
 

ABSTRACT 

ABDEL-AZIZ, AMR. Incorporating Uncertainties in Emission Inventories into Air 

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

In modeling ambient ozone concentrations, NOx emissions estimated based on 

emission inventories are used as input to air quality models. A concern regarding the quality 

of ozone predictions is the uncertainty inherent in emission inventories. This work aims at 

developing new methodologies for quantifying uncertainty in emission inventories and 

propagating the uncertainty through a photochemical grid air quality model.  

Time series techniques were used to develop new methodologies for developing 

probabilistic emission inventories. These methodologies were applied to a case study for NOx 

emissions for each of 32 units of 9 coal-fired power plants in the Charlotte domain, North 

Carolina. Probabilistic inventories for a near-term future episode based on the data of the 

year 1995 and for a distant future episode in 2007 based on the data of the year 1998 were 

developed. In order to investigate how much of an effect does correlation between emissions 

from different units has on the developed probabilistic inventory, two different approaches 

were used. Univariate time series techniques were applied in the first where each unit is 

assumed to be dispatched independently of all other units. Multivariate time series techniques 

were applied in the second in order to account for the inter-unit dependence in developing the 

inventory. A methodology for accounting for intra-unit dependence between variables used 

in estimating the inventory was also developed. For the first approach, the 1995 case showed 

that the 95% confidence interval for the daily inventory lied between 562 t/d and 698 t/d. 

This represents approximately ±10% uncertainty range from the average value which is 639 

t/d. The daily inventory for the 2007 case showed an uncertainty range of ±8% of the average 



 

value which is 192 t/d. The second approach showed that the total daily inventory for the 

year 1995 had a 95% confidence interval of 548 to 778 t/d, corresponding to an uncertainty 

range of -15% to +22% of the average value while the 2007 case showed an uncertainty 

range of -8% to +15% of the average value. Comparison of the simulated results of the two 

approaches with observations showed that the dependent approach produced a distribution 

for uncertainty that more accurately represents the observed data. 

Both inventories were used as input to an air quality model to investigate the 

propagation of uncertainties in emission inputs through the model. Uncertainties in the 

maximum 1-hour and 8-hour ozone predictions were estimated at different locations in the 

modeling domain. Forty-three grid cells were estimated to have a probability greater than 0.9 

that the maximum hourly ozone concentration exceeds the 120 ppb 1-hour ozone standard. A 

similar analysis was conducted for the 8-hour ozone standard where 1654 grid cells showed a 

probability greater than 0.9 of exceeding the 80 ppb standard.  The results of the case study 

demonstrate that the range of hourly variability in power plant emissions is sufficient large to 

justify a quantitative analysis of uncertainty, and that the range of uncertainty in air quality 

predictions is large enough to imply ambiguity regarding development of control strategies.  

The developed methodologies are very useful tools for decision making. These 

methodologies can be employed to develop control strategies to achieve attainment with an 

acceptable degree of confidence, such as 90 or 95 percent.   
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INTRODUCTION AND OBJECTIVES 
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1.0 Introduction 

One of the most pervasive air pollution problems in the United States is the ozone 

problem. Ozone concentration exceeds the national ambient air quality standards (NAAQS) 

in many areas in the US and hence they are designated as non-attainment areas for ozone 

(EPA, 2002). Ozone health effects include breathing and respiratory problems, asthma 

attacks, lung damage and lower immunity disease (NRDC, 2002). Ozone is formed in the 

atmosphere by the photochemical reactions of nitrogen oxides (NO and NO2) and volatile 

organic compounds (VOCs) which are the precursors of ozone formation. Efforts have been 

going on in the United States to set control strategies to decrease the emission rates of ozone 

precursors. The control strategy is different in different regions as it depends on the 

VOC/NOx ratio present in the ambient atmosphere. For high VOC/NOx ratios, termed NOx 

limited regions, controlling NOx leads to the decrease in ambient ozone concentration. 

Controlling VOCs in low VOC/NOx regions leads to a decrease in ozone concentration. 

Power plant emissions are one of the primary sources of NOx emissions that contributes to 

ozone formation in the eastern U.S. 

  In the process of modeling ambient ozone concentrations, NOx emissions estimated 

based on emission inventories are used as input to air quality models. A major concern in the 

modeling process is the uncertainty inherent in emission inventories (EIs). These 

uncertainties are a result of a wide range of factors. Emissions from electric power utilities 

are often obtained through continuous emissions monitoring (CEM) equipment. Sources of 

uncertainties related to these data include measurement, sampling errors and non-

representativeness of the data used to estimate the emission factors that the inventory is based 

upon (Frey and Zheng, 2002). Also, variability in emissions due to different operating 
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conditions, design or fuel composition is another concern which contributes a large portion to 

uncertainty. Projections to future years or new meteorological scenarios also introduce 

uncertainties since predicting future year power loads and emissions profiles is problematic 

and no standard methodologies exist. 

Emissions are typically estimated as the product of an emissions factors and activity 

data. These factors are subject to inaccuracies and uncertainties (Placet et. al, 1999). For 

example, an emission factor for a type of engine may be based on a very limited set of 

experiments. The resulting emissions factor is then applied to all similar engines in the 

inventory, regardless of operating conditions. Similarly, activity data can involve 

considerable uncertainties. Area source activity data are often based on surrogates, such as 

county-level population density (Placet et. al, 1999). Ideally, there is a very good correlation 

between activity levels and the surrogate, but this approach may introduce error. Despite the 

potential for introducing uncertainties using these methodologies, they are a pragmatic 

approach to developing inventories and represent current practice.  

Given these sources of variability and uncertainty, there are key questions regarding 

whether EIs used as inputs to air quality models (AQMs) are sufficiently precise to enable 

prediction of ambient pollutant concentrations and development of effective strategies. As 

recognized by the National Research Council in 1991, the quality of EIs is hampered by 

significant, yet poorly characterized uncertainties (NRC, 1991). Chao et al. (1994) 

acknowledged that uncertainties in air quality models and data are among factors that 

complicate ozone abatement policy development. They emphasized that a comprehensive 

and dynamic approach is needed to properly address the policy issue of controlling ozone 

which is characterized by significant uncertainties. Although uncertainties in chemical 
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mechanisms and meteorological inputs must be explored, uncertainties in emission 

inventories contribute most to the errors in predictions of air quality models (Placet et al., 

1999).  

This research focuses on the development of new methodologies to quantify 

variability and uncertainty specifically for hourly data. Continuous Emissions Monitoring 

(CEM) data for NOx emissions were analyzed towards the end goal of applying these new 

methodologies to develop a probabilistic emission inventory. Previous research that has been 

conducted to quantify variability and uncertainty in emission inventories using various 

statistical techniques suffered from several limitations. These limitations include the inability 

to account for autocorrelation in the observations of a single variable and the ignorance of 

dependence between different variables used in the probabilistic analysis. Often, an expert 

elicitation method is used to assume distributions for input parameters e.g. Hanna et al. 

(2001) where independence of the parameter of interest is assumed and no accounting for 

autocorrelation, if present, is done.  

Another limitation of these methods is the assumption of independency between 

different variables used to develop a probabilistic inventory when the Monte Carlo 

simulation method is employed. These assumptions are valid in some cases. For example 

Frey and Zheng (2002) used 6 and 12 month averaging times and the assessment of 

dependence between emission factor and activity factor did not reveal any significant 

findings. However, for short averaging times such as one hour averaging period, this 

assumption might not be true. Smith (1994) applied Monte Carlo simulation to estimate the 

uncertainty in risk of solvent emissions from an industrial facility. In his study, he only 

accounted for correlation among contaminants and ignored correlation among all other 
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exposure parameters. He mentioned that he was uncertain whether the ignorance of these 

correlations biased the results or not. Winiwarter and Rypdal (2001) also used Monte Carlo 

simulation to assess uncertainty associated with greenhouse inventory for the year 1990 in 

Austria. They used expert elicitation to obtain estimates for uncertainties in emission and 

activity data. In the process of developing the uncertainty estimates for the total emissions for 

the year 1990, they did not account for dependence between emission and activity factors. 

Burmaster and Anderson (1994) recommended conducting correlation sensitivity analysis 

between input variables among 14 proposed principles of good practice of Monte Carlo 

simulation. Placet et al. (1999) mentioned that the dependence between variables must be 

specified within the model used to compute emissions using Monte Carlo simulation. Hanna 

et al. (1998) recommended that values of large correlations greater than 0.5 should be 

accounted for in the Monte Carlo resampling. Therefore, the development of new 

methodologies that can account for intra-unit dependence between emission and activity data 

and the autocorrelation present within a data set in the process of developing and preparing 

any probabilistic emission inventory is important.  

In the process of modeling air quality in a certain geographic domain, many units of 

the same source category usually exist. Furthermore, these units may be owned and operated 

by the same company or organization. Electricity generating utilities are an example of such 

situation. NOx emissions from these utilities may experience some dependence especially 

when analyzed at a fine scale such as on an hourly basis. NRDC et al. (2002) described the 

current system for supply of electricity which is determined by a process called economic 

dispatch where power plants are selected to run based on their cost. Therefore, it would be 

suspected that emissions from units adopting the same technology may be dependent since 
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they might be dispatched together. Also, units within the same geographic location might 

experience some dependence in emissions if the generated electricity serves the same region. 

Therefore, accounting for the potential inter-unit dependence among correlated emissions 

from different units is also important in order to simulate real world conditions.  

This research employed sound statistical techniques in the process of quantifying 

variability and uncertainty in emission inventories and in propagating this uncertainty 

through air quality models. The propagated uncertainty through air quality models allows for 

the quantification of uncertainty in the ozone predictions. This serves as a tool in the decision 

making process where strategies are set to control ozone precursors. Quantifying uncertainty 

in ozone predictions and presenting alternative control strategies to a decision maker allows 

for better selection of the control strategy based on uncertain information. High uncertainty 

in emission levels may be an obstacle for assessing cost effective reduction strategies as well 

as for designing emission trading programs (Winiwater and Rydpal , 2001). 

1.1 Objectives 

The primary objectives of this dissertation are as follows: 

1.  To develop novel methods for quantification of variability and uncertainty 

focusing on NOx emissions from coal-fired power plants. 

2. To develop new methods for the creation of a probabilistic emission inventory 

(PEI) that account for the intra-unit dependence between different variables 

used in preparing the inventory. 

3. To develop new methods that accounts for inter-unit dependence among 

different units in the process of developing the PEI. 
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4. To investigate the propagation of uncertainties of emission inputs through air 

quality models (AQM) and the possible effect on AQM predictions. 

1.2 Overview of Research  

The research of this dissertation focused on three main parts: development of new 

methodologies to quantify variability and uncertainty in hourly data, application of these new 

methodologies to a case study focusing on NOx emissions to develop a probabilistic 

inventory, and investigation of the propagation of uncertainty of the inventory through air 

quality models. 

This work was part of a research project titled, �Development and Demonstration of a 

Methodology for Characterizing and Managing Uncertainties in Emission Inventories.� The 

project began in October 1998. The project was supported by a grant from the National 

Center for Environmental Research, Office of Research and Development of the U.S. EPA 

under Science to Achieve Results (STAR) program and was conducted by North Carolina 

State University (NCSU). 

The dissertation features novel methodological contributions for the quantification of 

variability and uncertainty in emission inventories for hourly data. Part I presents the 

motivations and objectives of the research. Part II presents background information and 

literature review on quantification of variability and uncertainty in emission inventories in 

addition to background on times series modeling for air pollution applications. Four 

manuscripts which the author plans to submit for publication in peer-reviewed journals are 

presented in part III and parts V through VII of this dissertation. 

In part III, an overview of the data base used in the study and the investigation of the 

general trends and data structure of hourly NOx data is presented. Part IV presents a 
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methodology that accounts for the dependence between variables used to develop the 

probabilistic inventory using regression techniques.  

The manuscript presented in Part V is a methodology which employs univariate time 

series techniques in developing the probabilistic inventory. This methodology accounts for 

the autocorrelation inherent in data recorded in time and in the same time can account for 

intra-unit dependence between variables.  

In part VI, a manuscript which provides a more generalized approach to quantify 

variability and uncertainty in emission inventories employing multivariate time series 

techniques is presented. This approach accounts for the inter-unit dependence among 

correlated times series in the process of developing the probabilistic inventory. In the same 

manuscript, the inventories developed using both time series approaches are compared.  The 

manuscript presented in part VII investigates the propagation of uncertainty in emission 

inventories through a photochemical grid air quality model, where the inventories developed 

using both time series approaches are used and the results of each are compared. Finally, the 

conclusions and recommendations of this study are presented in part VIII.  

Each section of this manuscript has its own references. 
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This section summarizes the literature review conducted on the relevant research 

related to NOx emissions. First, background information on NOx emissions from coal fired 

power plants is presented. Then an overview on uncertainty in emission inventories is 

presented. Approaches used to model air pollution problems using time series techniques are 

described. Finally, legislations pertaining to NOx emissions are briefly discussed. 

2.0 Introduction 

   NOx emissions are emitted in the U.S. at a rate of about 25 million metric tons per 

year. Approximately 22.5% of this amount is emitted from electric utility boilers which 

contribute 5 million metric tons per year (EPA, 2001). Approximately 95% of NOx emitted 

from electric utility boilers is in the form of nitric oxide (NO). NO is formed as a result of 

two mechanisms, either fuel NOx or thermal NOx. Fuel NOx results from the combustion of 

organic nitrogen in the fuel while thermal NOx is formed from the reaction between nitrogen 

and oxygen in the air used for combustion. Thermal NOx, which is the mechanism 

contributing most to NOx emissions from coal-fired boilers, increases exponentially with 

temperature and varies with the square root of oxygen concentration (EPA, 1994). A third but 

less important source of NOx formation is �prompt NO�. Prompt NO is formed as a result of 

the rapid reaction of atmospheric nitrogen with hydrocarbons which form NOx precursors 

that are rapidly oxidized to form NO.  

NOx emissions can be controlled by combustion modifications, flue gas treatment or a 

combination of both. Since thermal NOx is exponentially dependent on temperature, it can be 

controlled by reducing peak combustion temperature. This can be achieved through 

quenching with water or steam injection, recirculating a portion of the flue gas to the burner 
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zone or reducing air preheat temperature if preheated combustion air is used (EPA, 1994). 

Thermal NOx can also be reduced by reducing the amount of excess oxygen. Flue gas 

treatment is accomplished through the use of selective catalytic and non-catalytic reduction. 

In both control techniques, ammonia is injected in a temperature window where NOx 

reduction occurs by selective reaction of NH2 radicals with NO to form water and nitrogen 

(EPA, 1994).  

There are several types of firing technologies used for electricity generation boilers 

which are distinguished by firing mode. The major firing modes are cyclonic, wall fired and 

tangentially fired units (Cooper and Alley, 2002). NOx emission rates vary depending on the 

type of fuel used and the type of firing technology. NOx emission rates which were obtained 

from estimates and measurements for 18 dry-bottom wall fired boilers ranged from 0.42 to 

1.77 lb/106 BTU (Castaldini, 1992 cited by Frey and Tran, 1999). The same study showed 

that stack testing of emissions from 19 tangentially fired boilers ranged from 0.48 to 1.64 

lb/106 BTU. Also, EPA (1994) reported a range of variation for uncontrolled NOx emissions 

from wall and tangentially fired pulverized coal boilers of 0.46 to 0.89 lb/106 BTU and 0.53 

to 0.68 lb/106 BTU, respectively. These estimates were based on test results conducted for 

200 industrial/commercial/institutional boilers. NRDC (2002) examined and compared air 

pollutant emissions of the largest 2000 electricity generating power plants in the U.S. These 

2000 power plants account for 90% of reported industry generation emissions. The 

comparison of variability of NOx emission rate for coal-fired power plants for the 100 largest 

electric generation owners in the U.S. showed a wide range of variability to the extent that 

some companies had as twice as much emission rates as others. 
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2.1 Overview of Uncertainty in Emission Inventories 

In this section, different views of the types of uncertainties and sources of these 

uncertainties in emission inventories are discussed. Previous research in quantifying 

variability and uncertainty in emission inventories is presented. Also, previous research 

pertaining to the propagation of uncertainties in inputs through air quality models is 

introduced. 

2.1.1 Types of Uncertainties 

There are several types of uncertainties in emissions inventories. Placet et al. (1999) 

classified three general classes of uncertainties: variability (spatial and temporal), parameter 

uncertainty from measurement, sampling and systematic errors and model uncertainty. They 

added another important source of uncertainty which is human error. According to Rowe 

(1993) uncertainty can be classified into four classes as follows: 

•  Temporal which refers to uncertainty in future states. This is the most familiar 

class of uncertainty as decision making under uncertainty usually deals with 

future states. Usually this type of uncertainty is described using a probability 

model which assumes that the future will behave as the past. He also added 

another type to the temporal uncertainty which is Temporal-Past uncertainty. 

Usually there is not uncertainty in the past if all events are recorded. Temporal-

Past uncertainty refers to situations of failure to record past events. 

•  Metrical uncertainty which refers to uncertainty in measurements. 

•  Structural uncertainty which refers to uncertainty due to complexity. When a 

system becomes too complex to deal with, simplification is needed and therefore 

a model or an abstraction of the system is used which introduces uncertainty.  
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•  Translational uncertainty which refers to uncertainty in communication. The 

results of uncertainty when presented to decision maker, stakeholder or the public 

might be interpreted differently. Each has a different capability and training and 

different perspective of understanding uncertainty. If there is no means to 

translate uncertainty across people from different backgrounds, misunderstanding 

and miscommunication of uncertainty will occur.  

Rowe (1993) mentioned that all four classes are subject to variability which is a 

contributor to uncertainty. EIIP (1996) summarized the sources of uncertainties in emissions 

estimates that are obtained employing emission factors as follows: 

•  Variability arising from the fluctuations in the processes that produce emissions 

e.g. variation in fuel composition. 

•  Variation in ambient conditions e.g. temperature which affects the electricity 

production required to be produced from a power plant. 

•  Measurement errors in instruments. 

•  Models and assumptions to model complex systems  

Chao et al. (1994) classified types of uncertainties that can be encountered when 

modeling ambient ozone as follows: 

•  Natural variability inherent in natural processes e.g. wind fields and 

meteorological conditions. 

•  Data uncertainty due to inaccurate measurements or insufficient data. 

•  Model uncertainty introduced when modeling the natural processes. 

They stated that natural variability is unavoidable while data and model uncertainties 

can be reduced through scientific modeling. 
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 Hoffman and Hammonds (1993) distinguished between two types of uncertainties in 

risk assessment: uncertainty due to variability which is termed type B uncertainty and 

uncertainty due to lack of knowledge termed type A uncertainty. When the assessment end 

point is a fixed quantity e.g. the risk to a specific individual, the probability distribution 

obtained from uncertainty analysis using Monte Carlo simulation represent a range of 

degrees of belief that the true quantity is enclosed in this distribution. This is termed type B 

uncertainty. Confidence intervals can be constructed from the distribution for which there is a 

given percent of chance of bounding the true value. The U.S. EPA requires that risk 

assessment targets the upper 95th percentile of the potentially exposed population. Therefore, 

the simulation of the distribution of actual exposure is required in this case. When the end 

point of assessment is a distribution of actual exposure, this is termed type A uncertainty. In 

order to distinguish between the two types of uncertainties, two dimensional Monte Carlo 

simulation has to be performed. This allows for estimating a confidence interval for any 

percentile of the obtained distribution. 

The above discussion shows that most authors, except for Hofmann and Hammonds 

(1993), did not clearly distinguish between variability and uncertainty. Variability is the 

heterogeneity of data while uncertainty is the lack of knowledge of the true quantity. It is 

important distinguish between the two in any quantitative analysis. 

2.1.2 Quantifying Variability and Uncertainty in Emission Inventories 

As recognized by the National Research Council in 1991, the quality of EIs is 

hampered by significant, yet poorly characterized uncertainties (NRC, 1991). Emission 

inventories are typically estimated based on emission and activity factors. Emission factors 

are used for a significant number of point sources and almost area sources. Many emission 
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factors are based on source testing experiments that were conducted many years ago and 

have poor quality ratings (Placet et al., 1999). Emission inventories are usually comprised of 

different source categories: natural, mobile and stationary sources. According to Placet et al. 

(1999), many of the methods used to estimate emissions from stationary sources introduce a 

worrisome degree of error in the inventory. Emissions from these sources contribute to a 

large fraction of the inventory and even a small percentage of error can introduce a large 

effect on the total inventory. Previous efforts have been conducted to quantify variability and 

uncertainty in emission inventories which ranged from simple to the more complex and 

computationally heavy statistical techniques.  

Examples of simple approaches used includes Chang et al. (1996) who used fuel 

consumption data, actual operating schedules and AP-42 emission factors to estimate the 

variability in NOx emissions from point sources in the Atlanta metropolitan region. They 

estimated a daily variation in emissions of 24% with respect to the emissions of a typical 

summer day. Van Amstel et al. (2000) developed uncertainty estimates for greenhouse 

emission inventories in the Netherlands based on another simplified approach. In this 

approach, uncertainty of each combined parameter was estimated to be equal to the square 

root of the sum of squares of the standard deviations of each input parameter. Lee et al. 

(1997) used a qualitative approach in estimating uncertainty in global NOx emissions from 

fossil fuel combustion. They only used judgment, based on uncertainty estimates reported in 

some countries, in developing a ± 50 uncertainty estimate in the inventory. NRDC et al. 

(2002) compared the variability of emission factor for the 100 largest electric generation 

owners in the U.S. These companies own about 2000 power plants which use various fuel 

types including coal, oil, nuclear and natural gas. They calculated an aggregate average 
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emission rate for coal fired power plants per company by dividing each company�s annual 

emission totals by each company�s total MWhs of generation. The highest emission rate was 

8.3 lb/MWh while the lowest was 2.5 lb/MWh. This revealed that fact that power plants 

invest differently in emissions control technology which causes inter-plant variability in 

emissions. El-Fadel et al. (2001) used another simplified approach to assess uncertainty in 

green house emissions inventory for Lebanon. They estimated the emissions using alternative 

experimental and theoretical factors, e.g. AP-42 factors, other than those recommended by 

the United Nations Intergovernmental Panel on Climate Change (IPCC). As a measure of 

uncertainty in the inventory, they calculated the relative deviation of CO2 emissions 

estimated based on the alternative emission factors from those obtained based on the IPCC 

factors. They concluded a relative deviation of up to 15% which was attributed to the 

different carbon content of fuels in different countries and possible deviation of source 

behavior and control efficiencies. Expert judgment, another simplified method, has also been 

used to estimate uncertainty in emission inventories e.g. Gschwandtner (1993) who estimated 

uncertainties in VOC and NOx inventories in the U.S. for the years between 1900-1990 based 

on this method.           

Computationally heavy statistical techniques such as bootstrap simulation and Monte 

Carlo Simulation were used by some researchers to quantify variability and uncertainty in 

emission factors and inventories. For example, Winiwarter and Rypdal (2001) used Monte 

Carlo simulation to assess uncertainty associated with greenhouse inventory for the year 

1990 in Austria. Frey and Tran (1999) propagated uncertainties in NOx measurement 

methods through a probabilistic model to estimate uncertainties in NOx concentrations and 

emission rates. Monte Carlo simulation was used where a ±3% measurement error was 
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concluded. Frey and Bammi (2002) quantified variability and uncertainty in lawn and garden 

engines, and for construction, farm and industrial equipment emission factors. Empirical and 

parametric distributions were used to quantify variability while bootstrap simulation was 

employed to characterize confidence intervals for the fitted distributions i.e. uncertainty. Frey 

and Li (2001) employed similar approaches to quantify variability and uncertainty in NOx 

and total organic carbon emissions for stationary natural gas-fueled internal combustion 

engines. Li and Frey (2002) developed a probabilistic national per capita emission factor for 

volatile organic emissions from consumer/commercial use. Another example of bootstrap 

simulation in air quality field is the study conducted by Gatz (1995). He used bootstrap 

simulation to calculate the 95% confidence interval for a weighted mean of the 

concentrations of nine major ions in precipitation. These concentrations were sampled at ten 

several sites in the National Atmospheric Deposition Program.  

Bootstrap technique is also a very powerful tool to treat non-traditional data sets. For 

example, Frey and Zhao (2002) were able to quantify variability and uncertainty in air toxics 

censored data sets. Also, Zheng and Frey (2001) employed bootstrap technique to quantify 

variability and uncertainty in mixture distributions. Other examples of probabilistic analysis 

of emissions include Rhodes and Frey (1997), Frey (1997), Frey (1998), and Frey et al. 

(1998).  

Among other statistical methods to quantify uncertainty is Analysis of Variance 

(ANOVA). Bortnick and Stetzer (2002) applied ANOVA to a similar environmental 

application to emissions inventories where they quantified uncertainty in ambient monitored 

air toxics data. They partitioned the variance of the monitored data into 4 different 

components namely: temporal, spatial, sample collection and laboratory analysis where it 
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was concluded that the temporal variability contributed most to the overall uncertainty. 

Khalil (1992) employed another statistical approach to estimate uncertainties in total global 

budgets for trace gases. He assumed a uniform distribution to represent emissions of 

methane, carbon monoxide and carbonyl sulfide from individual source categories and found 

an analytical solution for the probability density function of the summation of emissions 

from these categories. Confidence limits for the total emissions were estimated from the 

probability density function.   

Recently, some efforts have been done to develop computer software that enables 

quantification of variability and uncertainty in model inputs for any probabilistic analysis.  

Frey and Zheng (2002) developed a prototype software tool that enables users to fit 

parametric distributions to data sets. The software allows for quantifying variability and 

uncertainty in various inputs as well as outputs of an emission inventory. They demonstrated 

a case study to develop a 6 month probabilistic inventory for NOx emissions for 45 coal fired 

electricity generating units. Zheng and Frey (2002) introduced another software tool 

developed for use with the SHEDS model for quantitative risk assessment. The software tool 

features the use of bootstrap simulation and Monte Carlo simulation for simultaneously 

quantifying variability and uncertainty.  

2.1.3 Continuous Emissions Monitoring (CEMs) Data 

Emission inventories are usually estimated on aggregate basis e.g. annual, quarterly 

or monthly basis. The challenge is to convert this aggregate inventory into the hourly 

temporal resolution required for air quality modeling. The typical practice employed is to 

apply a temporal allocation profile to account for the temporal variation in emissions for 

certain source categories. These generic temporal profiles which are assigned to broad 
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categories of sources do not represent the real temporal data for a specific time period (Placet 

et al., 1999). Some source categories continuously monitor their emissions. These 

continuously monitored data provide a rich source for information regarding variability in 

emissions from certain sources which if quantified can in turn provide a means to quantify 

uncertainties in hourly emissions for future episodes.   

Emission factor are published in a report called Compilation of Air Pollutant 

Emission Factors, commonly called AP-42, by the U.S. EPA.  A comparison for the NOx 

emission factors computed using CEMs data versus those presented in AP-42 factors was 

done by Placet et al. (1999). They showed that the NOx emission factor derived from CEMs 

data was fairly close to the factor of the AP-42 used for older boiler types that were installed 

before the New Source Performance Standards (NSPS) were in effect in the late 1970s. There 

was a huge difference between CEMs based factors and AP-42 factors for boilers subject to 

the NSPS or those pre-NSPS but using low NOx burners and for units using sub-bituminous 

coal. This comparison showed that the emission factor was derived based on source test 

performed on boilers operated pre-NSPS without low NOx burners and using bituminous 

coal. Placet et al. (1999) mentioned that the U.S. EPA is currently revising the emission 

factors in AP-42 based on CEMs data. They recommend that the U.S. EPA should give high 

priority to investigate uncertainty associated with emission factors derived based on CEMs 

data.      

2.1.4 Propagation of Uncertainties in Inputs through Air Quality Models 

Air quality management requires the use of air quality models. Among 

meteorological data and chemical transformation mechanisms, emission inventories are used 

as inputs to air quality models. Decision makers base their policy to control air pollution on 
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the results of these air quality models. If emissions are not properly estimated, emissions 

sources may pay a larger share to decrease their pollutants than the correct one had the 

inventory been correct. Therefore, it is very important to quantify any uncertainty in model 

predictions prior to presenting to a decision maker to allow for better informed control 

strategies. Rowe (1999) stated that for better decision making, understanding uncertainties is 

a prerequisite. He recommended the use of range/confidence estimates to describe our 

knowledge about uncertain situations instead of using point estimates. Placet et al. (1999) 

pointed that errors in emission inventories can have a huge influence on ozone predictions 

and that estimates of uncertainties in emission inventories can help modelers explain the 

difference between predictions and observations. They added that the uncertainties in 

emissions are not well quantified and the effect of this uncertainty on air quality modeling is 

not fully understood. Therefore, they recommended that statistical analyses should be 

conducted to quantify variability and uncertainty.  

Some studies have focused on propagating the uncertainties in emission inventories 

through air quality models. For example, Hanna et al. (1998) used Monte Carlo simulation to 

quantify uncertainty in ozone predictions for New York city 230 km by 290 km domain for 

the 6-8 July 1998 episode. They used expert elicitation to estimate typical uncertainties in 

109 input parameters for the Urban Air Shed Model (UAM-IV). As recognized by the 

authors, there are also �uncertainties� in the uncertainty estimated by the experts since they 

lack observations over wide range of conditions. These input parameters included emissions, 

meteorological conditions, boundary conditions and chemical rate constants. For many of the 

input parameters, they assumed a lognormal distribution to represent the uncertainty. They 

quantified the uncertainty of the highest ozone concentration value anywhere in the domain 
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using 50 simulations where simple random sampling was applied. They also found that the 

variability in anthropogenic volatile organic compounds (VOCs) emissions had most impact 

on the uncertainty in predicted ozone concentrations. Placet et al. (1999) argued that the 

uncertainty estimate value of 80% for VOC emitted from area sources, which was based on 

expert judgment, is rather high and undoubtedly contributed to the conclusion of Hanna el al. 

(1999) that VOCs from area sources is most contributing to uncertainty in ozone predictions. 

They stated that better methods should be employed to quantify uncertainty in sources of 

emissions that appear to contribute most to uncertainty in ozone predictions.  

Hanna et al. (2001) employed the same approach used by Hanna et al. (1999) but 

applied to the ozone transport assessment group (OTAG) domain. They addressed 

uncertainties in 128 input variables including emissions, initial and boundary conditions, 

meteorological variables and chemistry. Elicitations from 100 experts were used to estimate 

uncertainties in inputs. Although they recognized the importance of including correlation 

among inputs, they did not account for it since there was not enough information available. 

The study concluded that the uncertainty in ozone concentration was most affected by the 

uncertainty in NO2 photolysis rate which was confirmed by comparing the correlation 

coefficient between uncertainties in different inputs and uncertainty in ozone concentration.  

