
ABSTRACT 

LI, JUAN. Odor Detection and Quality Evaluation by Machine Olfaction. (Under the 
direction of Dr. H. Troy Nagle.) 

 

Many machine olfaction systems have been developed to emulate the mammalian 

olfaction to detect and discriminate complex odors. Various sensing technologies have been 

implemented in machine olfaction instruments to achieve expected performance in a wide 

range of applications. However, as one vital function of mammalian olfaction, odor quality 

evaluation has not been satisfactorily implemented by machine olfaction instruments. The 

traditional human panel is still the most widely used method to assess odor quality. 

In this dissertation, a machine olfaction system was developed to estimate the odor quality 

of both complete automobile cabin interiors and their associated individual parts. The new 

olfactory instrument employed field asymmetric ion mobility spectrometry (FAIMS) and 

photoionization detection (PID) devices as gas sensors. Using the partial least squares 

regression algorithm, combined measurements of automobile cabins from the two sensor 

types were capable of predicting human panel odor quality scores (intensity, irritation and 

pleasantness) with a correlation ranged from 0.67 to 0.84. With extracted image features 

from FAIMS alone, the correlation increased to higher than 0.9 for the odor rating of 

individual interior parts. The system was also comparable to the human panel in 

discriminating among interior part samples and in identifying dominant odorous parts. 

Using FAIMS and the signal processing techniques developed for automobiles, 

discrimination of sweeteners used in the food industry was also investigated in this work. For 

19 different types of sweeteners, the machine olfaction system separated samples by their 

type clearly using k-means clustering without requiring complicated sample preparation 



procedures. Verified by k-fold cross-validation, the correct classification rate of sweetener 

sample data by type was higher than 97% using either the support vector machine (SVM) or 

linear discriminant analysis (LDA) methods. The FAIMS sweetener measurements were also 

investigated to separate samples into powder/liquid, low-calorie-artificial/low-calorie-

natural/high-calorie-natural, artificial/natural, and sweetener types with measurement 

variations using SVM and LDA methods. The correct classification rate for all these cases 

are ranged from 65.22% to 100%. This study provides a promising practical option for 

detecting specific sweetener types used in commercial food products.  
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CHAPTER 1  

Introduction 

1.1 Background 

Machine olfaction, also called the electronic nose (e-nose), is an electronic system 

combined with appropriate pattern recognition modules to detect and identify odors of 

interest [1]. The term “electronic nose” was first defined by Gardner in [2]. This technology 

was developed to emulate the mammalian nose’s ability to detect and evaluate odors. To 

mimic human olfaction, the e-nose should have a broad sensing range so it can respond to 

various odors that may contain hundreds or thousands of different chemical compounds. It is 

desirable for an e-nose to be able to predict the human panel sensory response based on its 

sensors’ response to odorant sample molecules. Such an e-nose system would be very useful 

in applications that would be fatiguing or hazardous to human panelists.  

Machine olfaction has been investigated in various applications, including agriculture [3], 

food manufacturing [4-6], fragrance and cosmetics production [1], environmental monitoring 

[7], pharmaceuticals [8, 9], and medical diagnosis [10, 11]. In this section, different gas 

sensing technologies and gas sensors used in previous studies are introduced. Then data 
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analysis methods employed in e-nose systems are illustrated. Finally, the current status of e-

nose systems in the fields of automobile and food manufacturing are summarized. 

1.1.1. Sensing methods used in machine olfaction systems 

In the past decades, diverse gas sensing methods have been studied to analyze the 

compounds (and corresponding concentrations) of odor related chemicals, including: acoustic 

sensors, thick-film metal oxide semiconductors (MOS), quartz crystal microbalance (QMB), 

surface and bulk acoustic wave (SAW, BAW), carbon black composite detectors (CBCD), 

catalytic bead (CB), catalytic field-effect, calorimetric, complementary metal oxide 

semiconductor (CMOS), conducting polymer (CP), electrochemical (EC), electrical porous 

silicon sensor (EPSS), fluorescence (FL), infrared (IR), and optical sensors (OS) [12, 13]. 

Some advanced analysis tools are available to provide detailed chemical compound 

information. Those tools include gas chromatography / mass spectrometry (GC/MS), ion 

mobility spectrometry (IMS), and photoionization. In this work, field asymmetric IMS 

(FAIMS) was employed. FAIMS technology can differentiate chemicals by their ion 

mobility, rapidly and with high resolution. The FAIMS instrument used herein (from 

Owlstone, Inc., United Kingdom) and its measuring principle are shown in Figure 1.1. A 

complete description of its working principle is introduced later. 

Among the different types of gas sensors mentioned above, the MOS type is the most 

widely used for environmental pollution detection because it is capable of detecting both 

organic and inorganic toxins. MOS sensors also have good repeatability and limited 

manufacturing costs [7]. In particular, inorganic semiconducting materials are sensitive to 
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combustible materials such as alcohol with a concentration of 0.1-100 ppm, but these 

materials have poor performance on sulphur-based or nitrogen-based odors. On the other 

hand, organic materials, including conducting polymers and biological lipid coatings, are 

easy to process and operate although they are sensitive to temperature and humidity.  

       

(a)      (b) 
Figure 1.1  Lonestar FAIMS from Owlstone, Inc. (a) Lonestar FAIMS device. (b) Measuring 

principle (after [14]). 

Now a few typical examples of e-nose systems are introduced. An e-nose system based 

on a SAW multi-sensor array with four acoustic sensing elements was reported in [15]. The 

system developed a dual configuration, using multiplexed two-port resonator 433.92 MHz 

oscillators and a reference SAW element, in order to recognize the different individual 

components in a binary mixture of volatile organic compounds (VOCs) such as methanol 

(CH3OH) in the range 20-140 ppm and 2-propanol (C3H7OH) in the range 5-70 ppm. By 

using the relative frequency change as the output signal of the SAW multi-sensor array with 

an artificial neural network (ANN), the system identified individual VOCs from a gas 

mixture. 

Lonestar FAIMS 

Detect both positive and negative ions 
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Sundgren et al. [16] used a gas sensor array with six metal oxide semiconductor field 

effect transistors (MOSFETs) to detect individual compounds from two types of gas 

mixtures. The sensors were operated at elevated temperatures according to the working 

temperature of gates. One gas mixture contains 5-65 ppm of hydrogen, ammonia, ethanol and 

ethylene in air, and the other gas mixture has hydrogen and acetone in air. The sensor array 

associated with multivariate analysis methods successfully identified hydrogen, acetone, and 

ammonia concentrations. Ethanol and ethylene concentrations were failed to determine. 

Some models mimicking biological olfactory signal processing pathways can be used to 

improve sensing accuracy of machine olfaction systems. Examples are (1) receptor-

glomerular convergence can improve sensitivity and fault tolerance in large sensor arrays; (2) 

bulbar excitatory-inhibitory dynamics can normalize and enhance odor extracts; (3) cortical 

associative memory can help pattern completion; (4) centrifugal modulation of the olfactory 

bulb can make the chemosensory system adaptive [17]. 

1.1.2. Data analysis methods employed in machine olfaction systems 

The selectivity of e-nose instruments is achieved through both the selected sensors and 

the employed pattern recognition algorithms. Pattern recognition is essential for an e-nose to 

detect, identify and quantify VOCs based on multiple sensor measurements. The process is 

undertaken in four parts: (1) signal preprocessing, (2) dimensionality reduction, (3) 

classification and prediction, and (4) validation [17]. Other signal processing techniques are 

frequently employed. Artificial neural networks (ANNs), wavelet, partial least squares (PLS), 
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support vector machine (SVM) and fuzzy-logic methods are widely used by researchers to 

separate the gas components from their mixtures. 

A prediction algorithm was developed by Phaisangittisagul and Nagle [18] that can 

provide a good approximation of an odor sensor’s response to a gas mixture after some 

required pre-measurement of individual components and training mixtures. This approach 

was based on the combination between signal decomposition/reconstruction from wavelet 

analysis and SVM to predict the sensing response for the odor mixtures. The method was 

verified on MOS and MOSFET gas sensors. Results show that the proposed method provides 

satisfied accuracy and fast convergence. 

Another successful study of detecting individual compounds from a mixture based on 

electronic nose measurements was proposed by Nakamoto et al. [19]. Their device is called 

an odor recorder and is based on an active-sensing system used for quantifying the mixing 

components. The general approach used to estimate these responses is based on the 

superposition principle. The target odor was first exposed to the sensor to generate an output 

pattern. Another odor generated by blending several components was also measured by the 

sensor and its output pattern was compared to the output pattern of target odor. The 

percentage of each component was adjusted to minimize the difference between two patterns. 

Finally, the percentage of each component was saved as the odor record. This method has 

been demonstrated for apple and orange odors. However, without a priori information 

regarding the target mixture ingredients, this approach is very time consuming and 

computationally complex. 
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Measuring the similarity of smells is another important application for electronic noses. 

The methodologies that have been investigated to measure the similarity can be divided into 

three main groups [20]: (1) The first one is based on geometrical distance. The smells 

measured by e-nose sensors are stored in vector form, and the similarity of these vectors is 

computed by the geometrical distance between them. The classical approach is to determine 

the Euclidean distances among each pair of data vectors. Then, multidimensional scaling 

(MDS) is commonly employed. (2) Another method is based on geometrical angles in a 

vector space. All the vector measurements are clustered into different classes represented by 

their prototype vectors (also called centroids). Then the similarity between any two clusters 

can be measured by the cosine of the angle between the centroids representing them. (3) The 

third one utilizes statistical principles to calculate the distributional similarity among groups 

of data samples. Methods based on the Kullback-Leibler divergence (or relative entropy) and 

methods based on the statistical test of Kolmogorov-Smirnov belong to this third group. 

Schiffman [21] studied the relationship between the physicochemical measures and 

olfactory quality in similarity space using MDS. By examining the weight of multiple 

physicochemical parameters including molecular weight, number of double bonds, functional 

group, cyclic structure, and Raman intensities, she showed that no single physicochemical 

variable could be used alone to predict olfactory quality accurately. However, she did show 

that a combination of weighted individual variables can predict the distances between stimuli 

in the olfactory space.  

In another example, Bicego [22] built a similarity-based representation of odor sample 

data measured by a carbon black-polymer sensor-based electronic nose, and then extracted a 
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feature set in the multidimensional similarity space. Using a SVM method, he achieved good 

odor-classification results for individual chemical samples.  

1.1.3. Application of machine olfaction systems in automobile and food manufacturing 

The interior of vehicles contains a wide variety of synthetic materials, which emit VOCs. 

The toxicity of these emitted VOCs were examined by Buters et al. [23]. They exposed the 

vehicles under “parked in sunshine” conditions and tested the health effects of interior 

emissions. Their results demonstrated no apparent health hazard of heat-cycled indoor air 

inside parked vehicles. Schupp et al. [24] derived maximum exposure levels inside cars for 

chronic (ELIA-chronic) and short-term (STELIA) exposure. The lowest ELIA-chronic for 

benzene, toluene, xylene and trimethyl benzene were 0.083, 1.2, 8.8 and 0.31 mg/m3, 

respectively. The respective STELIAs for those four chemicals were 16, 30, 29 and 25 

mg/m3.  

The concentration of VOCs inside vehicles has been examined. In one study [25], the 

concentration of VOCs inside one car over a long time period was measured by GC/MS. The 

compounds in the interior air of the new car were identified, and then their concentrations 

were examined for over three years after the delivery (July, 1999). A total of 162 organic 

compounds, involving many aliphatic hydrocarbons and aromatic hydrocarbons, were found. 

High concentrations of n-nonane (458 µg/m3 on the day following delivery), n-decane (1301 

µg/m3), n-undecane (1616 µg/m3), n-dodecane (716 µg/m3), n-tridecane (320 µg/m3), 1-

hexadecene (768 µg/m3), ethylbenzene (361 µg/m3), xylene (4003 µg/m3) and 2,2’-azobis 

(isobutyronitrile) (429 µg/m3) were detected. The sum of the concentrations determined for 
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all compounds excluding formaldehyde was approximately 14 mg/m3 on the day after the 

delivery. The concentrations of most compounds decreased with time, but increased with a 

rise of the interior temperature. The total VOC (TVOC) concentration in the next summer 

(July, 2000) was approximately one-tenth of the initial concentration. During the 3-year 

study period, the TVOC concentration in summer exceeded the indoor guideline value (300 

µg/m3) proposed by Maroni et al. [26]. The interior temperature and time after delivery were 

the main factors affecting the concentrations of most interior VOC compounds.  

Machine olfaction instruments have been used to measure VOCs inside vehicles. 

Researchers at the University of Illinois Urbana-Champaign (UIUC) have used the iSense 

[27] colorimetric array to measure the vehicle interior odor and plotted the sensing spots on a 

flat array. Those spots changed colors in the presence of a VOC mixture. Then all the spots 

were scanned to create a feature set and to be analyzed by the hierarchical cluster analysis 

(HCA) method. Finally, all the samples fell nicely into their respective clusters, which means 

the system is selective and repeatable. Some other electronic noses were also employed to 

discriminate the odor from different types of cars including AlphaMOS Fox 4000 instrument 

built by an array of 18 metal oxide sensors, and NST 3320 containing 12 MOS and 10 

MOSFET chemical sensors with different material, doping and operating temperatures [27]. 

Applications of machine olfaction for food manufacturing include: detection of 

ingredients’ quality, monitoring the manufacturing process, freshness evaluation, and 

authenticity assessment [28]. 

Lopez de Lerma et al. [29] analyzed the evolution of aroma compounds during the drying 

process of Pedro Ximenez Grapes for 0, 2, 4, 6 and 9 days. Sample data was collected by 
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both GC/MS and an electronic nose of eight quartz microbalances resonators. GC/MS data 

showed that ripe fruity related compounds and toasty aromas decreased in the last drying 

stage, but the concentration of sugars increased slightly in the last stage. It also showed the 

optimal dehydration time was reached before nine days. The electronic nose was able to 

discriminate the difference between grapes dried over different periods using discriminant 

analysis. The electronic nose correlated with the representing aroma above 99% based on 

multiple linear regression. 

Monitoring the change of non-alcoholic beer aroma during aging using an electronic nose 

has been studied by Ghasemi-Varnamkhasti et al. [30]. Samples were measured by five tin 

oxide-based gas sensors and then processed by the principal component analysis method. 

Results showed acceptable discrimination among different aging datasets. 

1.2 Motivation and Objectives 

Current studies on e-nose systems are typically focused on the identification of target 

odors or emitted gases. For evaluating odor quality, the human panel is the gold standard and 

is always used to provide quantification of odor quality using three parameters (intensity, 

irritation and pleasantness). The human panel needs periodic professional training and 

calibration to assure their measuring performance. Exposure of the human panel to some 

compounds must be limited due to potential toxicity and health-related concerns. Therefore, a 

human panel alone is not enough to meet all the demands for odor evaluation. Limited work 

has been reported on efforts to use electronic sensor measurements for odor quality 

assessment. The challenge for e-nose systems that generate sensory information is that the 



 

 

10 
 

relationship between chemical compounds comprising an odor and the sensory perception of 

that odor is uncertain. The limited sensing range of some commercially available gas sensors 

is another restriction. The work in this dissertation was undertaken to fill this gap. Due to its 

high chemical detection sensitivity, field asymmetric ion mobility spectrometry (FAIMS) 

technology was selected for use herein. The FAIMS device normally generates data with 

large dimension. The feasibility of using FAIMS based machine olfaction system in two 

different applications was investigated. 

The first application was odor quality evaluation in the automobile industry. Five 

automobile models and 48 interior cabin parts were examined. Several possible solutions for 

data processing of the FAIMS measurements were investigated. Various machine learning 

methods were explored to build the bridge between sensor measurements and human panel 

assessments. The classification ability of FAIMS was verified by comparing to the 

performance of a human panel. 

The second application was sweetener detection. Current detecting methods are 

complicated to operate. Their testing cycle and cost can be prohibitive. The goal of using 

machine olfaction for detecting sweeteners is to find a practical way to identify sweeteners 

and further differentiate between the artificial and natural sweeteners used in food. 

1.3 Organization of This Dissertation 

This dissertation summarizes studies of machine olfaction applied to two different 

applications: the assessment of automobile interior odors and the detection of sweeteners 

used in food products. From Chapter 2 to 4, the studies carried out on odor detection of 
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automobile cabin and interior parts are demonstrated. Chapter 5 discusses the possibility of 

using a FAIMS-based machine olfaction system to classify sweeteners. In Chapter 6, 

conclusions are summarized and future research work for this topic is suggested. 

In Chapter 2, a FAIMS and a PID instrument are employed to detect odors generated 

from ten automobile interior cabins. The collected data are processed by principal component 

analysis and partial least squares methods separately to reveal the sensory information of 

odor samples. Human panel rating scores are utilized to verify the system performance. 

In Chapter 3, several image processing methods are proposed creatively to further 

improve the system performance on odor evaluation of automobile interior parts. Using 

partial least squares regression, the prediction of odor assessment in intensity, irritation and 

pleasantness is compared to the performance of human panel rating scores. 

The classification capability of the FAIMS system is examined in Chapter 4. In order to 

improve the odor quality of automobile cabin, the dominant odorous interior parts are 

explored. The classification results based on sensor’s data are also compared to human 

panel’s rating scores. 

In Chapter 5, sweetener samples from 19 different types are tested by the FAIMS 

instrument. The collected data are analyzed by k-means clustering and two supervised 

classification methods (support vector machine and linear discriminant analysis) to verify 

that the FAIMS is capable of differentiating between various types of sweeteners. 
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CHAPTER 2  

Odor Assessment of Automobile Cabin Air with Field 

Asymmetric Ion Mobility Spectrometry and 

Photoionization Detection 

2.1 Abstract  

Odor quality in the cabin air of automobiles can be a significant factor in the decision to 

purchase a vehicle and the overall customer satisfaction with the vehicle over time. Current 

standard practice uses a human panel to rate the vehicle cabin odors on intensity, irritation, 

and pleasantness. However, human panels are expensive, time-consuming and complicated to 

administer. To address this issue, we present a machine olfaction approach to assess odors 

inside automobiles. The approach uses a field asymmetric ion mobility spectrometer and a 

photoionization detector to measure volatile organic compounds, and a multivariate 

technique to map sensor data into human ratings. Validation on an experimental dataset of 

odors from ten different vehicles shows a correlation (0.67 to 0.84) between model 

predictions and ground truth from a trained human panel. These results support the feasibility 
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of replacing human panel assessments by objective instrumental means for quality control 

tasks in the production process. 

