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a b s t r a c t

A gas-sensor optimization scheme for odor discrimination is introduced in this paper. We formulate the
odor class separability in terms of a fundamental tool in information theory, namely the Kullback–Leibler
distance (KL-distance), which gives a quantitative measure of the mutual difference between two proba-
bility distributions. We argue that maximizing this measure over a controllable operating parameter of a
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sensing element promotes robust odor discrimination. We demonstrate on a sample dataset that tuning
the operating temperature of a metal oxide sensor based on the suggested criterion not only yields a sub-
stantial improvement in classification performance but also informs about those operating temperatures
that cause a total confusion in the odor discrimination.

© 2010 Elsevier B.V. All rights reserved.

nformation theory
ullback–Leibler distance

. Introduction

Odorant chemo-sensors interact with various types of analytes
n many different magnitudes of response and demonstrate a vari-
ty of response patterns [1]. These devices can serve not only as
implified distributed olfactory systems, but also as non-invasive
etectors in a wide range of applications, such as process con-
rol, medical diagnosis and the detection of explosives [1–4]. The
apabilities of odor sensors are broad and include some many chal-
enging tasks such as discriminating organic compounds with chain
engths that differ by a single carbon atom [5,6]. However, their
imitations in characterizing odor-stimuli including the poor sen-
itivity to analytes and the lack of reproducibility in their responses
n repeated trials are serious [7,8]. Among the different strategies
mplemented to overcome these barriers, the interaction with the
onditioning parameters at the sensor level (e.g., working temper-
ture for metal–oxide gas sensors), has been remarkably successful
n many critical applications [7].

In principle, almost every odorant sensing technology provides
he advantage of being tunable through the selection of param-
ter values. These parameters influence many critical qualities
f the measurement, including sensitivity to analytes and repro-
ucibility [9]. For example, modulating the operating temperature

f metal–oxide gas sensors during its analyte–receptor interac-
ion alters the reaction kinetics at the sensor surface; therefore,
nriches the diversity of the sensor response [10–15]. However,
here is a lack of methods that allow generalizing the relation

∗ Corresponding author. Tel.: +1 8585346758; fax: +1 8585347664.
E-mail address: vergara@ucsd.edu (A. Vergara).

925-4005/$ – see front matter © 2010 Elsevier B.V. All rights reserved.
oi:10.1016/j.snb.2010.04.040
between the control variable and the target quality [7,16]. There-
fore, a thorough understanding of how such interactions take place
in chemo-sensory systems requires quantitative characterizations
of the response of individual sensors, both within and among chem-
ical stimuli. In this context, it is suggested that methods based on
information theory can fulfill this role, since they can explicitly
quantify the odor–sensing interaction [17]. An important role in
this direction has been taken by Pearce et al. [18,19], who proposed
that artificial chemo-sensors can benefit from methods based on
information theory since they have control parameters that can be
optimized; therefore, their responses can be modified in terms of
information transmission.

Once the odorant–sensing/parameter interaction is known (or
can be extracted from previous measurements), a natural venue to
follow is the optimization of the sensor device with respect to its
ability to encode the odor information. In this frame, a number of
approaches dealing with the use of dynamic features obtained from
transient responses have been implemented, but only a handful
of authors have approached the problem in a systematic fash-
ion [20–24]. Kunt et al. developed a computational method to
optimize the temperature profile, i.e., a temperature modulation
pattern, to maximize the Euclidean distance between classes in
binary discrimination problems [20,21]. More recently, Vergara et
al. introduced a system-identification method for optimizing the
temperature-modulation frequencies to solve a given gas analysis
problem [22–24]. The optimization method consisted in using max-

imum length pseudo-random sequences (PRS) to determine the
most suitable temperature-modulation frequencies for discrimi-
nating and quantifying a number of specific target compounds at
different concentrations. In these approaches however, where the
transients are induced by temperature modulation (a slow process

dx.doi.org/10.1016/j.snb.2010.04.040
http://www.sciencedirect.com/science/journal/09254005
http://www.elsevier.com/locate/snb
mailto:vergara@ucsd.edu
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hat in some cases needs to be accomplish with steady-state fea-
ures), does not exploit the relation between the control variable
parameter) and the target quality (odor) interaction. Moreover,
lthough several approaches on analyzing or improving the classi-
catory utility of the gas sensor response have been alternatively

ntroduced in literature [25–28], they have generally overlooked
he optimization of the operating temperature of gas sensors.