They investigated the effect of control strategy on ozone predictions for a 2007 episode and 

concluded that the emissions change suggested for the year 2007 would be effective in 

reducing ozone. They also concluded that the uncertainty in the difference in ozone 

concentrations between base and control scenarios is approximately one fifth of the 

uncertainty in the maximum ozone predictions themselves. 
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  A sampled Monte Carlo approach was applied by Moore and Londergan (2001)  to 

quantify uncertainties in ozone predictions where Latin hypercube sampling was employed. 

They used a highly restricted sampling approach to the Monte Carlo method (MCM) in order 

to reduce the computational intensive aspects of applying a full MCM. They focused on 

quantifying the uncertainty in concentration difference between a base and a control scenario. 

The main objective of their study was to assess the smallest concentration difference that is 

significantly different from zero and to investigate the influence of uncertainties present in 

individual inputs on uncertainty in concentration difference between base and control 

scenarios. They propagated uncertainties in 168 different model inputs for emissions, 

chemistry, meteorology and boundary conditions. Lognormal and normal distributions were 

used based on expert judgment to describe the uncertainty in different input parameters 

investigated. In their study, they accounted for the correlation during the sampling process 

between: (1) temperature and VOC emissions, (2) temperature and chemical rate coefficients. 

Autocorrelation was accounted for in some meteorological input parameters using time series 

autoregressive models. They concluded that including time-dependent uncertainty had 

significant effects on the results and recommended the use of more realistic uncertainty 

models to characterize input uncertainty. 

Bergin et al. (1999) used Monte Carlo simulation with Latin hypercube sampling to 

propagate uncertainties in 51 model parameters through the California/Carnegie Institute of 

Technology air quality model. These parameters included emissions, chemistry and 

meteorological inputs. The uncertainties in on-road carbon monoxide emissions were 

quantified based on remote sensing measurements. Uncertainties for other emissions were 

estimated based on expert judgment. The study concluded that uncertainties in motor vehicle 
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emission contributed most to uncertainties in ozone concentrations. Sistla et al. (1996) 

investigated the effect of uncertainty in the specification of meteorological inputs on ozone 

concentration patterns. They investigated the effect of using different wind fields and mixing 

heights representations on ozone predictions. Bergin et al. (1999) quantified the uncertainties 

in reactivity of volatile organic compounds, which is the term given for ozone forming 

potential, as a result of uncertainty in reaction rate constants. 

2.2 Approaches in Modeling Air Pollution Using Time Series Techniques 

In this section, an overview of some previous research which applied time series 

techniques to various air pollution and other environmental applications is presented.  

2.2.1 Applications of Univariate time Series in Air Pollution Problems 

Univariate time series has been used to model various environmental problems 

including air pollution. Walters et al. (1999) used univariate time series to investigate the 

autocorrelation structure of NOx emissions from cement kilns. They concluded that the NOx 

emissions are highly autocorrelated up to lag 19 in some cases. The high levels of 

autocorrelation resulted in an underestimation of the standard error of mean emissions by a 

factor of seven to eight in some cases. They also concluded that there was high variability in 

NOx emissions which are attributed to changes in fuel, feed, air flow and temperatures in the 

burning zone of the kiln. The Code of Federal Regulations (2000) allows for alternative 

monitoring systems to be used instead of continuous emissions monitoring if this alternative 

system meets certain statistical tests for precision. These statistical tests require the use of 

standard deviation of the emissions mean. Since autocorrelation, if present, changes the 

standard deviation of the mean, it is a prerequisite to check for autocorrelation and adjust the 

variance of the mean accordingly.  
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Heis et al. (2000) analyzed elemental carbon, meteorological and traffic count time 

series at various urban locations using spectral analysis. They were able to detect the 

common frequencies in the elemental carbon time series and other time series. This allowed 

finding the influence of traffic and long range transport on elemental carbon concentration. 

Sebald et al. (2000) also used spectral analysis to investigate the formation and 

decomposition processes of tropospheric ozone and to detect the causes of high ozone 

concentrations in summer. They concluded that the meteorological large and synoptic scale 

fluctuations affect ozone concentration at all monitoring locations in their studies. They also 

found a weekly periodicity for ozone concentration at one site which was caused by traffic 

emissions.  

Sharma and Khare (2000) used univariate linear stochastic models to predict ambient 

maximum daily carbon monoxide concentration from vehicle emissions at a major traffic 

intersection in Delhi city, India. The developed models can be used for short-term, real time 

forecasts of maximum ambient carbon monoxide concentrations for the study region. They 

used monitored data for carbon monoxide ambient concentration for the period starting 

January 1994 to March 1997 to fit the model. This was done to satisfy the recommendation 

of Box et al. (1994) where they recommend keeping full history of the series so that the 

autocorrelation structure may be more effectively examined and hence a greater 

representation of the process can be achieved. Gleit (1987) used autoregressive moving 

average models to obtain expressions for the probability of compliance of SO2 emissions for 

different averaging times. 

Time series modeling and simulation are also used for a wide variety of 

environmental applications. For example, Bras and Rodrigues-Iturbe (1984) emphasized the 
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use of time series models in quantifying uncertainty for hydrological inputs. They suggested 

the use of time series models to generate realizations of the underlying process that are not 

statistically distinguishable from the observed series. This can be accomplished using 

simulation techniques such as Monte Carlo simulation. 

2.2.2 Multivariate Time Series Modeling  

Multivariate time series models can account for the correlation among different time 

series. If the cause of this correlation is due to the spatial location of the stations recording 

the readings in time, the process may be regarded as a space-time process. Kyriakidis and 

Journel (1999) cited different references which concluded that geostatistaical space-time 

models can be expressed in terms of vector autoregressive time series models. The same 

paper presented an excellent review on space-time models used in geostatistical applications. 

These types of models are applicable for environmental applications and other fields as well. 

Geostatistical spaciotemporal models provide a probabilistic framework that accounts for the 

spatial and temporal dependence between observations. Often, in geostatiscal analyses, the 

focus is to develop maps for a specific phenomenon over specific time instances where the 

spatial aspect is more important. In other applications, the analyses may focus on the time 

variability of the attribute of interest where multivariate time series are usually used which 

are generally referred to as spatial time series (Cliff et al., 1975). Spatial time series models 

allows for prediction of the attribute of interest only at the specific location where the 

measurements were recorded. Further modeling is required in order to produce maps for the 

entire domain of interest (Kyriakidis and Journel, 1999).   

Two different views for modeling spatiotemporal data were presented by Kyriakidis 

and Journel (1999). In the first, the spatiotemporal process is modeled using a single random 
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function model which is typically decomposed into a trend component modeling some 

average variability of the process and a stationary residual component modeling higher 

frequency variability (local variability) around that trend. Kyriakidis and Journel (2000a&b) 

applied this view to an environmental application where they modeled sulfate deposition over 

Europe. They used parametric temporal trend and residual models to account for the long 

term and short term variability, respectively, at each monitoring location. Then, they 

regionalized the model parameters in space to be able to predict sulfate concentration at any 

unmonitored location. In the second view, the spatiotemporal process is modeled as either 

vectors of temporally correlated random functions in space or spatially correlated vectors of 

time series. The choice of the type of model in the second approach depends on which 

domain (space or time) is more densely informed. Without further modeling, no interpolation 

is possible in either class of models of the second view.  

In order to model correlated point source emissions from different sources where the 

data is recorded in time, i.e. the time domain is the more densely informed one, a vector of 

time series would be the most appropriate approach. Space-time models can be expressed in 

terms of a vector autoregressive process (Kyriakidis and Journel, 1999). Rhouhani and 

Wackernagel (1990) applied the second view where they used vectors of correlated time 

series to model monthly piezometric data in a basin south of France. Their major concern 

with this approach was that predictions are limited to monitoring station locations and no 

prediction at intermediate locations is possible.  

Another example of using multivariate time series in environmental applications is 

the study conducted by Dongen and Geunes (1998) where multivariate autoregressive time 
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series models were used to model the biomass, effluent Chemical Oxygen Demand (COD) 

and suspended solids of a biological wastewater treatment plant.      

2.3 NOx Emissions Legislation 

NOx emission standards can be categorized as Federal, state and local standards. NOx 

emissions reductions are determined by the most stringent among the three aforementioned 

standards. Federal standards include New Source Performance Standards which applies to 

electric utility steam generating boilers built after September 18, 1978 with a capacity greater 

than 73 MW. These standards limits the NOx emission rate to 0.5 lb NOx/106 BTU for units 

burning subbituminous coal and 0.6 lb NOx/106 BTU for units burning bituminous and 

anthracite coals (CFR, 2000). Title IV of the Clean Air Act Amendment (CAAA) addresses 

the control of NOx for the reduction of acid rain deposition. These requirements apply to 

existing boilers and are to be achieved in two phases. Phase I, aimed at reducing NOx 

emissions by 400,000 tons per year between 1996 and 1999. Phase II, begins in 2000 and 

targets the reduction of 1.5 million tons per year. Phase I applies to dry bottom, tangentially 

and wall fired boilers known as group 1 while phase II applies to both groups 1 and 2. Group 

2 refers to boilers not included in group 1. NOx emission limits for group 1 in phase I are 0.5 

lb/106 BTU for wall-fired boilers and 0.45 lb/106 BTU for tangentially-fired boilers. Phase II 

emission limits for group 1 boilers are 0.46 lb/106 BTU for wall-fired boilers and 0.40 lb/106 

BTU for tangentially-fired boilers (CFR, 2000). These limits are based upon annual averages. 

  NOx emissions from electric utility boilers are regulated through 2 rules by the state 

of North Carolina. Rule (.1407) specifies the maximum allowable emission rates from 

different boiler types which are presented in Table 1 while Rule (.1416) specifies the 

emission allocation for utility companies per ozone season. Ozone season is defined in rule 
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(.1401) as the period beginning May 31 and ending September 30 for 2004 and beginning 

May 1 and ending September 30 for all other years thereafter. Emissions from Duke Power 

Company, which owns 8 power plants in the modeling domain of the case study of this 

dissertation, shall not exceed: 

(a) 17,186 tons per ozone season for 2004; 

(b) 22,270 tons per ozone season for 2005; 

(c) 16,780 tons per ozone season for 2006 and each year thereafter until revised 

according to Rule (.1420). Also each individual unit shall not exceed a certain 

NOx emission allocation which is specified in rule (.1416). 

Table 1. Maximum Allowable NOx emission Rates for Coal-Fired Boilers (lb/106 BTU) 
 Firing Method 

Fuel/Boiler Type Tangential Wall Stoke or Other 
Coal (Wet Bottom) 1.0 1.0 N/A 
Coal (Dry Bottom) 0.45 0.50 0.4 

 

 NRDC (2002) reported that between January 2000 and February 2002, 18 bills were 

introduced in the congress proposing consistent, nationwide power plant emission reduction 

programs. These proposals would require significant emission reductions than what is 

currently required and are proposed to be implemented in the 2005-2008 time frame. 
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Abstract. The objectives of this paper are to: (1) quantify variability in hourly utility NOx 

emission factors, activity factors, and total emissions; (2) investigate the autocorrelation 

structure and evaluate cyclic effects at short and long scales of the time series of total hourly 

emissions; (3) compare emissions for the ozone season versus the entire year to identify 

seasonal differences, if any; and (4) evaluate inter-annual variability. Continuous Emissions 

Monitoring (CEM) data were analyzed for 1995 and 1998 for 32 units from 9 baseload power 

plants in the Charlotte, NC airshed. Typical 95 percent ranges of hourly variability over all 

hours of the year exceeded ±40%.  The total emissions has a strong 24 hour cycle attributable 

primarily to the capacity factor.  Typical ranges of the coefficient of variation for emissions 

at a given hour of the day were from 0.2 to 0.3 during the daytime and as much as 0.45 

during the night.  Little difference was found when comparing weekend emissions with the 

entire week or when comparing the ozone season with the entire year.  There were substantial 

differences in the mean and standard deviation of emissions when comparing 1995 and 1998 

data, indicative of the effect of retrofits of control technology during the intervening time.  

The wide range of variability and its autocorrelation should be accounted for when 

developing probabilistic utility emission inventories for analysis of near-term future air 

quality episodes. 

Implications. Emission inventories are widely used for air quality management decisions.  

However, the uncertainty in these numbers is typically ignored or treated only qualitatively.  

This work represents an effort to develop and promote the use of quantitative techniques for 

characterizing both variability and uncertainty.  When making estimates of uncertainty for 

near-term future episodes, there is substantial uncertainty in utility NOx emission on the order 

of ±60% for a given hour of the day.  In addition, there is substantial autocorrelation.  This 
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information should be taken into account in order to develop an accurate estimate of 

uncertainty.  Decision-making that takes into account uncertainty is likely to be more robust 

to uncertainty and, therefore, more effective. 

Key Words:  Variability, Uncertainty, Emissions, Emission Inventories, Emission Factors, 

Activity Factors, Monte Carlo simulation, Time Series, Nitrogen Oxides  

1.0 Introduction 

Uncertainty in emission inventories pose a major concern in air quality modeling 

(Placet et al., 1999). Typically, emission inventories are estimated based on emission and 

activity factors of each source category. These factors are subject to both variability and 

uncertainty. Variability is the heterogeneity of values with respect to time, space or 

population. For example, NOx emission factors from coal-fired power plants vary over time 

due to variation in coal composition fed to the boilers, different boiler designs and different 

operating conditions (Frey and Zheng, 2002a).  Uncertainty is the lack of knowledge 

regarding the true quantity of a value (Cullen and Frey, 1999).  There are many sources that 

contribute to uncertainties in inventories e.g. sampling error, non-representativeness of data 

used in developing emission and activity factors, and measurement errors (Frey and Bammi, 

2002; Frey and Zheng, 2002b).  

Some studies have been conducted to propagate uncertainty in emission inventories 

through air quality models, such as Hanna et al. (1998, 2001) and Moore and Londergan 

(2001). These studies used expert elicitation to specify probability distributions for variability 

in future emissions. Others have used empirical-based approaches. For example, Chang et al. 

(1996) estimated the variability in daily NOx emissions from point sources in the Atlanta 

metropolitan region. NRDC et al. (2002) evaluated the variability of NOx emission rates for 
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coal-fired power plants of the 100 largest electric generation owners in the U.S. Other 

techniques for quantifying variability and uncertainty include bootstrap simulation. For 

example, Frey and Zheng (2002a) quantified inter-unit variability in NOx emissions of 

selected types of coal fired electricity generating units.  Uncertainty in specific statistics, 

such as the mean emission rate, was quantified using bootstrap simulation.  An example case 

study was given for uncertainty in a 12 month emission inventory.  

 For air quality modeling purposes, particularly for prediction of ambient ozone 

levels, emission inventories must be developed on an hourly basis.  Coal-fired power plants 

contribute substantially to the NOx emission inventory in many air quality modeling 

domains.  Historical data regarding variability in emissions is a useful basis for estimating 

the possible range and relatively likelihood of emissions in the near-term future, such as 

would be needed when evaluating baseline emissions into the future and as a basis for 

developing future control strategies.  Therefore, this paper aims at quantifying variability in 

hourly emission and activity factors for coal-fired power plants based upon continuous 

emissions monitoring system (CEMS) data. A hypothesis is that autocorrelation exists in the 

time series of the emission and activity factors. Furthermore, cyclical patterns are 

hypothesized in the time series that, if present, may require special attention when 

developing hourly probabilistic emission inventories. The objectives of this paper are to: (1) 

quantify variability in hourly NOx emission and activity factors; (2) investigate the 

autocorrelation structure and evaluate cyclic effects at short and long scales of the time series 

of total hourly emissions, (3) Compare emissions for the ozone season versus the entire year 

to identify seasonal differences, if any; and (4) evaluate inter-annual variability. 



 

 40 

2.0 Data Base 

The analyses were conducted for 32 units of 9 coal-fired power plants located in the 

Charlotte, NC air quality modeling domain. Seven of these plants are located in North 

Carolina while the remaining are in South Carolina. The 32 units range from 41 to 1250 MW 

in capacity as summarized in Table 1. Hourly CEMS data were available from the US EPA 

for the years 1995 and 1998 for the capacity factor, emission factor, heat rate and total hourly 

emissions.  The 32 units are typically baseloaded. 

The data were screened to remove outliers or relatively rare occurrences before 

proceeding with analyses.  Infrequent values of capacity factor below 0.25 were inferred to 

be associated with startup or shutdown of the plant.  These low capacity factors were 

typically associated with unrealistically large values of heat rate, sometimes ranging from 

20,000 BTU/kWh to as much as 300,000 BTU/kWh.  A judgment was made to exclude these 

data from analysis.  Similarly, in other work, NRDC et al. (2002) adjusted values of heat rate 

above 20,000 BTU/kwh in data quality checks since these values are outside of expected 

ranges.  

As an example of the typical characteristics of data for a given unit, the time series of 

hourly capacity factor is shown in Figure 1 for Allen unit 1.  There is a daily cycle of 

capacity factor, with a minimum value of approximately 0.4 at night and a maximum value 

of approximately 0.9 during the day.  There are comparatively abrupt transitions during 

which the plant ramps up or down in load.  This behavior was typical of all units.  During 

continuous operation, all units operated at capacity factors in excess of 0.25.  Therefore, data 

records with capacity factors of less than 0.25, representing startup or shutdown, were 

excluded from analysis. 
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The database used for analysis is summarized in Table 1 for both 1995 and 1998 

CEMS data.  For each unit and year, the total number of hourly data values available for 

analysis are given.  The number of missing data values and the number of hours associated 

with operation with a capacity factor of 0.25 or less, are given.  Typically, less than five 

percent of the total possible number of hourly records are associated with low capacity 

factors.  The amount of missing data varies substantially among the units. 

3.0 Methodology 

In this section the methodology adopted to quantify the variability for heat rate, 

emission factor, capacity factor, and total emissions is presented. Also, the methodology to 

assess the autocorrelation structure and seasonality in the emission and capacity factors is 

discussed. 

2.5 Empirical Cumulative Distribution Functions 

Empirical cumulative probability distribution functions are often used to summarize 

data (Cullen and Frey, 1999). These functions provide a means to quantify the relationship 

between fractiles and quantiles. A fractile is the fraction of values that are less than or equal 

to a specific value of a random variable while a quantile is the value of the random variable 

associated with a fractile. The term percentile is most commonly used instead of fractile. In 

engineering applications, we are often interested in specifying a 95% range for a given 

distribution. This range is enclosed by the 2.5th and 97.5th percentiles of the distribution. For 

empirically observed data, there are many possible methods for estimating fractiles or 

percentiles from data. These methods are usually referred to as plotting positions. Of these, 

the Hazen (1914) method is commonly used.  The plotting position is estimated as follows:  
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Where: Pr(X < xi) = probability of random variable X will have values less than that 

of sample xi, i = rank of each sample, n = number of data points. The 95% probability range 

was obtained by calculating the 2.5th percentile and the 97.5th percentile of the distribution. 

The quantiles associated with the 2.5th and 97.5th percentiles were used to calculate the 

percent difference relative to the mean. These differences were used to summarize the range 

of variability of each factor. 

2.6 Autocorrelation Structure  

The autocorrelation structure of data recorded in time is identified through the 

calculation of the autocorrelation coefficient (ρk) (Brocklebank and Dickey, 1986). The 

autocorrelation coefficient has a range between �1 and 1 and is equal to 1 at lag 0. A lag 

refers to the value of the same variable at a specified number of previous time steps.  The 

autocorrelation coefficient is defined as follows: 

ρk =  γk / γo   

Where: ρk = autocorrelation at lag k, γk = autocovariance at lag k, γo = autocovariance 

at lag 0 (which is equal to the variance). The autocovariance γk is estimated as follows 

(Jenkins and Watts, 1968): 
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Where: γk = autocovariance between zt and zt+k, zt and zt+k  = observed values of z at 

times t and t+k respectively, k  = time lag (when k = 0, the autocovariance is the same as the 



 

 43 

variance), µ = mean of time series. The autocorrelation values were obtained using the 

ARIMA procedure in SAS software for all units in the study scope. 

2.7 Seasonality 

The goal of this analysis is to identify periodic or cyclic components, if any, which 

explains a large portion of the variance in the time series.  These components are also 

referred to as �seasonality� effects.  Periodogram analysis is used to identify cyclical effects 

in a time series (Warner, 1998). This type of analysis estimates the percentage of variance 

accounted for by each of the different cycles. A time series of length N can be exactly 

reproduced by summing N/2 sinusoidal waveforms with cycle lengths of N/1, N/2, N/3, 

�and so on, to cycle length of N/(N/2).  The model used to fit each cyclical component is a 

sinusoid model of the following form: 

Zt = µ + R cos(ωt + φ) + εt     (3) 

Where: Zt  = the observed value of Z at time t, µ = the mean of the time series, R = the 

amplitude of the waveform, φ = the phase angle, ω = the frequency in radians, which is 2π/τ 

where τ is the period or cycle length, and εt = the residual term. The total sum of squares for 

the overall time series of length N is partitioned into N/2 sums of squares components each 

corresponding to one of the cycles. For example if the time series is composed of 24 

observations, it can be reproduced by summing sinusoids of periods 24/1, 24/2, 24/3, �, 

24/12. The frequency is the inverse of the period; therefore, the corresponding frequencies 

are 1/24, 2/24, 3/24, �, 1/2. The overall variance can be divided into 24/2 different portions, 

each corresponding to one of the cycles mentioned above. Since the frequencies are equally 

spaced, they are orthogonal and hence independent of one another (Warner, 1998). For each 

of the cyclic components, the amplitude and phase are calculated to fit a sinusoid for that 
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frequency. The periodogram ordinate for each frequency is equal to 2R2/N. This ordinate 

represents the sum of squares (SS) accounted for by each cyclic component. The sum of 

these SS terms is equal to the overall SS of the time series. The SS are plotted on the y-axis 

versus the frequency on the x-axis. Large peaks that correspond to periodic components 

contributing to large portion of the variance can be identified. The periodogram values for all 

units in the study scope were estimated using the SPECTRA procedure in SAS software 

(Brocklebank and Dickey, 1986). 

4.0 Results and Discussion 

Unless otherwise mentioned, the analyses of the distributions of variables presented 

in this section focus on the data of the year 1995. Similar results were obtained for the 1998 

data base. The comparison of the ozone season with the whole year data and assessment of 

inter-annual changes in variability in emissions are presented for both years. 

Empirical Distributions of Hourly Variability.  The diurnal pattern of the capacity factor 

was illustrated in Figure 1, as previously discussed.  The empirical distribution of the hourly 

capacity factor for the same unit is given in Figure 2, with a comparison to data for Belews 

Creek unit 1.  The distribution for Allen unit 1 is multimodal.  Approximately 30 percent of 

the capacity factor values are close to 0.38, which is indicative of night time operation at 

nearly constant load.   The upper 30 percent of the distribution has capacity factors between 

approximately 0.90 and 0.95, indicative of nearly full load operation during the day.  Belews 

Creek unit 1 has a higher average capacity factor than that of Allen unit 1.  For example, for 

Allen unit 1 there is a 50 percent frequency of capacity factors greater than approximately 

0.50, whereas for Belews Creek unit 1 the corresponding frequency is nearly 80 percent.  
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These two examples are representative of the range of results observed among all of the 32 

units.   

An example time series of emission factors are shown in Figure 3 for Allen unit 1. 

Unlike the data shown for capacity factor in Figure 1, there is not a strong cyclic pattern.  

The empirical distribution of the hourly emission factor is shown in Figure 4 for both Allen 

unit 1 and Belews Creek unit 2.  The range of hourly variability in both cases was 

approximately 0.4 lb/106 BTU.  Both distributions are slightly positively skewed, with 

skewness coefficients of 0.40 and 0.34, respectively.  These almost symmetric distributions 

were typical of most of the units.  Although there is a hint of multimodality for Allen unit 1, 

the Belews Creek unit 2 distribution appears to be a single component.   

Examples of the empirical distributions of heat rate are shown in Figure 5 for Allen 

unit 1 and Lee unit 3.  The former is slightly positively skewed, while the latter is 

approximately symmetric.  The range of values for Allen Unit 1 is approximately 2,000 

BTU/kWh versus more than 4,000 BTU/kWh for Lee unit 3.  Four units showed high 

negative skewness with values between -1 and -3.7, 9 units had high positive skewness with 

values between 1 and 2.5 while all remaining units showed skewness values between -0.9 to 

+0.8.   

  Figure 6 illustrates a typical time series of total emissions for Allen unit 1.  There is 

a cyclical diurnal pattern in the total hourly emissions time series.  This pattern is similar to 

that for the capacity factor.  Because only the capacity factor, and not the emissions factor or 

heat rate, displayed this type of regular pattern, the diurnal pattern in total emissions can be 

attributed primarily to the capacity factor.   
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An example of the empirical distribution of hourly total emissions is given in Figure 7 

for Allen unit 1 and Marshall unit 4.  The latter is a much larger unit that has a higher 

average emission rate.  The range of variability in hour emissions is approximately 1,000 

lb/hour for Allen unit 1 versus more than 4,000 lb/hr for Marshall unit 4.  The shapes of the 

distributions are similar.  For example, both distributions are approximately symmetric, and 

both distributions appear to have an inflection point near the 55th percentile.  Because periods 

of lower emissions are likely to be associated with smaller values of the capacity factor, the 

multimodal nature of these distributions can be attributed to differences in capacity factor 

representative of night time versus daytime operation.   

The hourly variability ranges for 1995 capacity factor, emission factor, heat rate and 

total hourly emissions are summarized in Table 2. The mean capacity factors ranged from 0.6 

to 0.8 among the 32 units, which is consistent with baseload operation.  Because capacity 

factor has finite upper and lower bounds, the range of variability is not always symmetric 

with respect to the mean.  For example, for units with average capacity factors of close to 

0.8, the typical 95 percent range of variability was -60% to +25%.  For units with average 

capacity factors of 0.6, the typical range of variability was approximately ±50%.   

The mean emission factors ranged from 0.44 to 1.32 lb NOx/106 BTU among the 32 

units, with 27 of the units having mean values between 0.5 and 0.7 lb/106 BTU. The 95% 

probability range for the hourly emission factor was as low as ±15% of the average value in 

some cases to as much as -36% to +65%, with a typical range of approximately ±20% to 

±30% for most units.  

The mean hourly heat rate ranged from approximately 9,100 to 15,900 BTU/kWh 

among the units, with 20 of the units having average hourly heat rates between 10,000 and 
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13,000 BTU/kWh.  The 95 percent range of variability in hourly heat rates was as low as 

±5%, as high as 48% to +30%, and typically between ±5% to ±20%. 

The mean hourly total emissions varied from 233 to 12,000 lb/hour.  Of course, these 

values depend upon the unit capacity as well as the capacity factor, emission factor, and heat 

rate.  The relative range of variability in total emissions was as small as -42% to +31% and as 

large as -77% to +174% of the mean value.   

Temporal Patterns in Hourly Variability.  The temporal pattern of hourly variability in 

emissions was investigated with respect to the following:  (1) is the range of variability a 

function of the time of day?; (2) is variability different among days of the week?; and (3) are 

there seasonal patterns? 

The variability in emissions differs among different hours of the day.  To illustrate 

this, examples were selected for Belews Creek units 1 and 2 and Marshall units 1, 2, 3, and 4.  

These two plants have the largest emission rates among the nine plants in the selected 

modeling domain. Figure 8 shows the mean emission rate versus time of day and Figure 9 

shows the coefficient of variation versus time of day.  The coefficient of variation is the 

standard deviation divided by the mean.  For both Belews Creek units, the mean emissions 

are highest and approximately constant from 8 am to 8 pm.  There is a similar pattern for the 

Marshall units but the relative difference in emissions between daytime and nighttime is less 

pronounced.  All of the units have a similar pattern with regard to the coefficient of variation 

versus time.  The largest values of the coefficient of variation are associated with the lowest 

emissions.  However, even during the daytime period of highest emissions, the coefficients of 

variation range from approximately 0.2 to 0.3.  Thus, the range in emissions for a given hour 

of the day is substantial when comparing different days.   
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The means and standard deviations of total hourly emissions were compared for all 

days of the year versus weekdays only for all units for the year 1998. The means and 

standard deviations differed by only ±3.5% and ±2.5%, respectively, for most units. This 

indicates that data for weekends are not different from other days of the week. This is 

expected since these units are baseloaded and therefore are dispatched similarly all days of 

the week, unlike peaking units.   

In order to evaluate whether emissions are different for the ozone season, which is 

inclusive of summer months, versus the entire year, data recorded for the hourly total 

emissions during were compared for these two time periods for years 1995 and 1998.  The 

results are given in Table 3.  For 1995, the difference in the mean unit emission between the 

two time periods was less than ±5% difference for 26 units and was within ranges of ±5% to 

±10% for the other 6 units. For 1998, the mean emissions of 28 units were within ±5% for 

the two time periods and only 4 units had differences in the range of ±5% to ±10%.  Thus, 

the mean emissions for the ozone season are judged to be similar to that for the entire year.   

For 1995, the coefficients of variation of hour total emissions for the two time periods 

were within  ±5% for 25 of the units and within a range between ±5% to ±10% for 5 of the 

units. Two units had a difference of -17% and -25%.  For 1998 the coefficients of variation 

of the two time periods agreed to within ±6% for 26 units and within ±15% for 5 units.  One 

unit had values that differed by -19%.  Thus, for the majority of units, there was strong or 

good agreement in the variability of emissions when comparing the two time periods.  

Therefore, a judgment was made that there is not a substantial difference in emissions for the 

ozone season compared to an annual basis for these baseloaded units. 
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Inter-Annual Variability. In order to assess changes in the mean and variability of hourly 

emissions over time, a comparison was done for the means and standard deviations for 1998 

versus 1995. The ratio of the 1998 mean to that of the 1995 mean was calculated for each 

unit. The same was done for the standard deviations. These results are presented in table 2.   

The ratio of mean emissions for 1998 versus 1995 ranged from 0.53 to 1.12.  Nine 

units had ratios of less than 0.7, 10 had ratios between 0.7 and 0.8, 5 had ratios between 0.8 

and 0.9, and the remaining 8 had ratios between 0.9 and 1.12.  These latter units most likely 

had little or no retrofitting of emissions controls, while the former units likely had varying 

degrees of retrofitted controls such as overfire air and low NOx burners.   

The ratios of the 1998 to 1995 standard deviations ranged from 0.30 to 1.46.  For 16 

of the units, the ratios of the standard deviations were between 0.75 and 1.25.  Fourteen units 

had ratios less than this, and only two had ratios greater than this.  While there is a weak 

linear relationship between the ratios of the standard deviations with respect to the ratios of 

the means, the R2 of the linear relationship is only 0.09.  Therefore, it is not clearly the case 

that a reduction in mean emissions is associated with a reduction in the range of variability in 

emissions.  For example, for units with mean ratios of less than 0.8, the standard deviation 

ratios ranged from 0.30 to 1.41.  For units with mean ratios greater than 0.8, the standard 

deviation ratios ranged from 0.58 to 1.46.   

The average mean ratio was 0.8 and the average standard deviation ratio was 0.82. 

This implies  that the overall change in variability is comparable to the overall change in 

means, even though there is a considerable range of results among the units.   

