note: a Segment length is calculated by the map provided by NCDOT using ArcGIS. b The travel time is estimated based upon the segment 
length and speed limit. 
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Table A-4.  Descriptions of Segments in Table A-3 

 
 
 
 
 
 
 
 
 

 

Segments Descriptions of Segments 
1 Cates Ave. from NCSU Coliseum to Pullen Rd. 
2 Pullen Rd. from Cates Ave. to Hillsborough St. 
3 Hillsborough St. from Pullen Rd. to West Morgan St. 
4 West Morgan St. from Hillsborough St. to McDowell St. 
5 McDowell St. from West Morgan St. to Capital Blvd 
6 Capital Blvd. from McDowell St. to Ramp 2  
7 Ramp 2 (from Capital Blvd. to I440 Outer Beltline) 
8 I440 Outer Beltline from Ramp 2 to Ramp 3  
9 Ramp 3 (from I440 Outer to Six Forks Rd.) 
10 Six Forks Rd. from Ramp 3 to Sawmill Rd. 
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Figure A-2a.  Geographic Locations of Segments for Route B Connecting North Carolina 
State University (NCSU) and North Raleigh (NR) for Segments B1 to B9. 
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Figure A-2b.  Geographic Locations of Segments for Route B Connecting North Carolina 
State University (NCSU) and North Raleigh (NR) for Segments B8 to B10 
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Table A-5.  Characteristics of Segments for Route C 

Segments Length(
mi)a 

Speed 
Limit 
(mph) 

Max. 
Grade 
(%) 

Min. 
Grade 
(%) 

Ave. 
Grade 
(%) 

Travel 
Time 
(s)b 

# of 
Lanes/direction

# of 
Traffic 
 Lights 

Roadway 
Class 

Median  
dividend 
(Yes/No) 

1 0.0585 15 0 0 0 14 2/2 0 Feeder/Collector No 
2 0.4492 25 6.32 -4.18 1.24 65 2/2 2 Feeder/Collector No 
3 1.7513 35 4.57 -3.12 0.28 180 4/2 12 Feeder/Collector No 
4 0.2235 35 4.78 -2.07 1.20 23 1/1 0 Interstate No 
5 4.8922 60 3.72 -3.85 -0.91 294 4/2 0 Interstate Yes 
6 0.1367 35 5.34 -1.92 1.46 14 1/1 0 Minor Arterial No 
7 3.6629 45 4.94 -5.04 -0.06 293 4/2 15 Minor Arterial No 

Note: a Segment length is calculated by the map provided by NCDOT using ArcGIS. b The travel time is estimated based upon the segment 
length and speed limit. 
 

Table A-6.  Descriptions of Segments in Table A-5 

 
 
 
 
 
 
 
 
 
 

Segments Descriptions of Segments 
1 Cates Ave. from NCSU Coliseum to Pullen Rd. 
2 Pullen Rd. through Enterprise Rd. from Cates Ave. to Hillsborough St. 
3 Hillsborough St. from Enterprise Rd. to Ramp 4  
4 Ramp 4 (from Hillsborough St. to I440 Inner) 
5 I440 Inner Beltline from Ramp 4 to Ramp 5  
6 Ramp 5 (from I440 Inner to Six Forks Rd.) 
7 Six Forks Rd. from Ramp5 to Sawmill Rd. 
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Figure A-3a.  Geographic Locations of Segments for Route C Connecting North Carolina 
State University (NCSU) and North Raleigh (NR) for Segments C1 to C5 
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Figure A-3b.  Geographic Locations of Segments for Route C Connecting North Carolina 
State University (NCSU) and North Raleigh (NR) for Segments C6 to C7 
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Table A-7.  Characteristics of Segments for Route 1 

Segments Length(
mi)a 

Speed 
Limit 
(mph) 

Max. 
Grade 
(%) 

Min. 
Grade 
(%) 

Ave. 
Grade 
(%) 

Travel 
Time 
(s)b 

# of 
Lanes/direction

# of 
Traffic  
Lights 

Roadway 
Class 

Median  
dividend 
(Yes/No) 