2.2 Introduction 

Odors inside vehicles, especially new vehicles, arise from volatile organic compounds 

(VOCs) emitted from interior materials, including leather, plastic, carpet, vinyls, paint and 

glues. Odor quality can affect customers’ satisfaction and their health over time. In a key 

study [1], gas chromatography/mass spectrometry (GC/MS) measurements indicated a large 

number of undesirable VOCs inside tested automobile cabins, including many aliphatic and 

aromatic hydrocarbons, e.g., benzene, toluene, and styrene. Although odors are determined 

by their chemical constituents, chemical analytical techniques alone are unable to predict the 

complex interaction between different VOCs and the resulting odor quality. For this reason, 

trained human panels have been used traditionally to evaluate the air quality inside 

automobiles [2]. However, human panels introduce important constraints. Their time is very 

valuable; they can suffer respiratory inflammation; they experience age-related sensory 

alterations; and their ratings can be adversely impacted by medications. For these reasons, 

panel members are replaced from time to time. Also, a complete and detailed odor linguistic 

description and sophisticated panel training are important factors in generating accurate odor 

measurements. For these reasons, instrumental methods are needed to reduce the cost, 

complexity and potential health hazards of human panel evaluations. 

Over the past 30 years, sensor-array instruments have been utilized to detect and identify 

odorants in a number of applications, including agriculture [3], food manufacturing [4-6], 
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fragrance [7], environmental monitoring [8], pharmaceuticals [9, 10], and medical diagnosis 

[11, 12]. Commonly referred to as “electronic noses”, these systems consist of an array of gas 

sensors and pattern-recognition algorithms to map sensor-array patterns into variables of 

interest (e.g., chemical identity and concentration). Most of the reported work has been based 

on solid-state sensors, such as metal oxide semiconductor (MOS), metal oxide semiconductor 

field effect transistor (MOSFET), and conducting polymer (CP) arrays. However, studies 

relating information generated by sensor arrays to sensory evaluations by human panels have 

been limited. Human panels have been, and remain, the gold standard for performing all odor 

sensory evaluations. 

While replacing human panels with instruments remains a long-term goal, specific 

applications may be within reach with current chemical-detection technology. This article 

describes one such application: odor assessment of automobile interiors. For this application, 

field asymmetric ion mobility spectrometry (FAIMS) and photoionization detection (PID) are 

two unexploited techniques for measuring VOCs. FAIMS uses transduction principles that 

can separate target molecules by observing their ion mobility in a time-varying electric field. 

The FAIMS technique has been used as a gas analytical tool since the early 1970s [13, 14]. 

Its detection resolution can be in parts per billion and its response time can be a few seconds. 

However, FAIMS can generate large amounts of data, which creates a computational 

challenge for real-time data processing. Photoionization detection can measure all VOCs in a 

complex mixture that have ionization potentials equal to or less than the energy of its 

ultraviolet (UV) radiation. It can provide a detection range of total VOC concentration from 
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parts per billion to parts per million [13]. When combined, both instruments provide a broad 

chemical sensitivity. 

This chapter is organized as follows. Section 2.3 describes related work in odor 

evaluation methods used in the automotive industry. Section 2.4 describes the system 

architecture and methodologies used for pattern recognition, whereas Section 2.5 describes 

the experimental setup. Sections 2.6 and 2.7 present experimental results and detailed 

discussions, respectively. The article concludes with conclusions from the study and 

directions for future work. 

2.3 Related Work 

For their new car models, automobile manufacturers are keenly interested in meeting a 

prospective purchaser’s expectations regarding interior cabin odor. Motivated by this interest, 

Verriele et al. [2] built lexicons for evaluating odors from automobile products and cabins. A 

professional human panel with fifteen members was trained to perform the olfactory analysis, 

and then asked to characterize the smell intensity of car cabins and their parts individually 

based on the lexicons, in order to find the contribution of each part to the whole car cabin 

odor. Six sedans and their selected parts (plastic, textile, and leather) were sampled. The 

human rating data were analyzed using principal component analysis (PCA) and hierarchical 

cluster analysis (HCA). The results showed that leather and textile parts had a stronger 

impact on the whole car odor than did the plastic parts. 

A handful of researchers have used electronic noses to assess automobile odors. Morvan 

et al. [15] used three different gas sensor types (MOSFET, MOS, and CP) to test odors of 
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five polyurethane materials used in car-seat components. They found that the MOSFET and 

MOS sensors working together could classify part samples. CP sensors were not effective in 

this application. Kalman et al. [16] measured the odors of leather parts from two suppliers (in 

three different leather-processing stages) using MOSFET sensors, GC/MS, and a human 

panel. PCA results of the MOSFET sensor data showed that different leather samples 

clustered compactly according to manufacturers, whereas GC/MS was able to separate 

defective leather from the rest. However, no relationships were reported among MOSFET, 

GC/MS and human panel data.  

Similarly, Morvan et. al. [17] investigated the relationship among data measured by a 

MOS-MOSFET gas sensor array, GC/MS and a human panel. VOCs were emitted from 

seven car-seat polyurethane foam samples by three different suppliers. Correlation between 

the gas sensor measurements and the human panel was analyzed by multiple factorial 

analysis. The first two factors F1 and F2, combined, accounted for 54% of the variance. The 

authors concluded that neither the MOS-MOSFET array nor the GC/MS provided good 

correlation with the human panel’s sensory evaluation.  

A study by Blaschke et al. [18] developed a microelectromechanical system (MEMS) 

sensor array to evaluate cabin-air quality. The authors focused on measuring the odors 

dynamically generated from different sources in real life (smoking, fast food, nearby traffic, 

animal manure, and flatulence events). They used an exponential nonlinear model to map 

measured total VOC concentrations into air quality levels. They used human panel ratings of 

intensity (relative to reference training odor samples) to determine the coefficients of the 
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exponential nonlinear model. The air quality level measured by the MEMS sensor array 

showed similar air quality trends to those designated by the human panel. 

Finally, Sakakibara et al. [19] calculated the correlation between chemicals detected by 

GC/MS and pleasantness ratings by human assessors, in an effort to find the dominant 

chemical components influencing different human odor perceptions. Results showed 

pentylamine is a significant chemical component of unpleasant odors with a correlation of 

0.69 with human ratings. 

In conclusion, our review of literatures found no comprehensive odor assessment of all 

three human panel sensory parameters (intensity, irritation and pleasantness) for the 

automotive industry. 

2.4 Machine Olfaction System 

This section describes the various components of the combined FAIMS/PID instrument 

for assessing automobile cabin odors. 

2.4.1. Gas detection instruments 

Our instrument is based on a Lonestar FAIMS developed by Owlstone [20], and a 

ppbRAE PID (model PGM-7240) by RAE Systems [21]. 

The Lonestar FAIMS uses a radiation source to ionize the molecules in the air stream. 

This airstream transverses a conductive channel in which an alternating asymmetric electric 

field is applied along with a DC bias, which is swept as the amplitude of the alternating field 

is increased. Ions that reach the end of the channel (those that avoid colliding with the walls) 
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are detected producing a current proportional to the number of ions surviving the channel’s 

electric field dynamics [20, 22]. A dispersion field (DF) matrix is the measured positive or 

negative ion current as a function of applied DC bias and the amplitude of the applied 

asymmetric alternating electric field. This leads to two unique signatures (images) for ions 

with the same mobility. 

The PID’s detection range is from 1 ppb to 10000 ppm, making it an appropriate 

instrument to measure total VOC concentration inside automobiles. It uses an ultraviolet 

source generated by a 10.6 eV lamp to ionize many of the gas molecules commonly found 

inside automobiles [1, 2]. The ppbRAE records the peak and the average values of the total 

VOC concentration during a measurement period initiated by a human assessor. 

2.4.2. Similarity analysis of Lonestar FAIMS data 

In this study, we performed similarity analysis among odor sample data collected by 

Lonestar. Similarity representation is different from typical pattern recognition methods in 

which the data are represented in a vector space with metric units. In similarity space, objects 

are described by pairwise similarity or dissimilarity, which is the distance between objects in 

the dataset. Therefore, the relationship between objects in similarity space can be described 

numerically by distance or by correlation. The advantage of describing data in similarity 

space is that the algorithms can be generic and independent from the actual data 

representation. After data has been transformed into a similarity space, standard pattern 

recognition methods can still be employed for classification [23].  
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Multidimensional scaling (MDS) is one widely used method in similarity spaces for 

dimension reduction and classification. It uses direct similarity or dissimilarity 

representations as input without a priori knowledge of the attributes of sample 

measurements. The MDS output can reveal relevant information among sample 

measurements in a geometrical space [24]. Since there is no metric relationship between 

measured odor samples from the automobile cabin, MDS is appropriate for finding the 

relationship among samples in the dataset and clustering them into different groups based on 

their similarity. 

Both Euclidean distance and correlation are employed to model similarity among samples 

for MDS. The Euclidean distance ijd  between sample ix and jx is defined as [25, 26]: 

1
T 2( )( )ij i j i jd x x x x                                                      (2.1) 

Therefore, the similarity matrix D based on Euclidean distance for Lonestar data of m 

samples is  , , 1, ,ijD d i j m   . 

The correlation matrix among samples is defined as [26, 27]: 
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                                     (2.2) 

where k is the kth dimension of each sample, and  and  are mean and standard derivation 

of each sample. Then, the similarity matrix D based on correlation matrix for m samples 

Lonestar data is  , , 1, ,ijD c i j m   . 
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2.4.3. Signal processing methods 

The machine olfaction system we designed aims to achieve the same function as the 

human panel, and to efficiently provide repeatable measurements over extended period of 

time. The components of the system are shown in Figure 2.1 [8]. When the same odor sample 

is presented to both the human panel and the machine olfaction system in Figure 2.1, both 

should generate similar ratings for odor intensity, irritation and pleasantness. Therefore, with 

appropriate training and periodic maintenance, our proposed system should be able to replace 

human panels to evaluate the odor quality in environments that are unhealthy or stressful for 

human subjects, such as inside heated automobile cabins. 

Signal Processing 
and 

Model Prediction

Odor Sample Intensity (scale 0-8)

Irritation (scale 0-8)

Pleasantness (scale 0-8)Photoionization 
Detector 

(ppbRAE)

Field Asymmetric 
Ion Mobility 
Spectrometer 

(Lonestar)

 

Figure 2.1 Machine-based odor assessment approach [8]. 

The overall signal processing architecture is shown in Figure 2.2 [8]. It includes 

preprocessing and dimensionality reduction to extract odor information from sensor data, and 

a prediction model to map sensor features into estimated odor ratings. The performance of 

the prediction model is verified by cross-validation with the human panel measurements. The 

basic principles and methods employed are presented next. 
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Human PanelLonestarppbRAE

Preprocessing

Dimensionality 
Reduction

Linear Regression

Predictive Model

Cross-validation

Validated Model  

Figure 2.2 Flow chart of signal processing and model prediction module [8]. 

2.4.3.1 Preprocessing 

A number of preprocessing methods were explored, including drift compensation, 

Gaussian filter, gradient filter, and normalization [28]. Drift compensation and normalization 

were most helpful. Drift compensation was implemented by: 

0( ) ( ) ( )k kx t x t x t  , 0k                                                      (2.3) 

where 0( )x t  is the baseline of a set of sensor measurements, ( )kx t  is the measurement at 

time k , and ( )kx t is the drift-compensated measurement at time k . 

Following drift compensation, the sensor signals are L2-normalized according to Eqn. 

(2.4). The effect is that sensor data is transformed to lie on a hyper-sphere of unit radius. This 

also transforms all the measurements to comparable magnitudes for numerical accuracy. 
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2.4.3.2 Dimensionality reduction 

The Lonestar FAIMS returns two large matrices (dimension 51 512 ) for each sample, as 

shown in Figure 2.3. This makes it necessary to perform dimensionality reduction to extract a 

reduced set of features with low redundancy and collinearity. PCA is the most commonly 

used dimensionality reduction method in machine olfaction applications. PCA generates 

projections along the directions of maximum variance of the m×n data matrix X, where m = 

20 and n = 2×51×512 = 52224. This results in a large covariance matrix 52224×52224. To 

avoid the computational complexity associated with such a covariance matrix, we instead use 

the so-called “snapshot” PCA approach [29], which scales with the number of samples (m = 

20), as we describe next. 

 

   

(a)      (b) 
Figure 2.3 Example DF matrices of one sample. (a) Positive DF matrix. (b) Negative DF matrix [8]. 
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In our case, the data matrix X is constructed using the Lonestar DF matrices for each 

sample xi. 

T
1 2[ ]mX x x x                                                    (2.5) 

where ix  is a 1 n  row vector including every element of positive and negative DF matrices 

sequentially. Following [29], the sample covariance matrix C for first m  eigenvectors is: 

T
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1
( ) ( )
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i i
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                                                 (2.6) 
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                                                             (2.7) 

The eigenvector ej should satisfy 

j j jCe e , j                                                          (2.8) 

Since eigenvectors are linear combination of samples, the first m eigenvectors can be: 

T
,

1

m

j i j i
i

e x


                                                           (2.9) 

where ,i j  is coefficient of each sample. To calculate ,i j , define matrix R  as the sample 

inner product matrix. 

T
,

1
( )( )

1i j i jR x x
m

   


, , 1, ,i j m                                    (2.10) 

So ,i j  can be derived based on Eqns. (2.8)-(2.10): 

j j jR   ,  ,j i j  , , 1, ,i j m                                      (2.11) 

Finally, the principal components of sample data X are: 

 1 2 mY y y y  , j jy Xe , 1, ,j m                                 (2.12) 

The original sample data matrix X with dimension m n  ( m n ) has been reduced to 

matrix Y with dimension m m . The advantage of this “snapshot” technique is that the PCA 
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solution is calculated based on the number of samples rather than of features, a significant 

computational savings in our case. 

2.4.3.3 Regression models 

We evaluate two linear regression techniques to predict odor quality (intensity, irritation, 

and pleasantness) from sensor responses: principal components regression (PCR) [28] and 

partial least squares (PLS) regression [30]. PCR uses the principal components of the data as 

regression independent variables. PCR can avoid collinearity problem, but its performance 

may be limited if odor quality does not correlate with the directions of largest variance. In 

contrast, PLS extracts “latent variables” from the directions of maximum correlation between 

dependent and independent variable matrices in a sequential fashion. PLS can handle 

collinear data and also reduce the number of required training samples. Each latent variable 

is generated iteratively, and the stopping point is determined by cross-validation. 

2.4.3.4 Cross-validation 

The predictive accuracy of our models is assessed via k-fold cross-validation: for a 

sample size N, N(K-1)/K samples are used for training, and N/K samples for testing. To avoid 

overfitting, samples collected from the same vehicle (one cold and the other hot) are kept in 

the same set (i.e. training or testing) during the partitioning process. Creating these sets of 

two samples within our total sample size of 20 resulted in fixing K at 10. 
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2.5 Experiments 

Ten different vehicles were selected from five car models. Each model had two vehicles 

(one interior with cloth and the other with leather). To simulate the effects of sun exposure in 

warm climates, each vehicle was placed in a test chamber and heated to 80ºC. Each vehicle 

was odor-tested before and after applying the heating cycle, resulting in a dataset with 20 

odor samples: a pre-heated (cold) sample and a post-heated (hot) sample for each of ten 

vehicles. 

Each sample was assessed by the human panel, the ppbRAE and the Lonestar in rapid 

succession. Odor evaluation by the human panel is illustrated in Figure 2.4 [8]. The human 

panel was composed of four assessors who had multiple years of experience in evaluating 

odors associated with automobile cabins and related automobile parts. Over a one-day period, 

they were trained to utilize the odor rating scales described below. Each panelist was asked to 

rate the intensity, irritation and pleasantness of the odors inside each vehicle using a 9-point 

scale [25, 31, 32] (0: no odor intensity, no irritation intensity, extremely pleasant; 8: maximal 

odor intensity, maximal irritation intensity, extremely unpleasant). A pleasantness scale 

rating 4 is neutral. We have used this rating scheme in our previous work [31, 32]. 

Human Panel
(4 members)

Odor Sample

Intensity (scale 0-8)

Irritation (scale 0-8)

Pleasantness (scale 0-8)
 

Figure 2.4  Human panel odor rating method [8]. 

To reduce olfactory fatigue, panelists entered the vehicle cabin wearing filtered masks 

(3M 60926 Multi Gas/Vapor Cartridge/P100 Filter). At a designated time, they took off their 
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masks and sniffed the odor. After sniffing, they rated the odor using the nine-point scale for 

intensity, irritation and pleasantness. Those scales were assigned based on reference odor 

samples that they encountered during training. One panelist also operated the ppbRAE inside 

each automobile to measure the peak and average concentration of total VOCs over the 

measurement period. Then, sample air from the vehicle cabin was directed to the Lonestar 

instrument by Tygon® tubing connected through the test chamber, as illustrated in Figure 2.5. 

The Lonestar ionized each sample and generated a positive DF matrix and a negative DF 

matrix for each sample. 

 

 

     (a)                                  (b)                                 (c) 

Human Panel 
ppbRAE

Test Chamber

Control Room

Automobile Cabin

FiltersLonestar

Sample Air Clean Air

 

                                          (d) 
Figure 2.5 Experimental diagram. (a) Human panel. (b) ppbRAE. (c) Lonestar. (d) Top view of 

experimental platform. 



 

 

30 
 

2.6 Results 

2.6.1. Similarity 

2.6.1.1 Measurements of each odor sample 

The accuracy of acquired Lonestar FAIMS data is tested by similarity between three 

consecutive three-minute DF measurements collected during each of the 20 sampling 

sessions (one hot and one cold sample for each of the ten vehicles). The similarity matrix is 

calculated based on the Euclidean distance among DF matrices of each measurement. The 

results are shown in Figure 2.6 as below. In Figure 2.6, each data point represents a sample 

location in similarity space processed by MDS using Eqn. (2.1). The location is determined 

by the distance magnitude based on data projection on first three dimensions. The horizontal 

axis represents the sample number. Along the vertical location axis, for each sample, three 

DF measurements are shown statistically. The sample mean values are shown using the 

diamond symbol. The error bar above and below the diamond symbols represents the 

minimum and maximum values of each sample. Thus, although the vehicle-to-vehicle data 

variation is large, the three measurements for each individual vehicle are very consistent. 



 

 

31 
 

 

Figure 2.6  Distance magnitude of three consecutive measurements for each odor sample. 

2.6.1.2 Samples 

The distribution of Lonestar data in similarity space is shown in Figure 2.7 and Figure 

2.8. Both figures are plotted using the first two dimensions of all 20 samples in similarity 

space based on MDS and Eqn. (2.2). Figure 2.7 is based on the original DF matrices acquired 

from Lonestar FAIMS without preprocessing. Figure 2.8 displays the similarity among DF 

matrices of 20 samples after data preprocessing. Note that the vehicle separation in Figure 

2.8 is greater. 
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Figure 2.7 Similarity of 20 samples’ raw Lonestar FAIMS data using MDS. 

 

Figure 2.8 Similarity of 20 samples’ preprocessed Lonestar FAIMS data using MDS. 
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2.6.2. Linear regression 

2.6.2.1 PCR with Lonestar FAIMS data 

Figure 2.9 shows the cumulative variance according to the 20 non-zero eigenvalues of the 

data, indicating that only 8 principal components (PCs) are needed to capture 99% of the data 

variance. Accordingly, we drop the other 12 PCs from further consideration. 