Autocorrelation and Seasonality. A check was done for autocorrelation as shown in Figure 

10 for 24 time lags. The highest autocorrelation value was 0.91 for lag 1. Autocorrelations of 
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less than approximately ± 0.05 are deemed not to be statistically significant. The 95% 

confidence interval for zero autocorrelation is also shown in figure 10.  Thus, statistically 

significant autocorrelations were identified especially for lags 1 to 8 and 17 to 24.  The fact 

that emissions in the current hour depend on emissions not only in recent hours but also 

emissions from approximately one day earlier are suggestive of a daily cycle.  The daily 

cycle was confirmed by peridogram analysis as given in Figure 11.  The results imply that 

the 24 hour cycle contributes most to the variance of the time series. The autocorrelation and 

cyclical pattern shown here were typical for all units. 

5.0 Conclusions 

Hourly variability in heat rate, emission factor, capacity factor, and total emissions 

was quantified for each of 32 units of 9 coal-fired power plants in the Charlotte, NC airshed.  

The range of variability was substantial, most notably for total emissions, with typical 95 

percent ranges of hourly variability over all hours of the year in excess of ±40%.  The total 

emissions has a strong 24 hour cycle, as is expected for baseloaded units.  The daily cycle in 

total emissions is attributed primarily to the similar pattern observed for the capacity factor.  

The emission factor does not have a substantial cyclic effect in comparison to that of the 

capacity factor. 

The mean emissions and the coefficient of variation for different hours of the day 

were found to be a function of time of day.  Typical ranges of the coefficient of variation for 

hourly emissions were from 0.2 to 0.3 during the daytime and as much as 0.45 during the 

night.  A coefficient of variation of 0.3 implies that the 95 percent range of emissions value is 

approximately ±60 percent of the mean value.  This is a substantial range of uncertainty 
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when making estimates of future emissions under similar operating conditions as represented 

by the historical data. 

Although there is clearly a 24 hour cycle, little difference was found when comparing 

weekend emissions with the entire week or when comparing the ozone season with the entire 

year.  While such differences are hypothesized to be more substantial for peaking units, it is 

not surprising that no substantial differences were found for these baseload units.  There were 

substantial differences in the mean and standard deviation of emissions when comparing 

1995 and 1998 data, which is indicative of the effect of retrofits of control technology during 

the intervening time.  On average a reduction in mean emissions is weakly associated with a 

reduction in the standard deviation in emissions; however, there is substantial inter-unit 

variability regarding how the standard deviation changes from one year to another as a result 

of control measures.   

The implication of these results for air quality modeling is substantial.  Although it is 

increasing possible to simply look up CEMS data for use when estimating emissions for 

recent past air quality episodes, a key challenge remains regarding how to estimate emissions 

for future episodes, whether for next week or several years from now.  The historical record 

of CEMS data provides information regarding the possible range of values that might be 

encountered for a similar time of day, day of the week, and time of year in the future.  The 

statistical analysis here reveals that there is substantial variability regarding what emissions 

are for a given unit at a given hour of the day, and that for these units there is no substantial 

effect of day of week or time of year.  The latter also implies that ambient temperature, 

which does vary during the year, has a negligible effect regarding total emissions for the 

units included in the database.  Furthermore, there is a strong autocorrelation effect that 
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should be accounted for in estimating uncertainty in emissions for the multiple hourly time 

steps that are needed to model an air quality episode.   

Based upon the findings of this work, we recommend more detailed development of 

time series models for quantification of variability in hourly emissions, taking into account 

intra-unit dependence in terms of autocorrelations.  The possibility of inter-unit dependence 

and methods for addressing it should also be explored.  Furthermore, the implications of 

uncertainty in the utility NOx inventory for near term future episodes should be explored 

based upon uncertainty analysis with an air quality model.  These areas are the subject of 

ongoing research.  
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Figure 1. Example of the Hourly Capacity Factor Time Series Pattern for Allen Unit 1 - 1995 
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Figure 2.  Empirical Cumulative Distribution Functions of Hourly Capacity Factor for Allen 

Unit 1 and Belews Creek Unit 1 - 1995 
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Figure 3.  Example of the Hourly Emission Factor Time Series Pattern for Allen Unit 1 - 

1995 
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Figure 4.  Empirical Cumulative Distribution Functions of Hourly Emission Factor for Allen 

Unit 1 and Belews Creek Unit 2 � 1995 
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Figure 5.  Empirical Cumulative Distribution Functions of Hourly Heat Rate for Allen Unit 1 

and Lee Unit 3 - 1995 
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Figure 6. Example of the Hourly Total Emissions Time Series Pattern for Allen Unit 1 - 1995 



 

 57 

0

0.2

0.4

0.6

0.8

1

0 2000 4000 6000 8000
Total Hourly Emissions (lb NOx / hr)

C
um

ul
at

iv
e 

Pr
ob

ab
ili

ty
 

Marshall-4
Allen-1

 
Figure 7.  Empirical Cumulative Distribution Functions of Total Emissions for Marshall Unit 

4 and Allen Unit 1 - 1995 
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Figure 8. Diurnal Variation in Mean Emissions for Belews Creek and Marshall Plants - 1995  
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Figure 9. Coefficient of Variation for Hours of the Day for Belews Creek and Marshall Plants 

- 1995  
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Figure 10. Autocorrelation of Total Emissions for Unit 1 of Allen Power Plant � 1995 
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Figure 11. Periodogram of Total Emissions for Unit 1 of Allen Power Plant - 1995 
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Table 1. Summary of Database  
1998 Database 1995 Database 

 
 
 
 
 

Unit 
Capacity 
 (MW) 

N 
 Missing 

Data Points 

N   
Data Points  
CF < 0.25 

Total N 
Data Points 

Used in 
Analysis 

N  
 Missing 

Data Points 

N   
Data Points 
CF < 0.25 

Total N 
Data Points 

Used in 
Analysis 

Allen1 190 3412 307 5041 4868 122 3770 
Allen2 190 4150 325 4285 5210 144 3406 
Allen3 310 2929 249 5582 3565 171 5024 
Allen4 310 5044 189 3527 4319 160 4281 
Allen5 310 2566 248 5946 3649 128 4983 
Buck5 41 6711 193 1856 7928 132 700 
Buck6 41 6135 96 2529 7905 133 722 
Buck7 41 6138 82 2540 7744 112 904 
Buck8 153 6140 56 2564 6713 171 1876 
Buck9 153 6180 97 2483 6860 246 1654 
Cliff1 41 5640 141 2979 7745 422 593 
Cliff2 41 5584 162 3014 7686 489 585 
Cliff3 68 5454 121 3185 7333 672 765 
Cliff4 68 5434 134 3192 7223 750 787 
Cliff5 601 1191 649 6920 3271 786 4703 

Creek1 1250 670 99 7991 1790 250 6720 
Creek2 1250 423 75 8262 1903 89 6768 
Dan1 78 5470 140 3150 7647 138 975 
Dan2 78 5357 127 3276 7650 121 989 
Dan3 168 5111 129 3520 5950 98 2712 
Lee1 115 5161 204 3395 6900 136 1724 
Lee2 115 5355 158 3247 6990 161 1609 
Lee3 190 4869 189 3702 5993 239 2528 

Marshall1 410 2301 118 6341 1944 41 6775 
Marshall2 410 2303 52 6405 1738 62 6960 
Marshall3 715 1382 80 7298 1226 72 7462 
Marshall4 715 779 96 7885 716 82 7962 
Robinson 210 1071 65 7624 2354 271 6135 

River7 110 4625 152 3983 6973 70 1717 
River8 110 4648 137 3975 6871 94 1795 
River9 148 3826 219 4715 5718 203 2839 

River10 148 3855 196 4709 5283 214 3263 
* N = Number 
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Table 2. Hourly Capacity Factor, Emission Factor, Heat Rate and Total Emissions Variability 
for the Year 1995 

 Capacity Factor 

Emission Factor Heat Rate Total Emissions 
 
 

Unit 

 
Mean 

CF 

2.5 
% 

Diff 

97.5 
% 

Diff
Mean 

EF 

2.5 
% 

Diff 

97.5 
% 

Diff
Mean 
HR 

2.5 
% 

Diff

97.5 
% 

Diff 
Mean 

TE 

2.5 
% 

Diff 

97.5 
% 

Diff 
Allen1 0.621 -58 57 0.576 -36 46 9089 -10 13 615 -62 86 
Allen2 0.613 -57 58 0.569 -26 38 11031 -12 22 692 -50 58 
Allen3 0.616 -48 54 0.589 -32 35 10273 -37 18 1103 -59 77 
Allen4 0.629 -49 47 0.689 -26 21 9539 -12 29 1252 -54 49 
Allen5 0.636 -49 48 0.664 -23 22 9711 -12 11 1243 -46 52 
Buck5 0.721 -49 35 0.647 -32 35 15926 -27 10 318 -67 84 
Buck6 0.731 -43 34 0.611 -37 36 13025 -20 30 233 -45 53 
Buck7 0.679 -32 44 0.599 -24 27 14424 -11 12 245 -45 66 
Buck8 0.649 -41 46 0.451 -32 40 10365 -7 9 479 -60 81 
Buck9 0.640 -40 48 0.590 -31 26 10819 -13 14 633 -58 69 
Cliff1 0.764 -62 28 0.600 -27 54 15056 -14 25 270 -61 32 
Cliff2 0.807 -58 24 0.666 -21 18 13689 -20 40 292 -59 51 
Cliff3 0.788 -66 23 0.598 -31 31 13671 -17 23 462 -63 33 
Cliff4 0.797 -65 22 0.615 -22 22 13346 -7 16 494 -63 23 
Cliff5 0.805 -64 22 0.573 -39 37 10561 -48 29 2932 -77 174 

Creek1 0.758 -52 25 1.321 -23 19 9502 -6 13 12022 -59 42 
Creek2 0.727 -58 31 1.320 -14 17 9784 -5 5 11885 -57 47 
Dan1 0.625 -30 46 0.540 -17 25 12297 -8 10 318 -32 53 
Dan2 0.611 -29 47 0.518 -17 53 12489 -5 8 308 -40 64 
Dan3 0.608 -41 52 0.551 -31 52 12357 -8 12 656 -37 51 
Lee1 0.606 -37 46 0.694 -23 24 10846 -15 13 504 -39 42 
Lee2 0.608 -41 47 0.631 -20 17 11683 -13 18 491 -39 39 
Lee3 0.642 -39 45 0.674 -23 29 10694 -20 21 850 -44 57 

Marshall1 0.769 -53 23 0.621 -28 20 10555 -15 14 2119 -65 48 
Marshall2 0.781 -54 25 0.606 -29 18 10837 -10 26 2144 -65 47 
Marshall3 0.795 -51 24 0.691 -24 30 10020 -8 14 3928 -47 54 
Marshall4 0.780 -50 26 0.701 -25 26 10122 -10 16 3906 -46 47 
Robinson 0.618 -58 46 0.683 -36 65 10765 -6 13 874 -42 31 

River1 0.663 -53 45 0.440 -28 34 11814 -7 9 372 -56 69 
River2 0.616 -53 46 0.475 -35 53 12671 -9 9 415 -65 75 
River3 0.602 -51 59 0.572 -35 31 12151 -11 25 607 -61 63 
River4 0.628 -53 55 0.635 -39 35 11013 -10 11 636 -59 67 

* CF = hourly capacity factor, EF = hourly emission factor in lb NOx / 106 BTU, HR = heat rate in BTU/kwh, TE = total 
hourly emissions in lb/hr, 2.5 pr. = 2.5 percentile, 97.5 per. = 97.5 percentile, %Diff = relative percent difference from 
mean. 
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Table 3. Comparison of Whole Year Data Versus Ozone Season Data for Total Emissions  
1995 1998   

 
 
 
 
 
 

Unit 
 

 
 

Mean 
Ann. 
TE 

(lb/hr) 
1995 

Mean 
O.S. 
TE 

(lb/hr) 
1995 

 
%Diff 
Mean 
Ann. 
Vs. 
O.S. 
1995

Coef. 
Var. 
Ann. 
1995 

Coef. 
Var. 
O.S. 
1995 

%Diff 
Coef. 
Var. 
Ann. 
Vs. 
O.S. 
1995

Mean 
Ann. 
TE 

1998 

Mean 
O.S. 
TE. 

1998 

 
%Diff 
Mean 
Ann. 
Vs. 
O.S. 
1998

Coef. 
Var. 
Ann. 
1998 

Coef. 
Var. 
O.S. 
1998 

%Diff 
Ceof. 
Var. 
Ann. 
Vs. 
O.S. 
1998

Mean 
Ratio 

S.D. 
Ratio

Allen1 615 584 -5.0 0.47 0.50 5.7 569 595 4.6 0.40 0.39 -3.5 0.93 0.79 
Allen2 692 684 -1.2 0.36 0.36 -0.5 576 589 2.3 0.43 0.42 -1.4 0.83 1.00 
Allen3 1103 1082 -1.9 0.37 0.36 -3.8 907 942 3.9 0.34 0.32 -6.8 0.82 0.75 
Allen4 1252 1188 -5.1 0.34 0.37 6.1 900 949 5.4 0.36 0.32 -12.4 0.72 0.76 
Allen5 1243 1222 -1.7 0.34 0.34 0.3 953 988 3.7 0.36 0.35 -3.5 0.77 0.82 
Buck5 318 344 8.2 0.46 0.45 -2.5 214 216 0.9 0.21 0.20 -3.2 0.67 0.30 
Buck6 233 237 1.7 0.34 0.35 2.0 187 188 0.5 0.27 0.26 -2.5 0.80 0.63 
Buck7 245 247 0.8 0.41 0.42 3.2 189 189 0.0 0.25 0.25 0.0 0.77 0.48 
Buck8 479 444 -7.3 0.49 0.49 1.0 472 491 4.0 0.34 0.33 -3.9 0.99 0.69 
Buck9 633 605 -4.4 0.45 0.47 3.5 466 505 8.4 0.34 0.30 -14.1 0.74 0.56 
Cliff1 270 280 3.7 0.24 0.22 -10.9 190 190 0.0 0.49 0.49 0.0 0.70 1.41 
Cliff2 292 302 3.4 0.36 0.36 -1.5 204 206 1.0 0.51 0.50 -1.9 0.70 0.99 
Cliff3 462 462 0.0 0.31 0.31 -0.2 247 253 2.4 0.51 0.50 -2.4 0.53 0.89 
Cliff4 494 494 0.0 0.28 0.26 0.28 288 292 1.4 0.55 0.54 -0.7 0.58 1.24 
Cliff5 2932 2620 -10.6 0.44 0.33 -25.0 2300 2470 7.4 0.35 0.34 -4.4 0.78 0.63 
Creek1 12022 12077 0.5 0.31 0.28 -10.9 11036 11213 1.6 0.24 0.19 -19.5 0.92 0.70 
Creek2 11885 12462 4.9 0.33 0.27 -17.2 12366 12670 2.5 0.26 0.23 -12.5 1.04 0.83 
Dan1 318 319 0.3 0.30 0.30 1.8 281 282 0.4 0.42 0.42 -0.4 0.88 1.24 
Dan2 308 311 1.0 0.35 0.36 1.8 303 307 1.3 0.37 0.36 -0.4 0.98 1.02 
Dan3 656 645 -1.7 0.25 0.24 -3.9 599 609 1.7 0.22 0.22 -2.4 0.91 0.83 
Lee1 504 514 2.0 0.28 0.28 -0.6 381 386 1.3 0.32 0.31 -2.1 0.76 0.86 
Lee2 491 503 2.4 0.25 0.24 -2.4 380 389 2.4 0.41 0.40 -2.3 0.77 1.25 
Lee3 850 840 -1.2 0.32 0.32 1.2 678 700 3.2 0.45 0.43 -4.1 0.80 1.15 

Marshall1 2119 2290 8.1 0.34 0.29 -14.2 1369 1405 2.6 0.27 0.26 -1.5 0.65 0.50 
Marshall2 2144 2301 7.3 0.33 0.31 -6.2 1439 1448 0.6 0.22 0.20 -10.2 0.67 0.46 
Marshall3 3928 3994 1.7 0.29 0.27 -5.4 2532 2776 9.6 0.26 0.23 -13.7 0.64 0.58 
Marshall4 3906 4078 4.4 0.26 0.23 -11.3 2307 2398 3.9 0.27 0.25 -5.2 0.59 0.62 
Robinson 874 872 -0.2 0.18 0.19 6.1 940 955 1.6 0.24 0.21 -13.5 1.08 1.46 

River1 372 357 -4.0 0.37 0.40 6.5 416 440 5.8 0.39 0.37 -6.6 1.12 1.17 
River2 415 374 -9.9 0.48 0.48 -1.7 369 381 3.3 0.31 0.30 -4.8 0.89 0.58 
River3 607 597 -1.6 0.39 0.43 10.2 473 486 2.7 0.31 0.30 -2.7 0.78 0.61 
River4 636 658 3.5 0.41 0.42 2.2 467 455 -2.6 0.33 0.33 1.3 0.73 0.58 
*Ann. = Annual, TE=Total Hourly Emissions, Coef. Var. = coefficient of variation, O.S. = Ozone Season,  
%Diff = Percent difference. 
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Part IV 

QUANTIFICATION OF VARIABILITY AND UNCERTAINTY IN 
HOURLY NOX EMISSIONS FROM COAL-FIRED POWER PLANTS: A 

METHODOLOGY FOR INTRA-UNIT DEPENDENCE BETWEEN 
VARIABLES 
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ABSTRACT. The purpose of this paper is to develop and demonstrate a method to quantify 

variability and uncertainty for NOx emissions from coal-fired power plants. Data for hourly 

NOx emissions, heat rate, gross load and capacity factor of 32 units from 9 different power 

plants for the year 1998 were analyzed. Possible statistical dependencies among these 

parameters were evaluated and no substantial dependence was found except between the 

hourly NOx emission factor and the hourly capacity factor for all units. The relationship 

between the hourly NOx emission factor and hourly capacity factor was quantified using 

regression analysis. The residual error of the regression model was used to quantify the 

variability in hourly NOx emissions that cannot be explained by the capacity factor. 

Regression models were developed and compared for individual units and for the combined 

data for groups of units. Three criteria were used to evaluate the adequacy of grouping data. 

The statistical representation of emissions for the groups of similar units was comparable to 

that for any individual unit contained within the group to within approximately plus or minus 

10 percent. Therefore, it was concluded that it was reasonable to group the data in these 

cases. For a specific unit, the variability in the hourly NOx emissions that cannot be 

explained by capacity factor was found to be -25 to +35% at a 95% confidence level. The 

implications of this range of variability for emissions inventory development, air quality 

modeling, and air quality management are discussed. 

KEYWORDS Uncertainty, Variability, Emission Factors, Coal-Fired Power Plants, NOx 

emissions, Regression Models, Probabilistic Emission Inventories 

1.0 Introduction 

A major concern in air quality modeling is uncertainty in emission inventories (EIs). 

There are key questions regarding whether EIs used as inputs to air quality models (AQMs) 
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are sufficiently accurate and precise to enable prediction of ambient pollutant concentrations 

and development of effective pollution control strategies. As recognized by the National 

Research Council in 1991, the quality of EIs is hampered by significant, yet poorly 

characterized, uncertainties1. 

As part of a larger US EPA sponsored project at NC State aimed at quantifying the 

uncertainties for different source categories, NOx emissions from coal-fired power plants are 

analyzed in this paper. Data for the hourly NOx emissions, gross load, capacity factor and 

heat rate of 32 units from 9 different power plants for the year 1998 were obtained from the 

U.S. EPA. In this paper, 5 units at the Cliff power plant in North Carolina are used as a case 

study to demonstrate the employed technique. The objectives of this paper are to analyze 

dependencies between different variables that might affect NOx emissions, quantify 

variability and uncertainty in NOx hourly emissions, and to discuss a methodology for using 

the results in air quality models. 

Cullen and Frey2 present an overview of probabilistic analysis methods. Some of 

these techniques were used before to quantify variability and uncertainty in emission factors 

and inventories 3,4,5,6,7,8. Frey et al.4 and Frey and Zheng5 used 6 and 12 month averaging 

times and the assessment of dependence between emission factor and activity factors did not 

reveal any significant findings. In contrast, this work deals with one-hour average data, 

which is much shorter averaging time than that addressed in the earlier work and therefore 

dependence between variables is more likely. A methodology is presented that can account 

for this dependence and in the same time quantify the variability in hourly NOx emissions.  
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2.0 Methodology 

In this section, criteria used in grouping similar units are presented. The regression 

techniques and the methods employed in quantifying variability in NOx emissions are also 

discussed.  

2.1 Modeling the Relationship Between Parameters 

The fist step of the data analysis was to plot data for different variables using scatter 

plots in order to identify possible dependence. Specifically, scatter plots were plotted for the 

emission factor versus the hourly capacity factor, hour of the year, gross load and heat rate. 

Moreover, regressions were fit to the data in each scatter plot and the significance of the 

parameters of the regression models was assessed. 

The analysis of various relationships showed that the only significant parameters that 

can be used to predict the emission factor were the gross load and the capacity factor. The 

gross load and the capacity factor are in fact dependent. It was decided to use the capacity 

factor since it reflects the maximum utilized capacity of the power plant and also it is 

possible to predict the emission factor if the future expansion plans of the power plant are 

known. For each individual unit, a regression model that predicts the emission factor from 

the capacity factor was fit. If several models can represent the data, the simplest possible 

model was selected.  

2.2 Criteria for Grouping Similar Units 

In an effort to reduce the number of analyses needed to characterize uncertainty in 

multiple power plant units, a method for grouping multiple units into categories was 

explored. The method was evaluated based upon data and regression analysis for emission 
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factors as a function of capacity factors on an hourly basis. An attempt was made to use the 

following criteria for grouping data from various units: 

1. Year of initial operation; 

2. Fuel type used; 

3. Burner firing technology; 

4. The trend of the relationship e.g. linear, non-linear, etc.; and 

5. The range of variability of the emission factor. 

Visual inspection of the plots of E.F. versus C.F. of various units having the same 

year of operation did not point to any solid conclusion that can be used to group any of the 

units, although some units operating at same year within the same plant behaved similarly. 

All of the other 32 units use bituminous coal. Therefore, this criterion was also neglected. 

The firing technology for 28 of the units was the same. There was no clear distinction 

between units using different firing technologies and thus this criterion could not be used as 

well. This led to the use of remaining two of the above-mentioned criteria; namely the trend 

of the relationship and the range of variability of the emission factor. Units of similar trend 

and range of variability were grouped together in one data set and a regression was fit to the 

combined data set. The regression represents the portion of variability in the emission factor 

that is explained by the capacity factor, while the residuals of the regression represent the 

unexplained portion. Several criteria were evaluated in order to assess the adequacy of 

grouping the data. These criteria are explained in details in the next section. 
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2.3 Assessment of the Adequacy of Grouping Several Units 

It is necessary to ensure that the model fitted to the combined data set is a good 

representation of the behavior of each individual unit in the group. In order to assess this, 

three criteria were identified. A key purpose of this paper is to compare these criteria and to 

recommend an approach.  

For each individual unit, a regression was fit to the data set and the residuals were 

calculated. The empirical cumulative distribution function (CDF) of the residuals was 

estimated and the 95 percent probability range of the residuals was obtained. The same was 

done for the grouped data set. The first proposed criteria to assess the representativeness of 

the model of each individual unit was the ratio of the magnitude of the 95 percent probability 

range of the residuals for the regressions for each individual unit versus that of the combined 

regression.  

For simple linear regression, and based on the assumption of normality of the mean 

emission factor at any specific value of capacity factor, it is possible to calculate a 95% 

prediction interval for an individual outcome of emission factor. This individual outcome is 

referred to as the individual predicted value. The standard error for the individual predicted 

value is minimum at the mean value of the capacity factor and its width increases for 

capacity factors further away from the mean value. Therefore, the width of the prediction 

interval for the individual predicted value is minimum at the mean value of capacity factor 

and maximum at either the lowest or highest values of capacity factor. The reader is refereed 

to Neter et al.9 for a detailed discussion on the theoretical basis for the estimation of the 

prediction interval. The prediction intervals were calculated for each individual unit and for 

the combined data at the lowest, mean and highest values of capacity factor. The second 
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proposed criterion was the comparison of ratios of the magnitude of the width of the 

prediction intervals for each individual unit with respect to those obtained using the 

combined regression. 

For each individual unit the CDF of the residuals was plotted against that of the 

combined regression. A third criterion was an evaluation of the deviation of the CDF of the 

residuals for each unit versus the residuals for the group. 

2.4 Quantification of Variability and Uncertainty 

The regression models that were fit to each group represent the variability in the 

emission factor that is explained by the capacity factor. The residuals represent the 

unexplained portion of variability. Thus, the key point is to use the distribution of these 

residuals to quantify the unexplained portion of variability. Another issue of concern is that 

the standard error of the individual prediction is a function of the capacity factor and 

therefore a different prediction interval is obtained at different values of capacity factor. It is 

important to note that this 95% prediction interval, which represents the variability in 

emission factor, can also be interpreted as uncertainty of hourly emission at the associated 

value of capacity factor. A brief discussion on regression models is presented below. 

For a single independent random variable X and a single dependent random variable 

Y, a linear regression model is as follows9: 

Equation 1. Linear regression for true model. 

Yi = α + βXi + εi 

The term α + βXi represents the predicted value of Y while εi represents the random 

error that cannot be predicted from the model. This random error term has a mean of zero. 
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The coefficients α and β (for the true model) are not known but they are estimated from the 

paired observations of x and y. The estimated or fitted regression line is represented by: 

Equation 2. Linear regression for estimated model. 

yi = a + bxi + ei  

where: 

ei is referred to as the residual and describes the error in the fit of the model. 

a and b are the intercept and slope of the fitted model respectively        

The model can be used to either predict the mean response at x=xo or it may be used 

to calculate a single value yo of the variable Y when x=xo. The standard error of the single 

predicted value is of course higher than in the case of predicting the mean value. The 

formulas used to calculate the standard error of the mean and individual value of the 

prediction are shown below9: 

Equation 3. Standard error for mean Y at x0. 

( ) ( )S E MSE
n

x x x xi. . * /= + − −



∑1

0

2 2
      

Equation 4. Standard error for individual Y at x0. 

( ) ( )S E MSE
n

x x x xi. . * /= + + − −



∑1

1
0

2 2
     

Where: 

S.E. = standard error 

MSE = mean squared error 
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x0 = value of x where the standard error is evaluated 

x  = mean of x values 

3.0 Results and Discussion 

In this section, assessment of the criteria employed for grouping different units, 

regression models results and the quantified variability in emission factor are presented.    

3.1 Dependence between Parameters 

Figure 1 is an example of the relationship between emission factor and hour of the 

year for unit 1 of the Cliff Power plant. The emission factor seems to be decreasing in the 

range of hour 1800 to hour 4000 and then it is relatively constant. At a first glance, it might 

be suspected that emission factor can be predicted from the hour of the year by fitting a 

regression. But since the data are recorded in time, a time series approach should be used if 

the emission factor is to be predicted from hour of year, which is out of the scope of this 

paper. 

Figure 2 depicts the relationship between the heat rate and the emission factor. A 

regression was fit to represent the relationship between the two parameters which showed 

that the slope parameter is significant.  Although the statistics show a significant relationship 

between the two variables, a closer evaluation of the plot shows that this dependence is not 

very strong. Moreover, including the heat rate as a parameter in addition to capacity factor in 

the regression to predict the emissions factor produced a very low t statistic compared to that 

of the capacity factor. The values of the t statistics for the heat rate and capacity factor 

parameters were 5.59 and 84 respectively. Therefore, it was decided to ignore this weak 

dependence between heat rate and emission factor. It is important to note that the outliers 

value of the heat rate in the Figure correspond to capacity factor values of less than 0.25 
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where the efficiency of the unit is very low at start up. Therefore, it was decided to ignore 

values of capacity factor below 0.25 and any associated value of emission factor as well.   

Figure 3 presents the scatter plot of the emission factor and the gross load. It is clear 

that the emission factor tends to increase with an increase in gross load. This suggests that a 

simple linear regression can be fit to the data set. Figure 4 depicts the relationship between 

the capacity factor and the emission factor that is actually a scaled relationship of the gross 

load and the emission factor. This is because the capacity factor is calculated by dividing the 

gross load by the maximum capacity of the unit, the latter of which is a constant value. It was 

decided to use the capacity factor to predict the emission factor since this is a more common 

explanatory parameter which reflects the amount of capacity utilized by the unit and can also 

be used if the future expansion plans of the unit are known. The same relationship between 

the gross load and the emission factor holds for the capacity factor and emission factor.  

Figures 5 and 6 are examples of two other units in the Cliff power plant that have the 

same general trend for the relationship between the capacity and emission factors. The 

remaining two units in Cliff Power plant also show similar trends although not shown here. 

Moreover, the range of variability of the emission factor at different values of the capacity 

factor is almost the same for all units. Examining the rest of the units in the study shows that 

the relationship between emission and capacity factors is plant-dependent and even unit-

dependent in some cases. For example, all units in the Marshall power plant showed similar 

trend and range of variability. On the contrary, one unit in the Buck power plant showed 

different trend and range of variability from the other 4 units.   

The year of initial operation of the five units is between 1940 and 1972. All units are 

tangentially fired and use bituminous coal as fuel. It is clear from Figures 4 through 6 that the 
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emission factor increases as the capacity factor increases. As previously mentioned, the 

scatter values of emission factor at capacity factor less than a value of 0.25 do not seem to 

represent typical operation of the plant and probably represent transient unique to startup. 

Therefore, these values were ignored in the analysis. A linear regression was fit to represent 

the relationship between capacity and emission factors for the combined data set. Moreover, 

a regression was fit to represent the same relationship for each individual unit.  

For the residuals of the regression fit to the combined data set, the range of the 2.5 

and the 97.5 percentiles was -0.11 to 0.15 lb NOx / 106 BTU (see Figure 7). For a normal 

distribution with the same mean and standard deviation the same range is �0.12 to 0.12. This 

shows that the residuals are slightly positively skewed which is closer to a lognormal 

distribution. Therefore, the original emission factor was transformed by taking the logarithm 

of the emission factor. If the residuals were lognormal, then the transformation will change 

the distribution of the residuals to normal, which is one important assumption for least square 

regression. The new model form is as follows: 

Equation 5. Log-linear regression model  

Ln (E.F.) = α + β(C.F.) + ε 

Where: 

E.F. = emission factor  

C.F. = Capacity Factor 

ε = random error term (normally distributed with mean zero) 

Indeed, the distribution of the residuals of the regression fit to the transformed 

emission factor were approximately normal. This was checked by plotting the cumulative 
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probability of the residuals of the E.F. together with the CDF of a normal distribution with 

the same mean and standard deviation.  A chi-squared goodness of fit test was done on the 

residuals to test for their normality, but it failed. This was expected since the number of data 

points (14497) is very large which makes the test very sensitive to any slight deviation from 

the hypothesized distribution. Although the normality test failed, the maximum deviation of 

the empirical CDF from the normal CDF is approximately 0.05 ln (lb NOx / 106 BTU), which 

is an acceptable difference for our purposes. Moreover, the range of the 2.5 percentile and the 

97.5 percentile is �0.315 to +0.32 on a natural log scale, compared to the same range of a 

normal distribution of the same mean and standard deviation, which is �0.3 to +0.3 on a 

natural log scale. This indicates that for practical purposes, the normal assumption is a valid 

one.  