1 2.1144 45 3.17 -2.99 0.53 169 4/2 4 Minor Arterial No 
2 0.2195 30 0 -3.26 -1.72 26 1/1 0 Interstate No 
3 10.2708 65 2.11 -2.56 0.03 569 6/2 0 Interstate Yes 
4 0.8767 45 2.65 -2.67 0.12 70 1/1 0 Interstate No 
5 1.5922 65 0.70 -1.94 -0.45 88 6/2 0 Interstate Yes 
6 0.3038 35 2.85 -2.53 -0.45 31 1/1 1 Major Arterial No 
7 0.3589 45 1.23 -0.52 -0.04 29 4/2 2 Major Arterial Yes 
8 0.4659 45 2.80 -3.15 -0.32 37 4/2 1 Freeway No 
9 0.3392 25 4.20 -1.01 1.13 49 2/2 0 Feeder/Collector No 

Note: a Segment length is calculated by the map provided by NCDOT using ArcGIS. b The travel time is estimated based upon the segment 
length and speed limit. 
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Table A-8.  Descriptions of Segments in Table A-7 

 
 
 
 
 
 
 
 
 
 
 

Segments Descriptions of Segments 
1 Six Forks Rd. from Sawmill Rd. (Origin) to Ramp 6  
2 Ramp 6 (from Six Forks Rd. to I540)   
3 I540 from Ramp 6 to Ramp 7  
4 Ramp 7 (from I540 West to I40 West) 
5 I40 west from Ramp 7 to Ramp 8  
6 Ramp 8 (from I40 West to Davis Dr.) 
7 Davis Dr. from Ramp 8 to NC-54 
8 NC-54 from Davis Dr. to Park Offices Dr. 
9 Park Offices Dr. from NC-54 Dr. to Destination 
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Figure A-4. Geographic Locations of Segments for Route 1 via I-540 Connecting North Raleigh (NR) and Research Triangle Park (RTP) 
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Table A-9.  Characteristics of Segments for Route 2 

Segments Length(
mi)a 

Speed 
Limit 
(mph) 

Max. 
Grade 

(%) 

Min. 
Grade 

(%) 

Ave. 
Grade 

(%) 

Travel 
Time 
(s)b 

# of 
Lanes/direction 

# of 
Traffic 
Lights 

Roadway 
Class 

Median 
dividend 
(Yes/No) 

1 3.3623 45 5.07 -1.94 0.02 269 4/2 13 Minor Arterial No 
2 0.2076 35 2.11 -5.10 -1.49 21 1/1 0 Interstate No 
3 4.0250 60 3.50 -3.79 0.26 242 6/2 0 Interstate Yes 
4 0.3722 35 2.86 -0.53 1.07 38 1/1 0 Interstate No 
5 10.9699 65 3.69 -3.52 0.04 608 4/2 0 Interstate Yes 
6 0.3040 35 3.46 -2.53 0.40 31 1/1 1 Major Arterial No 
7 0.3589 45 1.23 -0.52 -0.04 29 4/2 2 Major Arterial Yes 
8 0.4657 45 2.80 -3.15 -0.32 37 4/2 1 Freeway No 
9 0.3392 25 4.20 -1.01 1.13 49 2/2 0 Feeder/Collector No 

Note: a Segment length is calculated by the map provided by NCDOT using ArcGIS. b The travel time is estimated based upon the segment 
length and speed limit. 
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Table A-10.  Descriptions of Segments in Table A-9 

 
 
 
 
 
 
 
 
 
 
 

Segments Descriptions of Segments 
1 Six Forks Rd. from Sawmill Rd. (Origin) to Ramp 9  
2 Ramp 9 (from Six Forks Rd. to I440 Outer Beltline) 
3 I440 West from Ramp 9 to Ramp 10  
4 Ramp 10 (from I440 Outer Beltline to I40 West) 
5 I40 West from Ramp 10 to Ramp 8  
6 Ramp 8 (from I40 West to Davis Dr.) 
7 Davis Dr. from Ramp 8 to NC-54 
8 NC-54 from Davis Dr. to Park Offices Dr. 
9 Park Offices Dr. from NC-54 to Destination 
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Figure A-5. Geographic Locations of Segments for Route 2 via I-40 Connecting North Raleigh (NR) and Research Triangle Park (RTP) 
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Table A-11.  Characteristics of Segments for Route 3 