With this motivation, in this paper we formulate an optimiza-
ion method to select, for a single sensor, the best operating
emperature to discriminate a given set of odorants. In a previous
ork [29], we reported a similar criterion based on a conventional
easure namely the Mahalanobis distance (MD). This criterion,

owever, is optimum only for normally distributed classes. In prac-
ice, especially in odor representation, since the observed classes
ften violate this assumption due to skewness and multi-modality,
ssuming a perfectly normal class-conditional distribution is unre-
listic. Such properties are captured by the moments of the
istribution; the MD, however, accounts only for the first two
oments, i.e., class means and co-variances. As a result, the MD
ethod was very empirical and worked with a limited number of

lasses. In view of this, we present here a rigorous way of selecting
he best operating temperature for a chemo-sensor. The method
inges on an information measure widely used in information the-
ry, namely the relative entropy (or Kullback–Leibler divergence),
hich gives a measure of difference between two distributions

30,31]. These probability distributions may belong to one of the
isjoint classes of interest in a particular odor universe. Thus, a
uantitative measure of how odors are encoded in every odorant
hemo-receptor and how distinguishable they are from each other
t different parameter values is given. Tuning a control param-
ter, such as the sensor’s operating temperature, will maximize
uch difference, yielding thus a substantial improvement in the
lassification capability performance (separation of classes) and
eproducibility. In particular, using a metal oxide gas sensor in
n odor-discrimination instance, we demonstrate our criterion by
tudying the impact of adjusting its sensing parameter ˇ on the
dor–sensor pair interaction and on the confidence on the sensor
ndividually.

The paper is structured as follows. First, we introduce the basis
f our separation criterion and its calculation from the observed
easurements. Section 3 describes the sensor technology used, the

xperimental setup, and the different measurements performed. In
ection 4, the optimization process is applied to find the best tem-
erature to discriminate among our sets of analytes. The relation
etween the suggested measure and the empirical classifier perfor-
ance is illustrated. A discussion of the proposed methodology is

he closing part of the Section 4. Finally, some concluding remarks
re given in Section 5.

. Methodology

.1. The Kullback–Leibler divergence

A very well-known index for class separation is the
ullback–Leibler divergence (KL-divergence) that is a non-
ommutative measure (a ‘distance’ in a heuristic sense) of the
ifference between two distributions: a conceptual reality (prob-
bility distribution g(•)) and an approximate model (probability
istribution h(•)). For two continuous functions qualifying as
robability distributions, the KL-divergence (a.k.a. the relative

ntropy) is defined by the integral:

L(g||h) =
∫ ∞

−∞
g(x) log

g(x)
h(x)

dx, (1)
ators B 148 (2010) 298–306 299

where KL is the measure of ‘information’ lost when a model h is
used to approximate reality (model g).

The properties of the relative entropy equation makes it non-
negative and it is zero if and only if the distributions are identical
(i.e., g(x) = h(x), ∀x). The smaller the relative entropy value is,
the more similar the distribution of the two variables, and vice
versa. However, it is important to emphasize that the measure
is not commutative, i.e., KL(g(x)||h(x)) is in general different than
KL(h(x)||g(x)); therefore, the KL-divergence is not a legitimate met-
ric by itself. As a consequence, a symmetrized version, namely
the KL-distance, can be readily composed after a straightforward
manipulation:

KL(g, h) = 1
2

KL(g||h) + 1
2

KL(h||g), (2)

which from now on, we adopt as a measure of the class-conditional
distributions’ separation for our specific purpose.

2.2. Problem statement

The first stage in our information-theoretic analysis for sensing
systems is the formal description of the sensory context C and a
clear specification of the task. The context C describes, quantita-
tively, the likelihood of occurrence of each odor stimulus, whereas
the chemo-sensory task is an interpretation of the sensory response
(i.e., either a quantification or identification task). In this paper, we
focus on the odor discrimination problem, where the context con-
sists of a (finite) list of analytes (type/concentration pair) whose
classes are known.

Chemo-sensory records associated to a given odor class, regard-
less of the features selected, have certain variability (and possibly
higher order moments). Therefore, a conceivable way of denoting
the sensor’s response pattern to a specific odor class is a probability
distribution over a feature space. Each representation is called the
class-conditional distribution that logs the history of each sensor in
response to each analyte in the context C. Any overlap among these
distributions is a source of confusion (i.e., erroneous classifications).