Figure 8 depicts the residuals versus the hourly capacity factor on the transformed 

scale. The scatter of the residuals implies that they are evenly distributed above and below 

the zero datum and, therefore, that independence of the residuals can be assumed. Figure 9 

depicts the combined regression with the 5 specific regressions fit for each individual unit. It 

is clear from the Figure that the combined one is centrally positioned between the 5 specific 

regressions. The combined regression under-predicts for some units and over predicts for 

others. The results of the p values of the slope of each regression equation are shown in Table 

1. These results show that the slope coefficients are statistically significant which implies that 

a linear regression is a potentially representative model for the relationship between capacity 

and emission factors. The R2 value for the combined regression is 0.394, which shows that 

the regression does not fully explain the variability in the data. Thus the probability 
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distributions of the residuals must be used to represent the unexplained variability in the 

hourly emissions. 

3.2 Assessment of Groups 

In this section, evaluation of the proposed criteria to group different units and how the 

quantitative value of each criterion was used to asses the adequacy of the combined 

regression is discussed.     

Criterion 1. Table 2 presents the mean, standard deviation, the 2.5 percentiles and the 97.5 

percentiles for the residuals of each individual unit together with the combined data set. The 

mean of the residuals was 0 for all units. The standard deviations were in the range of 0.121 

to 0.160 ln (lb NOx/106 BTU ). The width of the interval between the 2.5 the and 97.5 

percentiles for each individual unit was calculated. The ratios of the width of these intervals 

to those for the combined data set were also calculated. The ratios for all units were between 

0.8 and 1. This indicates that the combined regression is a fair representation of the 

individual units. It is important to note that the ratio is less than or equal to 1 for all units in 

this specific group. This implies that the range of variability for the combined data set 

includes all of the ranges of variability for each individual unit.  

Criterion 2. The prediction interval is calculated for each individual unit and for the 

combined data set at the minimum, mean and maximum value of the capacity factor. The 

width of the interval is then calculated by subtracting the lower bound from the upper bound. 

The ratio is estimated by dividing the width of the interval for each individual unit by that of 

the combined data set. The presented results in Table 3 show that the ratio was between 0.9 

and 1.07. This is a narrow range and suggests that the regression fitted to the combined data 

set is a very good representation for all units. It is important to note that some units have a 
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ratio greater than 1 while others have ratios less than 1. This shows that the model fairly 

represents all units and does not always over or under predict. 

Criterion 3. The maximum horizontal deviations of the cumulative density functions of the 

residuals for each individual unit from that of the group were calculated. The maximum 

deviation occurred at unit 2 with a value of 0.06 ln (lb NOx/106 BTU). This value represents 

a 7% percent difference from the average transformed emission factor, which is an 

acceptable deviation for our purposes. Figure 10 depicts the CDF for the residuals of unit 2 

versus that of the combined data set.   

3.3 Quantification of Variability and Uncertainty 

Table 4 is a summary Table for the results of the prediction intervals at the minimum, 

mean and maximum capacity factor values for the combined regression. These results are 

obtained by back transforming the results of the log linear regression. Taking the exponential 

value of the results obtained from the regression accomplishes the needed back 

transformation as follows: 

Back transformed value of E.F. = eLn (E.F. in the transformed scale) 

The percent differences of the upper bound of the prediction interval from the average 

emission factor with respect to the average are presented in the same Table. 

The percent difference of the lower bound from the average emission factor with 

respect to the average is presented in Table 4 as well. These results show that the 

unexplained variability is in the range of -25 % to +35% of the average emission factor. The 

range of unexplained variability for this specific group is relatively constant at any given 

value of the capacity factor. This is probably because the standard error of the predicted 

emission factor in this specific case is dominated by the mean squared error term, which is 
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magnified due to the log transformation of the data (refer to equation 4). Other groups in the 

study, where the emission factor was not transformed, show non-constant range of 

unexplained variability. This is due to the fact that the standard error of the residuals at any 

specific value of the capacity factor also depends on the difference between this specific 

value and the mean capacity factor. Figure 11 depicts the plot of the prediction interval for 

the hourly NOx emissions for the combined regression. It is important to note that the 

prediction interval is not symmetrical due to the positive skewnwess of the data and the use 

of a log transformation to analyze it. The obtained range of variability can also be interpreted 

as uncertainty in the hourly emission factor.    

4.0 Conclusion 

In this section, the most significant variables to predict the emission factor are 

summarized and an evaluation of the grouping criteria and the quantified estimates of 

variability and uncertainty in hourly NOx emissions are presented. 

4.1 Significant Variables 

Although the statistics show that the heat rate is significant, an examination of the 

scatter plot for heat rate and emission factor indicated that the average emission factor does 

not vary substantially, from a practical perspective, with respect to heat rate during stable 

plant operation for the particular units studied. The most significant parameters that were 

associated with variations in the average emission factor were the gross load and the capacity 

factor. Since these two parameters are dependent, only one of them is necessary to predict the 

emission factor.  It was decided to use the capacity factor since it gives an indication of how 

much is utilized of the ultimate capacity of the power plant. It is also useful to predict the 

emission factor if the future expansion plans of the power plant are known.   
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4.2 Grouping Similar Units 

The units were grouped based on their similarity for trends and variability ranges. The 

three criteria that were used for assessing the adequacy of grouping several units showed that 

this method is reasonable. The first criterion showed values in the range of 0.8 and 1 which 

shows that the variability in the combined data resembles that of each individual unit with a 

maximum deviation of 20%. The second showed values in the range of 0.9 to 1.07 implying 

that a maximum of 10% difference for the prediction intervals will be obtained if the 

combined data set is used to estimate it. Finally the third showed a deviation value of 0.06 lb 

NOx/ 106 BTU, which represent 7% difference of the average emission factor. These results 

show that grouping several units is a valid approach. The model did not always over or under 

predict the value of the emission factor. This was checked from the residuals of the combined 

data set against those for each individual unit. Thus, it can be concluded that the combined 

regression reasonably represents all units within the group.     All three methods provide 

insight into the comparison of the regression results for the group of all data versus the 

results based upon data only for individual units analyzed separately.  Thus, any or all three 

of these evaluation criteria can be used in future work. 

4.3 Checking Model Assumptions 

The graphical checks that were used to evaluate the model assumptions showed that 

the fitted models satisfy the regular regression assumptions. The graphical plot of the CDF of 

the residuals of the transformed emission factor showed a symmetrical distribution with 

mean of zero in most cases. Also, the maximum deviation of the CDF of the residuals from 

that of the normal distribution with the same mean and standard deviation was 0.05 ln (lb 

NOx/106 BTU) on the transformed scale. Although all of the data sets for the residuals failed 
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the chi-squared test for normality, the calculated deviations were small enough to be accepted 

for practical purposes. The plot of the residuals showed a variance of relatively constant 

value and a homogeneous scatter of residuals above and below the zero datum. Therefore, 

constant variance and independence of residuals can be assumed.  

A limitation of the ordinary least squares regression approach is the inability to detect 

any autocorrelation in the residuals, if exists. Therefore, it is recommended to explore a time 

series approach in order to address any autocorrelation in the residuals. In fact, this is an 

ongoing research by the authors. 

4.4 Quantification of Variability and Uncertainty 

These results show that the unexplained variability for this group is -25 % to +35% of 

the average emission factor. The range of unexplained variability for this specific group is 

relatively constant at any given value of the capacity factor.  Other groups in the study show 

non-constant range of unexplained variability. This range of variability in hourly emissions 

can be interpreted as uncertainty in the emission factor when predictions are needed for 

future scenarios involving a one hour averaging time. 

5.0 Implications 

In previous development of probabilistic emission inventories (PEI), an assumption 

of independence was made when sampling different variables to calculate the total emissions.  

For example, some studies have analyzed three month average capacity factor and emission 

factor data and found no significant dependence.  However, the dependence between an 

emission factor and an activity factor may be different for different averaging times.  This 

study focuses on analysis of hourly average data.  Independence of the emission factor and 

capacity factor is not a valid assumption in the case of hourly NOx emissions from coal-fired 
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power plants, at least for the case study used here. It was shown that the average hourly 

emission factor is dependent on the capacity factor. The approach suggested in developing a 

PEI is to sample the capacity factor first, and based on the value of capacity factor, the 

conditional distribution of emission factor is used to sample the associated value of emission 

factor.  It is recommended also to study the presence of dependence between capacity factor 

and heat rate in order to follow the same approach when sampling the heat rate. 

The range of hourly variability found in the emission factor implies that basing the 

predictions of ambient air quality on the mean value of emission factor is not a good practice. 

For example, suppose that an hourly emission inventory must be developed for input to a 

photochemical grid air quality model.  The hourly emission inventory may be for some near-

term future scenario.  Based upon analysis of available (historical) data for similar power 

plant units as are in the inventory, estimates of the average emission factor can be made for 

any given value of capacity factor.  In addition, the distribution of observed variability in the 

emission factor for any given capacity factor can be used to predict the likely range of 

variability in emissions for a given value of capacity factor.   

When making projections regarding future unit performance, the range of 

unexplained variability in the historical data allow for an estimate of uncertainty in the actual 

value of emission factor that will be realized in the future scenario.  Because photochemical 

grid models are nonlinear with respect to chemistry, the range of variability in the emission 

factor, which in turn leads to variability in the estimate of the hourly mass emission rate from 

the unit, can lead to a nonlinear response with regard to predicted ambient concentrations.  

Therefore, the average predicted ambient concentration may not simply be a function of the 

average emission rate.  Furthermore, for air quality management purposes, one would like to 
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know an upper confidence limit on the predicted ambient concentration so that air quality 

managements strategies can be devised to reduce the probability that ambient air quality 

objectives will not be met.  Therefore, it is important to include variability in the hourly 

emissions estimates when  developing emission inventories for use with air quality model.  A 

demonstration of the development of a photochemical grid model-ready hourly probabilistic 

emission inventory for coal-fired power plants, and estimation of the resulting uncertainty in 

air quality concentrations, is the subject of ongoing and future work. 
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Figure 1.  Emission Factor Versus Hour of Year for Unit 1 of the Cliff Power Plant 

 
Figure 2.  Emission Factor Versus Heat Rate for Unit 1 of the Cliff Power Plant 
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Figure 3.  Emission Factor Versus Gross Load for Unit 1 of the Cliff power Plant 

 

 
Figure 4.  Emission Factor Versus Capacity Factor for Unit 1 of the Cliff Power Plant 
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Figure 5.  Emission Factor Versus Capacity Factor for Unit 2 of the Cliff Power Plant 

 

 

 
Figure 6.  Emission Factor Versus Capacity Factor for Unit 4 of the Cliff Power Plant 
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Figure 7.  Cumulative Density Function of the Residuals Versus a Normal Distribution   

 

 
Figure 8.  Residuals in the Transformed Scale of the Combined Data Set for the Group 

(n=14497) 
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Figure 9.  Combined and Specific Regressions for the 5 units in the Group 

 
Figure 10.  Cumulative Probability Plots for the Residuals of Cliff-2 Versus that of the Group 
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Figure 11. 95% Prediction Interval in Hourly NOx Emissions for the Combined Regression 
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Table 1.  Parameter Estimates for the Linear Regressions of the Transformed Hourly 
Emission Factor Versus Capacity Factor 

 
Unit 

 
Intercept 

Slope 
Estimate 

t statistic 
for Slope 

P value R2 

Cliff 1 -1.182 0.437 41.14 <0.0001 0.423 
Cliff 2 -1.120 0.440 46.61 <0.0001 0.489 
Cliff 3 -1.091 0.291 29.21 <0.0001 0.263 
Cliff 4 -1.120 0.432 45.58 <0.0001 0.464 
Cliff 5 -1.300 0.572 46.41 <0.0001 0.432 

Combined -1.144 0.413 88.98 <0.0001 0.394 
* These regressions apply to the transformed emission factor. That is why the intercept is negative. The unit of 
the output of the regression is Ln (lb NOx / 106 BTU). Therefore it has to be back-transformed by taking the 
exponential of the output in order to obtain the actual value of emission factor.     

 
 
Table 2.  Comparison of Mean, Standard Deviation, 2.5 and 97.5 Percentiles (lb NOx / 106 
BTU) for Residuals of the Transformed Emission Factor 

Unit Mean Std. Dev. 2.5 %tile 97.5 %tile Width of 
Interval 

Ratio 

Combined 0.00 0.152 -0.316 0.322 0.638 1.0 
Cliff-1 0.00 0.160 -0.288 0.355 0.643 1.0 
Cliff-2 0.00 0.140 -0.226 0.322 0.548 0.86 
Cliff-3 0.00 0.144 -0.340 0.265 0.605 0.95 
Cliff-4 0.00 0.137 -0.220 0.290 0.510 0.80 
Cliff-5 0.00 0.121 -0.269 0.250 0.518 0.81 
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Table 3. Ratio of 95% Prediction Interval Width for the Predicted Emission Factor of 
Individual Units With Respect to that of the Combined Data Set  

 Position of 
P.I. * 

Lower Bound 
of 95% P.I. 

Upper Bound 
of 95% P.I. 

Width of 
Interval 

Ratio 

Min C.F. -1.340 -0.740 0.600 1 
Mean C.F. -1.140 -0.548 0.592 1 

Combined 

Max C.F. -1.020 -0.430 0.590 1 
Min C.F. -1.378 -0.750 0.628 1.05 

Mean C.F. -1.176 -0.549 0.627 1.06 
Cliff-1 

Max C.F. -1.060 -0.431 0.629 1.07 
Min C.F. -1.277 -0.722 0.555 0.93 

Mean C.F. -1.073 -0.518 0.555 0.94 
Cliff-2 

Max C.F. -0.954 -0.400 0.554 0.94 
Min C.F. -1.314 -0.722 0.592 0.99 

Mean C.F. -1.178 -0.585 0.593 1 
Cliff-3 

Max C.F. -1.097 -0.503 0.594 1 
Min C.F. -1.298 -0.726 0.572 0.95 

Mean C.F. -1.095 -0.523 0.572 0.97 
Cliff-4 

Max C.F. -0.981 -0.410 0.571 0.97 
Min C.F. -1.424 -0.886 0.538 0.90 

Mean C.F. -1.155 -0.618 0.537 0.90 
Cliff-5 

Max C.F. -0.992 -0.455 0.537 0.91 
* Position of prediction interval (P.I.) specifies where the prediction interval is calculated (whether at minimum 
(Min), mean (Mean) or maximum (Max) capacity factor (C.F.)).  

 
 

Table 4.  Variability of Hourly NOx Emissions at the Minimum, Mean and Maximum Values 
of Capacity Factor for the Combined Data set    

Position of 
Predicted E.F.*  

Average Predicted Value 
(lb NOx/106 BTU) 

95% P.I. % Diff. From Average 
E.F. 

Min. C.F. 0.353 (0.262, 0.476) (-25.811, +34.791) 
Mean C.F. 0.429 (0.318, 0.578) (-25.809, +34.787) 
Max. C.F. 0.482 (0.358, 0.650) (-25.809, +34.788) 

* Position of Predicted Emission Factor (E.F.) specifies where the prediction interval (P.I.) or %Diff. 
(Difference) are calculated (whether at minimum (Min), mean (Mean) or maximum (Max) capacity factor 
(C.F.)). %Difference form average emission factor = [(P.I. Bound � Average E.F.) / Average E.F.]*100. 
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Abstract. This paper introduces a methodology for quantification of variability in hourly 

emission and activity factors in order to develop a probabilistic emission inventory for coal-

fired power plants. The analyses were conducted for 32 units in the same geographic location 

for a base case in 1995 and a future case in 2007. Different units were assumed to be 

dispatched independent of one another. Univariate stochastic time series models were 

employed to quantify uncertainty in the capacity and emission factor time series while 

ordinary least squares regression models were used to quantify uncertainty in the heat rate. 

The fitted models were used to develop a probabilistic emission inventory for a 4 day period 

that will be used to model an air quality episode in a future research activity. The analyses 

showed the existence of significant autocorrelation for time lags 1, 2, 23, and 24 for the 

capacity and emission factor time series in addition to a 24 hour cyclical pattern for the 

capacity factor. The uncertainty ranges for hourly emissions was found to vary for different 

hours of the day. For 1995 case, the results showed that the 95% confidence interval for the 

daily inventory lied between 510 t/d and 633 t/d. This represents approximately ±10% 

uncertainty range from the average value which is 576 t/d. The daily inventory for the 2007 

case showed an uncertainty range of ±8% of the average value which is 175 t/d.  

1.0 Introduction 

A major concern in air quality modeling is the uncertainty inherent in emission 

inventories (NRC, 1991). As a matter of good scientific practice, uncertainties in emission 

inventories should be quantified, just as uncertainties are routinely quantified in the physical 

and health sciences (Cullen and Frey, 1999; NRC, 1994; NRC, 2000; Morgan and Henrion, 

1990).  Quantitative uncertainty estimates in emission inventories will lead to more realistic 

insights from air quality modeling.  Recent successful work in probabilistic air quality 
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modeling has increased the need for new probabilistic approaches to emission inventories 

(Hanna et al., 1998; 2001).  Furthermore, the limitations of past work in emission inventory 

uncertainty characterization (Beck et al., 1995; Dickson and Hobbs, 1989; Balentine and 

Dickson, 1995) can be addressed through innovative application of appropriate methods.   

Recent work has focused on characterization of variability and uncertainty in 

emissions of many non-utility sources, such as mobile sources (e.g., Frey and Bammi, 2002 

and 2003; Frey and Zheng, 2002a).  Frey and Zheng (2002b) focused on quantification of 

variability and uncertainty in utility NOx emissions but only for long averaging times such as 

six or 12 months.  For purposes of photochemical grid modeling for prediction of 

tropospheric ozone, it is critically important to develop uncertainty estimates on a one hour 

time scale.   

Coal-fired power plant NOx emissions contribute substantially to the problem of 

tropospheric ozone formation (NRC, 1991).  With the implementation of continuous 

emissions monitoring (CEM) at many such plants, it is now possible to develop utility NOx 

emission inventories for recent past episodes based upon recorded measurements, rather than 

estimates (Frey and Zheng, 2002b).  However, there is still a need to make estimates of 

future emissions, such as is required for development of air quality management strategies.  

Therefore, there is a critical need for new methods by which uncertainty in emissions for 

near-term future episodes can be quantified.  

The objective of this paper is to develop and evaluate a methodology for quantifying 

variability in hourly utility NOx emissions in a format appropriate as input to air quality 

modeling.  The method must account for temporal trends in the data, including 

autocorrelation.  Hourly CEM data for the years 1995 and 1998 of 32 units from 9 different 
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coal-fired power plants in the Charlotte, NC urban air quality modeling domain were 

obtained from the U.S. Environmental Protection Agency (Abdel-Aziz and Frey, 2003a).  

The number of hourly data records varied from 585 to 7962 among the units.   

The 1995 data were used to develop a baseline probabilistic emission inventory for a 

specific episode that has been the subject of State Implementation Plan (SIP) development.  

The 1998 data differ from the 1995 data in that many of the power plant units had been 

retrofitted so as to reduce their emission rates.  Thus, the comparison of the two provides 

insight regarding the effect of changes in technology on uncertainty estimates.  Furthermore, 

the 1998 inventory was used as a base for projecting emissions to the year 2007 as part of a 

case study.  

2.0 Variability and Uncertainty in Emissions  

In the context of utility NOx emissions, variability and uncertainty are defined with 

respect to emissions from a single power plant unit (Frey and Zheng, 2002b).  Variability is 

based upon differences in emissions from one unit to another or over time for the same unit.  

Uncertainty is lack of knowledge regarding the true value of emissions for any given unit at 

any point in time because of measurement error, random sampling error, or lack of data.  

Emissions typically vary over time within the same unit, referred to as intra-unit variability, 

because of differences in factors such as operating conditions, ambient temperature, and coal 

composition. Emissions vary among units at a given time, referred to as inter-unit variability, 

because of differences in these factors as well as differences in design and control equipment 

used.  

The random and systematic measurement error in the hourly emissions estimates 

from CEMS data is relatively small compared to the range of variability in the observations 
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(Frey and Tran, 1999).  Therefore, CEMS data are interpreted to represent primarily 

variability with a negligible component of uncertainty.  However, when looking into the 

future, the goal is to make a plausible prediction of what the range of emissions could be for 

any given hour of the day, day of the week, and season of the year.  Thus, historical data can 

be used to develop estimates of the range and likelihood of emissions values that would 

occur, for example, at 10 am on a Wednesday in July in the near future.  The key 

assumptions in making such estimates from historical data are that the historical record is a 

random, representative sample of what is likely to happen in the near future.  The distribution 

of emissions for a future episode represents uncertainty regarding what the true but as yet 

unknown emissions will be for each hour for each unit.  Therefore, an estimate of variability 

for recent past emissions for a given unit at a given time of day translates into an estimate of 

uncertainty for near-term future emissions for the same unit for the same time of day. 

3.0 Methods for Quantifying Variability and Uncertainty 

Ang and Tang (1975), Hahn and Shapiro (1967), Law and Kelton (1991), Morgan and 

Henrion (1990), and Cullen and Frey (1999) present an overview of probabilistic analysis 

methods. Previous research has been conducted to quantify variability and uncertainty in 

emission inventories using various techniques.  These methods vary from simplified 

approaches based upon error propagation (Dickson and Hobbs (1989), NRC (1992), 

Balentine and Dickson (1995), and Van Amstel et al. (2000)) to numerical methods based 

upon variations of Monte Carlo simulation (e.g. Frey and Zheng, 2002a).  The 

Intergovernmental Panel on Climate Change (IPCC) has developed guidelines 

recommending the use of Monte Carlo methods as part of a tiered approach to uncertainty 

estimates for greenhouse gas emissions (IPCC, 2000).  Frey and Rhodes (1996), Frey and 
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Bammi (2002, 2003), Frey and Zheng (2002a&b) and Frey and Li (2001) demonstrate the use 

of bootstrap simulation as a method for distinguishing uncertainty attributable to random 

sampling error from variability in emissions measurements. 

The data used in these previous studies typically were not autocorrelated since they 

were not a time series or were recorded for large averaging times. Thus, a key refinement of 

this work is to explicitly account for autocorrelation.  In related work, Walters et al. (1999) 

found strong autocorrelation in NOx emissions from cement kilns. Moore and Londergan 

(2001) accounted for autocorrelation in meteorological inputs to air quality models.    

This paper focuses on characterization and evaluation of intra-unit autocorrelation. 

However, inter-unit correlation is also expected, especially for multiple units at the same 

plant.  The latter is addressed in a companion paper (Abdel-Aziz and Frey, 2003b).  

4.0 Methodology for Time Series Analysis of Emissions 

The hourly emissions of a unit are estimated as the product of emission and activity 

factors: 

EFHRCFMkTE ××××=     (1) 

Where: TE = the total emissions (t/hr), k = constant for units conversion, M = maximum 

capacity of the unit (MW), CF = the capacity factor (unitless), HR = heat rate (kJ/kWh), EF = 

emission factor in (g/GJ). The methods and rationale for identification and selection of time 

series models are briefly described.  

4.1 Time Series Modeling 

A time series model should generate realizations that are not statistically 

distinguishable from those of the original data sets. Thus this model should preserve several 

statistical properties of the data, including autocorrelation, cyclical patterns, and intra-unit 
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dependence between variables.  In order to identify the statistical properties of the data sets, 

several statistical tools were used (Hipel and Mcleod, 1994). The autocorrelation function 

(ACF) and partial autocorrelation function (PACF) were used to identify the autocorrelation 

structure while spectral analysis was used to identify any cyclical component in the data sets. 

In order to identify the existence of dependence among the time series of any two variables, 

cross correlation between the two series was checked. Model parameters were estimated for 

alternative models and an evaluation was done in order to select the best model.  

Stationary Time Series. Time series methods are typically based upon stationarity.  A time 

series is said to be stationary if the statistical properties of the series are not a function of 

time. For stationary time series, the mean, the variance and the serial dependence among 

neighboring observations are assumed constant with time. A popular test for stationarity is 

the Dickey-Fuller test (Hamilton, 1994). The null hypothesis of the test is that the time series 

is non-stationary. The test calculates the probability of observing a test statistic less than Rho 

under the assumption that the null hypothesis is true. The null hypothesis is rejected if the 

calculated probability is smaller than 0.05 for a 95% significance level. All time series were 

checked for stationarity before any further modeling steps.  

Autocorrelation Function. ACF is plotted against time lag k up to the required lag. This plot 

is useful in identifying which type of model is appropriate for the time series. If the ACF 

damps out and does not appear to truncate, this suggests that autoregressive (AR) terms are 

needed (Hipel and Mcleod, 1994). The ACF is estimated based on the covariance between 

lags. For a time series of the variable z, the autocovariance function between zt and zt+k , at k 

time lags from zt is defined as: 

γk = cov[zt, zt+k] = E[(zt - µ)(zt+k - µ)]     (2) 
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The ACF at lag k is defined as: 

ρk =  γk / γo      (3) 

Where: γk  = covariance at lag k, and γo = covariance at lag 0. ρk has a range between �

1 and 1 and is equal to 1 at lag 0. 

Partial Autocorrelation Function. The purpose of the partial autocorrelation function is to 

identify the significant time lags that sufficiently represent the time series. If the process is an 

autoregressive process of order p, the PACF truncates and is not significantly different from 

zero after lag p.  

Autoregressive Models. The model form for an autoregressive time series is as follows: 

Yt - µ = α1(Yt-1 - µ) + α2(Yt-2 - µ) + �.. + αp(Yt-p - µ)  + et    (4) 

Where: Y = time series variable, αi =  ith non-seasonal AR parameter, and et = white noise 

term. The white noise term, also referred to as random shocks, disturbances, or innovations, 

is identically and independently distributed with a mean of zero and variance of σe
2. It is 

convenient in many cases to assume that et are normally distributed (Hipel and Mcleod, 

1994). 

Spectral Analysis of Seasonal Models. If the time series happens to show a pattern or a 

cycle, two situations might be encountered. Either the time series cycle is obvious from the 

ACF graph or there seems to be a cyclic effect, but the length of the cycle is not clear. If the 

cycle is already known, harmonic analysis can be used to estimate the amplitude and phase of 

the cycle. If the cycle is not known, periodogram analysis can be used to identify the 

significant cycles. The periodogram analysis estimates the percentage of variance accounted 

for by different cycles. The amplitude and the phase are estimated for each cycle. For 

example, Hies et al. (2000) and Sebald et al. (2000) applied spectral analysis techniques to 
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discover inherent periodicities in the monitored time series data for elemental carbon and 

ozone.  

Cross-Correlated Autoregressive Models. It is possible to account for the dependence 

between autoregressive time series, such as when a variable (Y) depends on lags of another 

variable (X). The cross correlation between Y at time t and the lags of X are examined and 

the significant lags can be included in the model of variable Y.  If any of the series are 

autocorrelated, incorrect results can be obtained when attempting to investigate cross 

correlation. Therefore, the autocorrelation has to be removed in a process termed 

prewhitening before checking the cross correlation (Wei, 1994). 

Parameter Estimation. There are several parameter estimation methods for time series 

models among which maximum likelihood is the most popular (Box et al., 1994). 

Selection of Best Model. Usually a practitioner ends up with several models that can fit the 

observed time series of data. In discriminating among the models to choose the best fit, the 

Akaike Information Criterion (AIC) is often used (Hipel and Mcleod, 1994): 

AIC = -2ln(ML)+2k      (5) 

Where: ML = maximum of the likelihood function, k = number of independently adjusted 

parameters within the model.  The model with the smallest AIC is preferred.  

4.2 Quantification of Variability and Uncertainty 

The historical observations are a sample realization of the stochastic process that 

produced it (Hipel and Mcleod, 1994). Any future set of observations will never be exactly 

the same as the historical observations. Therefore, the time series models that were fit to the 

data were used to generate other possible realizations of the series.  
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For purposes of development of an air quality-ready hour emission inventory, 50 

alternative realizations of the time series were simulated for an episode of 120 hours in 

duration.  Thus, for any given hour for any given unit, there are 50 estimates of emissions, 

representing the range of historical variability and a best estimate of the plausible range in 

predicting future emissions for that particular unit at the particular time of day.  A sample 

size larger than 50 was deemed impractical because the run time of the air quality model that 

will be used in a later research activity is estimated to be 15 to 20 hours for each of the 50 

iterations.  Other investigators, such as Hanna et al. (1998, 2001) have used similar sample 

sizes.  With a sample size of 50, there is 95% confidence that 90% of the population is 

enclosed by the minimum and maximum randomly sampled values (Conover, 1971).  

Furthermore, because there is uncertainty associated with the structure of the air quality 

model and with other inputs to the model, it is not meaningful to attempt to simulate the 

distributions of uncertainty for the emission inventory with a high degree of numerical 

precision using large simulation sample sizes.  . 

For the estimated 2007 inventory, the mean emission and capacity factors of the 1998 

data, which were the most recent available, were adjusted to match point estimates for a 

specific scenario for 2007.  By comparing 1995 and 1998 CEMs data, Abdel-Aziz and Frey 

(2003a) examined the change in variability of emission and capacity factor as a result of 

changes in mean emissions when new control technologies where installed. The relative 

change between the two years in the standard deviation of the capacity and emission factors 

was approximately equal to the relative change in means. Therefore, in order to estimate the 

uncertainty for the year 2007, the hourly capacity factor values simulated based upon 1998 

data were adjusted using the ratio of the expected mean in 2007 to that of 1998. This was 
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done for each individual unit by multiplying all hourly simulated values of the capacity factor 

by the aforementioned ratio of expected mean in 2007 relative to that of 1998. The same was 

done for the emission factor. The ratios for the emission factor ranged from 0.75 to 0.98 for 

all units except for units 1 and 2 of Belews Creek plant where the ratio was 0.08. In the year 

2007, units are expected to install control technologies to lower their emissions, especially 

units 1 and 2 of Belews Creek power plant where they are expected to lower their emissions 

by more than 90%.  The capacity factor ratios ranged from 0.75 to 1.25. The ratios for 24 of 

the units are approximately 1 or higher while 8 units had ratios less than 1. This shows that 

most units are expected to operate at either the same or higher loads in 2007 while 8 of the 

units are expected to operate at lower loads. 

 Because the initial values may not be well known, a recommended technique is to 

simulate an episode longer than needed and to ignore simulated values for the first portion or 

cycle of the series.  The notion is that the simulated values are sensitive to the initial 

conditions only for the earlier time steps in the series, and that later time steps are not 

sensitive to the choice of initial conditions (Hipel and Mcleod, 1994).  