To evaluate the relationship between the Lonestar FAIMS data and the human panel 

assessments, we computed the correlation coefficients between each of the first 8 PCs and 

the three olfactory ratings (intensity, irritation and pleasantness). Results are shown in Figure 

2.10, and indicate that the second PC has the largest correlation with the human panel data. 

 

Figure 2.9 Cumulative variance of Lonestar FAIMS data according to eigenvalue numbers. 

We expected the correlation to be highest for the first PC, so we developed a 

preprocessing method to address this issue. On closer examination, we noted that the first PC 

was correlating most strongly with the date of sample collection. Since our data was 
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collected during two different time periods, we divided the data into two subsets and 

removed the sample average of each separately, and then merged them back into a single 

dataset. This made the best correlation switch from the Lonestar data’s second PC to the first 

as shown in Figure 2.11. The correlation relationship between the first PC and human panel 

data before and after preprocessing is also compared in Figure 2.12. In Figure 2.12, the 

correlation relationship between original Lonestar data’s first principle component (PC1) and 

human panel rating in intensity is shown in the Figure 2.12(a). The 20 samples distribute 

widely and have large distance from the linear correlation line. After preprocessing, the 

improved correlation between Lonestar data and intensity ratings is plotted in Figure 2.12(b). 

Similar results are also found between PC1 and other two human panel rating parameters 

(irritation and pleasantness). 

To reduce computational complexity, at this point we decided to focus further processing 

on the first three PCs because they had high correlation with the human panel ratings and 

capture about 98% of the data variance. After eliminating 17 out of 20 PCs, three versions of 

the PCR regression model were generated using three different sets of independent variables: 

(1) the first three PCs (PC 1, 2, 3); (2) the two highest correlated PCs (PC 1, 2); and (3) the 

highest correlated PC (PC 1). Correlation coefficients between the PCR predictions and the 

original human panel evaluations are summarized in Table 2.1. Of these three, the model 

with PC 1, 2 as independent variables has the highest correlation (Intensity, 0.634; Irritation, 

0.583; Pleasantness, 0.663; all with p-value < 0.01). 
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Figure 2.10 Correlation between principal components of Lonestar data and human panel ratings. 

 

Figure 2.11 Correlation between principal components of Lonestar data and human panel ratings after 

preprocessing. 
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(a)                                                                               (b) 
Figure 2.12 Correlation between first principal component and human panel assessment measures. (a) 

Before preprocessing, PC1 vs. Intensity. (b) After preprocessing, PC1 vs. Intensity.  

2.6.2.2 PLS with Lonestar FAIMS data 

Next, we examined the ability of PLS to predict olfactory ratings directly from the 

Lonestar DF matrices. Namely, we evaluated PLS models with increasing number of latent 

variables ranging from 1 to 17. A 2-latent variable model gives the best performance for 

intensity and irritation, whereas a 7-latent variable model provides the best prediction for 

pleasantness. More importantly, the PLS models outperform the PCR models - see Table 2.1, 

which indicates that information is lost by only considering the three largest directions of 

variance in the data. 
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Table 2.1 Correlation between predicted ratings of testing Lonestar data and reference human 

panel ratings 

Method Independent 

Variables 
Intensity Irritation Pleasantness 

PCR Lonestar (PC 1, 2, 3) 0.563 0.511 0.570 

PCR Lonestar (PC 1, 2) 0.634 0.583 0.663 

PCR Lonestar (PC 1) 0.605 0.525 0.639 

PLS Lonestar 

(Latent variables) 
0.651 0.609 0.703 

2.6.2.3 PCR and PLS with combined Lonestar FAIMS and ppbRAE data 

In a final step, we analyzed the relationship between total VOC measurements from the 

ppbRAE and human odor assessments. The ppbRAE responds to total VOC concentrations. 

When used alone, the ppbRAE shows stronger correlations with human panel’s ratings than 

those obtained with the FAIMS (Intensity, 0.709; irritation, 0.665; and pleasantness, 0.752). 

In an effort to improve the accuracy of the predictive models, we combined the Lonestar’s 

best performing datasets (best PCR case and best PLS case in Table 2.1) and the ppbRAE 

dataset. We took PC1, PC2 and ppbRAE, applied k-fold cross-validation, built the PCR 

models on training data and used them on test data. For the PLS models, we substituted the 

DF matrices for PC1 and PC2. The results are shown in Table 2.2. The two combined 

datasets generated more accurate predictions than either instrument alone. Also, the 

combined dataset with PLS gave the best overall performance (Intensity, 0.720; Irritation, 

0.667; Pleasantness, 0.839; all with p-value < 0.01). 
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Table 2.2 Correlation between predicted ratings of testing combined sensor data and reference 

human panel ratings 

Method Independent 

Variables 
Intensity Irritation Pleasantness 

PCR Lonestar (PC 1, 2) & 

ppbRAE (Peak) 
0.684 0.620 0.755 

PLS Lonestar (DF matrices) 

& ppbRAE (Peak) 
0.720 0.667 0.839 

2.7 Discussion 

A small variation among three successive measurements for all 20 automobile samples is 

observed in Figure 2.6. Therefore, the average of three Lonestar measurements for all 20 

samples is used for analysis. 

In Figure 2.7, one may observe that the 20 samples are separated into four groups, 

representing the cold and hot testing conditions and different automobile models. The circles 

in blue and red group the odd-numbered samples collected under cold conditions. The circles 

in green and orange cluster even-numbered samples collected after heating. So the samples 

are divided into cold and hot by Dimension 2. Note also that the circles in blue and green are 

samples collected from two car models under both cold and hot measuring conditions, and 

the circles in red and orange are samples collected from the other three car models under both 

cold and hot measuring conditions. This indicates that samples are classified by car models 

along Dimension 1. 

Although the pattern in Figure 2.8 is similar to the pattern in Figure 2.7, we see that, after 

preprocessing, the distance between each subgroup generated by MDS has been increased, 
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which means the four groups can be identified more easily. Note that cold-data sample 11 has 

been lost from its cluster in Figure 2.8. 

Based on the classification results of our Lonestar data using MDS, we can conclude that 

FAIMS data with signal processing methods can generate useful information for 

differentiating models of automobile. The method can also identify odor changes with 

differing temperatures. 

Additionally, the correlation coefficients between principal components of Lonestar data 

and human panel ratings have increased after preprocessing. Meanwhile, the 20 samples 

locate more closely around the linear correlation line, which demonstrates that the linear 

correlation relationship between Lonestar data and human panel assessment data has been 

improved by our preprocessing method. The ppbRAE measurements also show high 

correlation with human panel measurements. A PLS regression model based on two sensors’ 

combined data makes analytical instruments able to provide sensory information on odor 

intensity, irritation and pleasantness. 

Our best model predictions correlated with the human panel in the 0.67 to 0.84 range, 

verified by k-fold cross-validation. 

2.8 Conclusions and Future Work 

We have presented an instrumental technique to assess odors inside automobile cabins. 

Our approach uses FAIMS and PID to measure VOCs inside the cabin, combined with 

multivariate statistics to predict olfactory ratings from a human panel. We have validated the 

approach on an experimental dataset containing VOCs from ten vehicles before and after 
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application of a heating cycle aimed to simulate the effect of warm climates. Our results 

show correlations of 0.720, 0.667 and 0.839 with olfactory ratings of intensity, irritation and 

pleasantness, which suggests that instrumental ratings may be used to replace a human panel 

for this specific application. Using instrumental analysis to augment or replace a human 

panel overcomes several constraints faced when human panels are exposed to potentially 

toxic VOCs. First, many human assessors are reluctant to serve on panels that sniff 

environmentally generated unpleasant odors. The cost to train and maintain a human panel 

can be excessive. Human assessors’ performance is easily impaired by respiratory and sinus 

infections. The working hours of the panelist are limited. Machine olfaction can solve many 

of these problems. It is always available, and it can be easily relocated to different sites 

around the world. In our specific application, time is limited for experiments in the chamber; 

human panel evaluation requires the panel to dress in cleanroom garments before entering the 

cabin to make their assessments; the total experimental procedure is time-consuming and 

expensive, which makes it difficult to get a large sample dataset. As a result, in this study we 

were limited to 20 odor samples from 10 vehicles. Results on this small sample size are 

encouraging but additional work is needed. 

The measurements of the Lonestar and ppbRAE alone have a correlation with human 

panel’s assessments in the range from 0.609 to 0.752. A regression predictive model based 

on the combination of the two instruments generates a prediction that increases the 

correlation with human panel tests (0.667 to 0.839, all with p-value < 0.01). Cross-validation 

based on leaving out the samples of one of the 10 vehicles validates the accuracy of the 

regression model. 
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Our study suggests that employing the proposed machine olfaction system is a feasible 

way to classify odor samples and predict the odor sensory evaluations traditionally generated 

by a trained human panel: intensity, irritation and pleasantness. We recommend further 

investigations with a larger dataset to further validate our conclusions. 
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CHAPTER 3  

Odor Assessment of Automobile Interior Components 

Using Machine Olfaction 

3.1 Abstract 

Evaluating and improving odors emitted from automobile interior parts can help 

automotive companies fulfill prospective customers’ expectations of odor character and 

health impacts. Extending our previous work on machine-versus-human odor assessment for 

intact automobile cabin interiors, in this study we evaluated odors generated from individual 

interior parts using a human panel and field asymmetric ion mobility spectrometry (FAIMS). 

We used image processing to extract geometric features from FAIMS dispersion fields, and 

built predictive models for three odor assessment parameters (intensity, irritation, and 

pleasantness) by means of partial least squares regression. The best feature set was chosen by 

backward sequential feature selection. Using k-fold cross-validation, we achieved statistically 

significant correlation 0.95 with a sample set of 48 interior automobile parts. These results 

support the feasibility of replacing a human panel by machine olfaction for the assessment of 

odor quality of interior automobile parts. 
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3.2 Introduction 

In addition to reliability and safety, odor quality has become an important factor in 

customers’ preferences when they acquire new automobiles. Odors inside automobiles are 

complex mixtures of volatile organic compounds (VOCs) that partly come from the materials 

of various interior parts. In order to improve customers’ impressions of a manufacturer’s 

automobile offerings, the odor (gas mixture) emitted from each part should be evaluated for 

its contribution to collective cabin odor. Conventionally, human panels are used to identify 

and evaluate odors. The interactions between the VOCs and the mammalian odor receptors 

create the human panelists’ perceptions of the odor. However, because human panels are 

expensive and time-consuming [1], alternative approaches are needed for detecting and 

identifying the odorous VOCs in a cost-effective and reliable way. Gas chromatography/mass 

spectrometry (GC/MS) has been used to analyze the gaseous emissions from automobile 

interiors [2]. GC/MS can distinguish accurately chemical components and their 

concentrations in a gas mixture. Its disadvantages are high infrastructure cost and long 

processing delays. In addition, GC/MS is not capable of describing an odor sample’s 

perceived characteristics [3], which means odor characterization cannot be based on GC/MS 

alone. 

Traditional machine olfaction systems are based on arrays of cross-selective sensors 

using gas sensing technologies, including metal oxide semiconductor (MOS), MOS field 

effect transistor (MOSFET), conducting polymer (CP), surface and bulk acoustic wave 

(SAW, BAW), fluorescence (FL), infrared (IR) absorption, and optical [4]. Because of the 

limited chemical selectivity of a single sensor, an array of gas sensors can expand the 
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system’s sensing range. Such a sensor array combined with pattern recognition methods 

constitutes a machine olfaction system, which is also called an electronic nose (e-nose) [5]. 

An e-nose can identify chemicals and predict sensory attributes of gas mixtures. But the 

sensor array is usually selected to respond to specific gas mixtures. When the target gases are 

changed beyond the system’s original design, the system can be inaccurate. 

Ion mobility spectrometry (IMS) is an alternative chemical characterizing technique to 

detect a wide variety of organic chemicals [6]. IMS was developed for gas sensing in the 

early 1970s [6, 7]. IMS has been used in prototype configurations for routine clinical, 

diagnostic measurements, and detection of chemical warfare agents, toxic industrial 

compounds, explosives and drugs of abuse [8]. Over the years, several types of ion-mobility 

spectrometers have emerged.  IMS is a label that is frequently associated with drift-time 

based systems. Other units can be classified as differential mobility spectrometry (DMS), 

travelling wave ion mobility spectrometry (TWIMS), and field asymmetric ion mobility 

spectrometry (FAIMS). In this study, we employed a FAIMS unit.  

In the early 1990s, FAIMS was introduced. Its operation is based on the nonlinear 

behavior of ion mobility in electric fields [9]. Compared to traditional IMS, FAIMS has no 

ion shutters, and ions are continuously introduced into the analyzer. Therefore, the sensitivity 

and operation complexity are improved. In FAIMS, ions are characterized in an asymmetric 

electric field in which voltages may reach 20000 V/cm for nanosecond periods, sending the 

ions along varying trajectories down a channel in route to a collecting electrode creating a 

spectral image. The commonly deployed ion sources for FAIMS are radioactive, corona 

discharge, photo discharge lamps, lasers and variations of ion electrosprays [6]. Many factors 
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can affect the spectra. One factor is the dispersive effects of diffusion and ion-ion repulsion 

[10]. Ion source saturation, and experimental parameters including compensation voltage, 

temperature, moisture, pressure and sample impurities, are other factors that can influence 

the spectra [11]. Therefore, there are no commonly accepted standards for experimental 

conditions to attain optimal ion mobility spectra. Finding odor-relevant information under 

different experimental conditions is the challenge when developing a FAIMS-based machine 

olfaction system. 

In this study, we employed a Lonestar FAIMS by Owlstone, Inc., to examine odors 

generated from different automobile parts. The Lonestar FAIMS generates two three-

dimensional images for each measurement test. In our case, we tested the odor of automobile 

interior materials before and after subjecting them to a company-specified heating cycle, a 

process that increased the available VOC concentrations. Changing VOC concentrations 

alters the shapes of features in the FAIMS-generated images. Since numerous VOCs emitted 

from automotive parts are known to occur in low concentrations [12], image processing 

methods that detect small changes in the image shapes were used to extract odor-relevant 

information from the acquired FAIMS spectral signals. Regression models based on selected 

features were built to predict standard odor sensory parameters for each automobile interior 

part. The models’ performances were validated by k-fold cross-validation with the original 

professional human panel evaluation as a reference. 

This chapter is organized as below. In Section 3.3, we introduce related published 

literature on detection and identification of chemical compounds by IMS and FAIMS. The 

experimental setup and detailed procedures for data collection by our machine olfaction 
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system are described in Section 3.4. In Section 3.5, image based feature extraction methods 

are explained, as is our implementation of partial least squares regression to generate odor 

quality information from the FAIMS data. Feature selection and model performance are also 

discussed in detail in this section. The conclusions and future work are summarized in 

Section 3.6. 

3.3 Related Work 

Low cost, portability, flexibility, sensitivity and selectivity make IMS an attractive 

technique for on-site, real time environmental monitoring and chemical detection. Tuovinen 

et al. [13] detected several pesticide compounds individually from liquid matrices using a 

six-electrode, flow-through type IMS model MGD-1. Three compounds (sulfotep, propoxur 

and nicotine) with 2-propanol as their solvent were tested at different concentrations. Based 

on the collected responses from six different IMS channels, a self-organizing map and 

Sammon’s mapping methods provided by commercial Visual Nose software were used to 

find similarity between samples. The results show clear separation among the three pesticide 

compounds and their solvent. 

A larger study of IMS detection of individual chemicals was carried out by Bell et al. 

[14]. They investigated the classification of 204 chemicals, each at various concentrations, 

from a standardized database of 3137 IMS spectra.  A two-tiered backpropagation neural 

network was proved to successfully detect 195 compounds represented by 1293 spectra. A 

log transformation of acquired spectral data improved the performance of the neural network. 

They also found that features including drift times, peak numbers, peak intensity and peak 
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shape were efficient for differentiating chemicals. A fixed feature combination was not 

capable of separating all classes of chemicals. Different feature combinations were needed 

for each class. 

The determination of analytes in complex samples, or the mixtures of various target 

compounds, leads to complicated IMS signals. This may arise from multiple and competitive 

ionization interactions as a consequence of limited reactant ions in chemical-based sources or 

limited energy available in the ionization source. When a radioactive source is used, 

Márquez-Sillero et al. [15], noted that ionization of substances with low proton affinity is 

reduced when compounds with higher proton affinities are present. Similarly, in negative 

polarity, ionization of substances with higher electron affinities can hinder the ionization of 

analytes with lower electron affinities. Additionally, it is possible that different compounds 

having the same drift time are falsely identified as the same target analytes, leading to a 

false-positive response. 

For gas mixtures, Snyder et al. [16] used both principal component analysis and 

discriminant analysis to clearly separate compounds from three different gas mixtures 

measured by a hand-held gas chromatography/ion mobility spectrometer (GC/IMS). The gas 

mixture samples were: (1) 15 compounds representative of illegal drug synthesis 

precursors/purification solvents; (2) 18 compounds that are airborne contaminants in the 

NASA space shuttle; and (3) benzene, toluene, xylenes and six polyaromatic hydrocarbons 

among 41 alkane, alkene and alkylaromatic compounds typical of petroleum-based 

environmental contaminants. For dataset (1), principal component (PC) 1, 2 and 5 were 

capable of separating all types of compounds, which was similar to results by discriminant 
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analysis. These three PCs accounted for about 76% of total variance in this dataset. In dataset 

(2), discriminant analysis provided clear separation of compounds; however, principal 

components did not. For the last dataset, discriminant analysis identified more types of 

compounds than did principal components. 

FAIMS has been employed to differentiate patients in a medical application. Covington 

et al. [17] carried out a study on detection of patients at risk of gastrointestinal toxicity 

during pelvic radiotherapy by electronic nose and FAIMS. By using wavelet transform and 

Fisher discriminant analysis, they showed the sample dataset was classified by FAIMS into 

four groups: low toxicity pre-treatment, high toxicity pre-treatment, low toxicity post-

treatment, and high toxicity post-treatment. 

In general, most of the published odor-related IMS literatures focus on the identification 

and classification of VOC chemicals or biomarkers. Limited work can be found on exploring 

the relationship between IMS signals and odor sensory quality evaluation; we found none 

using FAIMS. So, the use of FAIMS in this application may provide interesting results. 

3.4 Experiments 

In this project, North Carolina State University and Hyundai Motor Group partnered to 

explore the use of FAIMS in evaluating the odors generated by heat-cycled interior cabin 

parts. Our goal was to develop signal algorithms that would allow the e-nose to match the 

odor ratings of a trained human panel. In the experiments below, we describe our progress 

toward that goal. 
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3.4.1. Samples 

Odor can emanate from a variety of different component parts comprising an 

automobile’s interior cabin. Table 3.1 lists our selection of 10 types of parts (labeled from a 

to j) from five different automobile models (labeled from A to E). The selected parts were: 

floor carpet, floor mat, headliner, instrument panel, rear package tray, cloth bolster for seat 

cover, cloth insert for seat cover, leather bolster for seat cover, leather insert for seat cover, 

seat foam. Two of the models had no rear package tray, so a total of 48 samples were tested 

(each sample’s identifying number is listed in Table 3.1). 