A common first approximation in modeling distributions is to
assume each one as a normal distribution since it requires minimal
measurements and computation for fitting. In odor representation,
however, this assumption may be unrealistic, since higher order
moments (e.g., skewness) and multi-modality may be involved on
the response distribution, causing loss of information.

In this work, we model an odorant class by a polynomial fit to
the histogram of previously collected samples from that odorant
type. This approach can account for a number of key characteristics
of a response, such as skewness or multi-modality. This consider-
ation is compatible with the considered KL-distance measure that
in contrast to other conventional distance measures, such as the
signal-to-interference ratio or the Mahalanobis distance, can han-
dle any type of probability distribution models. Next, we outline
our measure to quantify the difference between distributions.

2.2.1. Two-class formulation
Let us consider a classification problem where all possible mea-

surements may belong to one of the two disjoint classes C1 and C2
in a specific feature space. Given a sample xs, the goal of a clas-
sifier in this situation would be to determine accurately to which
of the two-class-conditional distributions f(x|C1), f(x|C2) the sin-
gle sample xs belongs. In a fixed problem context C, in which the
discrimination problem is complicated by the similarities/overlaps

among the class-conditional distributions, the KL-distance index
(2) constitutes an accurate measure of discrimination, hence a
good indicator of the classification performance for any unbiased
classifier. When the class-conditional distributions depend on a
measurement parameter, then maximizing the KL-distance is a



300 A. Vergara et al. / Sensors and Actu

Fig. 1. Class-conditional probability distributions in a two-class discrimination
instance. We model each class response histograms by a normalized fifth-order poly-
nomial (plain and dashed lines). These models accurately approximate the sensor’s
response to an odor class while accounting for the asymmetry (i.e., skewness) in
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he distribution. The KL-distance index then captures the influence of the operating
arameter on the separability of such distributions. Maximizing this index for a pair
f distributions results in a better discrimination between the corresponding two
lasses (top versus bottom figures).

alid objective in tuning that parameter. This is actually shown
n Fig. 1, where we can see how the KL-distance index captures
he influence of such a parameter, namely the sensor’s operating
emperature, on the response distribution; affecting therefore, the
eparability of the classes.

.2.2. Generalization to multi-class problems
When the number of classes (i.e., the possible outcomes of the

dentification problem) is more than two, then the KL-distance
hould be generalized to promote the dispersion of the classes.

conceivable way of doing this is to replace (2) with the sum of
air-wise distances, thus:

KL =
|C|∑

i,j=1

KL(gi, hj), (3)

here |C| denotes the number of classes in the problem and gi(•)
nd hj(•), i ∈ C, j ∈ C, are the class-conditional distributions, each
otentially depending on the operating parameter ˇ (e.g., the sen-
or’s operating temperature). Notice that, when these distributions
re parameterized, for example by ˇ, the resulting expression (CKL)
s parameterized as well.

.2.3. The KL-distance optimization approach for odor
iscrimination

The CKL quantifies the difficulty of the classification problem.
hen this quantity is large, an arbitrary classifier is expected to

erform with higher accuracy, since, relative to a small CKL, the
istribution within each class is shrunk and/or the two classes are

ocated away from each other in the feature space.
Let ˇ denote an intrinsic parameter of a sensor device that alters

he response characteristics (see Fig. 1). Then, the problem config-

ration is expected to be sensitive to ˇ, making CKL dependent on
. Hence, the value:

∗ = arg max
ˇ

CKL(ˇ), (4)
ators B 148 (2010) 298–306

defines an optimum operating condition for the classification prob-
lem at hand.

In practice, the form of dependence of CKL on ˇ is initially
unknown, yet to be inferred from a provided training set (contain-
ing labeled measurements) from the same sensor at representative
ˇ values. Therefore, any change in the problem setup, e.g., addition
or removal of an analyte class, necessitates a re-calculation of ˇ*
with the updated dataset.

It is important to emphasize that the solution ˇ* does not impose
a particular classification method. The parameter value resulting
from the maximization (4) simplifies the task of an arbitrary unbi-
ased classifier.