5.0 Results  

In this section, modeling results are discussed and quantification of variability and 

uncertainty in the inventory is presented. The discussions in this section are with respect to 

the 1995 data unless otherwise mentioned.  

Capacity Factor Models. The capacity factor is the actual electricity output from a unit 

divided by the maximum capacity of that unit. Therefore, this quantity can take values only 

between 0 and 1. To prevent simulated values from exceeding this range, a logistic 

transformation for capacity factor was performed prior to fitting the time series models: 
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Where: CF = capacity factor (unitless), and CFt = transformed capacity factor (unitless).  The 

simulations were conducted in the transformed domain. The simulated values in the 

transformed domain were back transformed: 
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1
      (7) 

The results of Dickey-Fuller test in Table 1 show that the probability of having Rho 

less than the test statistic is less than 0.001; therefore, the null hypothesis of non-stationarity 

is rejected for all units.  

 As an example of the process of model identification, the ACF, periodogram and 

PACF are shown in Figure 1(a), (b), and (c), respectively, for unit 1 of the Dan River plant. 

The ACF is plotted for lags up to 24 hours and demonstrates the existence of a 24 hour cycle. 

As confirmed by the periodogram, the 24 hour cycle is the most significant cycle. The sum of 

squares (SS) for the 24 hour cyclic component is 200 compared to a total SS of 570. Thus, 

the 24 hour cycle contributes 35% to the variance of the time series.  Furthermore, because 

these are baseloaded units that operate at high average capacity factors on a daily basis and 

for all seasons of the year, there was not a statistically significant weekly effect or difference 

in emissions for specific periods of the year (Abdel-Aziz and Frey, 2003a).   

The magnitude of the PACF drops off substantially after lag 2.  This implies that lags 

1 and 2, with values of 0.86 and -0.26, respectively, may be sufficient for the model.  Two 

alternatives for the capacity factor time series model were initially investigated. The first 

model, referred to as M-1, includes only lags 1 and 2. The second model, M-2, includes lags 

1 and 2 and a 24 hour cyclic component. The AIC criterion for Dan River Unit 1 was 1,459 
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for M-1 and 1,340 for M-2.  Thus, M-2 is preferred.  However, an examination of M-2 

revealed that the residuals were autocorrelated for lags 23 and 24. Thus, a third model, M-3, 

that included these lags was also considered.   

As an example, unit 1 of Dan River had an autocorrelation of 0.22 for lag 24 of the 

residuals. The standard error of the ACF is approximately equal to
N
1  , where N is the 

number of data points. For Dan River unit 1, there were 3,150 hourly observations.  Thus, an 

autocorrelation coefficient greater than 0.035 would be considered statistically significant for 

such sample size. However, for a simulation of 120 hourly values, autocorrelation less than 

approximately 0.2 will be not significantly different from zero. Thus autocorrelations less 

than this value can be ignored.  Employing the aforementioned criterion to the 2nd order 

autoregressive model with a 24 hour cycle, the model did not reduce the value of the 

autocorrelation of the residuals to a value of 0.2. Therefore, lags 23 and 24 were included in 

the model in order to reduce the autocorrelation of the residuals at these lags to less than 0.2. 

As an example, including lags 23 and 24 in the model of unit 1 of Dan River reduced the 

autocorrelation for the same lags of the residuals to -0.038 and 0.09, respectively.  

The value of the AIC was lower for M-3 for all units compared to M-2, as shown in 

Table 1. In most cases, all of the estimated parameters for the model were statistically 

significant. The final form of the selected capacity factor model for each unit was: 

CFt = Int1 + α1CFt1 + α2CFt2 + α3CFt23 + α4CFt24 + α5Sin(2πt/24) + α6Cos(2πt/24)+ ε1  (8) 

Where: CFt = transformed capacity factor (unitless), Int1 = intercept (unitless), CFtn = lagn 

(CFt), αn = estimated parameters, and ε1 = Error term.  The numerical values of the 

coefficients for each unit are given in Table 1. 
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Emission Factor Models. The cross correlation between the emission and capacity factor 

time series was checked.  The unit-specific capacity factor time series was pre-whitened in 

order to obtain white noise residuals for the capacity factor. The cross correlation check 

pointed out significant lags of the capacity factor that needed to be included in the emission 

factor model. As an example, for unit 1 of Dan River power plant, Lags 0 and 1 of the 

capacity factor time series showed the highest correlation with the emission factor. For some 

other units, lag 2 of the capacity factor also showed high values of correlation with the 

emission factor. Therefore, for consistency and completeness, lags 0, 1 and 2 of the capacity 

factor were included in all emission factor models. When simulating values from the 

emission factor time series, the capacity factor time series was simulated first and the 

necessary values of the capacity factor were input to the emission factor model.  

The significant emission factor lags were identified using the same procedures as for 

the capacity factor. For some units, a first order autoregressive model that includes a lag 1 

term adequately represented the time series. For other units, a second order autoregressive 

model was indicated.  For consistency and completeness, lags 1 and 2 were included in the 

emission factor candidate model M-1. The examination of the residuals for this second order 

model revealed  high values for autocorrelation for lags 23 and 24 for the residuals of some 

units, leading to identification of a second model, M-2, that includes these two lags in 

addition to those of M-1. The AIC values were typically similar for both M-1 and M-2 or 

somewhat higher for M-2.  Nonetheless, M-2 was selected so as to remove the 

autocorrelation from the residuals for lags 23 and 24.  There was not a strong cyclic effect in 

the emission factor time series other than indirectly via the dependence on several lags of the 



 

 104

capacity factor.  Thus, the final general model form for the unit-specific emission factors 

was: 

EF = Int2 + α7EF1 + α8EF2 + α9EF23 + α10EF24 + α11CF + α12CF1 + α13CF2 + ε2  (9) 

Where: CF = capacity factor (unitless), EF = emission factor in g/GJ, EFn = lagn (EF), Int2 = 

intercept in g/GJ, αn = Estimated parameters, and ε2 = Error term. Estimated parameters, AIC 

criterion for candidate models and Dickey-Fuller test results for the emission factor models 

are presented in Table 2. 

Heat Rate Models. Most units had a 95 percent probability range of only approximately 

±15% for the heat rate compared to ±30 to ±60 percent ranges for the emission and capacity 

factors, respectively.  Thus, the variability in total emissions would be influenced less by heat 

rate than by the other two factors.  Therefore, a simplified approach was employed for 

estimating variability in heat rate.  The heat rate was found to have a statistically significant 

dependence on capacity factor that could be represented with a linear regression model: 

HR = Int3 + α14CF + ε3     (10) 

Where: HR = heat rate in kJ / kWh, CF = capacity factor (unitless), Int3 = intercept in kJ/ 

kWh, α14   =    regression parameter, and εn = Error term. This simplification was validated by 

comparing simulated heat rate values versus observations. The estimated regression 

parameters for all units are presented in Table 2.  The portion of variability of the heat rate 

that is not explained by capacity factor was accounted for by randomly simulating from the 

residual error term.   

Evaluation of Models. The means and standard deviations of the simulated versus the 

observed values of the capacity factor, emission factor, heat rate, and total emissions for the 

32 units are presented in Table 3.  For the total emissions, a comparison of the simulated 
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versus the observed autocorrelations for lags 1 and 2 are also given. For the capacity factor, 

the simulated and observed means agreed to within ± 2 percent for 20 of the units and to 

within ± 4 percent for all units. For the emission factor, the simulated means were within ± 2 

percent for 29 of the units and ± 4 percent for all units. The simulated and observed mean 

heat rates typically agreed to within ± 1% percent. Thus, the mean values of the emission and 

capacity factors and of the heat rate were estimated well. 

In approximately 2/3 of the cases, the capacity and emission factor models under-

estimated the standard deviations of the data sets. Estimated autocorrelation values are biased 

low in time series models, leading in turn to underestimates of the standard deviation (Wei, 

1994). The standard deviations of the capacity and emission factors were adjusted by 

multiplying the error term by the ratio of the observed standard deviation to the initially 

underestimated standard deviation. A typical range of values for this ratio for both the 

emission and capacity factors was between 1.02 and 1.15. After adjustment, the simulated 

and observed standard deviations agreed for most units to within approximately ± 7 percent 

for the capacity factor models and approximately ± 5 percent for the emission factor models. 

The standard deviations from the heat rate models agreed to within ± 5% for all units, 

without any adjustment. 

The simulated means of the total emissions agreed with observations to within ± 5% 

for most units, except for 2 units that had differences of +6% and +9%. The simulated 

standard deviations in total emissions agreed with observations to within ± 10% for 24 units 

while for 6 units the differences were in the range of ± 11% to ± 15%. Only 2 units had 

differences greater than 20%.  
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The percent difference between the simulated and the observed autocorrelation values 

for lags 1 and 2 for the total hourly emissions were in the range of ± 15% and ± 20%, 

respectively. These results were typical for all units except for 2 units of the Cliffside power 

plant in which the autocorrelation was overestimated.  

Quantification of Uncertainty. Figure 2 presents an example of the output of 50 simulations 

of 120 hours of emissions for unit 1 of the Dan plant. The simulations were initialized with 

zero values for the capacity and emission factors and the first 100 values of the simulations 

were ignored to eliminate the effect of this initialization. The mean and coefficient of 

variation of the uncertainty range varies depending on the hour of day. The distribution of 

values for each hour can be used to construct probability ranges for that specific hour. The 

simulation accurately reproduces the diurnal pattern of observed total emissions.   

The range of uncertainty in total emissions for all units is compared for three different 

hours of the day in Figure 3.  Of the three time periods shown, the noon hour has the highest 

mean emissions compared to 6 pm or midnight.  The relative range of variation over a 95 

percent probability range is approximately -15 to + 25 percent for noon, -18 to +14 percent at 

6 pm, and  -26 to +21 percent at midnight.  The range of uncertainty in total daily emissions 

for the 1995 base year is approximately ±10% of the mean of 576 t/d as shown in Figure 4.  

The relative range of uncertainty is typically greater for individual power plants than it is for 

the total emissions, as indicated in Table 4.  

In order to characterize the precision of the estimated distribution of uncertainty in 

total daily emissions, a normal distribution was fit to the 1995 daily average emission rate 

and 95 percent confidence intervals on the fitted distribution were estimated using bootstrap 

simulation (Frey and Zheng, 2002b) as shown in Figure 5.  Most of the data lie within the 
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confidence bounds.  Furthermore, the maximum percent difference of the upper or lower 

confidence limits versus the fitted distribution is approximately three percent.  This 

difference indicates the precision with which the distribution can be estimated based upon a 

simulation sample size of 50.  The precision of the estimated distribution is high in 

comparison to the typical prediction error of an air quality model for which these emissions 

could be an input.  Thus, the use of only 50 iterations in the uncertainty simulation is not 

likely to be a key source of error when propagating emissions uncertainty through an air 

quality model. 

Figure 4 shows the estimated uncertainty in total daily emission for the year 2007 

scenario. The 95% uncertainty range for this scenario is 160 t/d and 189 t/d, or a range of 

approximately ±8% of the average value of 175 t/d.  The absolute range of uncertainty in the 

estimated 2007 inventory is approximately 25% that of the 1995 inventory.  

6.0 Discussion 

Emissions from each unit were modeled as statistically independently of each other. 

However, the existence and importance of dependence in emissions between units, especially 

at the same plant, should be evaluated with respect to the preparation of a probabilistic 

inventory for air quality modeling.  In the companion paper, the correlation between 

emissions from different units is investigated and the effect of incorporating this correlation 

on uncertainty in the emission inventory is quantified.     
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Figure 1. (a) Autocorrelation Function, (b) Periodogram, and (c) Partial Autocorrelation 

Function of Unit 1 of Dan River Power Plant 
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Figure 2. Realizations and Observed Values of Unit 1 of Dan River  

(Hour 12 corresponds to Tuesday 12 noon, hour 132 corresponds to Sunday 12 noon, 1995) 
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Figure 3. Diurnal Variation in Uncertainty for the Year 1995  
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Figure 4. Uncertainty in Total Daily Emissions for the Years 1995 and 2007  



 

 114

 

0

0.2

0.4

0.6

0.8

1

400 500 600 700 800 900
Emissions (t/d)

C
um

ul
at

iv
e 

Pr
ob

ab
ili

ty
Simulated
95% C.I.
Fitted

 
Figure 5. Fitted and 95% Confidence Limits of a Normal Distribution for the Year 1995  
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Table 1. Dickey-Fuller Test, AIC Criterion, and Parameter Estimates for Capacity Factor 
Models for the year 1995  

D-F Test, AIC for Alternative CF Models and Parameters for Selected CF Model Unit 
 

 
D-F 
Test 
Pr<ρ 

AIC 
M-1 

AIC 
M-2 

AIC 
M-3 

α1 α2 α3 α4 α5 α6 

Allen1 .0001 6199 6044 4802 1.21 -.38 .194 -.08 .04 -.07 
Allen2 .0001 5753 5628 4387 1.18 -.38 .187 -.06 .04 -.06 
Allen3 .0001 6892 6701 5605 1.24 -.41 .186 -.08 .047 -.07 
Allen4 .0001 5997 5831 4588 1.15 -.37 .185 -.06 .053 -.07 
Allen5 .0001 6661 6471 5513 1.19 -.38 .154 -.05 .033 -.08 
Buck5 .0001 1394 1346 786 1.10 -.23 .016 .010 .135 -.20 
Buck6 .0001 1479 1434 864 1.04 -.27 .004 .111 .225 -.20 
Buck7 .0001 1786 1707 1333 1.04 -.24 .064 .036 .098 -.19 
Buck8 .0001 2989 2880 2155 1.11 -.30 .157 -.03 .04 -.09 
Buck9 .0001 2808 2678 1983 1.09 -.32 .143 -.01 .019 -.14 
Cliff1 .0001 1283 1217 727 .832 -.13 .116 .035 .110 -.35 
Cliff2 .0001 1249 1202 608 .932 -.19 .082 -.003 .195 -.14 
Cliff3 .0001 1536 1419 814 .972 -.28 .231 -.052 -.05 -.28 
Cliff4 .0001 1567 1468 840 1.09 -.34 .166 -.074 -.02 -.24 
Cliff5 .0001 7054 6988 5541 1.24 -.39 .247 -.164 .031 -.02 

Creek1 .0001 3579 3330 2625 1.36 -.46 .221 -.154 .028 -.04 
Creek2 .0001 3334 3095 2289 1.39 -.50 .242 -.172 .024 -.03 
Dan1 .0001 1459 1340 972 1.02 -.26 .103 -.014 .017 -.20 
Dan2 .0001 1290 1193 873 .999 -.25 .121 .011 .039 -.14 
Dan3 .0001 3916 3793 2984 1.08 -.28 .146 -.049 .031 -.10 
Lee1 .0001 2043 1903 1468 1.08 -.31 .172 -.051 .004 -.13 
Lee2 .0001 1922 1784 1324 1.05 -.29 .218 -.067 .005 -.10 
Lee3 .0001 3432 3328 2498 1.21 -.40 .181 -.062 .031 -.07 

Marshall1 .0001 4552 4230 3551 1.23 -.36 .197 -.110 .037 -.05 
Marshall2 .0001 8315 8040 7136 1.24 -.39 .184 -.088 .039 -.07 
Marshall3 .0001 10106 9791 8916 1.25 -.38 .219 -.138 .040 -.07 
Marshall4 .0001 9491 9188 8282 1.27 -.40 .208 -.131 .038 -.06 

River1 .0001 2334 2234 1761 1.21 -.38 .126 -.033 .039 -.11 
River2 .0001 1839 1721 1352 1.22 -.40 .123 -.049 .021 -.10 
River3 .0001 3298 3184 2516 1.31 -.47 .166 -.081 .017 -.07 
River4 .0001 4882 4729 3759 1.31 -.46 .144 -.072 .023 -.09 

Robinson .0001 4623 4156 3502 1.14 -.31 .166 -.065 .045 -.08 
* D-F = Dickey-Fuller, CF = Capacity factor, M-1 = Model 1, M-2 = Model 2, M-3 = Model 3, AIC = Akaike 
information criterion, α1-α6 = estimated parameters. 

 



 

 116

Table 2. Dickey-Fuller Test, AIC Criterion, and Parameter Estimates for Emission Factor and 
Heat Rate Models for the year 1995  

D-F Test, AIC for Alternative EF Models and Parameters for Selected EF Model HR 
Model 

Unit 
 

 D-F Test 
Pr<ρ 

AIC 
M-1 

AIC 
M-2 

α7 
 

α8 
 

α9 
 

α10 
 

α11 
 

α12 
 

α13 
 

α14 
 

Allen1 .0001 -11446 -10311 .849 -.04 .137 .003 -30 49 -21 -37 
Allen2 .0001 -11771 -10079 .800 .006 .091 .002 -56 56 -9 -3408 
Allen3 .0001 -16133 -14051 .787 .045 .070 .037 -69 69 -4 -2513 
Allen4 .0001 -15248 -13030 .809 .005 .105 -.04 -52 60 -13 -1553 
Allen5 .0001 -18481 -16289 .759 .064 .039 .033 -64 87 -21 -1246 
Buck5 .0018 -2095 -1521 .720 .181 .062 .002 127 -34 -82 1887 
Buck6 .0019 -2034 -1339 .931 -.03 -.002 .039 187 -181 0 -7019 
Buck7 .0001 -3434 -2634 .561 .342 .024 -.02 135 -86 -39 -2367 
Buck8 .0001 -6707 -5661 .438 .300 .055 .152 61 -30 -21 -750 
Buck9 .0001 -4288 -3262 .314 .262 .071 .194 61 -13 -26 -1693 
Cliff1 .0017 -1496 -1054 .808 .072 .048 -.02 -82 69 -4 -3551 
Cliff2 .0017 -1739 -1315 .767 .121 -.024 .081 27 -17 -13 -3385 
Cliff3 .0001 -1778 -1219 .801 -.005 .029 .023 3 0 -26 -1901 
Cliff4 .0018 -2167 -1624 .566 .187 -.039 .06 -13 15 -1 -979 
Cliff5 .0001 -11723 -10252 .740 .132 .078 .007 74 -39 -30 333 
Creek1 .0001 -24769 -24113 .836 .047 .021 .00 242 -206 -7 -1983 
Creek2 .0001 -25186 -24911 .906 -.032 .060 -.00 162 -185 37 -345 
Dan1 .0018 -4244 -3456 .844 .017 .092 -.01 -21 20 -3 -2392 
Dan2 .0018 -4042 -3206 .753 .142 .018 .04 26 -21 -6 85 
Dan3 .0001 -9374 -7682 .865 -.004 .021 .019 -172 181 -25 -2180 
Lee1 .0001 -5521 -4356 .576 .157 -.006 .061 -146 87 26 422 
Lee2 .0001 -5104 -5276 .688 .101 .023 .011 -120 111 -8 -2739 
Lee3 .0001 -9465 -8435 .921 -.07 .084 .012 -60 84 -26 -2898 

Marshall1 .0001 -30201 -29393 1.00 -.126 .075 .003 72 -64 0 -2898 
Marshall2 .0001 -29320 -28538 .896 -.096 .034 .007 147 -150 22 -1407 
Marshall3 .0001 -29248 -28709 1.05 -.167 .123 -.07 -9 -4 17 -1060 
Marshall4 .0001 -29579 -28658 1.01 -.157 .075 -.04 -52 27 18 -716 

River1 .0001 -6660 -5466 .791 .039 .059 .088 23 -26 3 -939 
River2 .0001 -4141 -5674 .777 .136 .023 .022 71 -64 2 -719 
River3 .0001 -9955 -8286 .778 .065 .034 .065 -4 0 7 -2381 
River4 .0001 -10558 -8937 .806 .016 .115 .039 -21 26 -5 -1086 

Robinson .0001 -21532 -20171 .988 -.097 .018 .001 -348 365 -52 -966 

•  D-F = Dickey-Fuller, EF = Emission Factor, HR = Heat Rate, M-1 = Model 1, M-2 = Model 2, M-3 = Model 
3, AIC = Akaike information criterion, α7-α10 = estimated parameters (unitless), α11-α13 = estimated 
parameters (g/GJ), α14 = estimated parameter (kJ / kWh). 
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Table 3. Simulated Versus Observed Data Comparison for the Year 1995 
 
 

Unit 

CF 
Mean 
Obs. 

CF 
Mean 
Sim. 

CF 
S.D. 
Obs. 

CF 
S.D. 
Sim. 

EF 
Mean 
Obs. 

EF 
Mean 
Sim. 

EF 
S.D. 
Obs. 

EF 
S.D. 
Sim. 

HR 
Mean 
Obs. 

HR 
Mean 
Sim. 

HR 
S.D. 
Obs. 

HR 
S.D. 
Sim. 

TE 
Mean 
Obs. 

TE 
Mean 
Sim. 

TE 
S.D. 
Obs. 

TE 
S.D. 
Sim. 

TE 
AC-1 
Obs. 

TE 
AC-1 
Sim. 

TE 
AC-2 
Obs. 

TE 
AC-2 
Sim. 

Allen1 0.621 0.652 0.267 0.25 248 248 51 47 9.6 9.6 0.731 0.726 0.308 0.320 0.146 0.148 0.89 0.87 0.75 0.72 
Allen2 0.613 0.626 0.268 0.264 245 239 37 34 11.6 11.6 1.438 1.400 0.346 0.349 0.124 0.126 0.87 0.8 0.71 0.64 
Allen3 0.617 0.652 0.253 0.25 253 248 46 42 10.8 10.8 1.424 1.408 0.552 0.567 0.206 0.206 0.9 0.78 0.77 0.63 
Allen4 0.629 0.634 0.237 0.225 296 295 35 35 10.1 10.1 1.191 1.170 0.626 0.630 0.216 0.229 0.86 0.78 0.7 0.62 
Allen5 0.636 0.659 0.237 0.231 285 285 31 32 10.2 10.2 0.765 0.760 0.622 0.652 0.211 0.210 0.87 0.85 0.71 0.7 
Buck5 0.721 0.741 0.214 0.25 278 282 49 55 16.8 16.8 1.816 1.808 0.159 0.174 0.073 0.078 0.82 0.85 0.71 0.71 
Buck6 0.731 0.746 0.218 0.245 263 264 61 64 13.7 13.6 2.609 2.706 0.117 0.116 0.040 0.049 0.72 0.71 0.6 0.55 
Buck7 0.679 0.71 0.221 0.235 258 261 40 48 15.2 15.2 0.934 0.960 0.123 0.129 0.050 0.054 0.87 0.85 0.73 0.67 
Buck8 0.649 0.672 0.248 0.229 194 197 40 43 10.9 10.9 0.548 0.540 0.240 0.253 0.117 0.113 0.9 0.86 0.77 0.68 
Buck9 0.641 0.662 0.249 0.233 254 255 45 49 11.4 11.4 1.058 1.039 0.317 0.337 0.143 0.147 0.87 0.81 0.71 0.63 
Cliff1 0.765 0.762 0.268 0.249 258 258 53 51 15.9 16.0 2.009 2.022 0.135 0.134 0.033 0.045 0.55 0.71 0.4 0.55 
Cliff2 0.81 0.823 0.231 0.201 280 283 30 30 14.4 14.4 3.786 3.885 0.146 0.149 0.053 0.058 0.74 0.4 0.66 0.3 
Cliff3 0.789 0.823 0.234 0.163 257 251 39 41 14.4 14.4 1.324 1.300 0.219 0.214 0.076 0.066 0.66 0.69 0.44 0.43 
Cliff4 0.797 0.76 0.211 0.253 265 263 28 28 14.1 14.1 1.099 1.098 0.223 0.220 0.065 0.064 0.58 0.8 0.39 0.64 
Cliff5 0.806 0.804 0.201 0.195 239 247 61 58 11.1 11.1 1.824 1.801 1.466 1.427 0.648 0.561 0.87 0.73 0.73 0.6 
Creek1 0.758 0.748 0.199 0.189 568 564 63 67 10.0 10.0 0.534 0.506 6.011 5.851 1.871 1.734 0.94 0.93 0.84 0.82 
Creek2 0.728 0.729 0.21 0.197 568 572 48 49 10.3 10.3 0.294 0.290 5.943 6.004 1.951 1.831 0.94 0.93 0.83 0.81 
Dan1 0.626 0.634 0.214 0.216 232 234 24 24 13.0 13.0 0.980 0.984 0.159 0.159 0.047 0.053 0.81 0.84 0.63 0.68 
Dan2 0.612 0.617 0.205 0.211 223 224 36 36 13.2 13.2 0.766 0.757 0.154 0.156 0.055 0.063 0.83 0.85 0.65 0.68 
Dan3 0.608 0.632 0.221 0.22 237 233 51 50 13.0 13.0 0.726 0.729 0.328 0.329 0.081 0.098 0.89 0.85 0.77 0.69 
Lee1 0.607 0.603 0.219 0.225 298 300 46 44 11.4 11.4 0.961 0.965 0.252 0.252 0.071 0.075 0.84 0.79 0.68 0.63 
Lee2 0.609 0.617 0.223 0.223 271 269 35 32 12.3 12.3 1.160 1.133 0.246 0.248 0.062 0.068 0.81 0.8 0.66 0.64 
Lee3 0.642 0.648 0.239 0.227 290 289 36 35 11.3 11.2 1.191 1.177 0.425 0.432 0.134 0.139 0.86 0.82 0.71 0.66 

Marshall1 0.77 0.777 0.18 0.16 267 267 38 37 11.1 11.1 0.920 0.926 1.060 1.061 0.360 0.308 0.94 0.84 0.86 0.72 
Marshall2 0.781 0.794 0.195 0.189 261 262 33 32 11.4 11.4 1.106 1.087 1.072 1.099 0.351 0.317 0.92 0.8 0.79 0.67 
Marshall3 0.796 0.791 0.197 0.206 297 293 40 41 10.6 10.6 0.595 0.596 1.964 1.979 0.570 0.547 0.94 0.89 0.84 0.78 
Marshall4 0.781 0.792 0.2 0.195 302 301 37 36 10.7 10.7 0.694 0.704 1.953 1.920 0.499 0.487 0.92 0.84 0.82 0.71 

River1 0.663 0.653 0.241 0.242 190 190 35 34 11.4 11.4 0.586 0.579 0.186 0.196 0.070 0.076 0.86 0.88 0.67 0.74 
River2 0.616 0.608 0.229 0.222 205 203 53 50 12.5 12.4 0.658 0.653 0.208 0.205 0.101 0.095 0.79 0.89 0.67 0.75 
River3 0.603 0.626 0.244 0.254 246 242 43 44 13.4 13.4 0.844 0.835 0.304 0.306 0.119 0.126 0.91 0.87 0.78 0.73 
River4 0.628 0.652 0.259 0.251 273 276 56 57 12.8 12.8 1.176 1.172 0.318 0.326 0.132 0.153 0.9 0.87 0.77 0.72 

Robinson 0.618 0.604 0.205 0.207 294 297 82 74 11.6 11.6 0.656 0.664 0.437 0.445 0.077 0.099 0.87 0.84 0.74 0.71 
*CF = capacity factor (unitless), EF = emission Factor (g/GJ), HR = heat rate (kJ/kwh), TE = total emissions (t/hr), Sim. = simulated, Obs. = observed, S.D. = standard deviation, AC = 
autocorrelation 
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Table 4. Uncertainty in Daily and Hourly Emissions for the Year 1995  
Daily Emissions (t/d) 12 Noon (t/hr) 6 P.M. (t/hr) 12 Midnight (t/hr) 

Unit Mean 
2.5 

%Diff 
97.5 

%Diff Mean 
2.5 

%Diff 
97.5 

%Diff Mean 
2.5 

%Diff 
97.5 

%Diff Mean 
2.5 

%Diff 
97.5 

%Diff 
Allen 61.2 -15.1 15.9 2.7 -27.0 32.4 2.5 -22.7 33.6 1.9 -34.8 39.2 
Buck 24.1 -20.0 15.7 1.1 -35.7 20.8 1.0 -29.9 33.2 0.7 -37.8 52.6 
Cliff 50.7 -27.8 31.3 2.2 -43.5 39.1 1.9 -45.6 62.6 1.7 -56.0 56.6 

Creek 280.6 -28.1 18.6 11.8 -35.5 27.4 11.2 -33.3 27.8 9.5 -57.2 36.9 
Dan 15.6 -18.3 19.8 0.7 -26.5 27.3 0.7 -29.4 25.2 0.5 -42.9 48.8 
Lee 22.3 -15.6 15.1 1.0 -24.6 19.1 0.9 -34.2 30.8 0.8 -38.0 38.6 

Marshall 144.4 -19.0 18.5 6.0 -21.5 30.1 5.8 -18.0 24.8 5.0 -38.6 29.6 
River 25.1 -17.7 24.2 1.1 -32.7 19.7 1.1 -29.9 31.7 0.8 -40.4 47.8 

Robinson 10.8 -29.4 25.8 0.4 -31.7 44.9 0.4 -36.8 53.8 0.4 -56.3 49.2 
Total 634.9 -11.4 9.9 26.9 -14.8 15.0 25.3 -18.2 14.0 21.2 -25.7 20.6 
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Figure S-1. Percent Difference in Means of Emission Factor 
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Figure S-2. Percent Difference in Means of Capacity Factor 
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Figure S-3. Percent Difference in Means of Total Emissions 
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Figure S-4. Percent Difference in Standard Deviations of Emission Factor 
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Figure S-5. Percent Difference in Standard Deviations of Capacity Factor 
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Figure S-6. Percent Difference in Standard Deviations of Total Emissions 
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Abstract. This paper introduces a methodology to develop a probabilistic emissions 

inventory for coal-fired power plants using time series techniques. The analyses were 

conducted for the same 32 units in the companion paper for a 1995 base case and a future 

case in 2007. Multivariate time series models were employed in the analyses to account for 

the dependence between emissions from correlated units. The results obtained using this 

approach were compared to those of the independent approach employed in the companion 

paper. The total daily inventory for the1995 case showed a 95% confidence interval of 497 to 

705 t/d which represents an uncertainty range of -15% to +20% of the average value which is 

587 t/d. The 2007 case showed an uncertainty range of -8% to +15%. These uncertainty 

ranges are wider than the corresponding ranges if the independent approach was employed. 

Comparison of the simulated results of the two approaches showed that the dependent 

approach is the more correct one since it produced a distribution for uncertainty that more 

accurately represents the observed data. The trade-off of using this approach is the 

complexity involved in the modeling process which involves selection of model parameters 

and more computational effort in the simulation process. Also, to be able to apply this 

approach to several dependent units, simultaneously recorded data that can maintain the 

statistical properties of each individual unit must be available.       
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1.0 Introduction 

Part 1 of this two part series addressed univariate time series methods for 

development and simulation of variability in hourly NOx emissions from individual units of 

coal-fired power plants (Abdel-Aziz and Frey, 2003b).  Hanna et al. (2001) recommended 

that correlation among emissions sources as well as among other inputs should be accounted 

for in probabilistic air quality analysis.  This paper extends the work of Part 1 by accounting 

for statistical dependence between units using a multivariate vector autoregressive time series 

modeling approach.  The reader is referred to Part 1 regarding motivations for estimating 

uncertainty in NOx emissions of coal-fired power plants. 