 

Table 3.1 Automobile part sample identifiers 

Sample No. 
Vehicle Model 

A B C D E 

a. Floor carpet 9 23 37 34 42 

b. Floor mat 44 11 25 22 8 

c. Headliner 45 24 26 1 43 

d. Instrument panel 32 7 13 10 31 

e. Rear package tray 33 12 14 none none 

f. Cloth bolster for seat cover 15 48 18 17 16 

g. Cloth insert for seat cover 3 36 6 5 4 

h. Leather bolster for seat cover 39 47 38 41 40 

i. Leather insert for seat cover 27 35 30 29 28 

j. Seat foam 21 19 2 46 20 
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3.4.2. Human panels 

Our odor panel consisted of four trained evaluators. The detailed human panel training 

procedure can be found in [18, 19]. During the experiments, each panel member sniffed each 

of the 48 samples and rated it for intensity, irritation, and pleasantness. For each evaluation 

parameter, the panelists scored the odor using a standard scale from 0 to 8, where a rating of 

0 denotes no intensity, no irritation and extremely pleasant, and a rating of 8 means maximal 

odor intensity, maximal irritation and extremely unpleasant; neutral pleasantness is rated as 

four [20, 21]. 

3.4.3. Experimental procedure 

A four-litre glass jar was used as the sample container. The jar had a custom Teflon disc 

fashioned as a cover with two ports, one for extracting headspace odor samples and the other 

for resupplying odorless clean dry air. Prior to each sample test, the jar’s interior and exterior 

were cleaned using deionized water and ethyl alcohol (EtOH). This step removed odor 

residues left in the jar during previous tests. The clean empty jar was sealed and placed in a 

heated oven at 80ºC for one hour. After removing the jar from oven, a SKC pump was used 

to transfer the headspace gas from jar to the Lonestar FAIMS. Three FAIMS measurements 

(each taking three minutes) were collected for the clean empty jar. These three measurements 

are used as background odor since some trace residues surviving our jar-cleaning process 

may generate VOCs during the one-hour heating cycle.  

Next, a representative piece from one of the 48 parts was placed inside the jar (typically 

cut in the shape of a small rectangular block ≈ 3”×4”×2”). The jar containing the sample 
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piece was sealed and placed into an oven at 80ºC for two hours. Following heating, the 

sealed jar with sample piece was removed from the oven and allowed to cool at room 

temperature for another hour. Then the four human panelists sniffed the odor from inside the 

jar by sliding the Teflon® cover slightly to the side, attempting to minimize headspace 

dilution. Finally, the Lonestar FAIMS measured the odor sample after human panelists 

finished their evaluation. For each sample piece, the Lonestar FAIMS also acquired three 

measurements (each taking three minutes). This procedure was repeated for all 48 samples. 

3.5 Results and Discussion 

3.5.1. Lonestar sample data 

The Lonestar FAIMS uses a flat-plate IMS technology in which ions move in a channel 

under strong electric field conditions. A Ni63 radiation source is employed to ionize the 

molecules in a pressurized air stream. This airstream transverses a conductive channel in 

which an alternating asymmetric electric field is applied along with a sweeping DC bias, 

which is swept as the amplitude of the alternating field is increased. Ions that reach the end of 

the channel (those that avoid colliding with the walls) generate a current proportional to the 

number of ions surviving the channel’s electric field dynamics. A dispersion field matrix 

(DFM) for positive ions and negative ions respectively is the measured ion current as a 

function of applied DC bias and the amplitude of the applied asymmetric alternating electric 

field [22]. This leads to a unique identification for ions with the same mobility. The DC bias 
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is swept from -6V to +6V in our experiments. All our parameter settings for the Lonestar are 

shown in Table 3.2. 

Table 3.2 Experimental settings for Lonestar FAIMS 

Parameter Value 

Dispersion field 0%~100% 

Compensation voltage -6 V~ +6 V  

Flow rate 1 L/min 

Sensor temperature 60 oC 

Pressure -0.12 barg 

 

The positive and negative DFMs for one sample part are shown in Figure 3.1. For 

different chemicals, the information shown in the positive and negative DFM may be 

different if they have different proton or electron affinity. In our measurements, each DFM 

has dimension 51×512. These data dimensions can be compared to a typical e-nose 

instrument that might generate datasets with dimension 16 × 30 (16 sensors sampled for 30 

seconds) [23]. Therefore, finding a good feature extraction algorithm to reduce the Lonestar 

IMS dataset to a limited number of highly related indicators of odor quality is even more 

important than for a typical e-nose instrument. 

The variability of our acquired Lonestar IMS data for each automotive part was tested by 

finding the Euclidean norm of three consecutive measurements. The positive and negative 

DFMs of each measurement were concatenated into a single 1-D vector with 52224 elements, 

and then the Euclidean norm of each 1-D vector was calculated to represent each 

measurement. The differences among three consecutive measurements of all 48 samples are 

shown in Figure 3.2 below. 
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(a)      (b) 
Figure 3.1 DFM of one floor mat sample piece. (a) Positive DFM. (b) Negative DFM. 

 
Figure 3.2 Euclidean norm of measurements for each odor sample. 

In Figure 3.2, the mean of Euclidean norm among three measurements for each sample is 

marked by asterisk. The error bar shows the maximum and minimum norm value. The 
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Euclidean norm ix of ith measurement is calculated by Eqn. (3.1) and reflects the difference 

among sample measurements. 

52224
2
,

1

, 1, ,i i j
j

x x i m


                                                         (3.1) 

where j represents the jth dimension, and m is the total number of measurements which is 

3×48 =144. The sample identification number is shown along the horizontal axis. Most of the 

samples have small deviations among measurements except Samples 3 and 11. In total, more 

than 90% of our samples have less than 5% deviation among their three DFM measurements. 

Therefore, we used the arithmetic average of three measurements for each sample in our 

study. 

3.5.2. Principal component analysis 

First, we apply principal component analysis (PCA), a commonly used e-nose feature 

extraction method, on our Lonestar DFM data. In particular, we employed “snapshot” PCA 

[19, 24]. This method projects an average of three DFM measurements of each sample into 

independent directions based on their maximum variance matrix among all 48 samples. The 

eigenvector for each direction is calculated by a linear combination of all features to avoid 

inverting large matrices. For our dataset, the first three out of 48 principal components (PCs) 

capture more than 90% of the variance and were used for all subsequent processing. The 

correlation between these three PCs and human panel evaluation scores is listed in Table 3.3. 

The highest correlation between the three PCs and the human panel evaluations is 0.403. 
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Table 3.3 Correlation between Lonestar measurements and human panel data 

Principal Components Intensity Irritation Pleasantness 

1 0.050 0.382 0.299 

2 0.173 0.325 0.403 

3 0.017 -0.041 0.073 

 

Odor quality predictions, generated by principal components regression models based on 

these first three PCs, are correlated with human panel evaluation scores as –0.307 for 

intensity, 0.362 for irritation, and 0.287 for pleasantness after k-fold cross-validation (k = 48), 

with p-value are p=0.72, p<0.01, and p<0.01, respectively. These values are unacceptable, so 

we conclude that the PCA method does not extract highly relevant odor information. 

3.5.3. Image features 

Based on these results, we decided to extract more relevant features using image 

processing techniques. As shown in Figure 3.1, positive and negative DFMs can be plotted as 

images. Since the spectral profile is related to ion mobility, we employed and compared 10 

different feature subsets summarized in Table 3.4, each containing 1 to 52224 elements. We 

used MATLAB image-processing tools [25] to extract the feature elements. The definition of 

each feature subset is introduced as follows. 
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Table 3.4 Selected features for each odor sample 

Feature Subset No. Feature Subset Name Dimension 

1 DFMs 1×52224 

2 Binary DFMs  1×52224 

3 Total area of binary DFMs 1×1 

4 Centroid 1×4 

5 Boundary 1×52224 

6 Perimeter of boundary 1×1 

7 Corner location 1×48 

8 Bounding area 1×10 

9 Peak location and amplitude 1×110 

10 Peak migration 1×4 

3.5.3.1 DFMs 

For each odor sample, there is one 51×512 matrix for positive and negative DF 

separately. By considering each component in the matrix as one feature property, the matrix 

of positive and negative DF was transformed into 1-D 1×26112 vector, respectively, then 

combining two 1-D vectors forms 1-D 1×52224 vector as feature subset “DFMs”. 

3.5.3.2 Binary DFMs 

Each row in a DFM can be viewed as a two-dimensional plot as shown in Figure 3.3. In 

order to capture the spectral profile information of the DFM and remove noise signals, we 

turned the positive and negative DFMs into binary images by setting a threshold with 

absolute value 0.075 A.U. in Figure 3.3. This process turns the color DFMs to binary (black 

and white) images (see Figure 3.4). Then the two binary matrices were processed the same 
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way as DFMs into 1-D 1×52224 vector for one sample. Although the binary DFMs have the 

same dimension as the original DFMs data, the binary DFMs is sparser than the original 

DFMs data (the black area has zero entries). So binarization removes a lot of low-level noise. 

This generates a feature subset with 52224 elements. 

 

   

(a)      (b) 
Figure 3.3 Ion mobility spectrum of one floor mat sample piece (DFM row 20). (a) Positive. (b) 

Negative. 

   

(a)      (b) 
Figure 3.4 Binary DFMs. (a) Positive. (b) Negative. 
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3.5.3.3 Total area of binary DFMs 

The total area of binary DFMs is the sum of binary DFM vector. The white pixels are one 

in the vector, so the sum is the total area in white. So, this generates a feature subset with one 

element. 

3.5.3.4 Centroid 

The centroid is the center of the region of interest (in white pixel), and can be derived as 

1

1 N

x i
i

C x
N 

  , 
1

1 N

y i
i

C y
N 

                                                  (3.2) 

where ( , )i ix y is the location of a white pixel and N is the total number of white pixels. The 

centroid of binarized DFM image can capture the shape change between different odor 

samples. The centroids of the selected floor mat odor sample are shown as blues dot in 

Figure 3.5. So, this feature subset contains four elements. 

 

   

(a)      (b) 
Figure 3.5 Image features of DFM images of one floor mat sample piece. (a) Positive. (b) Negative. 

(Blue dot is centroid; green rectangle is bounding; green small circle is corner) 
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3.5.3.5 Boundary 

The boundary of the DFM is detected using the Canny edge detection algorithm [26]. The 

Canny detection operator convolves the image with a symmetric two-dimensional Gaussian 

function and then differentiates the image along the normal to the edge direction to find the 

edge. With the same standard deviation   for both directions x and y, a two-dimensional 

Gaussian function can be defined as: 

2 2

2
exp( )

2

x y
G




                                                     (3.3) 

The direction n is oriented normal to the direction of an edge to be detected. 

( )

( )

G I
n

G I

 

 

                                                             (3.4) 

where I is the image data and denotes convolution. An edge point is defined to be a local 

maximum of the image I along direction n after the operator G applied. Therefore, the edge 

can be calculated based on: 

2

2
0G I

n


 


                                                            (3.5) 

The boundary of DFM collected from the clean empty jar was also extracted. The 

common signal between the boundary from the clean empty jar DFM and the boundary from 

the odor sample DFM was subtracted from the boundary of sample DFM, removing signals 

generated by odor contaminants missed in the cleaning process. Figure 3.6 shows the 

boundary of one odor sample, the boundary of corresponding clean empty jar, and the 

boundary of odor sample after removing common signals. The processed boundary matrices  
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(a)      (b) 

 

(c)      (d) 

 

(e)      (f) 
Figure 3.6 Boundary. Odor sample: (a) Positive. (b) Negative. Clean empty jar: (c) Positive. (d) 

Negative. Odor sample after removing common signal: (e) Positive. (d) Negative. 
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including positive and negative DFM are also transformed into 1-D vector. This generates a 

feature subset with 52224 elements. 

3.5.3.6 Perimeter of the boundary 

The perimeter of the boundary is calculated by summing the 1-D 1×52224 boundary 

vector. As with the area feature subset, this process creates a feature subset with only one 

element. 

3.5.3.7 Corner location 

The corner locations in each DFM binary image are capable of representing the tip 

location of branches, which is related to types of chemicals in the gas mixture. Consequently, 

an example of the eight corner positions of region of interest are chosen from the following 

points shown in Figure 3.7: top-left, top-right, right-top, right-bottom, bottom-right, bottom-

left, left-bottom, and left-top. The identified eight corner points in the selected sample are 

shown as small green circles in Figure 3.5. In this feature subset, the locations of each 

identified corner on the x, y axes are extracted and ordered anti-clockwise from the bottom-

left corner to left-bottom corner. This generates 16 elements for each of the two DFMs. In 

addition, the distance between each corner and the centroid of white region was also 

calculated (shown as black dash lines in Figure 3.7) and ordered in the same way as 

described above. This generates eight more elements for each the two DFMs.  Therefore, the 

corner location feature subset contains 16×2 + 8×2 = 48 elements. 
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Figure 3.7 Corner definition [25]. 

3.5.3.8 Bounding area 

This feature subset is the area of a rectangular box enclosing the region of interest. The 

rectangular box for the example sample is shown in green in Figure 3.5. The location of the 

box area is defined by the x and y position of the box’s lower-left corner. The area is 

represented by the length and width of the box, and the product of the length and the width. 

The benefit of this method is to extract concurrently the region location, dimension ratio, and 

area. So, this feature subset contains five elements for each of the two DFM, for a total of 10. 

3.5.3.9 Peak location and amplitude 

The peak locations are related to the types of positive or negative ions. Their amplitudes 

are correlated with the concentration of ions. The peak locations and amplitudes move 

around under different dispersion field conditions and can provide information highly related 

to characteristics of chemical components of the gas mixture. An example of detected peaks 
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is shown in Figure 3.3 by the small red circles. The smaller peak in the negative DFM is a 

reactive ion peak related to the moisture level instead of the target chemicals, so it was not 

considered in our study. Based on spectral density of DFMs collected in our experiments, 

peak location and peak value were collected from rows 1 to 35 for the positive DFM and 

from rows 1 to 20 for the negative DFM, so the number of elements in the peak feature 

subset is (35+20)×2 = 110. 

3.5.3.10 Peak migration 

Peak migration is defined as the change of location and value between the peak in the 

first row of DFM and the peak in the last selected row of DFM (row 35 for the positive DFM 

and row 20 for the negative DFM). This generates a feature subset with four elements for 

each sample. 

3.5.4. Partial least squares regression model 

According to our previous results in [19], the partial least square (PLS) regression 

method has performed well for modeling and predicting odor sensory parameters for 

automobile cabin interiors. Therefore, PLS was employed to build predictive models for 

corresponding automobile parts. PLS extracts “latent variables” from the directions of 

maximum correlation between dependent and independent variable matrix in a sequential 

fashion. PLS can handle collinear data and also reduce the number of required training 

samples [27]. In this study, the independent variables are Lonestar data and the dependent 
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variables are human panel odor evaluation scores. Each latent variable is generated 

iteratively. Eqn. (3.6) shows the regression model. 

1 0

T

T

X TP E

Y UQ F

Y B X B

 

 

 
                                                               (3.6) 

where X is selected features of Lonestar FAIMS sensor measurements (independent 

variables), Y is human panel evaluation for all samples on one parameter (dependent 

variable) and Y is the prediction of Y , T is projections of X and U is projections of Y, P and 

Q are orthogonal loading matrices constituted by the latent variables. Modeling residues are 

represented by E and F. Components of coefficient matrix 1B and 0B are calculated by P, Q, 

T, U in each iterative step. Matrices P, Q, T, U are also calculated iteratively and the stopping 

point is determined by cross-validation. 

3.5.4.1 Models by individual feature subset 

The results of regression model using PLS method for each feature subset individually 

are shown in Table 3.5. The regression model is verified by k-fold cross-validation (k = 48). 

Feature subset “Peak location and amplitude” generated the best regression models for 

intensity and irritation, and feature “Binary DFMs” generated the best regression model for 

pleasantness. These models using a single feature subset did not meet our performance goals. 
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Table 3.5 Correlation between predictions and original human panel data 

No. Feature Subset Name Intensity Irritation Pleasantness 

1 DFMs 0.275 0.431 0.441 

2 Binary DFMs  0.433 0.516 0.657 

3 
Total area of binary 

DFMs 
-0.048 0.418 0.422 

4 Centroid -0.192 0.409 0.436 

5 Boundary 0.352 0.456 0.374 

6 Perimeter of boundary -0.330 0.230 0.392 

7 Corner location 0.330 0.527 0.418 

8 Bounding area 0.286 0.484 0.391 

9 
Peak location and 

amplitude 
0.534 0.611 0.511 

10 Peak migration -0.313 0.364 -0.437 

3.5.4.2 Sequential feature selection 

In order to find the “optimal” subset that maximizes the predictive accuracy, sequential 

feature selection was employed. Sequential feature selection is a greedy algorithm that tests 

all the possible numbers of features to find a local optimum predictive model. It has two 

methods, forward selection and backward selection. Forward selection is adding feature 

element sequentially from zero to all. Conversely, backward selection is reducing feature 

element sequentially from all to zero [5]. In our case, we put all the elements from the 10 

feature subsets in Table 3.4 into one feature set with dimension 1×156850. The model 

predictive accuracy was evaluated by k-fold cross-validation with k=48. By examining the 

results of features selected from both the forward and backward methods, the backward 



 

 

69 
 

selection method generated the highest correlation and predictive accuracy. The backward 

selected features for the PLS models are summarized in Table 3.6, Table 3.7, and Table 3.8, 

for intensity, irritation and pleasantness, respectively. Feature subsets 1, 2, and 5 were not 

selected for any of the PLS models. A possible reason is that the dimension of these feature 

subsets is large and their represented information is included in other selected features. 

Feature subset 3 was also not selected for any model, which means the area of white pixels is 

not highly correlated with three human assessment parameters. For the selected feature 

subsets 4, and 7-10, some of their elements were not selected. For example, for the PLS 

model for odor intensity, 1+48+10+110+4 = 173 total elements were available from feature 

subsets 6-10, respectively, but only 1+17+5+42+2 = 67 of these elements were used in the 

model. For the PLS model for odor irritation, only 70 of 173 elements of the five selected 

feature subsets were needed. Finally for the PLS model for pleasantness, only 71 of 177 

elements of the six selected feature subsets were needed.  