3. Experimental

3.1. Metal–oxide gas sensor

The criterion (4) is directly applicable in optimizing the oper-
ating temperatures of metal–oxide gas sensors. In particular, we
study here the performance of the commercially available metal
oxide based gas sensors TGS26xx from Figaro Inc. [32]. In this pop-
ular odor sensing technology, the operating temperature is widely
considered as the primary conditioning parameter. Since the sensor
packaging and our measurement setup do not permit direct access
to this temperature, its tuning is achieved via a resistive heater ele-
ment with controllable voltage ˇ. According to the manufacturer’s
guide, the voltage ˇ has a deterministic one-to-one mapping with
the actual active layer temperature (a lookup table has been pro-
vided in [32]). Accordingly, hereinafter we use this gate voltage ˇ
and the operating temperature interchangeably. Finally, the man-
ufacturer’s guide reports the feasible range of ˇ for each sensor
model to be between 3.8 and 6.2 V.

The basic operating principle of metal–oxide chemo-sensors is
as follows: the sensitive layer of metal oxide gas sensors, made up
of particles that range from nanometers up to microns, adsorbs
atmospheric oxygen on their surfaces. Oxygen adsorbs abstract
electrons from the conduction band of the sensing material, which
results in the development of Schottky potential barriers at the
grain boundaries. In response to an analyte (either reducing or oxi-
dizing species), under stationary conditions (i.e., constant flow and
fixed operating temperature) the sensor involves an exponential
change in the conductance across its sensing layer. The response of
semiconductor gas sensors to reducing species implies a change in
the concentration of adsorbed oxygen species. On the other hand,
oxidizing species can interact with the sensor surface in a variety of
ways; for example, interacting directly with the surface and form-
ing negatively charged ionosorbed species or in competition with
ionosorbed oxygen or oxygen ions for the adsorption sites avail-
able [33,34]. These changes modulate the height of the potential
barriers and thus the conductance of the sensing layer.

There is a strict dependence of the sensor response on the sens-
ing layer’s temperature. Many authors have observed systematic
changes in the reproducibility among measurements of the same
analyte made at the same values of ˇ [7,9–15]. It can be easily
shown that, not just the second moment, but almost all aspects
of the response (i.e., class-conditional distributions) are affected by
the temperature significantly. This justifies the use of temperature
as a control variable in a deterministic setting.

The effect of adjusting the parameter ˇ on a class-conditional
distribution representation of responses recorded from a TGS2620

metal oxide based chemo-sensor is illustrated in Fig. 2. In our mea-
surement setup, the heater voltages were independently set for
each of the sensors studied. The figure suggests that ˇ needs to
be optimized for each sensor independently. Next, we outline our
experimental details.
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ig. 2. Dependence of an individual metal–oxide sensor response TGS2620 on the te
et to the indicated value (in volts). For each parameter value, we have recorded 3
he plots show the histogram of the resulting feature values under the correspondi
istribution, thus affect the discriminability of this class (i.e., acetone) from other c

.2. Dataset and measurement setup

We demonstrate our optimization scheme on a six-class clas-
ification problem comprised by six different analytes dosed at
ifferent concentrations (in ppm): ethylene, ethanol, and toluene
osed at 10 ppm; acetone and acetaldehyde at 100 ppm; and
mmonia at 120 ppm. The choice of these analytes and concen-
rations was not motivated by a particular application constraint.
he only criterion we followed in their selection was their induce-
ent of a non-trivial classification instance within the selected

arameter range.
We compiled two disjoint datasets in this application. The

rst database was used for determining the optimal value of the
perating temperature of the gas sensor. This set contained 30 inde-
endent measurements taken from each class at each of the 13
ensor operating temperatures corresponding to the heater volt-
ges ˇ ∈ {3.8, 4.0, . . ., 6.2 V}.1 The 2340 measurements in the first
ataset were performed in a pseudo-random manner in time and
ompleted within a period of two months. The second database,
hich was recorded four months after the first one, contained 20

ndependent measurements from the same analytes at the same
emperatures. It was used for the validation purpose.