Abdel-Aziz and Frey (2003b) quantified hourly variability in historical emissions of 

32 units of 9 power plants in the Charlotte, NC modeling domain using time series models.  

The importance of autocorrelation for the hourly capacity factor was established with respect 

to lags 1, 2, 23, and 24, and a 24 hour cycle was observed.  For the emission factor, a second 

order dependence on capacity factor as well as autocorrelation with a similar set of lags was 

identified.  Because the selected units are base loaded, there is not a statistically significant 

effect with regard to day of the week or time of the year.  For heat rate, a simple model based 

only upon capacity factor performed well.  The total emissions estimated from the time series 

models for capacity and emission factors and from the regression model for heat rate agreed 

well with observations, including the diurnal pattern.  The modeling framework performed 

well in simulating the average and standard deviation of total emissions, as well as the 

autocorrelation in total emissions.  The overall uncertainty in emissions was quantified for 

each power plant and for the sum of all power plants for daily total emissions and for 

selected hours.  The uncertainty in hourly emissions from individual units ranged from 
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approximately ±20 to ±60 percent depending upon the plant and time of day.  The precision 

of the estimated cumulative distribution function of uncertainty in emissions was evaluated 

using bootstrap simulation.  The precision of the CDF was deemed to be better than that of 

the typical air quality models to which this information would be an input.  However, inter-

unit dependence was not accounted for.   

In this paper, a vector autoregressive approach is used to account for inter-unit 

dependence in the time series models.  The use of time series techniques to quantify 

variability in hourly data preserves the statistical properties of the analyzed data sets, 

including the hourly means and standard deviations, as well as the autocorrelation.  The 

benefits of the vector autoregressive approach are assessed by comparison with data and the 

univariate approach.  The same data sets that were used in Part 1 (Abdel-Aziz and Frey, 

2003b) are analyzed here.  Key questions answered by this paper are: (1) Is there statistical 

dependence of emissions between units within the study domain?; (2) Does this dependence 

depend on geographical location of the units and their proximity to each other?; (3) What is 

the appropriate methodology to quantify variability and uncertainty in emissions?; (4) How 

might this dependence affect the estimate of uncertainty in the total inventory for the study 

domain? 

Statistical dependence is expected for emissions of at least some pairs of power plant 

units within a modeling domain.  For example, these units may be:  (a) owned and operated 

by the same company or organization; (b) of similar technology and operating cost; (c) 

dispatched in a similar manner; and/or (d) responding to a common regional load demand 

(e.g., NRDC et al., 2002).  Accounting for dependence between emissions of highly 

correlated units is expected to produce a wider range of estimated uncertainty in emissions 



 

 126

compared to the range obtained if dependence was ignored. This wider range of uncertainty 

affects decision making and planning for control strategies. 

Multivariate time series models can account for the correlation among different time 

series.  For example, Dongen and Geuens (1998) modeled the biomass and effluent quality 

for design and operation of a biological wastewater treatment plant.  If the cause of the 

correlation is associated with the spatial location of the stations, the process may be regarded 

as a space-time process. Based upon a review, Kyriakidis and Journel (1999) conclude that 

geostatistical space-time models can be expressed in terms of vector autoregressive models. 

They also reviewed geostatistical space-time models conceptualization and classified them 

into two main approaches: (1) model the data using a single spacio-temporal random 

function; or (2) consider multiple vectors of random functions or time series. The latter 

approach models the data as either a vector of temporally correlated space random functions 

or vector of spatially correlated time series models.  

Kyriankidis and Journel (2000 a&b) applied the first approach to model sulfate 

deposition data recorded in time at certain monitoring stations. Rhouhani and Wackernagel 

(1990) applied the second approach to model monthly piezometric data in a basin south of 

France. A concern with this approach is that predictions are limited to monitoring station 

locations and no prediction at intermediate locations is possible. This concern only applies to 

concentration fields where predictions are needed at every location in a study region. As for 

continuously monitored emissions at power plant units, predictions are only needed at 

location of emitting units and it is meaningless to predict emissions at intermediate locations.  

The choice to model the data as a set of temporally correlated random functions or 

spatially correlated time series depends on which domain is more densely informed 
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(Kyriakidis and Journel, 1999).  For a vector of time series, the correlation is accounted for 

through matrices of covariance between any two locations separated by the same temporal 

lags. The time domain is more densely informed than the spatial domain for characterizinng 

emissions of power plant units.  Therefore, the vector of correlated time series methodology 

is employed here.  

2.0 Methodology 

This section presents the modeling framework employed to account for correlation 

among units.  This framework builds upon that presented by Abdel-Aziz and Frey (2003b). 

2.1 Correlation Among Units 

The total emissions can be calculated as the product of the emission and activity 

factors as follows: 

EFHRCFMkTE ××××=      (1) 

Where: 

TE = the total emissions (tonne/hr)  k = is a constant for units conversion  

M = maximum capacity of the unit (MW) CF = the capacity factor (unitless) 

HR is the heat rate (kJ/kWh)    EF is the emission factor in (g/GJ) 

In the modeling process, each individual input is modeled separately. This was done 

in order to allow for the separate quantification of variability and uncertainty in the emission 

and activity factors. If the future plans of operation are known, the changes in either the 

emission or the activity factors can be estimated as a basis for predicting total emissions. The 

benefit of this modeling approach is the ability to make adjustments for the mean and 

variability range to the inputs separately for the purpose of modeling future episodes.  
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Inter-unit correlations between time series of capacity factor were checked based 

upon analysis of continuous emission monitoring (CEM) data. If not properly accounted for, 

the presence of autocorrelation within each individual unit�s time series can induce spurious 

estimated correlations between units. Therefore, before checking the cross correlation 

between any two time series, one of them has to be prewhitened (Brooklebank and Dickey, 

1986). This same procedure was applied when checking the inter-unit correlations of time 

series for emission factors.  

The capacity factor contributes most to the total variability in emissions. Abdel-Aziz 

and Frey (2003a) examined the hourly variability for the capacity factor, emission factor and 

heat rate. They concluded that the relative variability in hourly capacity factor for most units 

ranged from ±50% to ±60% while those for the hourly emission factor and hourly heat rate 

were in the ranges of ±20% to 30% and ±5% to ±20%, respectively. In some cases, the 

capacity factor time series are highly correlated, with the inter-unit correlations as high as 

0.86. The emission factor time series were typically statistically independent or only weakly 

correlated, based upon inter-unit correlations of typically approximately 0 to 0.3. Only units 

1 and 2 of Allen power plant had a larger inter-unit emission factor time series correlation of 

0.43.  Because the inter-unit correlations for emission factor time series are typically weak 

compared to those for capacity factor, it is not likely that explicitly accounting for inter-unit 

correlation in the emission factor will substantially improve the prediction of total emissions.  

Therefore, vector autoregressive modeling analysis was performed only for the capacity 

factor time series in order to capture the correlation among units. The emission factor and the 

heat rate were modeled using the same time series and regression analysis procedures, 

respectively, presented in Part I (Abdel-Aziz and Frey, 2003b). However, there is one 
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exception.  The vector autoregressive approach was used for the emissions factors of units 1 

and 2 of Allen power plant, since these two units had comparatively high inter-unit 

correlations. 

2.2 Modeling Framework 

Vector autoregressive models quantify the relationship between multiple time series. 

As presented by Charemza and Deadman (1997), each current (non-lagged) variable in the 

model is regressed on time lags of other variables. A lagged observation is the value of the 

variable seen one or more time steps earlier.  The general model form is as follows: 

tit

k

i
it ZAZ ∈+= −

=
∑

1

      (2) 

Where: 

Zt = column vector of observations of all of the variables at time t, Ai = matrices of 

coefficients which do not contain any zero elements for lag i, k = number of lags of variables 

included in the model, ∈ t= Column vector of contemporaneously correlated random errors.  

Charemza and Deadman (1997) recommend that the number of variables included in 

the model as well as the maximum number of lags of each variable has to be limited in order 

for the modeling process to be practical or possible. For example, it might not be possible to 

find enough data for 5 variables with 6 lags for each variable (30 regressors in each equation) 

to fit the model. However, it is also important to include enough lags so as to remove 

autocorrelation from the error terms.  Failure to do so might lead to inconsistent estimation of 

model parameters if multivariate least squares methods are used.  

The capacity factor had to be transformed to restrict the simulated values to the range 

between 0 and 1: 
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Where: i = equation number, j = unit number, k = Lag number, Inti = intercept for equation i, 

αi,j,k = estimated parameter for lag k of unit j for equation i, CFtj,k = capacity factor for lag k 

of unit j, βs,j = estimated parameter for a 24 hour cycle sin component for unit j, βc,j = 

estimated parameter for a 24 hour cycle cosine component for unit j, and εj,k = 

contemporaneously correlated random error terms for j=1 to n units at lag 0, t = hour of 

prediction. The number of equations is equal to the number of inter-correlated units modeled 

together. Each equation predicts the transformed capacity factor at hour t. The vector of 

random errors shown in Equation (2) has a non-diagonal covariance matrix, which implies 

that covariance between the error terms is not equal to zero. It is not possible to directly 

simulate a set of contemporaneously correlated errors. Using SAS, it is possible to generate 

standardized independent error terms with means of zero and standard deviations of unity. To 

simulate the set of contemporaneously correlated errors (εj,k),  this set is replaced with a 

triangular matrix (T) multiplied by a vector of independent (orthogonal) standardized error 

terms Z.  The matrix T is obtained by decomposing the variance-covariance matrix of the 

contemporaneously correlated error terms. The variance-covariance matrix is the matrix 
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containing the covariance between each paired error terms where the diagonal elements are 

the variance of each error term. The T matrix is obtained using Cholesky�s decomposition 

(Maindonald, 1984): 

Let εs  be the vector of contemporaneously correlated errors as follows: 
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The expected value E(εs) = 0. 

The expected value of the variance covariance matrix is: 
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Where: E(εs εs�) = expected value of variance covariance matrix, ơ2
ii = variance of error i (i = 

1 to n), σij = covariance between error i and error j, TT� = the decomposition obtained using 

Cholesky�s decomposition. The expected value of the product of T by the orthogonal error 

vector Z, E(TZ), is zero and the variance covariance matrix of TZ is Var(TZ) = TZT� =TIT�= 

TT� = Г where I is the identity matrix. Therefore, using this decomposition, it is possible to 

generate an orthogonal set of random error terms and multiply the generated values by the 

matrix T to preserve the correlation among the error terms. 

The model form for the emission factor for units that were treated independently is:  

EFj,k=0 = Int2 + α7EFj,k=1 + α8 EFj,k=2 + α9 EFj,k=23 + α10 EFj,k=24 + α11 CFj,k=0 + α12 CFj,k=1 

               + α13 CFj,k=2 + ε1j,k=0          (7) 
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Where: CFj,k = capacity factor for unit j at lag k (unitless), EFj,k = emission factor for 

unit j at lag k in g/GJ, Int2 = intercept in g/GJ, αn = estimated parameters for emission factor 

models, ε1j,k=0  = Error term for emission factor of unit j at lag 0 in g/GJ. 

The model form for units 1 and 2 of Allen power plant is: 
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    (8) 

Where: i = equation number, j = unit number, k = Lag number, Inti = intercept for 

equation i, αi,j,k = estimated parameter for lag k of unit j for equation i, EFtj,k = emission 

factor for lag k of unit j, βs,j = estimated parameter for a 24 hour cycle sin component for 

unit j, βc,j = estimated parameter for a 24 hour cycle cosine component for unit j, and εj,k = 

contemporaneously correlated random error terms for j=1 to 2 units at lag 0.  

The model form for the heat rate is:  

HRj,k=0 = Int3 + α14CFj,k=0 + ε2j,k=0      (9) 

Where: HRj,k=0  = heat rate for unit j at lag 0 in kJ/kWh, Int3 = intercept in kJ/kWh, 

α14 = estimated parameter for heat rate model and ε2j,k=0  = Error term for heat rate of unit j at 

lag 0 in kJ/kWh.  

3.0 Results and Discussion 

In this section, modeling results for the capacity factor, emission factor, heat rate, and 

total emissions are presented, including quantification of uncertainty in the inventory. 
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3.1 Modeling Results 

The cross correlation check among the capacity factor time series of all units showed 

that units within the same power plant are typically strongly correlated while typically very 

weak or almost no correlation exists between units from different power plants. Most units 

within the same power plant had correlations from approximately 0.4 to 0.86 while units at 

different plants typically had correlations of less than approximately 0.4.  An exception is 

that some of the units of the Buck plant had correlation values above 0.5 with units 1 and 2 of 

the Lee plant. Also, unit 3 of Cliffside had a correlation above 0.5 with 2 units of Dan River 

power plant. Table 1 presents the coefficient of correlation for the capacity factor and the 

total emissions for paired units that had values above 0.5. Correlated units at the same plant 

are modeled together according to the framework presented in Section 3.2.  

In order to fit models to correlated units, a sufficient time series of simultaneously 

recorded data have to be available for all included units. These data sets must be sufficient 

enough to adequately represent the mean, standard deviation and autocorrelation structure of 

each individual unit. In case of Buck and Cliffside power plants, although there was enough 

data to calculate the coefficient of correlation between paired units, there was not enough 

representative simultaneously recorded data for all correlated units within each power plant 

in order to fit the VAR model. For example, there were 382 simultaneous observations for 

units 3 and 4 of Cliffside power plant while only 173 simultaneous observations were 

available for the 5 units in the same power plant. Therefore, it was not possible to fit a VAR 

model in these cases.  Instead, the models developed by Abdel-Aziz and Frey (2003b) were 

used for these units.  The model previously fit for the single unit of Robinson power plant 
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using the independent assumption was also used since it was not correlated with any of the 

units in the modeling domain.  

The cross correlation of the total emissions of different units was checked since a 

main goal of this approach is to preserve this cross correlation. The correlation values of total 

emissions given in Table 1 are lower than the correlations of the capacity factor for all of the 

presented paired units except for units 2 and 3 of Buck and units 3 and 4 of Cliffside.  For 

example, the correlations between units 1 and 2 of Allen power plant are 0.79 and 0.62 for 

the capacity factor and total emissions respectively. 

The fitted time series models preserved the statistical properties of the original data 

sets. Table 2 presents a comparison of means and standard deviations of the observed versus 

simulated data.  The simulations are based upon 50 realizations from the model.  Each 

realization includes 120 hours.  The basis for these sample sizes is explained in Part 1. 

The mean capacity factor was estimated to within ±5 percent of the observed data for 

all units.  For most of the units, the error in the simulated mean was only +1% to +2.5%.  For 

6 units, the error was +4% to +5%, while for one unit the error was -3%.  The mean emission 

factor was estimated to within ±2% of the observed values except for units 3 and 4 of Allen 

power plant.  These units had +10% and -5% error.  The estimated mean heat rates were 

within approximately ±1% of observations for all units.  The mean of the total emissions was 

typically within 0 to 3 percent of the observed values except for 5 units that had differences 

ranging from +3% to +6% and a single unit that had a difference of +8%.  

The slight overestimation of the capacity factor mean, which in turn caused slight 

overestimation of the total emissions, is attributed to the fact that the simultaneously recorded 

observations used in fitting the multivariate model had higher means than was characteristic 
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of all observations for a given unit, irrespectively of whether simultaneous data were 

available for other units.  When comparing the simulated means of the capacity factor to 

those of the simultaneously recorded observations used to fit the models, the percent 

difference was ±3% for most units.  The slight overestimation compared to the entire data set 

was judged to be minor, and therefore the models were deemed to be sufficiently accurate 

with respect to the mean.   

When comparing the simulated and observed standard deviations, the range of 

differences among units was ±12.5% for the capacity factor, ±10% for the emission factor, 

and ±5% for the heat rate.  For the total emissions, the difference was ±15% for all units 

except for 1 unit that had a +25% difference. This comparison shows that the models 

estimated the means and the standard deviations of the observed data sets very well.  

The differences between the simulated and observed total emissions autocorrelations 

for lag 1 were within -6% to +3.5% among the units, and for lag two were within -17% to 

+5%.  Thus, the model did an adequate job in preserving the autocorrelations observed in the 

data. 

Figure 1 depicts the simulated versus observed inter-unit correlations for the capacity 

factor. The figure shows that the simulated capacity factor was overestimated in some cases 

and underestimated in others.  However, there is generally good agreement between the 

simulated and observed values for a wide range of values.  The percent difference between 

the simulated and observed inter-unit correlation values are given in Table 1 for both the 

capacity factor and the total emissions. For the capacity factor, the maximum absolute 

difference did not exceed 26% and was less than 20% for 13 of the 14 unit pairs considered.  
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For the total emissions, the absolute differences were typically on the order of 20 % and did 

not exceed 40%. 

With only 120 hours of simulation, such as might be needed to represent an air 

quality episode, the smallest statistically significant correlation that can be simulated is 

approximately 0.19.  All of the simulated correlations for both capacity factor and total 

emissions shown in Table 2 exceed this value and, therefore, are considered to be statistically 

significant.     

The range of errors in the simulated correlations of total emissions includes both 

positive and negative errors.  However, for 13 of the 14 unit pairs considered, the error was 

negative, implying that the inter-unit correlation of total emissions is somewhat 

underestimated.  In contrast, the distribution of errors in inter-unit correlation for the capacity 

factor appears to be approximately symmetric with respect to an error of zero.  For example, 

of the 14 unit pairs considered, eight have a positive error and six have a negative error.  

Therefore, it is likely that the apparent systematic underestimation of correlation in total 

emissions is attributable to the assumption that emission factors and heat rates are 

independent between units.  Even though the inter-unit correlation in total emissions is 

underestimated, the simulated correlations range from 0.27 to 0.53, versus observed values of 

0.33 to 0.62.  Thus, the simulated values represent weak or moderate inter-unit correlations 

and are statistically significant. 

Overall, the comparison of simulated results versus observations implies that the 

models successfully preserved the mean, standard deviation, and autocorrelation for each 

unit, and that a substantial portion of the inter-unit dependence is accounted for.   
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3.2 Quantification of Uncertainty 

As noted in Abdel-Aziz and Frey (2003b), the observed variability in historical data is 

a useful basis for estimating the possible and likely range of values for emissions in the near 

term.  Thus, the variability of the recent past is used as an indication of uncertainty in the 

near future, on either an hourly basis for an individual unit or on a total basis across all units 

for an entire episode.  For estimation of an episode longer into the future, such as based upon 

expected load growth and/or implementation of new control technologies, the average and 

standard deviations of the capacity factor and emission factor can be adjusted as described in 

Part 1, while retaining other statistical characteristics of the data, such as autocorrelation. 

Thus, the simulated 50 realizations of total emissions, with appropriate adjustments, are 

different possible realizations that could occur in the future.  

Figure 2 illustrates the different uncertainty ranges that exist for different hours of the 

day.  Accounting for dependence between units assures that values of emissions from a given 

unit are appropriately synchronized with values of other correlated units. Because the inter-

unit correlations are positive, the sum of daily emissions across dependent units will possess 

a wider range of uncertainty than if the units are simulated dependently. Figure 3 presents a 

comparison for the uncertainty at noon for all units of the Riverbend plant using the approach 

of Part 1 in which each unit is assumed to be independent versus the approach of this paper in 

which inter-unit dependence is accounted for. The 95% uncertainty range for the dependent 

approach is 0.54 to 1.68 t/hr while that for the independent approach is 0.84 to 1.49 t/hr.  

Thus, as expected, the range is wider for the dependent approach. 

Figure 4 depicts the uncertainty in total daily emissions for all units in the study 

domain using both the dependent and independent approaches. The 95% uncertainty range 
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obtained using the dependent approach is 497 to 705 t/d, which represents an uncertainty 

range of -15% to +20% of the average value.  By comparison, the range for the independent 

approach is 510 to 633 t/d, or approximately ±10 of the average value.  Thus, the dependent 

approach results in a wider range of estimated uncertainty.  

Table 3 presents a comparison of the uncertainty ranges for the daily emissions of 

each power plant obtained using both the independent and the dependent approaches. The 

uncertainty ranges obtained from the dependent approach simulations are wider than those of 

the independent simulations for all power plants, except for Dan River. For example, Allen 

power plant showed approximately a -35% to +25% uncertainty range for the dependent 

approach compared to a ±15 range for the independent approach. No results are presented in 

Table 3 for Buck, Cliffside or Robinson power plants since they were not modeled using the 

dependent approach for the reasons mentioned in Section 3.1.DanRiver power plant showed 

a correlation coefficient of 0.62 between units 1 and 2. Unit 3 showed very weak correlations 

with units 1 and 2 with values of 0.17 and 0.16, respectively. The sum of the means of total 

hourly emissions from units 1 and 2 is approximately equal to the mean of total hourly 

emissions from unit 3. Therefore, the effect of the correlation between units 1 and 2 is 

relatively minor and hence modeling the 3 units using the dependent approach did not show a 

wider range of uncertainty. 

Several parametric distributions, including the normal, lognormal, gamma, and 

Weibull, were fit to the simulated 50 values for the total daily emissions.  The fitted 

distribution provides a compact representation of the modeling results and allows for 

characterization of the tails. Figure 5 depicts the fitted lognormal distribution and 95% 

confidence bounds estimated using bootstrap simulation to characterize the uncertainty in the 



 

 139

fit (Frey and Bammi, 2002). It is clear that all data points lie within the 95% confidence 

bounds. The lognormal distribution was identified as a best fit since the 95% confidence 

bounds better enclosed most of the data points compared to the other candidate distributions.  

The maximum percent difference of the confidence bounds from any daily emission value in 

the distribution is approximately 3%. This percent difference is far less than the prediction 

error of air quality models. Thus, using only 50 simulations to characterize uncertainty will 

not introduce significant imprecision in air quality model predictions.   

In order to assess whether the VAR approach used here gives results that adequately 

represent the actual variability in emissions, a comparison of the simulated variability with 

original observations is necessary. This requires the estimation of the distribution of daily 

total emissions for the observed values. In order to calculate the daily total for different days 

of the year, simultaneously recorded data for all units must be available for each day. 

Unfortunately, not enough simultaneously recorded data for all units were available to allow 

for estimating such distribution. Therefore, this comparison was done for the two units of 

Belews Creek power plant that on average account for approximately 45% of the total daily 

emissions in the inventory. The observed data for these 2 units contained 191 worth of days 

where the data were simultaneously recorded for both units. Figure 6 presents the 

distributions obtained using both modeling approaches and that of the observed data for the 

total inventory from those 2 units.  The results obtained from the dependent approach 

represent the observed uncertainty in total daily emissions very well.  In particular, the 

simulated distribution for the dependent approach agrees almost exactly with the observed 

distribution for nearly all percentiles except for the lower tail.  In contrast, the simulated 

distribution for the independent approach substantially underestimates emissions in the upper 
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portion of the distribution.  Thus, the dependent approach yields a more accurate distribution 

than does the independent approach.   

Figure 7 presents the 95% uncertainty range in 2007 inventory using both approaches. 

The models used to obtain these results were fit to 1998 data since this is the most recent data 

available. As was done in Part 1 (Abdel-Aziz and Frey, 2003b), the emission and capacity 

factors were adjusted according to the expected control technologies and electricity loads in 

2007. The range of results for total daily emissions estimated based upon the dependent 

approach are wider than those based upon the independent approach. The uncertainty range 

for the dependent approach was -8% to +15% of the average value of 178 t/d, while the 

independent approach showed an uncertainty range of ±8% of the average value. 

 Two key questions of interest is how much of an effect would does uncertainty in 

utility NOx emissions have on the prediction of ambient ozone concentration in the selected 

modeling domain and is it necessary for purposes of predicting ambient ozone levels to use 

the dependent approach for estimating uncertainty in emissions instead of the simpler but less 

accurate independent approach.  These two questions will be answered in ongoing work 

based upon the foundation created here regarding quantification of uncertainty of hourly 

utility NOx emissions. 
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Figure 1. Observed Versus Simulated Correlation of Capacity Factor for the Year 1995 
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Figure 2. Diurnal Variation in Uncertainty of Total Emissions from All Units (1995) 
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Figure 3. Uncertainty in Hourly Emissions at 12 Noon for Riverbend Power Plant for 1995 
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Figure 4. Uncertainty in Daily Emissions for all Units in the Modeling Domain Using 

Dependent and Independent Approaches For 1995  
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Figure 5. Fitted Lognormal Distribution to the Simulated 1995 Total Daily Emissions with 

95% Confidence Intervals 
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Figure 6. Comparison of 1995 Daily Creek Power Plant Total Emissions Using Independent 

and Dependent Emissions Uncertainty Modeling Approaches and Observed Values 
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Figure 7. Comparison of Uncertainty in Estimated 2007 Daily Emissions for all Units in the 

Modeling Domain Using Dependent and Independent Approaches 
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Table 1. Observed and Simulated Inter-Unit Correlations of Capacity Factor and Total 
Emissions 

Capacity Factor Total Emissions 
Coefficient of Correlation Coefficient of Correlation 

Correlated Units 
 

Observed Simulated 

Absolute 
Percent 

Difference 
 

Observed Simulated 

Absolute 
Percent 

Difference 
A1 A2 0.79 0.81 2.5 0.62 0.45 -27.4 
A3 A4 0.53 0.54 1.9 0.34 0.29 -14.7 
A3 A5 0.54 0.40 -25.9 0.37 0.32 -13.5 
A4 A5 0.51 0.46 -9.8 0.51 0.32 -37.3 
B2 B3 0.53   0.55   
B4 B5 0.86   0.68   
Cl1 Cl2 0.70   0.52   
Cl1 Cl3 0.54   0.29   
Cl2 Cl3 0.52   0.33   
Cl3 Cl4 0.81   0.96   
D1 D2 0.75 0.82 9.3 0.62 0.53 -14.5 
L1 L2 0.81 0.82 1.2 0.49 0.44 -10.2 
M1 M2 0.55 0.65 18.2 0.48 0.33 -31.3 
M3 M4 0.60 0.68 13.3 0.46 0.37 -19.6 
Ri1 Ri2 0.61 0.65 6.6 0.33 0.40 21.2 
Ri1 Ri3 0.51 0.45 -11.8 0.35 0.27 -22.9 
Ri1 Ri4 0.52 0.46 -11.5 0.40 0.32 -20.0 
Ri2 Ri3 0.57 0.57 0.0 0.39 0.30 -23.1 
Ri2 Ri4 0.60 0.57 -5.0 0.41 0.39 -4.9 
Ri3 Ri4 0.78 0.67 -14.1 0.59 0.46 -22.0 
B3 Cl1 0.52   0.40   
B4 D3 0.53   0.33   
B4 L1 0.60   0.40   
B4 L2 0.62   0.29   
B5 L1 0.59   0.36   
B5 L2 0.60   0.26   
Cl3 D1 0.50   0.44   
Cl3 D2 0.52   0.14   
D3 L2 0.52   0.21   

*A=Allen, B=Buck, Cl=Cliffside, Cr=Creek, D=DanRiver, L=Lee, M=Marshall, Ri=Riverbend, Ro=Robinson. 
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Table 2.  Comparison of Simulated Versus Observed Mean and Standard Deviation for Capacity Factor, Emission Factor, Heat Rate, 
and Total Emissions, and of Lag 1 and 2 Autocorrelations for Total Emissions 

 
Unit 

CF 
Mean 
Obs. 

CF 
Mean 
Sim. 

CF 
S.D. 
Obs. 

CF 
S.D. 
Sim. 

EF 
Mean 
Obs. 

EF 
Mean 
Sim. 

EF 
S.D. 
Obs. 

EF 
S.D. 
Sim. 

HR 
Mean 
Obs. 

HR 
Mean 
Sim. 

HR 
S.D. 
Obs. 

HR 
S.D. 
Sim. 

TE 
Mean 
Obs. 

TE 
Mean 
Sim. 

TE 
S.D. 
Obs. 

TE 
S.D. 
Sim. 

TE 
AC-1 
Obs. 

TE 
AC-1 
Sim. 

TE 
AC-2 
Obs. 

TE 
AC-2 
Sim. 