Segments Length(
mi)a 

Speed 
Limit 
(mph) 

Max. 
Grade 
(%) 

Min. 
Grade 
(%) 

Ave. 
Grade 
(%) 

Travel 
Time 
(s)b 

# of 
Lanes/direction 

# of 
Traffic 
Lights 

Roadway 
Class 

Median 
dividend 
(Yes/No) 

1 2.0682 35 7.72 -7.69 0.25 213 2/2 4 Feeder/Collector No 
2 0.6900 45 2.62 -2.08 -0.33 55 4/2 1 Minor Arterial Yes 
3 2.5246 45 6.68 -6.91 0.31 202 4/2 5 Minor Arterial No 
4 4.8856 45 6.13 -7.16 0.08 391 4/2 5 Freeway Yes 
5 6.6379 50 5.40 -3.77 -0.09 478 4/2 8 Major Arterial Yes 
6 0.4769 45 2.76 -0.19 0.78 38 4/2 0 Freeway  No 
7 0.0623 25 1.48 -1.86 -0.19 9 2/2 0 Feeder/Collector No 

Note: a Segment length is calculated by the map provided by NCDOT using ArcGIS. b The travel time is estimated based upon the segment 
length and speed limit. 

Table A-12.  Descriptions of Segments in Table A-11 

 
 
 
 
 
 
 
 
 
 
 
 

Segments Descriptions of Segments 
1 Sawmill Rd. from Six Forks Rd. (Origin) to Creedmoor Rd. 
2 Creedmoor Rd. from Sawmill Rd. to Lynn Rd. 
3 Lynn Rd. from Creedmoor Rd. to Glenwood Ave. 
4 Glenwood Ave. from Lynn Rd. to Alexander Dr. 
5 Alexander Dr. from US70 to NC-54 
6 NC-54 from Alexander Dr. to Park Offices Dr. 
7 Park Offices Dr. from NC-54 to Destination 
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Figure A-6. Geographic Locations of Segments for Route 3 via US-70 Connecting North Raleigh (NR) and Research Triangle Park (RTP) 
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Appendix B: Error Check and Post-Processing Procedures 
 

This appendix describes the possible errors encountered during on-road vehicle 

emissions data collection using the Montana system and the strategies to couple readings 

from two analyzers employed in the Montana system.  Methods for speed and road grade 

estimation using the Global Positioning System (GPS) are also provided. 

1. Possible Errors Associated with Data Collection using the Montana System 

Possible errors associated with data collection described in this section include 

speed drift, usual RPM, RPM freezing, scanner freezing, losing connection between 

engine scanner and on-board computer, negative value of concentration data, gas analyzer 

zeroing, low concentration of CO2, gas analyzer freezing and GPS freezing.  The first five 

types of errors are all related to engine scanner, and can be referred to as engine scanner 

error.  For each type of error, an error description, a detection criteria and a post-process 

strategy is given.  

(1) Speed Drift 

Error Descriptions:  

On occasion, within a short period of time (e.g., 2 or 3 seconds), the speed by the 

engine scanner can drop to a small portion of its prior value and then back up to the 

normal value while vehicle is operating under similar dynamic conditions.  For example, 

when a vehicle is cruising on the highway, at time t, the speed is 65 mph.  At time t+1, 

the speed becomes 39 mph.  At time t+3, the speed goes down further to 13 mph, but at 

t+4, the speed returns to 65 mph.  This phenomenon occurs in most of the data collection 

conducted in late June and early July 2004. 

Detection Criteria: 

Usually, an acceleration of 10 mph/s or lower is thought to be normal. When an 

acceleration is greater than 10 mph/s, it appears to be unusual.  Once a speed drift error 
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occurs, the speed is interpolated using its prior and posterior seconds of speed.  Whether 

or not a speed drift error occurs is determined by the acceleration at consecutive seconds. 