Table 3.9 illustrates the performance of our PLS model for each odor parameter based on 

the feature subsets in Table 3.6, Table 3.7, and Table 3.8. In order to reach our goal of 0.95 

correlation between the human panel and our PLS models, the latent variables were allowed 

to increase as needed. This resulted in one set of 28 latent variables, slightly higher than half 

of our 48 samples. Using k-fold cross-validation (k=48), the root mean square (RMS) error of 

model predictions of testing samples is also listed in Table 3.9. The RMS of all the three 

models is smaller than 0.26 units. Note that the odor parameter range is from 0 to 8. 

Therefore, it can be concluded that one may use a PLS regression model independently for 
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each human assessment parameter, and that those models are capable of providing suitable 

predictions of odor intensity, irritation and pleasantness. 

 

Table 3.6 Features selected for intensity 

Feature No. Feature Subset Name 
Total Available 

Elements 

Number of 

Selected Elements 

6 Perimeter of boundary 1 1 

7 Corner location 48 17 

8 Bounding area 10 5 

9 Peak location and amplitude 110 42 

10 Peak migration 4 2 

 

 
 

Table 3.7 Features selected for irritation 

Feature No. Feature Subset Name 
Total Available 

Elements 

Number of 

Selected Elements 

4 Centroid 4 2 

6 Perimeter of boundary 1 1 

7 Corner location 48 20 

8 Bounding area 10 6 

9 Peak location and amplitude 110 41 
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Table 3.8 Features selected for pleasantness 

Feature No. Feature Subset Name 
Total Available 

Elements 

Number of Selected 

Elements 

4 Centroid 4 2 

6 Perimeter of boundary 1 1 

7 Corner location 48 20 

8 Bounding area 10 4 

9 Peak location and 

amplitude 

110 42 

10 Peak migration 4 2 

 

Table 3.9 Model accuracy 

Parameter 
Number of Latent 

Variables 
Correlation p-value RMS 

Intensity 15 0.951 <0.01 0.224 

Irritation 12  0.951 <0.01 0.258 

Pleasantness 28 0.950 <0.01 0.172 

 

3.5.4.3 Learning curve of regression models 

In order to further validate the model performance, the learning curves for three models 

were generated by employing training sample sizes of 24, 32, 36, 40, 42, 44, 45, 46 and 47, 

and their related testing sample sizes of 24, 16, 12, 8, 6, 4, 3, 2 and 1. The testing samples 

were selected based on k-fold cross-validation. The selected number of training and testing 

samples covered all the possible choices of k with our total sample size being 48. The 

training error and testing error were calculated based on RMS. The correlation between the 
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three PLS models and the human panel, the training error, and the testing error are shown in 

Figure 3.8. Note that the correlation results are above 0.90 for training sets greater than or 

equal 42. The testing error for three parameters is 0.26 units or smaller for the same training 

sets, and is decreasing and approaching the training error curve with increasing number of 

training samples. Ideally, the difference between the testing error and the training error 

should be less than the training error. Our curves are trending towards that goal. 

 

Figure 3.8 Learning curve for best regression models. 

3.6 Conclusions and Future Work 

In a previous study, we have identified automobile interior cabin odor evaluation as an 

example of a testing environment that could be improved by replacing trained human 

panelists with modern machine olfaction systems [19]. This will reduce human exposure to 
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unpleasant mixtures of VOCs, some of which have exposure limits due to their toxicity. In 

this study, we have extended this concept to the testing of individual automobile component 

parts from within the vehicle’s cabin. Odors generated by these interior parts must not be 

regarded as offensive by prospective buyers of new automobiles. Identifying an offensive 

odor source from multiple vehicle parts and evaluating human olfactory preference for those 

parts are essential steps in the testing process. Herein, we have designed a machine olfaction 

system to mimic a human panel’s ability to perform these tests and generate odor rating 

parameters in a reliable way.  

This system uses a Lonestar FAIMS as its VOC gas sensor to evaluate odors emanating 

from automobile parts. Regression predictive models were included in the system to estimate 

human odor sensory ratings of the target parts. Predictive models were implemented based on 

experimental data from both the Lonestar FAIMS sensor and the reference human panel 

assessment ratings, and then verified by k-fold cross-validation. Feature extraction was 

implemented using image processing algorithms applied to the Lonestar DFM dataset. Based 

on sequential feature selection, feature subsets were chosen independently for intensity, 

irritation and pleasantness. The regression model for each parameter generated by its selected 

feature set and partial least squares regression can reach a correlation with human panel 

scores higher than 0.95 with p-value smaller than 0.01. The RMS error of the three models 

for testing samples is smaller than 0.26 units on the 9-point odor scales. Even though 

learning curve in Figure 3.8 did not converge with our sample set totaling 48, we believe that 

our regression modeling method for the three odor parameters is useful, and will prove 

consistent and accurate when a larger sample set is available. 
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In conclusion, machine olfaction has proved feasible as a human panel replacement to 

provide sensory ratings on odor intensity, irritation and pleasantness for automobile interior 

components. Further investigations of additional vehicle models and their associated interior 

component parts are needed to validate system performance and identification accuracy. 
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CHAPTER 4  

Identification of Effects of Interior Components in the 

Automobile Cabin Odor Quality Using Machine Olfaction 

4.1 Abstract 

Prospect customers come to a new automobile show room with opinions and expectations 

of specific odor characteristics that they prefer in their new vehicle’s cabin.  The odor in the 

vehicle’s cabin is emitted from an assembly of component parts made from a wide range of 

materials. Identifying the contributions to the cabin odors by the individual interior parts can 

enable the vehicle manufacturer to control cabin odor quality and fulfill prospective 

customers’ demands. In previous work, we have studied both machine and human odor 

assessment for intact automobile cabin interiors and individual parts. In this study, we 

employ the methods developed earlier to investigate the impact of component part odors on 

whole cabin odor quality. Clustering results in this study reveal similar relationships in the 

results generated by a human panel and an ion-mobility-based instrument. We used image 

processing to extract geometric features from field asymmetric ion mobility spectrometry 

(FAIMS) dispersion images to train classifiers by support vector machine (SVM) and linear 

discriminant analysis (LDA). Based on features determined by sequential feature selection, 
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our machine olfaction technique demonstrated a higher correct classification rate by car 

models and by part types than did the human panel. Consequently, our proposed machine 

olfaction technique shows potential for use in odor quality monitoring and control in 

automotive applications. 

4.2 Introduction 

Gas emissions from automobile interiors contribute to the classic “new car odor”. Odors 

inside car cabins are an important factor in a customer’s purchasing decision since 

individuals have different odor sensitivities and preferences, especially for people with 

allergies. In order to control odors inside their automobile cabins, the sources of these odors 

must be located and characterized. A human panel is the standard odor characterization 

method widely used in industry. It is expensive and time-consuming to train a human panel 

and maintain its performance. Additionally, human cannot be exposed to potentially 

hazardous volatile chemicals due to health concerns about toxicity. Therefore, rather than 

using humans as sensors, various electronic-based methods are proposed in the published 

literature whose goal is to provide reliable machine-based odor measurements. 

One widely studied alternative technique is Gas chromatography/mass spectrometry 

(GC/MS). GC/MS is an analytical method to identify chemical substances in a test sample 

separating volatiles as the transition down a column, with the peaks being identified by MS. 

An example of using GC/MS to detect volatile organic compounds (VOCs) and their 

concentrations in automobiles is published in [1]. It is difficult to characterize an odor using 
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GC/MS alone. Knowing the chemical composition of an odor does not reveal an odor’s 

character [2]. 

Other sensors employed for odor detection in various studies include: metal oxide 

semiconductor (MOS), MOS field effect transistor (MOSFET), conducting polymer (CP), 

surface and bulk acoustic wave (SAW, BAW), fluorescence (FL), infrared (IR) absorption, 

optics, and photoionization [3-5]. Because of the limited chemical selectivity of any single 

gas sensor of the above types, normally an array is employed to expand the system’s sensing 

range. Such a sensor array combined with pattern recognition methods constitutes a machine 

olfaction system, which is also called an electronic nose (e-nose). In our previous work, a 

FAIMS-based machine olfaction system has shown good correlation with professional 

human panel assessments of odors from both whole car cabins and individual interior cabin 

parts [6].  

Classification of odor samples using an e-nose has been studied for agriculture [7], food 

[8] and environmental monitoring [9]. Traditionally, data collected from e-nose systems are 

processed by principal component analysis (PCA) to reduce the data dimension and to 

demonstrate samples’ relationships graphically in two dimensions. Once the dimension of the 

data has been reduced, additional methods are then employed.  For example, clustering as an 

unsupervised learning method was used to separate samples into groups based on their odor 

characteristics in [10]. A SVM and neural network, as supervised learning methods, were 

employed to investigate the consistency of testing sample quality and to detect defective 

samples in [8, 11]. 
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In this study, we investigated the relationship between odors from car cabin interiors and 

odors from individual interior parts based on both FAIMS machine olfaction and human 

panel assessment. The results are intended to discover which key individual parts played 

major roles in determining the cabin interior’s odor. Additionally, classification of odor 

measurements by the car model and part types was performed. Unsupervised k-means 

clustering was used first to examine the relationships among odor samples. Then, the odor 

dataset was explored by SVM and LDA methods with k-fold cross-validation. Sequential 

feature selection was applied to find the good feature subsets for each classification model. 

This chapter is organized as follows. In Section 4.3, we introduce related studies on 

detection and identification of odors in the automotive industry. Section 4.4 describes the 

experimental setup and data collection procedure of our machine olfaction system. Section 

4.5 discusses the correlation between the whole cabin odors and individual part odors. In 

Section 4.6, k-means clustering results from both the machine olfaction system and the 

human panel are presented. Our final classification results are explained in Section 4.7. The 

conclusions and future work are summarized in Section 4.8. 

4.3 Related Work 

E-nose systems with MOSFET and MOS sensor array have been investigated for 

distinguishing various types of automotive interior parts and monitoring their material 

quality. Morvan et al. [12] measured seven car seat foam samples from three different 

suppliers by three different systems: a MOS-MOSFET gas sensor array, a GC/MS, and a 

human panel. The gas sensor array measurements were processed by PCA to differentiate 
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samples. Based on the first two principal components (PCs), the whole sample dataset was 

separated into two groups, which was similar to the human panel’s results. Samples from the 

same batch could not be distinguished. But along PC1, samples could be separated by their 

suppliers. Meanwhile, along PC2, samples were differentiated by their moulding process. 

The GC/MS data identified 117 chemicals which primarily belonged to these chemical 

families: acids, amines, alcohols, saturated and unsaturated alkanes, aromatic, aldehydes and 

amides. After being processed by PCA, the GC/MS data divided all the samples into four 

groups. Only samples from one of the three suppliers grouped together. But for this grouping, 

the system could not further separate the parts by color. The gas sensor array e-nose system 

had a correlation higher than 0.7 for 14 out of 142 sensory descriptors given by human panel.  

Another study was carried out by Kalman et al. [2] to monitor a leather manufacturing 

process. They used an e-nose system with 10 MOSFETs and 5 MOS sensors to monitor 

leather-part quality. The e-nose could differentiate sample odors from three different 

processing steps. One defective leather sample was also separated from other samples. By 

comparison, GC/MS and the human panel performances were not effective. Further work 

was suggested for compensating the signal drift of e-nose’s sensor measurements with 

changes in temperature and humidity. 

There is one example study using an e-nose system to identify interior parts and car 

models. D’Amico et al. [13] designed an e-nose system named LybraNose using eight quartz 

microbalance sensors. This system successfully discriminated three typical cabin materials 

with PCA: waxy oil, bonder and gasket rubber. Repeated measurements from same sample 

were always grouped properly. Furthermore, samples were processed from four dashboards 



 

 

83 
 

with differing smells: plastic A, plastic B, natural leather, and synthetic leathers. Results 

showed the e-nose system detected differences among four dashboard materials and even 

discriminated synthetic leather by color. The system also classified eight different car models 

by their new cabin smell, although there were overlaps among different car models, and one 

car model was divided into two subgroups. Odor measurements from each car model were 

grouped closely in a PC 1-2 plot.  

The effect of individual parts’ smell on the whole cabin odor was evaluated by human 

panel in one study. Verriele et al. [14] established standards to describe the nature of odor in 

a sensory descriptive analysis approach. Odors from both car parts and car cabins were 

evaluated by human panel based on their proposed standards. The clustering results showed 

that when amine-like odor was present, it tended to cover other odors. Consequently, 

polyurethane foam and textile parts, which generated most of the ammonia-like odors, had a 

dominant impact on the olfactory smell in the car cabin. Although the relationship between 

human perception of odors from individual parts and whole cabins has been reported in [14], 

no published literature was found addressing the odor relationship between individual parts 

and the whole cabins based on electronic measurements. Our work is attempting to fill this 

void. 

Several classification methods have been used in e-nose systems to identify target 

samples by their odors. Sakakibara et al. [10] tested 20 cars by human panel. The human 

panel scores in six odor types (stimulative, aromatic, fishy, amine-like, leather and sour) 

were analyzed by clustering analysis. Twenty cars were classified into four groups. Five cars 
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with leather seats were separated from all other models. This result indicated that material 

differences can be detected by e-nose odor analysis. 

An e-nose system using a multiclass SVM to estimate the quality of black tea was present 

by Saha et al. [8]. They compared the performance of three different types of multiclass 

SVM classifiers in predicting the black tea quality. The three classifiers used were: one-

versus-rest, one-versus-one, and directed acyclic graph SVM. Verified by cross-validation, 

the one-versus-rest SVM algorithm with Gaussian radial basis function (RBF) kernel showed 

higher testing accuracy and lower standard deviation than those from the other two SVM 

methods. 

Classification of chemicals by IMS has been demonstrated by Bell et al. [11]. For a 

database of 3137 spectra for 204 chemicals with different concentrations, they developed a 

neural network classifier with a combined feature set, including drift times, number of peaks, 

relative intensities, and peak shape. The database was classified by functional group with a 

0.91 correct classification rate.  

Based on the studies above, e-nose systems can identify and classify odorous samples. 

Using this technology to discover dominant, odor-generating interior parts for the whole 

cabin odor quality is feasible. During the manufacturing process, this technology may also be 

useful for monitoring automotive interior material quality. 
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4.4 Experiments 

4.4.1. Samples 

Odor can emanate from a variety of component parts comprising an automobile’s interior 

cabin. Odor samples from both whole car cabins and individual parts were collected.  

Ten different vehicles were selected from five car models. Each model had two vehicles 

(one interior with cloth and the other with leather). For the same type of car models, 10 types 

of interior parts were chosen. Table 4.1 lists our selection of 10 types of parts (labeled from a 

to j) from five different automobile models (labeled from A to E). The selected parts were: 

floor carpet, floor mat, headliner, instrument panel, rear package tray, cloth bolster for seat 

cover, cloth insert for seat cover, leather bolster for seat cover, leather insert for seat cover, 

seat foam. Two of the models had no rear package tray, so a total of 48 samples were tested 

(each sample’s identifying number is listed in Table 4.1). 

4.4.2. Lonestar FAIMS 

A Lonestar FAIMS by Owlstone, Inc. was employed as gas sensor to examine odors 

generated from the whole car cabins and individual interior parts. Detailed working 

principles of the Lonestar FAIMS can be found in [6]. 

During each measurement, the Lonestar generates one positive and one negative 

dispersion field matrix (DFM). An example of a positive and a negative DFM for one sample 

part is shown in Figure 4.1. For two different chemicals, the information shown in their pairs 
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of DFMs will be different if they have different proton or electron affinity. In our 

measurements, each positive DFM and each negative DFM has dimension 51×512. 

 

Table 4.1 Automobile part sample identifiers 

Sample No. 
Vehicle Model 

A B C D E 

a. Floor carpet 9 23 37 34 42 

b. Floor mat 44 11 25 22 8 

c. Headliner 45 24 26 1 43 

d. Instrument panel 32 7 13 10 31 

e. Rear package tray 33 12 14 none none 

f. Cloth bolster for seat cover 15 48 18 17 16 

g. Cloth insert for seat cover 3 36 6 5 4 

h. Leather bolster for seat cover 39 47 38 41 40 

i. Leather insert for seat cover 27 35 30 29 28 

j. Seat foam 21 19 2 46 20 

 

   

(a)      (b) 
Figure 4.1 DFM of one floor mat sample piece. (a) Positive DFM. (b) Negative DFM. 
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4.4.3. Human panels 

For each odor assessment, the samples were evaluated by both the Lonestar and a trained 

human panel. The odor assessment scores for intensity, irritation and pleasantness collected 

from the human panel were used as ground truth for evaluating the Lonestar-based system’s 

performance. Our odor panel consisted of four trained evaluators. The detailed human panel 

training procedure can be found in [6, 15]. During the experiments, each panel member 

sniffed each sample and rated it for intensity, irritation, and pleasantness. For each evaluation 

parameter, the panelists scored the odor using a standard scale from 0 to 8, where a rating of 

0 denotes no intensity, no irritation and extremely pleasant, and a rating of 8 means maximal 

odor intensity, maximal irritation and extremely unpleasant; neutral pleasantness is rated as 

four. 

4.4.4. Experimental procedure 

For the whole cabin testing [6], to simulate the effects of sun exposure in warm climates, 

each vehicle was placed in a test chamber and heated to 80ºC. Each vehicle was odor-tested 

before and after applying the heating cycle, resulting in a dataset with 20 odor samples: a 

pre-heated (cold) sample and a post-heated (hot) sample for each of ten vehicles. Sample air 

from the vehicle cabin was directed to the Lonestar instrument by Tygon® tubing connected 

through the test chamber.  

Individual part odors were examined in four-liter glass jars [16]. A representative piece 

from one of the 48 parts was placed inside the jar (typically cut in the shape of a small 
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rectangular block ≈ 3”×4”×2”). For each sample piece, the Lonestar FAIMS acquired three 

measurements (each taking three minutes). 

4.5 Relationship Between Odor Samples From The Whole Car Cabin And Individual 

Parts 

In this section, we investigate the relationship between the whole cabin odor quality and 

the odors of individual parts, based on data collected by both the human panel and a Lonestar 

FAIMS instrument. We wanted to determine which, if any, of the interior parts were 

dominant in producing the total interior odor. Our approach to answering this question is 

given below. 

4.5.1. Dominant odors in the human panel data 

In order to find dominant relationships between the odors of individual parts and the 

odors of the whole cabins, the rating scores of three odor parameters were used to represent 

each sample. Pearson correlation and Euclidean distance were employed to evaluate the 

similarity between one car model and individual parts used for that same model. The Pearson 

correlation is: 

,

cov( , )
ik jk

ik jk

ik jk
X Y

X Y

X Y


 
                                                            (4.1) 

where ikX represents the scores of the three odor parameters for the whole car cabin of one 

car model. jkY represents the scores of the three odor parameters for an individual part of the 

same car model. The index i changes from 1 to 4 to represent four odor samples of one car 
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model (cloth-cold, cloth-hot, leather-cold, leather-hot). The index j represents part numbers 

in a range from 1 to 10 for car model A, B and C. The range of j is from 1 to 9 for car model 

D and E. The index k is the car model number with a range of 1 to 5. 