Allen1 0.621 0.652 0.267 0.256 248 247 51 51 9.6 9.6 0.731 0.739 0.308 0.324 0.146 0.149 0.89 0.87 0.75 0.71 
Allen2 0.613 0.647 0.268 0.256 245 247 37 36 11.6 11.5 1.438 1.388 0.346 0.367 0.124 0.134 0.87 0.80 0.71 0.63 
Allen3 0.617 0.645 0.253 0.242 253 253 46 46 10.8 10.8 1.424 1.390 0.552 0.598 0.206 0.255 0.9 0.78 0.77 0.60 
Allen4 0.629 0.654 0.237 0.217 296 295 35 35 10.1 10.0 1.191 1.181 0.626 0.648 0.216 0.219 0.86 0.74 0.7 0.56 
Allen5 0.636 0.662 0.237 0.211 285 284 31 32 10.2 10.2 0.765 0.757 0.622 0.649 0.211 0.206 0.87 0.81 0.71 0.61 
Buck5 0.721  0.214  278  49  16.8  1.816 1.808 0.159  0.073  0.82  0.71  
Buck6 0.731  0.218  263  61  13.7  2.609 2.706 0.117  0.040  0.72  0.6  
Buck7 0.679  0.221  258  40  15.2  0.934 0.960 0.123  0.050  0.87  0.73  
Buck8 0.649  0.248  194  40  10.9  0.548 0.540 0.240  0.117  0.9  0.77  
Buck9 0.641  0.249  254  45  11.4  1.058 1.039 0.317  0.143  0.87  0.71  
Cliff1 0.765  0.268  258  53  15.9  2.009 2.022 0.135  0.033  0.55  0.4  
Cliff2 0.810  0.231  280  30  14.4  3.786 3.885 0.146  0.053  0.74  0.66  
Cliff3 0.789  0.234  257  39  14.4  1.324 1.300 0.219  0.076  0.66  0.44  
Cliff4 0.797  0.211  265  28  14.1  1.099 1.098 0.223  0.065  0.58  0.39  
Cliff5 0.806  0.201  239  61  11.1  1.824 1.801 1.466  0.648  0.87  0.73  
Creek1 0.758 0.767 0.199 0.189 568 572 63 62 10.0 10.0 0.534 0.521 6.01 6.13 1.87 1.77 0.94 0.91 0.84 0.79 
Creek2 0.728 0.706 0.210 0.217 568 563 48 48 10.3 10.3 0.294 0.291 5.94 5.73 1.95 1.98 0.94 0.92 0.83 0.79 
Dan1 0.626 0.642 0.214 0.224 232 233 24 24 13.0 13.0 0.980 1.000 0.159 0.164 0.047 0.054 0.81 0.84 0.63 0.66 
Dan2 0.612 0.627 0.205 0.209 223 222 36 34 13.2 13.2 0.766 0.762 0.154 0.159 0.055 0.062 0.83 0.87 0.65 0.72 
Dan3 0.608 0.627 0.221 0.214 237 235 51 49 13.0 13.0 0.726 0.717 0.328 0.335 0.081 0.093 0.89 0.85 0.77 0.68 
Lee1 0.607 0.618 0.219 0.213 298 298 46 42 11.4 11.5 0.961 0.957 0.252 0.258 0.071 0.077 0.84 0.77 0.68 0.61 
Lee2 0.609 0.617 0.223 0.218 271 270 35 33 12.3 12.3 1.160 1.149 0.246 0.249 0.062 0.070 0.81 0.80 0.66 0.64 
Lee3 0.642 0.653 0.239 0.246 290 291 36 36 11.3 11.3 1.191 1.201 0.425 0.432 0.134 0.149 0.86 0.84 0.71 0.67 

Marshall1 0.770 0.779 0.180 0.157 267 267 38 37 11.1 11.1 0.920 0.918 1.06 1.06 0.360 0.310 0.94 0.84 0.86 0.71 
Marshall2 0.781 0.800 0.195 0.175 261 264 33 32 11.4 11.4 1.106 1.112 1.07 1.10 0.351 0.321 0.92 0.78 0.79 0.61 
Marshall3 0.796 0.817 0.197 0.187 297 298 40 43 10.6 10.5 0.595 0.586 1.96 2.02 0.570 0.538 0.94 0.87 0.84 0.75 
Marshall4 0.781 0.794 0.200 0.187 302 297 37 38 10.7 10.7 0.694 0.691 1.95 1.95 0.499 0.470 0.92 0.81 0.82 0.65 

River1 0.663 0.669 0.241 0.225 190 191 35 32 11.4 11.4 0.586 0.579 0.186 0.194 0.070 0.075 0.86 0.85 0.67 0.61 
River2 0.616 0.624 0.229 0.21 205 209 53 47 12.5 12.5 0.658 0.644 0.208 0.216 0.101 0.095 0.79 0.86 0.67 0.70 
River3 0.603 0.631 0.244 0.247 246 247 43 44 13.4 13.4 0.844 0.852 0.304 0.319 0.119 0.133 0.91 0.86 0.78 0.70 
River4 0.628 0.646 0.259 0.257 273 271 56 54 12.8 12.7 1.176 1.170 0.318 0.328 0.132 0.146 0.9 0.83 0.77 0.63 

Robinson 0.618  0.205  294  82  11.6 11.6 0.656 0.655 0.437  0.077  0.87  0.74  
*CF = capacity factor (unitless), EF = emission Factor (g/GJ), HR = heat rate (kJ/kwh), TE = total emissions (t/hr), Sim. = simulated, Obs. = observed, S.D. = standard deviation, AC = autocorrelation. 
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Table 3.  Comparison of Uncertainty in 1995 Simulated Daily Emissions Using Dependent 
and Independent Approaches 

Dependent Approach Independent Approach 

Percent Range 
of Uncertainty 

Percent Range 
of Uncertainty 

Unit 
Mean 
(t/d) 2.5% 97.5% 

Mean 
(t/d) 2.5% 97.5% 

Allen 55.9 -34.3 24.4 55.5 -15.1 15.9 
Buck*    21.9 -20.0 15.7 
Cliff*    46.0 -27.8 31.3 
Creek 260.8 -28.9 27.6 254.5 -28.1 18.6 
Dan 14.5 -17.4 15.7 14.1 -18.3 19.8 
Lee 20.7 -26.8 19.9 20.2 -15.6 15.1 

Marshall 134.2 -28.2 21.8 140.0 -19.0 18.5 
River 23.2 -28.7 36.8 22.8 -17.7 24.2 

Robinson*    9.8 -29.4 25.8 
Total 586.8 -15.2 20.3 575.9 -11.4 9.9 

* Buck and Cliffside power plants were not modeled using the dependent approach due to 
lack of data. Robinson power plant has only 1 unit. 
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Figure S-1. Percent Difference in Means of Emission Factor 
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Figure S-2. Percent Difference in Means of Capacity Factor 
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Figure S-3. Percent Difference in Means of Total Emissions 
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Figure S-4. Percent Difference in Standard Deviations of Emission Factor 
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Figure S-5. Percent Difference in Standard Deviations of Capacity Factor 
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Figure S-6. Percent Difference in Standard Deviations of Total Emissions 
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Table S-1. Cross Correlation Check of Observed Capacity Factor Time Series 
Unit A1 A2 A3 A4 A5 B1 B2 B3 B4 B5 Cl1 Cl2 Cl3 Cl4 Cl5 Cr1 Cr2 
A1 1 0.79 .43* .18* 0.38 0.003 -0.085 -.0038 0.18 0.17 -0.006 0.0079 0.102 0.025 0.056 0.0045 -0.021 
A2  1 .42* .18* 0.33 0.014 -0.073 -0.015 0.22 0.20 -.0064 0.036 0.09 0.051 0.046 -.0049 -0.027 
A3   1 0.53* 0.54* 0.0068 0.019 0.024 0.116 0.092 0.068 0.088 0.099 0.12 0.099 0.068 0.040 
A4    1 0.51* 0.054 0.087 0.062 0.101 0.089 0.13 0.14 0.14* 0.08 0.106 0.029 0.078 
A5     1 -0.031 -0.057 0.041 0.034 0.023 -0.104 -0.12 -0.032 -0.046 0.097 0.063 0.033 
B1      1 0.42 0.46 0.22 0.22 0.38 0.33 0.23 0.22 -0.002 0.003 -0.023 
B2       1 0.52* 0.15 0.18 .32* 0.25 0.26* 0.23* 0.024 -.0060 -0.028 
B3        1 0.28 0.3 0.52 0.38 0.38 0.35 0.015 -0.040 -0.025 
B4         1 0.86 0.17 0.32 0.44 0.44 0.008 -0.025 -0.034 
B5          1 0.22 0.29 0.47 0.44 0.026 -0.020 -0.035 
Cl1           1 0.70 0.54 0.46 0.020 -0.031 -0.046 
Cl2            1 0.52 0.46 0.030 -0.037 -0.050 
Cl3             1 0.81 0.0040 -0.020 -0.016 
Cl4              1 0.0040 -0.038 -0.025 
Cl5               1 0.075 0.060 
Cr1                1 0.41 
Cr2                1 
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Table S-1. (Continued) 
Unit D1 D2 D3 L1 L2 L3 M1 M2 M3 M4 Ri1 Ri2 Ri3 Ri4 Ro 
A1 0.065 0.086 0.21 0.17 0.15 0.32 0.092 0.114 0.066 0.056 0.22 0.20 0.26 0.28 0.074 
A2 0.062 0.079 0.25 0.20 0.20 0.35 0.072 0.083 0.048 0.037 0.21 0.25 0.27 0.29 0.068 
A3 0.031 0.009 0.11 0.089 0.090 0.33* 0.074 0.112 0.10 0.086 0.11 0.12 .26* .25* 0.074 
A4 0.041 0.010 0.058 0.092 0.070 0.054 0.068 0.060 0.070 0.053 0.095 0.082 0.090 0.071 -0.023 
A5 -0.0040 -0.034 0.12 0.053 0.085 0.26 0.17 0.206 0.16 0.13 0.12 0.15 0.21 0.24 0.098 
B1 0.22 0.18 0.033 0.21 0.20 0.026 0.014 0.010 0.0060 -.00080 0.074 0.11 0.12* 0.14* 0.03 
B2 0.32* .35* 0.12 0.20* 0.21* 0.045 -0.019 -0.022 -0.022 -0.014 -0.0080 0.060 0.075 0.04 0.011 
B3 0.46 0.48 0.13* 0.28 0.28 0.070 -0.026 -0.028 -0.014 -0.0098 0.085 0.093 0.034 0.12* 0.029 
B4 0.44 0.40 0.53 0.60 0.62 0.39 -0.0090 -0.0030 -0.035 -0.024 0.39 0.39 0.35 0.34 0.04 
B5 0.43 0.42 0.49 0.59 0.60 0.38 -0.0040 0.0010 -0.027 -0.016 0.37 0.37 0.34 0.32 0.04 
Cl1 0.39 0.42 0.060 0.28 0.28 0.035 -0.010 -0.011 -0.017 -0.017 0.057 0.045 0.037 -0.0090 0.057 
Cl2 0.41 0.43 0.16 0.34 0.35 0.14 -0.040 -0.040 -0.0060 -0.0040 0.17 0.18 0.13 0.18* 0.08* 
Cl3 0.50 0.52 0.25 0.45 0.44 0.22 -0.0090 -0.017 -0.034 -0.034 0.28 0.18 .18* 0.18* 0.11* 
Cl4 0.48 0.48 0.28 0.43 0.39 0.17 -0.037 -0.024 -0.042 -0.048 0.20 0.17 .18* 0.20* -0.003 
Cl5 -0.028 -0.033 0.034 0.037 0.042 0.015 0.080 0.080 0.10 0.070 0.032 0.010 0.022 0.042 0.036 
Cr1 -0.045 -0.020 -0.030 -0.028 -0.040 -0.0090 0.27 0.22 0.34 0.32 -0.0050 -0.025 -0.048 -0.047 0.118 
Cr2 -0.034 -0.016 -0.013 0.0010 -0.033 -0.054 0.21 0.18 0.24 0.26 -0.040 -0.0070 -0.040 -0.032 0.12 
D1 1 0.75 0.29 0.44 0.43 0.28 -0.012 -0.0080 -0.014 -0.010 0.21 0.21 0.22* 0.23* -0.0006 
D2   1 0.31 0.48 0.46 0.21 -0.0060 -0.0014 0.0024 0.019 0.25 0.24 0.26* 0.26* -0.0012 
D3     1 0.49 0.52 0.47 0.030 0.020 0.016 -0.010 0.37 0.41 0.43 0.44 0.050 
L1    1 0.81 0.38 0.0050 -0.0078 -0.018 -0.014 0.32 0.40 0.32 0.33 0.025 
L2      1 0.43 -0.012 0.0050 -0.020 -0.010 0.30 0.40 0.32 0.33 0.065 
L3        1 0.032 0.022 0.0080 -0.011 0.32 0.35 0.42 0.41 0.042 
M1       1 0.55 0.43 0.36 0.049 -0.018 -0.00060 0.024 0.085 
M2         1 0.44 0.38 0.047 0.0080 -0.0060 0.026 0.074 
M3           1 0.60 0.00090 -0.014 -0.0080 0.046 0.10 
M4             1 0.024 -0.024 -0.0060 -0.012 0.106 
Ri1           1 0.61 0.51 0.52 0.050 
Ri2             1 0.57 0.60 0.050 
Ri3               1 0.78 0.062 
Ri4                 1 0.03 
Ro               1 

* Correlation with time lags other than 0. 
- A=Allen, B=Buck, Cl=Cliffside, Cr=Creek, D=DanRiver, L=Lee, M=Marshall, Ri=Riverbend, Ro=Robinson. 
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Table S-2. Cross Correlation Check of Observed Total Emissions Time Series 
Unit A1 A2 A3 A4 A5 B1 B2 B3 B4 B5 Cl1 Cl2 Cl3 Cl4 Cl5 Cr1 Cr2 
A1 1 0.62 0.32* 0.16* 0.28 0.03 0.00 0.03 0.16 0.19 -0.01 0.04 0.07 0.04 0.05 0.06 0.02 
A2   1 0.32* 0.16* 0.25 0.03 0.032 0.00 0.18 0.15 0.025 0.11 0.06 0..01 0.03 0.05 0.05 
A3     1 0.34* 0.37* 0.05 0.06 0.06 0.12 0.08 0.05 0.04 0.08 0.06 0.10 0.09 0.08 
A4       1 0.51* 0.07 0.02 0.13 0.08 0.09 0.13 0.14 -0.17* 0.11 0.10 0.06 0.08 
A5         1 0.00 -0.02 -0.01 0.06 0.04 -0.05 -0.03 0.10 0.09 0.10 0.12 0.09 
B1      1  0.24 0.39  0.24  0.20  0.30 0.25 0.05 0.05 -0.03 0.03 -.02 
B2        1  0.55* 0.18  0.22  0.22* 0.22 0.04 0.03 -0.05 0.06 -0.01 
B3          1 0.26  0.27  0.40 0.36 0.33 0.26 0.04 0.02 -0.02 
B4            1  0.68 0.18 0.31 0.06 0.07 0.05 0.03 0.00 
B5              1 0.21 0.31 0.02 0.08 0.10 0.02 0.02 
Cl1           1 0.52  0.29  0.29  0.045  0.02 0.00 
Cl2             1  0.33 0.28  0.28  0.01 0.02 
Cl3               1  0.96 -.045  0.04 0.10 
Cl4                 1  0.016 0.01 0.04 
Cl5                   1 0.12 0.14 
Cr1                1 0.35 
Cr2                  1 
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Table S-2. (Continued) 
Unit D1 D2 D3 L1 L2 L3 M1 M2 M3 M4 Ri1 Ri2 Ri3 Ri4 Ro 
A1 0.13 0.09 0.15 0.12 0.11 0.22 0.09 0.09 0.10 0.09 0.21 0.13 0.24 0.24 0.04 
A2 0.11 0.09 0.13 0.11 0.12 0.24 0.09 0.07 0.11 0.09 0.18 0.14 0.24 0.26 0.06 
A3 0.09 0.05 0.10 0.07 0.04 0.29* 0.10 0.09 0.10 0.10 0.10 0.06 0.26* 0.23* 0.04 
A4 0.08 0.04 0.035 0.12 0.08 0.05 0.05 0.05 0.07 0.06 0.05 0.03 0.07 0.05 0.03 
A5 0.03 0.00 0.09 0.04 0.08 0.22 0.16 0.19 0.19 0.18 0.09 0.09 0.19 0.22 0.07 
B1 0.21 0.20 0.09 0.17 0.13 0.01 0.01 -0.02 0.03 0.00 0.12 0.08 0.12* 0.11* 0.00 
B2 0.32* 0.37* 0.05 0.23* 0.18* 0.09 0.00 0.00 0.02 0.04 0.03 0.08 0.06 0.07 0.00 
B3 0.40 0.45 0.18* 0.27 0.18 0.05 0.00 0.02 0.04 0.03 0.11 0.08 0.04 0.14* 0.03 
B4 0.35 0.36 0.33 0.40 0.29 0.19 0.03 0.01 0.02 0.06 0.34 0.22 0.26 0.24 0.04 
B5 0.35 0.34 0.29 0.36 0.26 0.17 0.02 0.02 0.04 0.09 0.33 0.18 0.27 0.23 0.05 
Cl1 0.30 0.31 0.11 0.27 0.17 0.06 0.03 0.03 0.05 0.07 0.06 0.11 0.04 0.03 0.05 
Cl2 0.33 0.37 0.11 0.29 0.22 0.10 -0.05 -0.07 -0.03 0.04 0.16 0.20 0.07 0.12* 0.06* 
Cl3 0.44 0.14 0.07 0.13 0.10 0.04 0.02 0.04 0.00 0.01 0.10 0.11 0.10* 0.11* 0.11* 
Cl4 0.39 0.08 0.00 0.07 0.04 0.01 -0.03 0.00 -0.02 -0.01 0.05 0.11 0.07* 0.06* 0.04 
Cl5 -0.02 -0.04 0.03 0.016 0.016 0.01 0.12 0.14 0.09 0.10 0.06 0.03 0.06 0.06 0.05 
Cr1 -0.01 0.02 0.02 0.00 0.02 0.01 0.25 0.22 0.22 0.19 -0.01 -0.05 0.01 0.02 0.1 
Cr2 -0.03 -0.01 0.01 0.02 0.00 -0.02 0.17 0.17 0.11 0.16 -0.04 -0.01 -0.01 0.01 0.08 
D1 1 0.62 0.17 0.31 0.16 0.19 0.00 -0.01 0.03 0.03 0.17 0.16 0.15* 0.16* 0.03 
D2   1 0.16 0.37 0.27 0.14 0.01 0.02 0.02 0.04 0.24 0.21 0.20* 0.23* 0.03 
D3     1 0.26 0.21 0.21 0.06 0.05 0.06 0.08 0.31 0.16 0.28 0.26 0.04 
L1    1 0.50 0.19 0.04 0.01 0.01 -0.01 0.26 0.13 0.20 0.21 0.08 
L2      1 0.23 0.07 0.06 0.05 0.07 0.20 0.17 0.20 0.22 0.07 
L3        1 0.09 0.07 0.08 0.07 0.18 0.12 0.29 0.29 0.01 
M1       1 0.48 0.34 0.28 0.02 -0.01 0.04 0.05 0.06 
M2         1 0.31 0.31 0.01 -0.01 0.01 0.03 0.05 
M3           1 0.46 -0.02 -0.05 0.06 0.07 0.07 
M4             1 0.06 0.03 0.06 0.07 0.06 
Ri1           1 0.33 0.35 0.40 0.01 
Ri2             1 0.39 0.41 0.07 
Ri3               1 0.59 0.07 
Ri4                 1 0.06 
Ro               1 

* Correlation with time lags other than 0. 
- A=Allen, B=Buck, Cl=Cliffside, Cr=Creek, D=DanRiver, L=Lee, M=Marshall, Ri=Riverbend, Ro=Robinson. 
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Table S-3. Simulated Capacity Factor Correlation Matrix 
Unit A1 A2 A3 A4 A5 B1 B2 B3 B4 B5 Cl1 Cl2 Cl3 Cl4 Cl5 Cr1 Cr2 
A1 1 0.81                   
A2   1                   
A3     1 0.54* 0.40*             
A4       1 0.46*             
A5         1             
B1                  
B2                  
B3                  
B4                  
B5                  
Cl1                  
Cl2                  
Cl3                  
Cl4                  
Cl5                  
Cr1                1 0.53 
Cr2                  1 

Table S-3. (Continued) 
Unit D1 D2 D3 L1 L2 L3 M1 M2 M3 M4 Ri1 Ri2 Ri3 Ri4 Ro 
D1 1 0.82 0.31             
D2   1 0.33             
D3     1             
L1    1 0.82 0.50          
L2      1 0.53          
L3        1          
M1       1 0.65 0.56 0.53      
M2         1 0.59 0.54      
M3           1 0.68      
M4             1      
Ri1           1 0.65 0.45 0.46  
Ri2             1 0.57 0.57  
Ri3               1 0.67  
Ri4                 1  
Ro               1 

* Correlation with time lags other than 0. 
- A=Allen, B=Buck, Cl=Cliffside, Cr=Creek, D=DanRiver, L=Lee, M=Marshall, Ri=Riverbend, Ro=Robinson. 
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Table S-4. Simulated Total Emissions Correlation Matrix 
Unit A1 A2 A3 A4 A5 B1 B2 B3 B4 B5 Cl1 Cl2 Cl3 Cl4 Cl5 Cr1 Cr2 
A1 1 0.45                
A2  1                
A3   1 0.29* 0.32*             
A4    1 0.32*             
A5     1             
B1                  
B2                  
B3                  
B4                  
B5                  
Cl1                  
Cl2                  
Cl3                  
Cl4                  
Cl5                  
Cr1                1 0.39 
Cr2                 1 

Table S-4. (Continued) 
Unit D1 D2 D3 L1 L2 L3 M1 M2 M3 M4 Ri1 Ri2 Ri3 Ri4 Ro 
D1 1 0.53 0.15             
D2  1 0.15             
D3   1             
L1    1 0.44 0.28          
L2     1 0.27          
L3      1          
M1       1 0.33 0.30 0.23      
M2        1 0.30 0.26      
M3         1 0.37      
M4          1      
Ri1           1 0.40 0.27 0.32  
Ri2            1 0.3 0.39  
Ri3             1 0.46  
Ri4              1  
Ro               1 

* Correlation with time lags other than 0. 
- A=Allen, B=Buck, Cl=Cliffside, Cr=Creek, D=DanRiver, L=Lee, M=Marshall, Ri=Riverbend, Ro=Robinson. 
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Abstract. One of the major hypothesized sources of uncertainties in air quality model 

inputs is the emission inventory. This paper investigates the propagation of uncertainty in 

ozone predictions due to uncertainties in NOx emissions from power plants. A probabilistic 

NOx emission inventory for each of 32 units of 9 coal-fired power plants in the Charlotte 

domain for the year 1995 was propagated through the Multiscale Air Quality Simulation 

Platform (MAQSIP). The probabilistic inventory was developed using time series techniques 

where 50 different time series realizations representing the range of uncertainty in emissions 

were used to conduct 50 air quality model simulations. Uncertainties in the maximum hourly 

ozone concentration were estimated for all grid cells in the modeling domain. These 

uncertainties were used to identify hot spots in the modeling domain which have a high 

probability of exceeding the 1 hour and 8 hour standards for ozone. These results are useful 

when applied to a near-term future episode where there is no expected change in power 

plants NOx emissions. The results showed that there are 43 grid cells having a probability 

greater than 0.9 that the maximum hourly ozone concentration exceeds 120 ppb. These 

results can be used in developing control strategies to achieve attainment with an acceptable 

degree of confidence, such as 90 or 95 percent.   

1.0 Introduction 

Air quality models are used to predict ambient ozone concentrations and simulate 

alternative scenarios for the purpose of setting control strategies (Seinfeld, 1988).  Rowe 

(1999) emphasized that understanding of uncertainties is a prerequisite for better decision 

making and recommended the use of range/confidence estimates to describe knowledge 

about uncertain situations. Sources of uncertainties in predicted ozone concentrations include 

uncertainties in chemical mechanisms, meteorological inputs and emission inventories 
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among which deficiencies in emission inputs have been identified as a major source of error 

in ozone predictions (Placet et. al, 1999).  Thus, there is a need for work focused on 

development of rigorous methods for quantifying uncertainty in the emissions inventory and 

propagating these uncertainties through air quality models. 

Hanna et al. (1998) used expert elicitation or judgment to estimate uncertainties in 

109 inputs to the Urban Air Shed Model (UAM-IV), and used Monte Carlo simulation to 

quantify uncertainty in ozone predictions for a New York City 230 km by 290 km domain for 

the 6-8 July 1998 episode.  There are �uncertainties� in the uncertainty estimates since 

observations over a wide range of conditions were lacking.  They recommended more work 

to better estimate the uncertainty. They also recommended that correlations greater than 0.5 

among inputs should be accounted for in the Monte Carlo resampling.  Hanna et al. (2001) 

employed a similar approach for the eastern U.S. domain of the Ozone Transport Assessment 

Group (OTAG) using UAM-V. They elicited expert judgment to specify distributions for 128 

inputs. Bergin et al. (1999) used Monte Carlo simulation with Latin hypercube sampling to 

propagate uncertainties in 51 model inputs through the California/Carnegie Institute of 

Technology air quality model.  Moore and Londergan (2001) applied a Monte Carlo 

approach to quantify uncertainties in ozone predictions. They focused on quantifying the 

uncertainty in concentration difference between a base and a control scenario. Uncertainties 

in 168 inputs were accounted for using normal and lognormal distributions based on expert 

judgement.  Correlation was accounted for between: (1) temperature and VOC emissions; 

and (2) temperature and chemical rate coefficients. Autocorrelation was accounted for in 

some meteorological inputs using time series autoregressive models. They concluded that 



 

 161

including time-dependent uncertainty had significant effects on the results and recommended 

the use of more realistic uncertainty models to characterize input uncertainty.   

This paper aims at addressing the limitations acknowledged by researchers in 

previous studies.  The focus here is to evaluate the significance of uncertainty in emissions 

with respect to uncertainty in predicting ozone levels.  A statistical-based approach was used 

to quantify uncertainty in the utility NOx emission inventory for 32 power plant units for a 

specific modeling domain (Abdel-Aziz and Frey, 2003a&b). This approach is data-driven 

and accounts for autocorrelation in hourly emissions, intra-unit dependence between 

emission and activity factors and inter-unit dependence among emissions from correlated 

units. Key questions answered by this paper are: (1) what is the uncertainty in ozone 

predictions solely attributable to uncertainty in utility NOx emissions?; (2) Can uncertainties 

in maximum ozone levels be attributed to specific power plant units?; (3) how likely is it that 

National Ambient Air Quality Standards (NAAQS) will be exceeded?; and (4) how important 

is it to account for inter-unit correlation in emission uncertainties?    

2.0 Methodology 

In this section the modeling domain is defined and the air quality model used is 

specified. The methodology employed in quantifying uncertainties in hourly NOx emissions 

and propagation them through the air quality model are presented. 

2.1 Modeling Domain 

The study focused on a modeling domain for Charlotte, North Carolina using a 4-km 

grid. A 4-day episode was modeled starting from 12 noon (GMT) on July 12, 1995 and 

ending at 12 noon (GMT) on July 16, 1995. The meteorological inputs were generated using 

the Pennsylvania State/National Center for Atmospheric Research mesoscale model (MM5). 
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Emissions data for mobile, area, biogenic and point sources (excluding power plants) were 

obtained from the North Carolina Department of Environmental and Natural Resources (NC 

DENR). A probabilistic emission inventory was used for the power plants as discussed in 

section 2.3.     

2.2 Air Quality Model  

The Multiscale Air Quality Simulation Platform (MAQSIP) was used. Data that are 

required for model input are emission data, meteorological data, domain grid, and initial and 

boundary conditions files. The Sparse Matrix Operator Kernel Emissions (SMOKE) 

modeling system was used to process the emissions of all source categories to prepare model-

ready emissions files required by MAQSIP.  

2.3 Probabilistic Emission Inventory for Power Plant NOx Emissions 

A probabilistic emission inventory was prepared for the hourly NOx emissions for 32 

units representing 9 power plants in the modeling domain using time series techniques. The 

emission inventory was developed employing two approaches based upon 1995 data. In the 

first approach, each unit was treated as \ statistically independent using stochastic univariate 

time series models for the emission and activity factors (Abdel-Aziz and Frey, 2003a). The 

second approach accounted for the correlation among units using multivariate vector 

autoregressive time series models (Abdel-Aziz and Frey, 2003b). This was done in order to 

compare the results of both approaches and evaluate their effect on ambient ozone 

concentration uncertainty. Both approaches preserve autocorrelation in the total hourly 

emissions and the intra-unit dependence among activity and emission factors. The second 

approach has the advantage of preserving inter-unit dependence. The probabilistic daily 

inventories obtained using both approaches are presented in Figure 1. Because the 
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correlations between units were positive, as expected the uncertainty range obtained using 

the second approach was wider than that obtained using the first approach. Furthermore, each 

hour of the day had a different range of uncertainty due to the inherent diurnal variation in 

emissions.  

 Monte Carlo simulation was employed in the process of developing the inventory. 

Simple random sampling was used in generating the error terms that were added to the time 

series model deterministic components. The advantage of using Monte Carlo simulation is 

the capability to estimate uncertainties in model outputs with only 50 to 100 model 

simulations and to use standard statistical tests to estimate confidence intervals (Hanna et al., 

1998).  The precision of the estimates for any given percentile of the distribution of 

emissions was found to be approximately plus or minus three percent (Abdel-Aziz and Frey, 

2003a&b), which is sufficient for air quality modeling purposes.  Thus, the precision of the 

estimate of uncertainty in emissions is greater than the precision of air quality model 

predictions, which is often judged to be in a range of plus or minus 10 percent to a factor of 

two or more (EPA, 1999).  Therefore, there is little benefit to using larger sample sizes for 

the Monte Carlo simulation. 

The fitted time series models were used to generate 50 possible realizations for the 

total hourly emissions during the 4 day episode. This was done using a SAS program 

specially coded for this purpose. A larger number of iterations was impractical because of the 

long run time of the air quality model.  A visual basic program was developed in Microsoft 

Excel to convert the output of the SAS program to the continuous emissions monitoring 

(CEM) hour-specific format required by SMOKE.  Each realization for each unit is an 

autocorrelated time series of 96 values representing each hour of the episode.  The simulated 
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time series is not statistically different from the observed time series that were used to fit the 

models.  

2.4 Uncertainties in Predicted Ozone Concentrations 

In order to characterize uncertainty in emissions, 50 random time series were 

simulated for each of the 32 units.  Thus, for any given hour, there are 50 alternative possible 

values of emissions for any given unit.  Air quality model predictions were made for each of 

the 50 realizations, to arrive at 50 possible values of ozone concentration for each grid cell 

and for each time step of the simulation.  The distribution of the ozone concentration at any 

given time and location represents uncertainty for a near-term future episode that is a 

randomized version of recent historical data. This is based on the assumption that emission 

control technologies and electricity demand are not substantially changed for this near-term 

future.  The maximum ozone level can be identified for each of the 50 realizations.  

Furthermore, the frequency with which the ozone level exceeds an applicable standard can be 

estimated.  

The current (as of this writing) federal NAAQS for ozone are based on an hourly 

average ozone level of 0.12 ppm. A  Metropolitan Statistical Area (MDEQ, 2002) is 

designated as non-attainment if the anuual average number of exceedances of the daily 

maximum hourly ozone concentration in the past 3 years is greater than 1. Exceedences may 

occur in only a few grid cells and potentially might be influenced by only a subset of 

emission sources within a domain.  The domain includes three MSAs: (1) Charlotte; (2) 

Greensboro; (3) Hickory. 

The location of impact of power plant emissions is identified by correlating the 

uncertainties in emissions for several time steps with uncertainties in ozone predicted 
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concentrations, taking into account the plume transport time from the power plant to the 

location of high ozone values.  Moreover, regression analysis is used to quantify the effect of 

uncertainty in emissions of specific units on uncertainty in maximum ozone hourly 

predictions at specific grid cells. As a quality assurance check, the autocorrelation structure 

of the predicted ambient ozone concentrations was investigated using the ARIMA procedure 

in SAS and compared to that of the monitored concentrations at specific grid cells containing 

monitoring stations. 

3.0 Results and Discussion 

This section presents the results obtained from the modeling exercise and a discussion 

of the uncertainties in predicted ozone concentration due to uncertainties in NOx emissions 

from power plants. 

3.1 Uncertainties in NOx Emissions  

Power plants are the major source of NOx emissions in the modeling domain and 

contribute approximately 50% of the total NOx emissions. Uncertainties in other source 

categories are being addressed as part of other ongoing work.  Figure 2 shows an example 

realization for the time series of NOx emissions of the Belews Creek plant at grid cell (55, 

50) and the Robinson plant at grid cell (3, 54). On average, these two plants contribute 45% 

and 1.7%, respectively, to the domain total utility NOx emissions.  These two plants 

contribute 99.95% and 98.8%, respectively of the NOx emissions in their respective grid 

cells. Thus the time series of total NOx emissions from the grid cell resembles that of the 

emissions from the power plant alone. These results were typical for all grid cells containing 

power plants. The results are in agreement with those obtained by Chang et al. (1996) who 

investigated the variability in daily NOx emissions from point sources in the Atlanta 
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metropolitan region. They concluded that NOx emissions from power plants, which 

contributed to approximately 90% of total point source NOx emissions, were responsible for 

the day-to-day variability in emissions. These results imply that power plants are the most 

important emission source for grid cells containing them. Hence accounting for uncertainties 

in this category will capture most of the uncertainty in total NOx emissions from these grid 

cells. 