If |at| > 10, and | at-1| <10 or |at| > 10, and | at+1| <10, a speed drift error occurs at 

time t. 

Where: 
at = acceleration at time t (mph/s) 
at-1 = acceleration at time t-1 (mph/s)  
at+1 = acceleration at time t+1 (mph/s) 

 Post-processing Strategy: 

 If |at| >10 and |at-1| <10 and |at+1| >10 then st = st-1 

If |at| >10 and |at+1| <10 and |at-1| >10 then st = st+1 

 If |at| > 10, and | at-1| <10 and | at+1| < 10 then st = (st-1+st+1)/2  

Where: 
st = speed at time t (kmh) 
st-1 = speed at time t-1 (kmh)  
st+1 = speed at time t+1 (kmh) 

  
This speed interpolation algorithm usually needs to be repeated several times until 

no speed drift error is detected.  Typically, two repetitions are adequately to interpolate 

the speed because of speed drift error.  An example is illustrated in the following Table.  

Table B-1. Interpolation of Speed Due to Speed Drift Errors 

t st at 1st new st
 A 1st new at

 B 2nd new st
 C 

1 65 0 65 0 65 
2 39* -16 65 0 65 
3 13* -26 13 -52 65 
4 65* 52 63 50 63 
5 63 -2 63 0 63 

Note: A – the 1st new st is estimated using st and the speed interpolation algorithm 
when a speed drift error is detected; B – the 1st new at is estimated using 1st new st; 
C – the 2nd new st is interpolated using 1st new st and 1st new at; * speed drift errors 
are detected. 



412 

(2) Unusual RPM 

Error Description: 

In some cases, the RPM reported by the engine scanner can be more than 5000 

rpm or less than 500 rpm, which is not usual when the vehicle is operating at normal 

conditions.  These unusual values should not be used for mass emission rates estimation. 

Detection Criteria: 

If RPMt > 5000 or < 500, an unusual RPM error occurs at time t, where RPMt is 

the engine RPM at time t. 

Post-processing Strategy: 

When unusual RPM errors occur, these data are not discarded. Instead, an 

algorithm is developed to correct these unusual values by interpolating RPM of the 

consecutive seconds.  Doing so, the corrected values can be used for further data analysis. 

The algorithm is described as follows: 

If |at-1| < 3 and |at+1| < 3, then RPMt = (RPMt-1 + RPMt+1)/2 

If |at| < 3 and |at-1| < 3 and |at+1| > 3, then RPMt = RPMt-1 

If |at| < 3 and |at-1| > 3 and |at+1| < 3, then RPMt = RPMt+1 

Else, removed. 

The acceleration is used in this interpolation because an acceleration event usually 

leads to an increase in RPM and vice versa for deceleration event.  Similar to the speed 

interpolation algorithm, the RPM interpolation algorithm is also repeated several times 

until no unusual RPM is detected.  Typically, two repetitions are adequately to interpolate 

the RPM because of unusual RPM errors.  An example is shown in the following table. 
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Table B-2. Interpolation of RPM Due to Unusual RPM Errors 

t st at RPMt 1st new RPMt
 A 2nd new RPMt

 B 

1 16 -3 1184 1184 1184 
2 11 -5 620 620 620 
3 6 0 0* 620 620 
4 6 -4 0* 0 644 
5 2 0 0* 668 688 
6 2 -2 668 668 688 

Note: * an unusual RPM is detected. A – the 1st new RPMt is estimated using RPMt 
and the RPM interpolation algorithm when an usual RPM error is detected; B – the 
2nd new RPMt is estimated using 1st new RPMt. 

(3) RPM Freezing 

Error Description:  

Usually, the engine RPM is not likely to stay unchanged for more than 3 seconds 

even when the vehicle is cruising at constant speed or is stationary.  When this type of 

error occurs, the vehicle speed varies but the engine RPM stays constant for more than 

three seconds.  This indicates that the engine RPM is not updated and the corresponding 

readings are frozen and will not represent the actual values any longer.  