The Euclidean distance is calculated as: 

, 2ik jkX Y ik jkd X Y                                                    (4.2) 

where the dimension of ikX  and jkY  is 1×3. 

High Pearson correlation indicated that two compared samples have similar patterns, and 

thus are highly related. Low Euclidean distance indicated small differences between the two 

compared samples’ DFMs, and thus that they are highly related. So, we define high similarity 

as having high Pearson correlation and small Euclidean distance. Parts with high similarity 

with whole cabin samples are thus labeled as being an odor dominant part for those cabins.  

Using this figure of merit, the dominant parts for each car model based on human panel 

rating scores are listed in Table 4.2. 

Table 4.2 Dominant parts for each car model based on human panel scores 

Car Model A B C D E 

Part No. d d b a, b, d, j b, c, d, j 

4.5.2. Dominant odors in the Lonestar FAIMS data 

We repeated the process above on the Lonestar FAIMS data. For Lonestar measurements, 

positive and negative DFMs collected for one sample were transformed into 1-D 1×52224 

vector. Three successive measurements were averaged for each sample. Therefore, in Eqns. 
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(4.1) and (4.2), ikX  represents DFMs data of the whole car cabin, and jkY  is the DFMs data 

of individual part for related car model. The dimension of ikX and jkY is 1×52224. 

Same criterion used in Table 4.2 was used to find the dominant parts based on Lonestar 

data. The results for the five car models are shown in Table 4.3. 

Table 4.3 Dominant parts for each car model based on Lonestar FAIMS 

Car Model A B C D E 

Part No. d, e c, d a, b, d a, b, d, j d 

4.5.3. Common dominant parts 

Comparing the results in Table 4.2 and Table 4.3, similar dominant parts were found for 

each car model. The common dominant parts identified by both the Lonestar FAIMS system 

and the human panel are summarized in Table 4.4. 

Table 4.4 Common dominant parts 

Car Model A B C D E 

Part No. d d b a, b, d, j d 

 

Note that the instrument panel (labeled as “d”) is the dominant part for the cabin odor in 

4 of the 5 car models. This panel is constructed of a polypropylene substrate covered by 

polyurethane foam and a thermoplastic polyurethane skin. Unused reactants from the 

production of polyurethane products such as methylene chloride, acetone, trichloroethane, 

and butylated hydroxylated toluene [17] typically contribute to the odor from the instrument 

panel. Carry-over of tertiary amines used as catalysts in the production of polyurethane 

foams can also contribute a strong odor [18]. Many odor-active compounds have also been 
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found in polypropylene extracts including hexanal, octanal, nonanal, oct-1-en-3-one, non-1-

en-3-one, acetic acid, butanoic acid, hexanoic acid, 4-methylphenol, 3-ethylphenol, vanillin, 

and phenylacetic acid [17]. The floor mat (labeled as “b”) is another dominant part in car 

models C and D.  These floor mats have rubber backing and carpet front.  Hundreds of VOCs 

have been associated with rubber including 1,1 diichloroethylene, isopropylbenzene, 1,2,4 

trichlorobenzene [17], and carpet dyes can off-gas hundreds of odorous compounds. 

4.6 Clustering 

Clustering is an unsupervised classification method. It attempts to find natural partitions 

in sets of data. The two mostly widely used techniques are k-means and hierarchical 

clustering [19]. 

Clustering by k-means randomly finds an initial list of cluster centers for a given k, and 

then assigns all the samples in the dataset to the nearest cluster center. For each new cluster, 

its centroid is calculated and that value replaces the initial randomly selected cluster center in 

the list. The process is then repeated to assign all samples to cluster centers in the revised list. 

New cluster centroids are computed and the cluster center list is updated until it stabilizes. 

This produces mutually exclusive clusters.  

Instead of partitioning samples into a given number of mutually exclusive clusters, the 

hierarchical clustering method finds the structure of the dataset’s relationships sequentially, 

and normally displays the results as a tree. The relationship among samples is represented by 

a similarity matrix which relates samples by their correlation or by Euclidean distance, and a 

linkage criterion that specifies when pairs of samples should be merged. A pair of samples is 
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merged in each step. The merged pair is considered to be a single sample in next step. This 

merging process is repeated until all samples have been merged into a single set. Different 

linkage criteria can produce different structures since a different pairing of samples can 

occur. A dendrogram (a tree structured representation) is normally used to illustrate the 

hierarchical clustering results.  

In order to separate samples into clusters using both methods, we computed a measure of 

similarity using Euclidean distance between all pairs of samples in the dataset space. The 

dimension for both the human panel and Lonestar FAIMS data was reduced to two using the 

“snapshot” PCA [6]. The first two principal components (PCs) of human panel data captured 

93% of the information in original dataset. For the Lonestar data, the first two PCs captured 

85% of the information. 

To evaluate k-means clustering results, a Silhouette index ( )s i was calculated as an 

evaluation parameter with a range from -1 to 1. This index contrasts the average distance to 

elements in the same cluster with the average distance to elements in other clusters [20].  

( ) ( )
( )

max{ ( ), ( )}

b i a i
s i

a i b i


 , 1, ,i n                                             (4.3) 

where a(i) is the average dissimilarity of sample i to all other samples in the same cluster, 

b(i) is the minimum of average dissimilarity of sample i to all other samples in the other 

clusters. 

Samples with a high Silhouette index value are considered to be well clustered, and 

samples with a low Silhouette index value may be outliers. Therefore, this index was used to 

determine the number of clusters as will be illustrated below. 
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4.6.1. Human panel data 

Human panel scores for 48 individual part odor samples in three parameters (intensity, 

irritation and pleasantness) were processed by “snapshot” PCA. The first two dimensions 

contained 93% of the information of the whole dataset. In order to examine whether the 

human panel data can identify samples by car model or part type, average values of 

Silhouette indexes for two to ten clustered classes were determined as shown in Figure 4.2.  

The highest average value of the Silhouette index for all 48 part samples was generated 

when nine classes were formed. Neither five (the number of car models) nor ten (the number 

of part types) were the best number of classes. Examining the highest average Silhouette 

index case, the nine classes generated by k-means clustering are plotted in Figure 4.3. 

Samples (as defined in Table 4.1) with similar human panel odor rating scores were grouped 

together. For example, Samples 43, 31, 38 and 28 clustered in one class and have human 

panel rating scores higher than 4 on all three odor parameters. All these parts had undesirable 

ratings for intensity, irritation, and unpleasantness. For another example, Samples 41 and 29 

are from car model D and were grouped together. Both were evaluated by the human panel as 

being weakly intense, weakly irritating, and slightly unpleasant. In Figure 4.3, samples are 

neither clustered by the part type nor by car model. For seat cover related parts, the 

difference between cloth and leather cannot be detected. 
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Figure 4.2 Average value of Silhouette index for different numbers of subgroups for the human panel 

data. 

 

 

Figure 4.3 Clustering by k-means with nine subgroups for human panel data. 
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4.6.2. Lonestar FAIMS data 

During Lonestar FAIMS data acquisition, three successive measurements for each sample 

were taken. As a test for data stability, we first used all three measurements of each part 

sample in our analysis to determine if all three would be assigned to the same cluster. 

Hierarchical clustering was employed to perform this test. The similarity matrix was 

calculated by Euclidean distance among the DFMs of all triplicated samples. The hierarchy 

structure of the sample set was built by the Ward linkage function. The results grouped the 

triplicated measurements properly for 32 of the 48 cases. Of the 16 outliers, 15 were first 

measurements, and the other was a second. These results suggested that first measurement 

might have significant concentration difference compared to the other two measurements. 

The Lonestar is sensitive to changes in VOC concentrations. Since the parts testing was 

being performed using four-litre jars, and the jars were being sampled for three minutes per 

DFM pair at an airflow rate of one L/min as given in Section 3.4.3, a decreasing 

concentration of odorants over the three sequential measurements was expected. So which of 

the three measurements should be used was a question. Additional hierarchical classification 

runs on the first, second, and third measurements independently all gave the same resulting 

clusters. Therefore, we chose to use the average of the three measurements for further 

analysis. 

Next, the triplicate average of the Lonestar FAIMS data measurements from individual 

parts were explored by k-means to determine if we could classify them by their part types and 

vehicle models. The average value of the Silhouette index for two to ten classes is shown in 

Figure 4.4. Both five and ten classes gave the highest index value. The average Silhouette 
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index values for the Lonestar in Figure 4.4 were higher than those of the human panel in 

Figure 4.2. 

 

Figure 4.4 Average value of Silhouette index for different numbers of subgroups for the Lonestar data. 

The clustering results with five and ten classes are illustrated in Figure 4.5(a) and Figure 

4.5(b), respectively. In Figure 4.5(a), one class in the lower left of the figure had only one 

part (sample 11), which is a floor mat from car model B.  All the other parts from model B 

mapped to other classes.  All the seat cover leather bolster and leather insert parts for all five 

car models (parts 27, 28, 29, 30, 35, 38, 39, 40, 41 and 47) were grouped into one class 

shown in the upper right portion of the figure. The class located in the middle right had half 

of the part samples from car model B, including parts 7, 12, 24, 36, and 48. Also included in 

this class were the seat cover cloth insert parts from all five car models. The class in the 

center of the figure contained floor mat parts 8, 22, 25, and 44. The class in the middle left of 

the figure had three parts; two were seat foam and one was floor carpet. 
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(a) 

 

                                              (b) 
Figure 4.5 Clustering by k-means for the Lonestar data. (a) Five subgroups. (b) Ten subgroups. 
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In Figure 4.5(b), samples were divided into ten classes. By examining each class, we 

found that seat cover leather bolsters and seat cover leather inserts from four car models (A, 

B, D and E) were in one class, the topmost middle cluster in the figure. Note that the seat 

cover leather bolster and seat cover leather insert for car model C were clustered with the seat 

cover cloth bolster of all the other car models. Seat cover cloth inserts 3, 4, 5 and 6 from car 

models A, C, D, and E were clustered together. Separation among floor mats, floor carpets, 

instrument panels and headliners was not observed. As in Figure 4.5(a), the floor mat 11 

from car model B was still recognized as an outlier. Another outlier in Figure 4.5(b) is the 

seat foam 19 from car model B. 

In general, the part dataset collected from both the human panel and the Lonestar FAIMS 

cannot be clearly associated with either the car models or the part types. One possible reason 

is that different car models can be manufactured with parts built from similar materials.  Parts 

from similar materials may generate similar VOC profiles. Comparing the human panel and 

Lonestar FAIMS results, the Lonestar FAIMS gave better performance for classification by 

part type. 

4.7 Classification 

Further investigation of classification by Lonestar and human panel data was carried out 

using two supervised learning methods. Specifically, SVM and LDA were employed using 

MATLAB tools [21]. Here we divided the samples into two sets, one for training and one for 

testing. 
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4.7.1. Support vector machine 

The SVM method uses a hypothesis space of linear functions in a high dimensional 

feature space, trained with a learning algorithm from optimization theory that implements a 

learning bias derived from statistical learning theory [22, 23]. Since SVM is originally 

designed for binary classification, multiclass SVM classifiers were developed to discriminate 

samples into five car models and ten part types, respectively. The one-versus-all strategy was 

implemented. 

The training data was generated by k-fold cross-validation as: 

1 1{( , ), , ( , )}m mx y x y                                                             (4.4) 

where n
jx R , 1, ,j m  and {1, , }jy l   is the class label of jx . In our case, m is 47 with 

k=48. The index l is five for the car model and ten for the part type model. 

A multiclass SVM classifier had l SVM models according to the number of classes. For 

the ith SVM, the following problem was solved [23]: 

, , 1

1
min ( )

2

( ) ( ) 1 , 1,

( ) ( ) 1 , 1,

0, 1, ,

i i i

m
i T i i

j
b j

i T i i
j j j j

i T i i
j j j j

i
j

C

x b y if y i

x b y if y i

j m

 
  

 

 







     

       

 








                                                (4.5) 

The symbol   represents applied polynomial kernel function. The index C is the penalty 

parameter and is set as one in this study, and i
j is the slack variable. When data cannot be 

separated linearly, the penalty term 
1

m
i
j

j

C 

 reduces training errors. A standard Lagrange 

solver was used to optimize the problem in Eqn. (4.5). 
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where j and j are Lagrange multipliers. 

The class label of testing sample was determined as: 

1, ,
 arg max (( ) ( ) )i T i

i l
class of x x b


  


                                                  (4.7) 

4.7.2. Linear discriminant analysis 

The LDA is a procedure for identifying relationship between qualitative criterion 

variables and quantitative predictor variables. It has been widely used in e-nose data analysis 

[24]. This method generates sample labels by a linear combination of all the features selected 

from measurements. LDA is similar to regression analysis except it has continuous 

independent variables and a categorical dependent variable. The LDA model is [19, 25]: 

1,..., 1

ˆarg min ( | ) ( | )
i

l

j j j
y l k

y P k x C y k
 

  , 1, ,j m                              (4.8) 

with assumption that probability density functions ( )j jp x y k and ( )j jp x y k for 

1, ,k l  are normally distributed, where n
jx R , 1, ,j m  and {1, , }jy l  is the class 

label of jx . ( | )jC y k  is the cost of classifying an observation as jy  when its true class is k. 

ˆ ( | )jP k x  is the posterior probability of class k for sample jx  and is calculated based on 

weighted sample observation T
jx . The weight coefficient  was calculated based on 

maximizing the Fisher criterion [26]: 
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J

S

 
 

                                                                (4.9) 

where wS  is within class scatter matrix and BS is between class scatter matrix. 

4.7.3. Feature set 

Since the spectral profile generated by the Lonestar FAIMS is related to ion mobility and 

chemical characteristics, and generates images displaying this information (see Figure 4.1), 

we extracted ten feature subsets as listed in Table 4.5 using image processing techniques. 

Complete details on the extraction of these feature subsets are given in Section 3.5.3. 

Table 4.5 Selected features for each odor sample 

Feature Subset No. Feature Subset Name Dimension 

1 DFMs 1×52224 

2 Binary DFMs  1×52224 

3 Total area of binary DFMs 1×1 

4 Centroid 1×4 

5 Boundary 1×52224 

6 Perimeter of boundary 1×1 

7 Corner location 1×48 

8 Bounding area 1×10 

9 Peak location and amplitude 1×110 

10 Peak migration 1×4 

4.7.4. Classification results 

Both Lonestar FAIMS data and human panel data were investigated to determine which 

was better in classifying by car models and part types. A trained classifier for each was 
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verified by k-fold cross-validation with k=48. In each partition, there were 47 samples in the 

training set and one remaining sample in the testing set. In this process, models were 

developed that predict the sample type given the input feature subsets displayed in Table 4.5. 

The classifier kernel is selected based on model performance after cross-validation resulting 

in the polynomial being selected for SVM classifiers and the linear kernel for LDA classifier 

models. The polynomial kernel in the SVM method generates separable hyperplane using 

three-order polynomial function. Choosing which feature elements (from all the feature 

subsets) to include in the model was done by the sequential selection method as reported in 

Section 3.5.4.2. Table 4.6 and Table 4.7, display the results of this process for the SVM 

classifiers. For example, Table 4.6 shows that five of the 110 elements of feature subset 9 

(Peak location and amplitude) were selected for the model. In Table 4.7, of the 

48+110+4=162 elements available in feature subsets 7, 9, and 10, only three were selected 

(one from each feature subset). Table 4.8 and Table 4.9 display the results of this process for 

the LDA classifiers. For the car model classifier in Table 4.8, 59 of 172 elements of feature 

subsets 7, 8, 9 and 10 were selected. For the part type classifier, from the same feature 

subsets (7, 8, 9 and 10), a total of 51 elements were chosen. 

 

Table 4.6 Features selected for SVM car models 

Feature No. Feature Subset Name 
Total Available 

Elements 

Number of Selected 

Elements 

9 Peak location and 

amplitude 

110 5 
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Table 4.7 Features selected for SVM part types 

Feature No. Feature Subset Name 
Total Available 

Elements 

Number of Selected 

Elements 

7 Corner location 48 1 

9 Peak location and 

amplitude 

110 1 

10 Peak migration 4 1 

 

Table 4.8 Features selected for LDA car models 

Feature No. Feature Subset Name 
Total Available 

Elements 

Number of Selected 

Elements 

7 Corner location 48 18 

8 Bounding area 10 1 

9 Peak location and 

amplitude 

110 36 

10 Peak migration 4 4 

 

Table 4.9 Features selected for LDA part types 

Feature No. Feature Subset Name 
Total Available 

Elements 

Number of Selected 

Elements 

7 Corner location 48 18 

8 Bounding area 10 3 

9 Peak location and 

amplitude 

110 27 

10 Peak migration 4 3 

 

Table 4.10 shows the correct classification rates in predicting the car model and part type 

from both the human panel and Lonestar FAIMS data. From Table 4.10, the LDA has better 
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performance than the SVM on the Lonestar data (91.7% for car model and 79.2% for part 

types). For the human panel data, the SVM was the better performer (45.8% for car model 

and 18.8% for part type). These results show that the Lonestar FAIMS outperforms the 

human panel using these classification methods.  

 

Table 4.10 Correct classification rate based on testing samples 

Classification 

Label 
Methods 

Lonestar FAIMS Human Panel 

Features 

Selected for 

SVM 

Features 

Selected for 

LDA 

Car models SVM 66.67% 43.75% 45.83% 

Car models LDA 68.75% 91.67% 31.25% 

Part types SVM 43.75% 22.92% 18.75% 

Part types LDA 25.00% 79.17% 14.58% 

4.8 Conclusions and Future Work 

In previous work [6, 16], we have identified both automobile interior cabin and 

individual part odor evaluation as examples of testing environments that could be improved 

by augmenting trained human panelists with modern machine olfaction systems. In this study, 

we have extended this concept to evaluate the possibility of classifying samples by odor 

measurements from machine olfaction systems. The dominant individual interior parts for the 

car cabin odor quality were investigated by Lonestar FAIMS data and data collected from a 

gold-standard human panel. An automobile’s instrument panel and floor mat turned out to 

play an important role in the cabin odor quality for the ten tested automobiles.  
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In the clustering results, neither the human panel nor the Lonestar FAIMS could clearly 

identify samples by either car model or part type. Clustering by k-means revealed that the 

Lonestar FAIMS data were partitioned well into both five clusters and ten clusters, due to the 

high average value of the Silhouette index for the sample dataset. In the case of ten clusters, 

seat cover leather bolster and seat cover leather insert parts from all five models were 

categorized into one cluster. For classification using the SVM and LDA methods, the best 

classifiers were built by the Lonestar FAIMS data using LDA for both car models and part 

types. In general, compared to human panel rating data, the Lonestar FAIMS data showed 

better discrimination of all 48 interior part samples by both car model and part type. 