3.2 Uncertainties in Ozone Time Series 

The focus of this discussion is on layer 1, since this is typically the layer of interest 

with regard to human exposure. An example air quality output is shown in Figure 3 in the 

form of 50 random time series for ambient ozone concentrations for grid cell (26, 23) based 

on the assumption of statistically independent emissions of each power plant unit. The figure 

shows daily variation in ozone and that the range of uncertainty varies by hour.  The last 9 

hours of the episode, which represent situations in which ozone levels are declining or are 

low, were ignored in order to cut down the time for running each realization in the air quality 

model and therefore, only 87 time steps are shown in Figure 3.  The maximum hourly 

concentration varies from one realization to the other in terms of magnitude and timing.  The 

50 different values for the maximum hourly concentration at each grid cell characterize the 

uncertainty in the maximum hourly concentration at each specific grid cell.  

Figure 4 shows 50 predicted ozone time series based upon accounting for inter-unit 

dependence for the same grid cell as that of Figure 3.  Compared to the results in Figure 3, 

the uncertainty ranges for different hours of the episode are greater.  For example, for hour 

56, the range of ozone values was from 100 to 112 ppb based upon statistically independent 
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units versus 98 to 114 ppb when inter-unit dependence was accounted for.  The absolute 

range of uncertainty in predicted ozone levels tends to be greater during the daytime peaks.   

3.3 Identification of Key Sources of Uncertainty in Ozone Levels 

An analysis was conducted to determine whether the uncertainty in ozone predictions 

at specific grid cells could be attributed to uncertainty in the emissions of specific power 

plants. The effective stack heights for all power plants are greater than the 38 m height of 

layer 1. Stack heights for all power plants and their average mean daily emissions are 

presented in Table 1. The impact of plant emissions on ambient ozone levels in layer 1 is 

likely to occur at some distance from the plant. For example, the ozone concentrations at cell 

(56, 57) were compared with the emissions from the Belews Creek plant located 28 km 

upwind. The approximate transport time for the Belews Creek plume to reach cell (56, 57) 

was calculated based on the wind speed for each of the 24 hours prior to the maximum 

concentration occurrence based upon data in Figure 5. The 4 hours that preceded the hour of 

maximum ambient ozone concentrations were estimated typically to have the most impact on 

the concentration at cell (56, 57). For example, the 4 hours prior to the hour of maximum 

concentration showed a wind direction between 76o and 80o and wind speed between 1 and 5 

m/s. The location of cell (56, 57) is approximately 80o from north relative to the power plant. 

The total emissions for these 4 hours had a correlation of 0.87 with the ozone concentration 

at cell (56, 57). Figure 6 shows the uncertainty in ozone concentration versus the uncertainty 

in emissions in the form of a scatter plot.  The plot shows a strong dependence between the 

two.   

A similar analysis was conducted for cell (42, 43), for which the ozone levels had a 

correlation of 0.61 with emissions from the Marshall power plant. Cell (42, 43) is located at 
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an approximate distance of 54 km from the Marshall plant. Belews Creek and Marshall 

plants contribute approximately 45% and 20%, respectively, of the utility NOx inventory in 

the modeling domain.  Figure 7 presents the empirical cumulative density functions for 

maximum hourly ozone concentrations at grid cells (56, 57) and (42, 43).   Results of the 

analysis for these two cells are summarized in Table 2.  Correlation coefficients of less than 

approximately 0.3 are not statistically significant.  Therefore, the range of uncertainty in cell 

(56,57) is solely attributable to uncertainty in emissions for Belews Creek, and similarly the 

range of uncertainty in ozone levels for cell (42,43) is solely attributable to emissions for 

Marshall.   

3.4 Highest Ranges of Uncertainty for Maximum Hourly Concentration 

The maximum hourly concentration that occurred during the entire episode for each 

realization and each grid cell was recorded and are depicted in Figure 8 for both the 

independent and dependent cases. In both cases, there are grid cells where the maximum 

hourly concentration exceeds 120 ppb.  The dependent case typically produced larger 

maximum values for many grid cells, with differences of up to 7 ppb compared to the 

independent case.  The ranges of uncertainty of the maximum hourly concentration at each 

grid cell were calculated for the domain.  Figure 9(a) depicts the ranges of uncertainties for 

ozone concentrations for the dependent case.  Figure 9(b) depicts the difference in ranges 

from the 2 cases.  The dependent approach showed wider ranges of uncertainties for most 

grid cells due to the wider range of uncertainties in emissions.  The highest ranges occur in 

regions associated with the local impact of the power plants that contribute most to the 

inventory.  For example, the grid cells in the area north east of Belews Creek, which is the 

dominant wind direction for several hours preceding the maximum hourly concentration 
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occurrence in this area, had predicted uncertainty ranges of between 20 to 25 ppb.  Similarly, 

grid cells in areas north east of Marshall had uncertainty ranges of 9 to 14 ppb.  The 

dependent approach produced uncertainty ranges as much as 10 ppb wider than that of the 

independent approach. 

These ranges of uncertainty in ozone concentrations solely attributable to utility NOx 

emissions are reasonable when compared to other studies.  For example, sensitivity analysis 

for the community Multiscale Scale Air Quality Model (CMAQ), a similar model to 

MAQSIP, conducted by Cohan set al. (2002) showed a maximum difference of 16 ppb in 

ozone concentration in response to a 40% change in Southeast United States domain wide 

NOx emissions.  

3.5 Importance of Inter-Unit Dependence 

Results given in Figures 1, 3, 4, 7,  8 and 9 show that the range of estimated 

uncertainty in both emissions and predicted ozone levels is larger when inter-unit correlation 

is accounted for.  To further evaluate the importance of accounting for inter-unit correlation, 

four grid cells were selected to compare uncertainty in maximum hourly ozone 

concentrations using both the independent and dependent approaches as shown in Figure 10.  

The uncertainty ranges obtained based on the dependent approach are wider than those of the 

independent approach.  For example, the 95 % probability range for cell (26,33) was 12 ppb 

for the dependent approach and only 7 ppb for the independent approach.  In Figure 10, the 

dependent approach typically leads to a longer upper tail of the distribution of ozone values, 

while results for the lower tail were similar to that of the independent approach.  In contrast, 

however, Figure 7 shows that for grid cells that have comparatively high maximum ozone 

levels with respect to those in Figure 10, the upper tail of the distributions can be similar for 
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both the dependent and independent approaches, with more pronounced differences in the 

lower tail. 

3.6 Uncertainties in Ozone Predictions as a Result of Pre-Specified Uncertainties in 

Emissions 

Regression analysis identifies how much uncertainty in ozone concentration might 

result if a pre-specified relative uncertainty in emissions is assumed. For example, if a 50% 

uncertainty is assumed in emissions from Belews Creek power plant, the corresponding 

uncertainty in predicted ambient ozone concentrations at grid cell (56, 57) can be estimated 

from the regression. This methodology was adapted from Hanna et al. (2001) who used 

regression analysis to investigate the effect of uncertainties in emissions of different source 

categories on uncertainties in maximum ozone predictions in the domain.  

The maximum ozone concentration at cells (56, 57) and (42, 43) was modeled in 

terms of the difference between emissions for each uncertainty realization with respect to the 

average of all uncertainty realizations divided by the average of the realizations. Emissions 

were summed for the 4 hours prior to the occurrence of maximum hourly ozone 

concentration, which are the hours that are most likely to impact ozone concentrations at grid 

cells (56, 57) and (42, 43). The resulting regression models were: 

For cell (56, 57) (R2 = 0.64): 

O3 (ppm) = 0.127 + 0.0048 Sa + 0.0022 Sb + 0.0020 Sc + 0.021 Scr - 0.00051 Sd -  

 0.0033 Sl - 0.0016 Sm + 0.0031 Sri + 0.0011 Sro 

For cell (42, 43) (R2 = 0.74): 

O3 (ppm) = 0.097 + 0.0029 Sa - 0.0032 Sb + 0.00055 Sc - 0.000025 Scr - 0.0017 Sd - 

0.00005 Sl + 0.0128 Sm - 0.0024 Sri + 0.00031 Sro    
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Where: 

Si = (Ei,j � Ēi)/ Ēi 

Ei,j  = Emissions for plant i for uncertainty realization j (t/4hr) 

Ēi = Average emissions over all uncertainty realizations for plant i (t/4hr) 

i = a-Allen, b-Buck, c-Cliffside, cr-Belews Creek, d-DanRiver, l-Lee, m-

Marshall, ri -Riverbend, ro-Robinson 

j = 1 to 50  

For grid cell (56, 57), the coefficient of regression for Belews Creek power plant is 

0.021 which means that for 50% uncertainty in emissions, an expected uncertainty of 

0.5*0.021 = 0.0105 ppm is expected in ozone concentration at this grid cell. The median 

ozone concentration at this cell is 0.127 ppm. Therefore the 0.0105 ppm represents a relative 

uncertainty of approximately 8% in ozone concentration. Similarly, for grid cell (42, 43), 

Marshall power plant is the highest plant contributing to uncertainty at this cell with 

regression coefficient of 0.0128. A 50% uncertainty in NOx emissions at Marshall power 

plant causes approximately 7% uncertainty in ozone concentration at this cell. This shows 

that relative uncertainties in ozone predictions are less than the relative uncertainties in 

emissions that caused them.   

3.7 Probability of Exceeding National Ambient Air Quality Standards 

The cumulative distribution functions for the maximum hourly ozone concentration 

obtained at each grid cell based upon the dependent case were used to estimate the 

probability of exceeding the current one hour NAAQS for ozone of 0.12 ppm, as shown in 

Figure 11.  A cluster of grid cells downwind of Belews Creek, and smaller clusters near the 

Allen, Riverbend, and Marshall plants, have greater than 0.9 probability of exceeding the 
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standard. A total of 43 cells had 0.9 probability or greater of exceeding the standard, and 134 

grid cells had a probability of greater than 0.01 of exceeding the standard.  Furthermore, for 

each of the three MSAs, there are cells that have greater than 0.9 probability of exceeding the 

standard. 

Similar analyses were conducted for 8-hour rolling average ozone levels to evaluated 

the probability of exceeding an anticipated (as of the time of this writing) NAAQS of 80 ppb 

on an 8 hour average. The results are given in Figure 12.  There are a total of 1,654 cells that 

have greater than 0.9 probability of exceeding the 8-hour standard, with substantial numbers 

of probable exceedences in all three MSAs.  Clearly, as expected, the 8-hour standard is more 

stringent compared to the one hour standard. 

Regardless of the applied standard, there is high probability that the 3 MSAs would 

be designated as non-attainment if there are no changes in emissions.  Although the 

evaluation of control strategies was beyond the scope of this work, which focused on 

methods for uncertainty analysis, it is possible to apply the same methodology to evaluate 

uncertainty in emission inventories for control scenarios and to propagate the uncertainties 

through air quality models.  An assessment can then be made regarding the probability of 

exceeding the standard for different control strategies, and a control strategy can be selected 

that provides an acceptable confidence level of not exceeding the standard.   

3.8 Autocorrelation 

To verify the statistical properties of the simulated ozone values, the autocorrelation 

structure of monitored ozone ambient concentration at 3 grid cells were checked and 

compared to those of the predicted ozone time series.  Results are given in table 3 for the 

autocorrelation of lags 1 and 2 for the monitored and simulated time series.  The simulated 
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lag 1 values agreed with the monitored values to within -7% to + 5%.  The simulated lag 2 

values agreed to within -20% to +8%.  As noted in Abdel-Aziz and Frey (2003a), time series 

models tend to underestimate autocorrelation.  Therefore, the apparent moderate negative 

bias in the simulated verus monitored data is expected and is deemed reasonable.  For both 

lags 1 and 2, the simulated autocorrelation values are large, ranging from 0.84 to 0.90 and 

0.62 to 0.72, respectively.  Thus, it is clear that there is substantial autocorrelation in 

monitored ozone values and that the autocorrelation is reasonably captured by the 

predictions.  The autocorrelation is influenced not only by emissions, but by other inputs 

such as meteorological assumptions.  A recommended area for future work is to further 

investigate which inputs to the model contribute most to accurate characterization of 

autocorrelation in predicted values.   

3.9 Implications for Decision Making 

The results of the case study demonstrate that the range of uncertainty in air quality 

predictions is large enough to imply ambiguity regarding development of control strategies.  

To cope with uncertainty, control strategies can be developed to achieve attainment with an 

acceptable degree of confidence, such as 90 or 95 percent. The spatial distribution of the 

probability of exceeding the NAAQS shows that the three metropolitan statistical areas in the 

modeling domain are affected. Therefore development of future control scenarios should 

make use of these results when considering different control alternatives to achieve 

attainment for ozone. 

Comparison of the results of the independent and the dependent approaches implies 

that erroneous conclusions could be drawn if the independent approach is used.  For example, 

for cell (56,57) the probability of exceeding the one hour standard was estimated as 0.81 
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based upon the independent approach and 0.91 based upon the dependent approach.  For 

some grid cells, the difference in estimated probabilities based upon the two approaches was 

as large 0.38. A previous comparison of the inventories obtained using both approaches 

showed that the dependent approach more accurately represents the observations (Abdel-

Aziz and Frey, 2003b).  Therefore decision making should be based on results obtained from 

the dependent approach.  

A potential beneficial use of probabilistic air quality modeling results is regarding 

siting of monitoring stations.  Monitoring stations could be spatially allocated where the 

estimated probability of exceed the NAAQS is estimated to be substantial.  However, the 

comparison of 1-hour and 8-hour standards implies that the identification of an MSA as non-

attainment is less sensitive to location in the latter case, since many more grid cells have a 

substantial probability of exceeding the standard.  This, it would be possible to design a 

monitoring network that is sufficient to detect non-attainment with a relatively small number 

of stations.  Of course, the location of hotspots could differ for different meteorological 

episodes, and this could be addressed by conducting analyses for several such episodes to 

identify common locations of potential exceedences. 

This paper has answered several key questions as posed earlier.  The range of 

uncertainty in ozone values solely attributable to utility NOx emissions can be as large as 

large as 20 ppb or more, as in the case of cell (56, 57).  Uncertainties in maximum ozone 

values at specific locations could be pinpointed to emissions from a specific power plant, 

thereby implying that targeted emissions reductions at those plants could reduce the 

probability of exceeding the one hour standard.  Under the 8 hour standard, it is clear that 

exceedences are more widespread and not attributable to any one plant.  The probability of 



 

 175

exceeding a particular NAAQS can be assessed.  The results based upon accounting for inter-

unit dependence in emissions were different from the independent approach and are 

considered to be more accurate.  Therefore, it is important to account for inter-unit 

correlation in performing uncertainty analysis of utility NOx emissions. 
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Figure 1. Probabilistic Power Plants NOx Emission Inventory for Day 1 of the Episode 
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Figure 2. Realization Number 2 for Hourly Emissions of Grid Cells  

(55, 50) (a) and (3, 54) (b)   
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Figure 3. 50 Time Series of Ozone Concentration Realizations at Cell (26, 23) for the 

Independent Units Case 



 

 179

0

40

80

120

0 20 40 60 80 100
Time Step

7/12/95 12:00 a.m. GMT - 7/16/95 2:00 a.m. GMT

O
zo

ne
 C

on
c.

 (p
pb

)

 
Figure 4. 50 Time Series of Ozone Concentration Realizations at Cell (26, 23)  

For the Dependent Units Case 
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Figure 5. Wind Speed (a) and Wind Direction from North (b) at Belews Creek Power Plant 
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Figure 6. Scatterplot of Uncertainty in Ozone at Grid Cell (56,57) versus Emissions over 

Four Hours at Belews Creek Plant for 50 Uncertainty Realizations. 
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Figure 7. Probabilistic Maximum Hourly Ozone Levels at  

 Cell (56, 57) (a), Cell (42, 43) (b) 
 
 

 
Figure 8. Maximum Hourly Ozone Levels at Each Grid Cell 

for Independent (a) and Dependent (b) Cases 
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Figure 9. Uncertainty Ranges of Maximum Hourly Concentration of 
Dependent Case (a) and Difference in Ranges from Both Cases (b)  
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Figure 10. Uncertainty in Maximum Hourly Ozone Concentration for 
 Cell (35, 33) (a), Cell (26, 33) (b), Cell (62, 41) (c), Cell (58, 46) (d) 
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Figure 11. Probability of Exceeding the 1-hour National Ambient Air Quality Standard for 

Ozone (Dependent Case) 
 

 
Figure 12. Probability of Exceeding the 8-hour National Ambient Air Quality Standard for 

Ozone (Dependent Case) 
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Table 1. Average Daily Emissions and Stack Height Ranges for Power Plants 
 

Name 
Location 

(Row, Col) 
Average Daily Emissions 

(t/d) 
Stack Height Range 

 (m) 

Allen (23, 33) 60.4 76.81 
Buck (38, 45) 24.4 53.64 � 65.84 

Cliffside (22, 16) 50.5 46.94 - 48.46 
Creek (55, 50) 286.9 182.88 

Dan River (61, 57) 15.4 54.86 � 57.30 
Lee (6, 2) 22.2 64.92 

Marshall (34, 33) 145.4 85.65 
Riverbend (27, 33) 24.9 69.19 
Robinson (3, 54) 10.8 76.20 

 
 

Table 2. Correlation Analysis Results for Cells (56, 57) and (42, 43)  
Cell Location 
(Row, Col) Allen Buck Cliffside Creek Danriver Lee Marshall Riverbend Robinson 

(56, 57) 0.251 0.132 0.078 0.869 -0.139 -0.151 -0.107 0.243 -0.051 
(42, 43) -0.040 -0.221 -0.013 -0.032 -0.095 -0.026 0.614 -0.137 0.094 

* Correlation values within ±0.32 range are not statistically significant from 0. 
 

Table 3. Comparison of Autocorrelation Structure of Monitored and Simulated Ozone Time 
Series 
Monitoring 

Station 
Monitored 

Lag 1  
ACF* 

Simulated 
Lag 1 
ACF 

Percent 
Difference 

Lag 1 

Monitored 
Lag 2 
ACF 

Simulated 
Lag 2 
ACF 

Percent 
Difference 

Lag2 
(56, 55) 0.86 0.90 +4.7% 0.67 0.72 +7.5% 
(49, 47) 0.90 086 -4.5% 0.77 0.64 -16.9% 
(51, 47) 0.92 0.84 -6.5% 0.77 0.62 -19.5% 

* ACF = Autocorrelation Function 
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8.0 Summary and Conclusions 

In this section, contributions of this dissertation to new methodologies in quantifying 

variability and uncertainty in emission inventories are presented. The conclusions drawn 

from the case study related to each methodology are discussed. Also, recommendations for 

future work are presented in a separate section. Part I of this dissertation provided the 

motivation for this work, while part II presented the previous work conducted to quantify 

variability and uncertainty in emissions and previous research which employed time series 

techniques in air pollution applications. Part III presented the general trends in data. 

8.1 Contributions to Methodologies for Accounting for Intra- Unit Dependence 

between Variables Used in Developing Probabilistic Emission Inventories   

In Part IV, regression techniques were employed to enable accounting for intra-unit 

dependence between variables that are used to develop a probabilistic emission inventory. 

Previous research that has been done often assumed independence between variables and 

ignored any correlation present. The presented technique quantifies the relationship between 

the variables and allows for conditional sampling of the dependent variables. In other words, 

when conducting the sampling process, one variable is randomly selected and the associated 

conditional distribution of the dependent variable is used in sampling this variable. In parts V 

and VI, it was shown that this sampling methodology is also applicable to be used in times 

series models. In the case study presented for modeling NOx capacity and emission factors 

time series, models for the emission factor were fit in terms of the capacity factor. In the 

sampling process, the capacity factor was sampled first and the associated conditional 

distribution was used to sample the emission factor. The limitation of the regression 
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technique is that is does not allow for accounting for autocorrelation, if exists, in the 

analyzed data. 

8.2 Contributions to Methodologies for Accounting for History of Emissions When 

Developing Emission Inventories 

The presented methodology in part V enables the quantification of variability and 

uncertainty in situations where there is significant autocorrelation in the recorded data. The 

analysis of continuous emissions monitoring data showed the presence of strong 

autocorrelation in the capacity and emission factors time series. It was shown that strong 

autocorrelation exists for time lags of 1,2,23 and 24 in the series of both factors which 

indicated that the history of emissions is important to be included when developing an hourly 

emission inventory. Including these lags ensures the generation of realizations that correctly 

preserves the statistical properties of the original data sets. It was clear from the results 

presented in part V that the time series models used successfully represented the data set 

where the comparison of the statistical properties of the simulated realizations with those of 

the original data sets showed an excellent agreement.  

The results also showed that the uncertainty range is not the same for different hours 

of the day. This is a major contribution for quantification of uncertainty methodologies since 

previous methods did not account for this hourly variation in uncertainty. Since inputs to air 

quality models are hourly, the existence of methodologies that can account for hourly 

variation in uncertainty allows for the estimation of more specific uncertainty ranges for 

different hours of the day instead of using a generic distribution for all hours. Also, ozone 

ambient concentrations are very sensitive to solar radiation which varies along the course of 



 

 187

the day. Therefore, specifying the uncertainty for different hours of the day enables the 

correct specification of uncertainty in ozone predictions. 

8.3 Contributions to Methodologies for Simulating Real World Conditions When 

Developing Emission Inventories 

The analysis of the data showed the existence of strong correlation between total 

hourly emissions from units within the same power plant. This correlation is attributed to the 

economic dispatch process that is employed by power plants where the least economic units 

are dispatched first followed by the more costly ones. The methodology presented in part VI 

accounted for this dependence among correlated units. The daily NOx inventory presented in 

the case study obtained using this approach showed a very good agreement with the observed 

data sets. The only limitation in this approach is that it requires the existence of 

simultaneously recorded data for the correlated units that are modeled together. This was a 

problem in two of the power plants in the case study where the existed data was not enough 

to fit the models. For each individual unit, and in cases where the data was abundant, the 

models showed a very good agreement with the observed data sets in terms of the statistical 

properties. The models used preserved the variability and the autocorrelation. There was a 

slight overestimation of the means since the simultaneously recorded data had higher means 

than those of the observed data sets for individual units.   

The comparison of the daily inventory obtained using this approach with that 

obtained assuming that each individual unit is operated independent of other units showed 

that the dependent approach is associated with a wider range of uncertainty. This is related to 

the fact that random and independent variation of correlated emissions tend to cancel positive 

and negative perturbation which produces less range of uncertainty. This fact was proved by 
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comparing the daily inventories produced using both approached with that using the observed 

data sets for two of the units which are responsible for 45% of the total emissions in the 

domain of interest in the case study. The comparison showed an excellent agreement for the 

daily inventory produced using the dependent approach with that of the observed data set. 

Although the models fit based on the independency assumption for each unit produced 

realizations that very will represents each individual observed data set, the daily inventory 

which is a summation of emissions from all units in the modeling domain showed a 

noticeable deviation from that of the observed data set. Also, a narrower range of uncertainty 

than that of the observed data set was obtained. 

This concludes that the ignorance of the correlation among different units has a 

significant effect on the total inventory when emissions from all units are summed. In other 

words, accounting for the dependence among emissions of highly correlated units more 

realistically simulates real world conditions which in turn have its effect on ozone 

predictions. This effect was clearly seen in the results of the output of the air quality model 

where ozone predictions showed significant difference if the dependent approach was used. 

The value of the maximum hourly concentration in the episode was higher and the ranges of 

uncertainty at various grid cells were wider when inter-unit dependence is accounted for. 

This implies that the independent approach can lead to erroneous conclusions regarding the 

value of maximum hourly concentrations in a future episode. Also, the probability of 

exceeding the National Ambient Air Quality Standards (NAAQS) can be incorrectly 

estimated since a different distribution of ozone is obtained. 
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8.4 Contributions to Quantitative Methodologies for Propagating Uncertainties 

Through Air Quality Models  

Almost all of the previous research that was conducted to propagate uncertainties of 

inputs through air quality models relied on expert elicitation to quantify uncertainties in 

different inputs. This dissertation employed rigorous statistical techniques to quantify the 

variability and uncertainty in hourly emission inputs that were used by the air quality model 

using actual observed data. This enabled the reduction of �uncertainties� in uncertainty 

estimate of emission inputs that are obtained if expert elicitation was employed. The models 

allow for the generation of alternate realizations that are not statistically different from the 

observed data sets and hence allow for quantification of uncertainty in model outputs. 

 The total hourly emissions time series were broken down to emission and activity 

factor series. Each factor was separately modeled. This separation allows for flexibility in 

modeling future episodes, if the change of either factor is known. For example, if for a future 

year it is known that the electricity generated by a specific unit will change keeping the same 

emissions control technology, the generated realizations of the activity factors can be 

modified accordingly without modifying the emission factor realizations. The models are 

flexible enough to allow for different assumptions when modifying either factor. Depending 

on the underlying assumption, it is possible to only modify the mean, the standard deviation 

or both.  

8.5 Contributions to New Tools for Decision Making  

The developed probabilistic emission inventory was propagated through the air 

quality model which allowed for quantifying uncertainty in ozone predictions. It was possible 

to specify the distributions for the maximum hourly ozone concentration during the episode 
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period at each grid cell. These distributions allowed for the estimation of the probability of 

exceeding the National Ambient Air Quality Standards (NAAQS) at each grid cell in the 

modeling domain. The possibility to estimate the probability of exceeding the NAAQS at 

every location in the modeling domain is a very useful tool for decision making. This allows 

for the identification of hot spots in the domain where emissions control efforts should be 

focused. It is possible to evaluate alternative control scenarios and in turn select the one 

which can achieve attainment for a given area with certain degree of confidence. It is also 

possible to employ these results in the design of monitoring networks and spatially distribute 

monitoring sites to cover the hot spots in the modeling domain. This allows for more 

informative decision in the non-attainment designation process of areas having exceedances 

of the NAAQS. 

9.0 Recommendations for Future Work 

Key recommendations of this study are: 

(1) This dissertation showed that accounting for the dependence among 

correlated emission sources had a significant impact on the developed 

probabilistic emission inventory. The existence of correlation among different 

source categories is also expected to have the same impact on the inventory. It 

is therefore recommended to investigate the presence of dependence among 

different source categories and account for this dependence in future 

development of probabilistic inventories. 

(2) Sources which continuously monitor their emissions are required to replace 

missing emission values by the highest recorded values in some cases. This 

leads to a bias in the inventory. Time series models can be used to predict the 
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missing values based on the historically recorded data. It is possible to 

calculate the uncertainty in the predicted values. The feasibility and 

applicability of this proposed method to replace missing data should be further 

investigated and validated.    

(3) The presented methodologies should also be applied to other sources that 

continuously monitor emissions e.g. SO2 emissions where probabilistic 

inventories can be developed as well. These inventories can be used to 

propagate uncertainties through air quality models to estimate uncertainties in 

other ambient pollutant concentrations. 

(4) The analyses of the continuously monitored emissions data showed that 

there is a diurnal variation in emissions for the analyzed coal-fired units. The 

temporal profile used by EPA for any coal fired power plant does not account 

for this diurnal variation. It is recommended to thoroughly investigate this 

diurnal emission pattern for other coal-fired power plants and adjustments to 

these temporal profiles should be made accordingly. This will enable more 

precise prediction of ambient ozone concentrations if these temporal profiles 

are used. 

(5) Currently, real time forecasts for ozone ambient concentrations are based on 

the 12 hour forecasts of the meteorological inputs to the air quality model. 

Time series models for NOx emissions can be used to forecast hourly emission 

values as well. This will allow for more precise ozone forecasting. This 

suggestion is worth investigation and a comparison of the observed ambient 
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ozone concentration with the forecasted values obtained using the existing 

practice and those of the proposed method can help validate the results. 

(6) Time series techniques that were used to develop the probabilistic 

inventories preserved the autocorrelation, intra-unit dependence among 

variables used in developing the inventory and the inter-unit dependence 

among emissions from correlated units. It is worth to investigate how will 

other techniques e.g. bootstrap or expert elicitation methods if used to develop 

a probabilistic inventory compare to the results of the time series technique. 

Propagation of uncertainties through air quality models using the developed 

inventory employing these alternate techniques can also be done and a 

comparison of the results can be investigated.  

(7) This dissertation focused on quantifying the uncertainty in ozone predictions 

due to variability in emission inputs to the air quality models. Other possible 

sources of uncertainties include air quality model structure e.g chemical 

mechanisms and uncertainties in other inputs to the air quality model e.g. 

meteorological data. Sources of  uncertainties in emission inputs include 

measurement errors, sampling errors and non-representativeness of data. 

Previous research showed that measurement error in continuous emission 

monitoring data is minimal and has the least contribution to overall 

uncertainty. Sampling error and non-reperesentativeness can be ruled out 

since large data sets and a specific model for each unit were used in 

quantifying uncertainties in the inventory. Uncertainty in air quality model 
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structure and uncertainties in other inputs to air quality models should be 

further investigated. 

(8) For the purpose of modeling future episodes, EPA current default method is 

based on the use of the Economic Growth Analysis System (EGAS). This 

system uses growth rates for emissions-generating activity to project 

emissions. This method provides a point estimate for the expected emissions 

in any future year. There are no methods available to project the associated 

variability in emissions. Future research should be conducted to identify 

surrogates that can be used to estimate the change in variability in emissions 

as a result of change in emissions when further pollutant control technologies 

are installed. This can help in estimating change in variability of emissions for 

future episodes if the future planned emissions control technologies are 

known.     

(9) The analyses conducted in this dissertation involved the use of several 

software packages e.g. Microsoft Excel, SAS, and ArcGIS. The development 

of comprehensive software that enables diagnosing data sets, fitting time 

series models, simulating different realizations and preparation of model ready 

emission files is highly recommended. This will turn the process into a 

systematic approach and will significantly reduce time and effort of future 

analyses. 

(10) This dissertation focused on quantifying uncertainties in emission 

inventories and studied their propagation through air quality models. It was 

feasible to employ time series techniques in the process since data recorded in 
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time were available. The meteorological data is usually recorded in time as 

well. Therefore, it is possible to quantify uncertainty in such data and evaluate 

its effect on uncertainty in ozone predictions. This effect can hence be 

compared to that of emissions inputs. 

(11) It is recommended to apply the presented methodologies to other modeling 

domains with emission inventories that differ from that of the presented case 

study in this dissertation.  A comparative study can be conducted between all 

modeling domains and the mass of emissions below which uncertainty makes 

no significant difference in predictions can be investigated. 

(12) Due to the long computational time for each air quality model run, only 50 

realizations were conducted for the presented case study. For future research, 

where computational time is expected to decrease, it is recommended to 

conduct more model runs e.g. 100 or 200 runs for the modeling domain and 

evaluate the difference in conclusions. 

(13) It is recommended to study the effect of uncertainties in NOx emissions on 

NOx trading programs. The investigation of the effect of uncertainties in 

emissions on uncertainty of achieving attainment if such programs are adopted 

is very important for better decision making. 

 

 

  

 