Detection Criteria: 

If RPMt = RPMt+1 = RPMt+2 = RPMt+3, the RPM reading is frozen.  Four-second 

is deemed to be adequately long for detection of this type of error because the RPM 

normally is updating frequently, likely to be second-by-second, even in case that the 

vehicle is stationary. 

Where 
RPMt+1 = the engine RPM at time t+1 
RPMt+2 = the engine RPM at time t+2 
RPMt+3 = the engine RPM at time t+3 

  

Post-processing Strategy: 

 Data records at time t, t+1, t+2, and t+3 are removed in these cases 
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(4) Scanner Freezing 

Error Description: 

Unlike RPM freezing, for this type of error, both speed and engine RPM are 

unchanged for more than 3 seconds.  Three-second is deemed to be adequately long to 

indicate the occurrence of this type of error because the engine RPM normally is likely to 

update frequently, say second-by-second. 

Detection Criteria: 

If RPMt = RPMt+1 = RPMt+2 and st = st+1 = st+2, the engine scanner is frozen. 

Post-processing Strategy: 

Errors are checked on a rolling basis.  Data records at time t, t+1, and t+2 are 

removed in these cases when this type of error is detected. 

(5)  Losing Connection of the Engine Scanner and OBD Link 

Error Description: 

Once the vehicle is started up, RPM is always greater or equal to its idling value, 

say 500 rpm.  But if the connection cable between the vehicle’s OBD link and the engine 

scanner is loose, there can be a loss of signal leading to a gap in the data.  In this case, 

both the vehicle speed and engine RPM are reported as zero. 

 

Detection Criteria: 

If st =0 and RPMt =0, connection between the engine scanner and the vehicle 

OBD link is loose. 

 Post-processing Strategy: 

 Data record at time t is removed. 
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(6) Negative Value 

Error Description: 

Some concentration data from the gas analyzer are negative. 

Detection Criteria: 

       If ci < 0, the error of negative concentration occurs. 

Where ci is the concentration for specie i. i can be NO, HC, and CO. 

 Post-processing Strategy: 

 Data records of negative values are set to zero when these values are not very 

negative.  For example, if the negative values are within -25 ppm for NO, -5 ppm for HC 

and -0.1% for CO, these values is set to zero.  Otherwise, data records will be marked 

with errors and excluded for further use.  

(7) Zeroing 

Error Description: 

For data quality control and assurance purposes, the gas analyzer automatically 

zeroes out every 10 minutes by intaking the ambient air instead of tailpipe exhaust.  When 

this occurs, the O2 concentration increases up to the ambient air O2 concentration level 

while the concentrations of other gases decrease to zero. 

Detection Criteria: 

If O2
 > 20% → Zeroing in process  

Because it usually takes several seconds for the oxygen sensor to respond to the 

ambient air O2 concentration, the previous 10 seconds and post 10 seconds of the record 

that has more than 20% O2 are also counted as part of the zeroing process.  
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Post-processing Strategy: 

A flag is marked with these records.  Data from the analyzer that is zeroing are 

excluded.  Data from the other non-zeroing analyzer are used for mass emission rate 

calculation.  

(8) Low Concentration 

Error Description: 

Based upon the previous experience in data collection, the sum of CO2 and CO for 

light duty vehicles is usually greater than 10%.  A sum less than 10% is regarded as an 

error of low concentration. 

Detection Criteria: 

    If CO2 + CO < 10%, the concentration is low.  

Post-processing Strategy: 

 A flag is marked for these data records.  These flags are used to investigate the 

likely reasons for the low concentrations. For example, these errors might indicate some 

leakages in the system or the vehicle is operating at a fuel-lean condition. 

(9) Gas Analyzer Freezing 

Error Description: 

On occasion, the gas analyzer data fail to update over time. When this occurs, 

readings for species measured by the gas analyzer remains constant for at least three 

seconds. NO and CO concentrations are used to detect this type of error.  

 

Detection Criteria: 

If NOt=NOt+1=NOt+2 and COt =COt+1 =COt+2, the gas analyzer is frozen. 