In conclusion, machine olfaction has shown potential as an assistant to a human panel to 

off-load some of the testing burden in odor quality monitoring and control in the automotive 

industry. Our results suggest that further investigations of the materials used in automobile 

models and their associated interior component parts are needed to explain phenomena 

discovered here. A larger odor database of vehicle models and part types would allow deeper 

investigations of the procedures we employed and a search for other signal processing 

methods that might be developed. 
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CHAPTER 5  

Discrimination among Sweeteners Using Field 

Asymmetric Ion Mobility Spectrometry 

5.1 Abstract 

Artificial sweeteners are widely used in food products to provide sweetness with low 

calories. However, since some artificial sweeteners may have long-term negative impacts on 

health, options for detecting them in sweetened foods and beverages are needed. Most 

current detection methods are carried out in chemistry labs with complicated procedures and 

are not routinely available. In our study, we investigated the feasibility of identifying the 

presence of artificial sweeteners using field asymmetric ion mobility spectrometry (FAIMS) 

technology. For 19 types of sweet stimuli including 8 artificial sweeteners and 11 natural 

sweetener controls, our results showed that FAIMS measurements could be assigned into 

separated groups by k-means clustering. Using the support vector machine (SVM) and linear 

discriminant analysis (LDA) classification methods, repetitions of each of the 19 sweetener 

samples were successfully assigned to the 19 stimulus groups with a correct classification 

rate higher than 97%. The FAIMS sweetener data is also capable of separating samples as 

powder/liquid,low-calorie-artificial/low-calorie-natural/high-calorie-natural, artificial/natural, 
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and sweetener types with measurement variability. Discrimination of artificial from natural 

sweeteners was not achieved, however, due to the presence of ingredients/fillers other than 

sweeteners in the stimuli. These findings indicate that FAIMS is sufficiently powerful to 

reliably detect and classify repeated presentations of individual sweeteners. In addition, it 

may ultimately have the potential to discriminate stimuli containing artificial sweeteners 

from those containing natural sweeteners with a larger dataset that includes all 

ingredients/fillers in the stimulus set. 

5.2 Introduction 

Artificial sweeteners are a type of food additive that have played an important role in the 

modern food industry. The advantages of artificial sweeteners are their high sweet intensity 

relative to sugar by weight, and their low caloric content. Artificial sweeteners were 

developed to satisfy people’s desire for the pleasure of sweetness without potential health 

effects from consuming excessive amounts of natural sugar. There are many different types 

of artificial sweeteners that vary widely in chemical structure. The artificial sweeteners 

approved by regulatory agencies for use in the food supply vary from country to country. For 

example, aspartame, saccharin, sucralose, acesulfame-K, advantame, and neotame have been 

approved by the Food and Drug Administration in the USA [1]. Two types of natural, low-

caloric sweeteners containing sweet glycosides from the Stevia rebaudiana (Bertoni) plant 

and from Siraitia grosvenorii Swingle fruit (Monk fruit) are also allowed in the USA. These 

sweeteners have been widely used in products such as soft drinks, juices, jams, candies, and 

others. The consumption of artificial sweeteners has dramatically increased in the past two 
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decades. However, the benefits and health safety of some artificial sweeteners remain 

controversial [2, 3]. Possible adverse health effects include disruption of normal gut bacteria, 

a greater risk of type 2 diabetes, metabolic syndrome, elevated blood pressure, and 

cardiovascular problems [4, 5]. 

Due to the safety concern about artificial sweeteners, it is necessary to identify various 

sweeteners for monitoring and controlling food quality. Several analytical techniques are 

feasible to discriminate single or combined sweeteners. High performance liquid 

chromatography (HPLC) is the most widely used method to detect artificial sweeteners [6]. 

Its procedures are based on isocratic or gradient reversed phase chromatographic separation. 

It can couple with various other detection techniques including mass spectrometry (MS), 

spectrofluorometry and ultraviolet spectrometry [4]. Besides HPLC, ion chromatography 

(IC) is another tool especially suited for multi-sweetener analysis in food products [7]. This 

method uses innocuous and inexpensive salt solution as the eluents during analysis. Capillary 

electrophoresis (CE) is also useful for determining multi-sweetener [8]. Compared to HPLC, 

the CE method has better performance on separation ability, analysis time and low solvent 

consumption. In addition, flow-injection analysis, electrochemical and spectroscopic 

methods are also found to detect multi-sweetener with less time consumption and easier 

operation. 

For most of the technologies mentioned above, special procedures are needed to prepare 

testing sweetener samples in the analytical process. Although the sample preparation 

procedure needs to be tailored for the analysis method, most of them are required to control 

the pH value and temperature [9]. Another challenge comes from separating interested 
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analytes from their matrix since normally there are some other components coexist in the 

matrix of testing sample and most of artificial sweeteners are used in various types of food 

[7]. 

To find a simple and effective way to detect artificial sweetener, we investigate the 

feasibility of using field asymmetric ion mobility spectrometry (FAIMS) to detect artificial 

sweeteners. Ion mobility spectrometry (IMS) was developed to detect a wide variety of 

organic chemicals in the early 1970s [10]. FAIMS as one type of IMS is featured by high 

sensitivity and easy operation. In FAIMS, ions are characterized in an asymmetric electric 

field in which voltages may reach 20000 V/cm for nanosecond periods, sending the ions 

along varying trajectories down a channel in route to a collecting electrode creating a spectral 

image. Its detection resolution in parts per billion makes it potential to discriminate different 

components in the testing artificial sweetener sample matrices. 

This chapter is organized as follows. In Section 5.3, we introduce related studies on 

detection and identification of artificial sweeteners. Section 5.4 describes the experimental 

setup and data collection procedure. Experimental results are discussed in Section 5.5. In this 

section, the data variability is demonstrated. The k-means clustering and supervised 

classification results based on the collected data from a FAIMS instrument for tested 

sweeteners are also analyzed. Section 5.6 is the conclusions and future work. 

5.3 Related Work 

Determination of artificial sweeteners from food samples using HPLC-MS has been 

studied by Zygler et al. [9]. They tested nine artificial sweeteners authorized in Europe, 
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including acesulfame-K, aspartame, alitame, cyclamate, dulcin, neohesperidin 

dihydrochalcone, neotame, saccharin, and sucralose. Samples using solid-phase extraction 

(SPE) were extracted with a buffer composed of formic acid and N,N-diisopropylethylamine 

at pH 4.5 in an ultrasonic bath and stored in Strata-X 33 µm Polymeric SPE column. Target 

analytes were separated from food sample matrix in gradient elution mode on C18 column 

and then detected using MS with an electrospray source in negative ion mode. Six of nine 

sweeteners (aspartame, alitame, cyclamate, dulcin, neohesperidin dihydrochalcone, neotame) 

showed linear curve between internal standard peak area ratios and analyte concentration. 

The employed system had detection limits below 0.25 µg/mL (corresponding to signal-to-

noise ratio of 3) and quantitation limits below 2.5 µg/mL (corresponding to signal-to-noise 

ratio of 10) for all nine interested sweeteners with a recovery rate in the range of 84.2% to 

106.7%.  

A study on detection of artificial sweeteners using IC coupled with suppressed 

conductivity detector was carried out by Zhu et al. [7]. They used KOH eluent generator to 

separate four artificial sweeteners (aspartame, sodium cyclamate, acesulfame-K, and sodium 

saccharin). They found the KOH eluent generator generated very low conductance 

background conductivity and improved IC’s sensitivity for artificial sweeteners. They 

successfully avoided interference from several inorganic anions (F-, Cl-, NO3
-, NO2

-, Br-, 

SO4
2-, and PO4

3-) and organic acid (formate, acetate, benzonate, and citrate) during 

experiments. The detection limits of aspartame, sodium cyclamate, acesulfame-K, and 

sodium saccharin were reached as 0.87, 0.032, 0.019, and 0.045 mg/L individually with a 

recovery rate in the range of 97.97% to 105.42%. 
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For detection of the same four artificial sweeteners above, Bergamo et al. [8] used CE 

with capacitively coupled contactless conductivity (C4D) method. A buffer solution 

containing 100 mmol L-1 tris (hydroxymethyl) aminomethane (TRIS) and 10 mmol L-1 

histidine (His) was employed as background electrolyte. The proposed method attained a 

complete separation of analytes in less than 6 minutes. They detected four artificial 

sweeteners of interest from three different dietetic soft drinks with cola, orange, and guarana 

flavors, respectively, and two commercial tabletop sweetener formulation including liquid 

and solid samples. For soft drink samples, samples were degassed in an ultrasonic bath 

during 10 minutes and then diluted with deionized water to required concentration. For liquid 

tabletop sweetener samples, only a dilution with deionized water was implemented before 

testing. Moreover, for solid tabletop sweetener samples, 0.25g powder was dissolved in 25 

mL deionized water and then diluted as required. The detection results showed clear 

identification of each artificial sweetener of interest with a recovery rate in the range of 94% 

to 108%, and the relative standard deviation was in the range of 1.5% to 6.5%. 

Musto et al.[11] tested 14 different natural and artificial sweeteners using their developed 

optoelectronic colorimetric sensor array system. Their sensor system generated a 48-

dimension RGB color map after exposed to samples. The color map collected digitally in one 

1×48 vector for each sample. In order to remove the background effect, for each sample, 

color map were measured before and after exposure. The difference between those two color 

maps were used to represent each testing sample. Before testing, sample solutions were 

prepared by dissolving sugars, sugar alcohols, and artificial sweeteners in the buffer solutions 

to produce 25mM sample solution. The buffer solution was produced by dissolving 3-
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Nitrophenylboronic acid, sodium hydroxide and sodium phosphate (dibasic) in Nanopure 

water to reach a pH value 7.45. Using hierarchical clustering and principal component 

analysis, they found clear separation between natural sugar and artificial sweeteners. Data 

collected from same sample solution were all grouped together, which showed their sensor 

system had high repeatability in this application.   

Based on the studies above, a rapid and inexpensive method for detecting the presence of 

artificial sweeteners in sweetened food products in an applicable way is needed. FAIMS is a 

chemical analysis tool that has not yet been applied in this field. Since the FAIMS has the 

advantages of fast response, easy operation and high resolution, detection methods developed 

based on the FAIMS technique is promising for food quality control. The purpose of this 

study was to determine if FAIMS can discriminate artificial sweeteners from natural 

sweeteners, and to determine if FAIMS could reliably classify multiple repetitions of the 

same sweetener. 

5.4 Experiments 

5.4.1. Samples 

In this study, we examined a total of 19 different examples of sweeteners that were 

obtained from chemical supply companies, commercial sweetener companies, and local 

grocery stores. The sweet stimuli tested are given in Table 5.1 along with their source and 

numerical label in this study. The core ingredients responsible for the majority of the sweet 

taste for each stimulus is given as well along with other ingredients on the label.  
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Table 5.1 Sweeteners (with other ingredients) evaluated by Lonestar FAIMS 

Numerical 
Label 

Sample Name 
Core 

Sweeteners1 

Other Listed 
Ingredients/ 

Fillers 

Low 
Calorie 

Artificial 
Source/ 

Brand Name 

1 Nustevia Stevia extract Maltodextrin Yes No NuNaturals 
2 Sucralose Sucralose  Yes Yes Sigma-Aldrich 

3 Neotame Neotame  Yes Yes 
The Nutrasweet 

Company 
4 Na saccharin Na saccharin  Yes Yes Supelco 
5 Na cyclamate Na cyclamate  Yes Yes Supelco 
6 Aspartame Aspartame  Yes Yes Sigma-Aldrich 
7 Domino sugar Sucrose  No No  

8 Equal 
Aspartame, 
Acesulfame 
potassium 

Dextrose, 
Maltodextrin, 

Yes Yes US Foods 

9 Sweet’n Low Na Saccharin 
Dextrose, 
Cream of 

tartar 
Yes Yes US Foodservice 

10 Truvia 
Erythritol, Stevia 

leaf extract 
Natural 
flavors 

Yes No Cargill, Inc. 

11 
Stevia in the 

Raw 
Stevia leaf 

extract 
Dextrose Yes No 

Cumberland 
Packing Corp. 

12 Splenda Sucralose 
Dextrose, 

Maltodextrin 
Yes Yes 

Splenda, 
McNeil 

Nutritionals 

13 Stevia Extract Stevia extract 
Rice 

maltodextrin, 
Silica 

Yes No Trader Joes 

14 
Monk Fruit in 

the Raw 
Monk fruit 

extract 
Dextrose Yes No 

Cumberland 
Packing Corp. 

15 Honey 
Fructose, 
glucose 

 No No 
H.T. Traders, 
Harris Teeter 

16 Maple syrup 
Sucrose 

 
 No No 

Harris Teeter 
Organics 

17 
Corn syrup, 

light 
Glucose 

 
Salt, vanilla No No Food lion, LLC 

18 
Molasses, 

unsulphured 
Sucrose 

 
 No No 

Grandma's, 
B&G Foods, 

Inc 

19 

Agave Nectar 
Amber Syrup, 

100% pure 
blue agave 

nectar 

Fructose, 
glucose 

 
 No No 

Madhava 
Natural 

Sweeteners 

1Sweet compounds and extracts responsible for the majority of the sweet taste. 
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The stimuli are also categorized as artificial or natural, and as high calorie or low calorie. 

Sweeteners 1-14 were tested in dry form while 15-19 (honey, maple syrup, corn syrup, 

molasses, and agave nectar) were tested in their natural form. Every sample was weighted to 

1.4g and was stored in a 10 mL sample vial. 

5.4.2. Lonestar FAIMS 

A Lonestar FAIM by Owlstone, Inc. was employed to examine each sweetener sample. 

Detailed working principles of the Lonestar FAIMS can be found in [12]. 

During each measurement, the Lonestar generates one positive and one negative 

dispersion field matrix (DFM). An example of a positive and a negative DFM for one 

powdered pure sucralose sample is shown in Figure 5.1. For two different chemicals, the 

information shown in their pairs of DFMs will be different if they have different proton or 

electron affinity. In our measurements, each positive DFM and each negative DFM has 

dimension 51×512. The parameter setting of Lonestar FAIMS was kept same for all the 

testing samples. The value of each parameter is listed in Table 5.2. 

Table 5.2 Experimental settings for Lonestar FAIMS 

Parameter Value 

Dispersion field 0%~100% 

Compensation voltage -6 V~ +6 V  

Sample flow rate 500 mL/min 

Total flow rate 2.25 L/min 

Sensor temperature 60 oC 

Pressure 1 barg 
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(a)      (b) 
Figure 5.1 DFMs of one powdered pure sucralose sample. (a) Positive DFM. (b) Negative DFM. 

5.4.3. Experimental procedure 

The experimental diagram is demonstrated in Figure 5.2(a). The clean air used to carry 

sample molecules during testing was generated continuously by a hydrocarbon-free air-

purifier zero air generator (model ZAG-6 by F-DGSi company) as shown in Figure 5.2(b). 

Figure 5.2(c) shows a 10 mL sample vial that is held by a metal insert that fits into the 

sampling jar as shown in Figure 5.2(a). The sampling jar was connected to the at-line 

sampling module (ATLAS by Owlstone, Inc.) with a rubber seal to form a closed-loop air 

path. Figure 5.2(d) shows the photo of the Lonestar FAIMS (top) with the ATLAS (left), an 

ATLAS pneumatic control box (middle), and an ATLAS heater control box (bottom). A split 

flow box (SFB) by Owlstone, Inc., with three mass flow controllers (MFCs) was used by the 

Lonestar to adjust air flow rates for the sampling jar (MFC 1), the exhaust air flow rate (MFC 

2), and the carrier air flow rate (MFC 3). The whole air-flow path was constructed using 

Tygon® tubing and Swagelok® connectors. 
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           (a)          (b) 

                                 

                             (c)                (d) (after [13]) 
Figure 5.2 Experimental setup. (a) Air flow chart of our experimental system. (b) ZAG-6. (c) A 

sample vial and the sampling jar metal insert. (d) Lonestar with ATLAS. 

During experiments, the flow rate for MFC 1, MFC 2 and MFC 3 was set as 500 mL/min, 

250 mL/min, and 2 L/min, respectively. A total air-flow rate of 2.25 L/min carried the 
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sample under test into the Lonestar FAIMS. The temperatures for MFC 1 and sample path 

inside the Lonestar FAIMS are adjustable and were set to 60 oC. 

Before testing each sample, the system (with a sampling jar with its metal insert 

containing an empty sample vial) was purged by clean air from the ZAG-6. Three 

measurements were then collected from the purged system to be used as background data.  

Next, a weighted sweetener sample was inserted into the purged sampling jar and placed 

inside the ATLAS. Finally, three Lonestar measurements were taken, and the sequence 

repeated for all samples. 

5.5 Results and Discussion 

5.5.1. Data variability 

The variability of our acquired Lonestar FAIMS data for each sweetener sample was 

tested by finding the L2 norm of three consecutive measurements. The positive and negative 

DFMs of each measurement were concatenated into a single 1-D vector with 52224 elements, 

and then the L2 norm of each 1-D vector was calculated to represent each measurement. The 

differences among three consecutive measurements of all 19 samples are shown in Figure 5.3 

below.  

In Figure 5.3, the mean of Euclidean norm among three measurements for each sample is 

marked by asterisk. The error bar shows the maximum and minimum norm value. The L2 

norm ix of ith measurement was calculated by Eqn. (5.1) and reflects the difference among 

sample measurements. 
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52224
2
,

1

, 1, ,i i j
j

x x i m


                                                              (5.1) 

where j represents the jth dimension, and m is the total number of measurements which is 

3×19 =57. Most of samples have small deviations among measurements. In total, our 

samples have less than 5% deviation among their three DFM measurements.  

 

Figure 5.3 Data variability of three measurements of 19 samples. 

5.5.2. k-means clustering 

k-means clustering as an unsupervised classification method [14] is used to investigate 

relationships among sample data. Clustering by k-means initially finds a list of random 

cluster centers for a given k, and then assigns all the samples in the dataset to the nearest 

cluster center. For each new cluster, its centroid is calculated and that value replaces the 

initial randomly selected cluster center in the list. This procedure is then repeated to 
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distribute all samples to cluster centers in the revised list. New cluster centroids are 

computed and the cluster center list is updated until it stabilizes. This produces mutually 

exclusive clusters.  

In order to separate samples into clusters, we computed a measure of similarity using 

Euclidean distance between all pairs of samples in the dataset space. The dimension of 

Lonestar FAIMS data was reduced to two principal components (PCs) using the “snapshot” 

principal components analysis method [12]. This allows the clusters to be displayed in two 

dimensions. The first two PCs captured 73% of the information. 

To determine a suitable k value, a Silhouette index ( )s i was calculated as an evaluation 

parameter. This index contrasts the average distance to elements in the same cluster with the 

average distance to elements in other clusters as Eqn. (5.2) [15]. Its range is from -1 to 1. 

Samples with a high Silhouette index value are considered to be well clustered, and samples 

with a low Silhouette index value may be outliers. 