Where: 
  NOt+i = the NO concentration at time t+i, i = 0, 1, 2 (ppm) 
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  COt+i = the CO concentration at time t+i, i = 0, 1, 2 (%) 

Post-Processing Strategy: 

Errors are checked on a rolling basis.  Data records with this type of error at these 

seconds are removed.  

(10) GPS Freezing 

Error Description: 

In some cases during vehicle movement, the readings of x and y coordinates from 

the GPS may remain unchanged for more than 3 seconds.  This also is applicable to the 

case when the vehicle is stationary because the GPS coordinates are also likely to change 

in this case. 

Detection Criteria: 

If xt= xt+1 = xt+2 = xt+3 and yt = yt+1 = yt+2 = yt+3, the GPS is frozen. 

Where 
xt+i = the x coordinate at time t+i, i = 0, 1, 2, 3 
yt+i = the y coordinate at time t+i, i = 0, 1, 2, 3 

 Post-processing Strategy: 

 A flag is marked with these data records.  The GPS data cannot be used to 

estimate the speed during these times.  

2. Combining Readings From Two Different Analyzers 

Errors related to gas analyzer include negative value, zeroing, low concentration 

and gas analyzer freezing, as discussed in the previous section.  Because two gas 

analyzers are used in the Montana system, readings from the two gas analyzers may be 

different because of those potential errors.  This section describes strategies to combine 

readings from these two gas analyzers for mass emission rates estimation.  These 

strategies are: 
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(1) Errors should be checked individually for each analyzer. If none of the errors 

related to gas analyzer are detected for either analyzer, an average of the readings 

from the two analyzers will be used. 

(2) If one of the analyzers is detected with any type of errors such as negative value, 

zeroing, low concentration or gas analyzer freezing, while the other analyzer is 

free of any of these errors, only data from the latter is used. 

(3) If both analyzers are detected with any type of errors related to gas analyzer, data 

from both analyzers will be removed. 

3. Speed and Road Grade Estimation Using GPS Data 

This section describes the general methods for speed and road grade estimation 

using GPS data. 

In order to estimate vehicle speed using GPS data, the x, y coordinates of two 

consecutive seconds of vehicle position have to be known.  The vehicle speed is 

estimated to be the traveled straight-line ground distance per unit time.  Using Universal 

Transverse Mercator (UTM) coordinates system, the traveled ground distance is 

estimated between two points on earth in terms of the formula in the below: 
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where 

dA,B  = Distance from point A to point B on earth, in km 
    r  = radius of earth in km, (~ 6378 km) 

θA  = longitude of point A, in decimal degree 
θB  = longitude of point B, in decimal degree 
ΦA  = latitude of point A, in decimal degree 
ΦB  = latitude of point B, in decimal degree 

Because the longitude and latitude reported by GPS is usually in DMS (Degree, 

Minute, Seconds) while the decimal degree (DD) is needed in the above equation, 

longitude and latitude in DMS has to be converted to those in DD.  The conversion 

equation is shown as follows: 
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Where: 
 D = degree in DMS 
 M = minute in DMS 
 S = second in DMS 
 DD = decimal degree 
 i = positive or negative sign index, i=0 when D has positive sign, else i=1 

For example, if a longitude and latitude in DMS is -130°25’34” and 45°20’15”, 

respectively, the longitude and latitude in DD will be -130.42611 and 45.3375, 

respectively.  The conversion is shown below: 

Longitude in DD: -(130 + 25/60 + 34/3600) = -130.42611 

Latitude in DD: 45 + 20/60 + 15/3600 = 45.3375 

The estimated vehicle speed is 
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Where  
  v = the estimated vehicle speed (km/h) 

tA,B = the time intervals from Point A to Point B in seconds, usually is 1 sec. 

Road grade using GPS data is estimated to be the elevation difference per traveled 

distance as shown in the below:  
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−
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d
zzGrade  

Where: 
      ZA = Altitude of point A in km 
      ZB = Altitude of point B in km 

However, this equation of grade is typically unreliable and other methods should be used, 

as explained in Chapter IV. 
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