( ) ( )
( )

max{ ( ), ( )}

b i a i
s i

a i b i


 , 1, ,i n                                                (5.2) 

where a(i) is the average dissimilarity of sample i to all other samples in the same cluster, b(i) 

is the minimum of average dissimilarity of sample i to all other samples in the other clusters. 

The 19 triplicated sweetener Lonestar data (totaling 57 measurements) were analyzed by 

k-means clustering. To generalize the k-means clustering results, the clustering procedure 

was repeated 100 times with random initial centroids. The average values of the Silhouette 

index for 2 to 57 clustered classes are plotted in Figure 5.4. The peak average value of the 

Silhouette index for all 57 measurements occurred when 23 classes were formed (see the red 
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circle in the figure). The expected peak was at 19, the total number of sweetener types. 

However, for four of the types, one measurement separated from its other two measurements, 

thus moving the peak from 19 to 23. Note that the curve flattens at 21 classes. When the 

number of classes was set as 19, three measurements of each sample were clustered into one 

class accurately as shown in Figure 5.5, demonstrating that each type of sweetener samples 

can be clearly separated from other samples. Therefore, we chose to use the average value of 

three measurements to represent each sample. 

 

 

Figure 5.4 Average value of Silhouette index for different numbers of clusters. 
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Figure 5.5 Clustering by k-means with 19 clusters. 

 

Figure 5.6 Average value of Silhouette index using the average of the three measurements of each 

sample. 
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Using the average value of three measurements of each sample as input, the average 

Silhouette index of 100 repetitions is plotted in Figure 5.6. The average Silhouette index is 

increasing from 0.25 to 1 as the number of classes changes from 2 to 19. Since the average 

value of Silhouette index is below 0.4 when the number of classes is set to two or three, this 

suggests that sweetener samples cannot be differentiated well into two or three classes using 

only the DFM feature set. Consequently, it is difficult to identify sweetener samples by 

powder/liquid, natural/artificial, or low-calorie-artificial/low-calorie-natural/high-calorie-

natural sweeteners using only the DFM feature set and the k-means clustering method. 

5.5.3. Classification 

In order to determine whether Lonestar data can be used to determine the types of 

unknown sweetener samples, a further investigation of classification was carried out using 

two supervised learning methods. Specifically, SVM and LDA were employed using 

MATLAB tools [16]. Here we divided the samples into two sets, one for training and one for 

testing.  

In addition, we also wanted to test whether different samples from the same type artificial 

sweeteners can be recognized as one type correctly. Also, we wanted to demonstrate the 

Lonestar FAIMS stability over multiple sampling sessions. So, we enlarged the dataset with 

additional triplicate measurements for four of the sweetener types (aspartame, neotame, 

sucralose, and commercial-packet Splenda) taken six months after the initial generation of 

the dataset. The newly collected samples were combined with the 19 original samples to 
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form a new dataset of 23 samples from 19 types. As with the original dataset, the new 

measurements were taken in triplicate, yielding a total of 69.  

5.5.3.1 Support vector machine 

The SVM classifier was originally designed for binary classification applications [17]. 

The original technique has been extended to multiclass applications similar to ours [18]. Two 

common strategies are used: one-versus-one and one-versus-all. We chose to implement the 

one-versus-all strategy as explained below. 

Our dataset contained three measurements of each of 23 sweeteners coming from 19 

different types, totaling 69 samples. In order to verify the performance of classifiers, k-fold 

cross-validation was used to select training and testing samples. In the training set Rn, the 

training samples are represented as follows: 

1 1{( , ), , ( , )}m mx y x y                                                            (5.3) 

where n
jx R , 1, ,j m   and {1, , }jy l  is the class label of jx . m is the number of 

training samples. The index l is the total number of label types. Thus the SVM was required 

to generate l models. For the ith SVM model, Eqn. (5.4) was employed [18]. In Eqn. (5.4) , 

we minimize an objective function using three boundary conditions:  

, , 1
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The symbol  represents an applied kernel function. The variable C set as one is a 

penalty parameter, and i
j  is called the slack variable. When data cannot be separated 

linearly, the penalty term 
1

m
i
j

j

C 

 is helpful in reducing training errors. A standard Lagrange 

solver (see Eqn. (5.5)) was employed to optimize the problem in Eqn. (5.4). 
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where j and j are Lagrange multipliers. 

The class label of each testing sample was determined by: 

1, ,
 arg max (( ) ( ) )i T i

i l
class of x x b


  


                                            (5.6) 

All the above computations were implemented in MATLAB. 

5.5.3.2 Linear discriminant analysis 

The LDA identifies the relationship between qualitative criterion variables and 

quantitative predictor variables. This method generates sample labels by a linear combination 

of all the features selected from measurements. The LDA model has been defined in [14, 19]: 

1,..., 1

ˆarg min ( | ) ( | )
i

l

j j j
y l k

y P k x C y k
 

  , 1, ,j m                                   (5.7) 

where n
jx R , 1, ,j m  and {1, , }jy l  is the class label of jx . Assume that probability 

density functions ( )j jp x y k and ( )j jp x y k for 1, ,k l  are normally distributed. 

( | )jC y k  is the cost of classifying an observation as jy  when its true class is k. ˆ ( | )jP k x  is 
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the posterior probability of class k for sample jx  and is calculated based on weighted sample 

observation T
jx . The weight coefficient   was calculated based on maximizing the Fisher 

criterion [20]: 

( )
T

B
T

w

S
J

S

 
 

                                                                       (5.8) 

where wS  is the within-class scatter matrix and BS  is the between-class scatter matrix. 

5.5.3.3 Feature set 

As discussed in our previous work described in Section 3.5.3, we employed similar 

strategies to extract features from Lonestar data for dimensionality reduction. The ten feature 

subsets we extracted using image processing techniques are listed in Table 5.3.  

 

Table 5.3 Selected feature subsets for each odor sample  

Feature Subset No. Feature Subset Name Dimension 

1 DFMs 1×52224 

2 Binary DFMs  1×52224 

3 Total area of binary DFMs 1×1 

4 Centroid 1×4 

5 Boundary 1×52224 

6 Perimeter of boundary 1×1 

7 Corner location 1×48 

8 Bounding area 1×10 

9 Peak location and amplitude 1×150 

10 Peak migration 1×4 

 Grand Total 1×156,790 
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The definition of each feature subset was given in Section 3.5.3. In this study, we 

changed only one of the features subsets (Peak location and amplitude) because the shapes of 

the branches of the DFMs are more dynamic in the center of the image as shown in Figure 

5.1 than were the similar images in Section 3.5.1. Specially, the two tallest peaks were 

selected for positive DFMs from rows 21 to 40, and the three lowest valleys were selected for 

negative DFMs from rows 25 to 35. Based on this change, the dimension of feature subset 9 

became 150. Note that the total number of feature elements being considered is 156,790. 

5.5.3.4 Classification results 

As explained above, to discriminate samples by their types, trained classifiers were 

verified by k-fold cross-validation with k=69. In each partition, there were 68 samples in the 

training set and one remaining sample in the testing set. In this process, classification models 

were developed that determining the testing sample type given the input feature subsets 

displayed in Table 5.3. The kernel of classifiers were selected based on model cross-

validation performance. For the SVM classifier, a linear kernel projects data into a linear 

space and generates a linear hyperplane to separate data into two groups. In a LDA classifier, 

a linear kernel means that same covariance matrix is used for all classes. Choosing which 

feature elements (from all the feature subsets) to include in the model was done by the 

sequential selection method as reported in Section 3.5.4.2. Table 5.4 and Table 5.5 display 

the results of this process for both the SVM and the LDA classifiers. For example, Table 5.4 

shows that 9 of the 202 available elements of feature subsets 4, 7, and 9 were selected for the 

SVM classification model. In Table 5.5, of the 48+150=198 elements available in feature 
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subsets 7 and 9, total 182 elements were selected. Note that the sequential feature selection 

method provides significant reductions in the total number of feature elements that are 

needed in the classifiers. In the case of the SVM, the final number selected is nine out of the 

total available elements; this is a 156,790 to 9 reduction. 

Table 5.4 Features selected for SVM classifier 

Feature No. Feature Subset Name 
Total Available 

Elements 

Number of Selected 

Elements 

4 Centroid 4 1 

7 Corner location 48 3 

9 Peak location and 

amplitude 

150 5 

 

Table 5.5 Features selected for LDA classifier 

Feature No. Feature Subset Name 
Total Available 

Elements 

Number of Selected 

Elements 

7 Corner location 48 32 

9 Peak location and 

amplitude 

150 150 

 

Table 5.6 shows the correct classification rates in determining testing sweetener sample 

types. From Table 5.6, both methods (SVM and LDA) have a correct classification higher 

than 97%. By examining the identified labels of the testing samples from the built classifiers, 

we noted that all the four added artificial sweetener samples were recognized with same 

types of sweeteners in the original dataset, which demonstrates that the Lonestar FAIMS 

measurements are stable over a six-month period.  
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Table 5.6 Correct classification rate based on testing samples 

Methods Lonestar FAIMS Kernel 

SVM 98.55% Linear 

LDA 97.10% Linear 

 

The procedure above was then repeated for three more cases as shown in Table 5.7. For 

Cases 1, 2, and 3, the average of the three measurements from each sample was used to 

represent the sample. The label of each sweetener sample was defined as low-calorie-

artificial, low-calorie-natural, and high-calorie-natural for Case. 1. For Case 2, samples were 

separated by the form of sample’s matrix. For example, honey’s matrix form is liquid, and 

sucralose’s matrix form is powder. Case 3 was designed to identify artificial and natural 

sweeteners using supervised classifiers. Note that, as expected, the correct classification rates 

for two of these cases are lower than those found in Table 5.6. 

One last case is displayed in Table 5.8. In this case, samples were also labeled by their 19 

sweetener types. Instead of k-fold cross-validation, the first two measurements were used as 

training samples and the third as the testing sample to determine the performance of 

classifiers. This case was designed to check whether variations in repeated measurements 

affect the classification results. Compared to the results in Table 5.6, this case has lower 

correct classification rates because there are less training samples in each class.  
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Table 5.7 Classification based on feature subsets 3-10 of Lonestar FAIMS data 

Case No. Classification Label Method 
Correct 

Classification Rate 
Kernel 

1 

Low-calorie-artificial/ 

Low-calorie-natural/ 

High-calorie-natural 

SVM 60.87% Linear 

LDA 69.57% Linear 

2 Powder/ Liquid 
SVM 100% Linear 

LDA 95.65% Linear 

3 Artificial/ Natural 
SVM 73.91% Linear 

LDA 65.22% Linear 

 

Table 5.8 Classification of sweetener types among different measurementsbased on feature 

subsets 3-10 of Lonestar FAIMS data 

Classification Label Method 
Correct 

Classification Rate
Kernel 

Sweetener types (19) 
SVM 86.96% Linear 

LDA 78.26% Linear 

 

Note that based on all the features, Case 1 has the lowest correct classification rate, and 

the performance of SVM classifier is worse than that of the LDA classifier. In order to 

improve the SVM classifier performance, we employed the sequential feature selection 

algorithm used to select better features as listed in Table 5.9 (three of 208 feature elements 

were selected). Using these three selected feature elements, the correct classification rate was 

improved from 60.87% to 86.96% for the SVM classifier and from 69.57% to 82.61% for the 

LDA classifier. As expected, the SVM classifier generated better performance than the LDA 

classifier when using the SVM-selected feature subsets. 
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Table 5.9 Classification results based on selected features for SVM for Case 1 

Feature 

No. 

Feature Subset 

Name 

Total Available 

Elements 

Number of 

Selected 

Elements 

Improved Correct 

Classification Rate 

SVM LDA 

7 
Corner 

location 
48 1 

86.96% 82.61% 8 Bounding area 10 1 

9 
Peak location 

and amplitude 
150 1 

5.6 Conclusions and Future Work 

In order to reduce the complexity and cost of artificial sweeteners’ detection, we 

investigated the feasibility of discriminating differences among artificial and natural 

sweeteners using a Lonestar FAIMS instrument. One advantage of the Lonestar FAIMS is 

that it has high chemical detection resolution in parts per billion taking three minutes or less 

per sample. In our previous results [12], the Lonestar FAIMS showed good performance as 

an electronic nose system to detect volatile organic compounds of gas mixtures emanating 

from automobile cabins and individual interior trim parts, and to predict odor quality 

parameters (intensity, irritation, and pleasantness). We expanded the techniques we 

developed there for this application in sweetener detection. 

In our experiments, we tested 19 different types of sweeteners, 8 artificial and 11 natural 

controls, each under the same experimental setup and parameters, without having to 

implement special sample preparation steps for pH value setting or to use of specific 
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solvents. The sweetener types covered single chemical sweeteners, commercial tabletop 

products including packets, and commercial syrups. All of these can be tested using the 

Lonestar FAIMS. Furthermore, in a data variability test, we found that the deviation among 

three consecutive measurements of each sample was smaller than 5%. 

Using k-means clustering, measurements from different types of sweeteners were clearly 

classified by numerical label (1-19) into separated clusters as shown in Figure 5.5. We also 

employed supervised classification using the SVM and LDA methods to separate sweeteners 

by numerical labels. The correct classification rate of both of these classifiers as shown in 

Table 5.6 was higher than 97%. The triplicate measurements were all successfully assigned 

to the same class. The additional four sample types taken six months later were also assigned 

correctly. The Lonestar sweetener data was also used to identify samples by matrix form 

(powder/liquid), calorie (low-calorie-artificial, low-calorie-natural and high-calorie-natural 

sweeteners), and sweetener types with measurement variation, with correct classification 

rates ranging from 65.22% to 100%. 

However, in our results, we did not find that commercial artificial sweetener products 

cluster with their core sweetener or by the artificial/natural designation. For example, 

Splenda samples (label 12) that contain sucralose were not identified in the same class as 

sucralose itself (label 2) by either k-means clustering or supervised classification. In addition, 

stevia samples (labels 1, 10, 11 and 13) did not cluster. There are several explanations for 

these findings. First, other ingredients in the stimulus in addition to the core sweetener 

clearly play a role in the pattern obtained from FAIMS. For labels 2 and 12, the latter 

contains maltodextrin and dextrose, while the former does not. In the case of stevia, label 1 
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contained maltodextrin, label 10 contained erythritol and natural flavors, label 11 contained 

dextrose, and label 13 contained rice maltodextrin and silica. In addition, each of the 19 

sweeteners come from different commercial sources and may contain different contaminants 

or breakdown products. 

Further study using a larger dataset that includes all ingredients (both sweeteners and 

fillers) is needed to determine if the Lonestar FAIMS can associate commercial artificial 

sweetener products with their primary core sweetener. Furthermore, additional effort might 

be focused on using the Lonestar FAIMS to quantify the sweetener types and amounts used 

in packaged food and bottled drinks. 

In conclusion, in our pilot study of detecting artificial sweeteners, Lonestar FAIMS has 

shown potential in differentiating various artificial sweeteners. 
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CHAPTER 6  

Conclusions and Future Work 

6.1 Summary 

This dissertation has been focused on investigating the use of a machine olfaction 

instrument in two applications: automobile interior odor assessment and food-based 

sweetener detection.  

For the automobile interior odor studies, our goal was to develop a machine olfaction 

system that could mimic the olfactory system of passengers inside vehicles to assess the 

interior odor quality. This would allow frequent and continuous testing of volatiles generated 

within the cabin, some of which have human-exposure toxicity level limits. Therefore, we 

studied heat-cycled vehicles and their interior cabin parts, which emitted the odors. The 

machine olfaction system was also developed to replace a human panel for evaluating these 

specific odors. Sample data was collected from ten different automobiles tested in a 

temperature controlled experimental chamber under “cold” and “hot” conditions. Partial least 

squares regression method was then utilized to reduce data dimension and predict odor 

quality evaluating scores. Compared to human panel odor ratings, the machine predictions 
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for the three odor parameters (intensity, irritation and pleasantness) achieved correlations of 

0.67 to 0.84 by k-fold cross-validation. 

The odor quality of individual interior parts was also predicted using our FAIMS based 

machine olfaction instrument. Ten image feature subsets were extracted from the FAIMS 

image signals to represent each odor sample. Elements from each feature subsets were further 

selected by the sequential feature selection algorithm. As a result, the data dimension was 

dramatically decreased. Regression models based on the partial least squares method 

generated predictions in three odor parameters by the human panel with a correlation higher 

than 0.9. Therefore, these image processing techniques proposed in this study significantly 

improved the performance of the FAIMS-based machine olfaction instrument. 

The performance of the FAIMS-based machine olfaction system was also examined for 

sample classification and discrimination. Although the collected samples were not clearly 

separated by either car model or individual trim part types using both unsupervised and 

supervised classification methods, the system performed as well as the human panel data. 

The possible reason for this failure by both the human panel and the machine might be the 

presence of shared materials among different car models and cabin interior parts. However, 

the machine did identify the similar dominant odorous parts for the cabin interior as did the 

human panel. 

In another application of this study, the FAIMS-based machine olfaction instrument 

successfully discriminated 19 different sweeteners including pure powders, commercial 

tabletop packets and sweet syrup. No special procedures were needed for sample preparation. 

Samples were tested under positive pressure in a research lab with commercial-grade 
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laboratory zero-air generator. The FAIMS measurement data had less than 5% deviation 

among three consecutive measurements. Using a variety of image feature extraction methods, 

more than 97% of all the sweetener samples were classified correctly by type using either the 

support vector machine or linear discriminant analysis algorithms with k-fold cross-

validation. The FAIMS measurement data could also separate samples as powder/liquid, low-

calorie-artificial/low-calorie-natural/high-calorie-natural, artificial/natural, and sweetener 

types with measurement variations. The correct classification rate for all these cases ranged 

from 65.22% to 100%. These results illustrated that a FAIMS-based machine olfaction 

instrument is a promising option for detecting sweetener types for food ingredient testing and 

monitoring. 

6.2 Future Work 

The studies carried out for the automobile interior odor studies were based on ten 

vehicles and 48 parts from within those vehicles. The sample size analyzed was too small to 

complete the convergence of the training and testing errors curves in Figure 3.8. Expanded 

experiments will be helpful to further verify the proposed regression models. 

The automobile odors studied herein were generated without any human activities within 

the tested environment. The techniques we developed could be used to actively control the 

automobile’s ventilation system to optimize conditions favorable to the passengers.  

Passenger odor preference could be a factor as could the levels of allergens and 

environmental pollutants. The goal for such a system would be to provide a comfortable and 

healthy environment for the vehicle occupants. 
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Finally, our FAIMS measurements of sweeteners did not classify as completely as 

desired. Ideally, each artificial sweetener could be identified with its core ingredients and be 

separated from natural sweeteners. To address this issue, further studies on feature selection 

algorithms based on DFM images are needed. Moreover, additional efforts are also needed to 

develop FAIMS-based testing methods to quantify the amount of sweeteners that are present 

in commonly-used packaged foods and bottled drinks.  