In gathering the records, we used an array of commercially avail-

ble metal–oxide based gas sensors from Figaro Inc. [32]. Each of
uch sensors has an independently controlled RuO2 electrical heat-
ng line and a metal oxide semiconductor film as a sensor material
rinted onto the measuring electrodes (noble metal). The sensor

1 We do not have access to the actual surface temperatures due to packaging, but
look-up table relating them to the heater voltage ˇ can be found in [32].
ature of the heating element. The sensor heater voltage (parameter value) has been
asurements from the same sensor, each time subjecting it to 100 ppm of acetone.
r–sensor/parameter reaction pair. The parameter highly influence on the response

.

element obtained, is mounted onto an alumina substrate and then
connected, by means of lead wires, to the pins of the sensor pack-
age. The resulting array, populated by devices tagged as TGS2602,
TGS2600, TGS2610, TGS2620, is placed into a test chamber where
the odorants of interest, in gas form, are to be injected. To generate
the required dataset, we connect the test chamber to a computer-
controlled continuous flow system which allows us to obtain the
desired concentrations of the different smells in a highly repro-
ducible way. In order to keep the moisture level constantly at
10% R.H. (measured at 30 ∓ 1 ◦C) during the entire measurement
process, we use background zero-grade dry air. Then the analytes
under analysis were added to this background, in pseudo-random
order. The total flow rate across the sensing chamber was set to
200 ml/min (sccm) and kept constant during the whole process.
The response of the micro-gas sensor array was measured when the
operating temperature of sensors was fixed at different operating
temperatures that range between 250 and 550 ◦C. The manufac-
turer’s manual reports that these temperature ranges for every
sensor model are reached by applying a voltage range of between
3.8 and 6.2 V to their heating element. The temperature values
utilized to perform the dataset have a resolution (i.e., separation
between temperatures evaluated) of 20 ◦C. To ensure that repro-
ducible response patterns were acquired during each measurement
the sensors were pre-heated for several days prior the experiment
process get started.

The sensor response is read from the active layer of each sen-

sor; hence, each sensor produced an independent time series. The
data acquisition board was in-charged both to acquire the dynamic
response of gas sensors and to output an analog voltage signal to
every sensor heating element. This voltage is used to control and
vary the sensor’s heater operating temperature using a LABVIEW®
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previously collected samples from that odorant type. Particularly,
we consider a fifth-order polynomial2 to represent these relations,
thus:

gi(x, ˇ) = ai(ˇ)x5 + bi(ˇ)x4 + ci(ˇ)x3 + di(ˇ)x2 + ei(ˇ)x + fi(ˇ) (6)
Fig. 3. Measurement system layout. The sensors are studied in the pres

rogram running on a PC platform. The relations between the volt-
ge at the Analog Output of the Data Acquisition (DAQ) and the
oltage across the sensor heater were measured for each channel
nd used as a lookup table to control the heaters in the sensor array.
he measurement setup is summarized in the diagram shown in
ig. 3.

Each of the 3900 measurements present in these datasets were
ecorded according to the following protocol: first, a constant flow
f zero-grade dry air was circulating through the sensing chamber
hile the gas sensor array was kept at a stable working temperature

e.g., 450 ◦C). This was done to measure the baseline steady-state
ensor response. Afterwards, the desired concentration of the odor-
nt was injected by the continuous flow system into the sensing
hamber. Finally, in the third step (cleaning phase), the vapor
as exhausted away from the sensor array and the test cham-

er was cleaned with dry air before the concentration phase of
new measurement could restart. The acquisition of these mea-

urements took about 300 s to complete, divided in 100 s for the
as injection phase and 200 s for the recovery (cleaning phase).
dditionally, before and after each measurement, the sensors, and
specially the temperature at their heating elements, were set to
new value, and left in repose during 100 s. For the processing

urposes, we discard the recovery phase and subtracted the base-
ine from each record. The sampling rate was set to 10 Hz. Finally,
he measurement process just described was exactly repeated for
ach analyte-type, operating temperature, and replicate number in
randomized order.

. Results and discussion

In this section, we employ the proposed criterion to optimize the
erformance of each metal–oxide gas sensor in the classification
ask imposed by the datasets.

.1. Feature extraction

Features reflecting the sensing dynamics, and particularly the
nes regarding the transient portion [35,36], are of special inter-

st in our sensory signal analysis, due to the strict time constraints
e observe and for the sake of the measurement setup. Typically,
metal–oxide gas sensor demonstrates a monotonically increas-

ng and saturating time series that makes reference to an analyte
eacting with its sensing area. Following this scheme, in this work
of the analyte in gas form diluted at different concentrations in dry air.

we make use of the exponential moving average (EMA) to extract
a transient feature from the recorded rising portion of each mea-
surement in the dataset. This transform, originally proposed in [35]
for metal–oxide sensor response, converts the increasing and sat-
urating discrete time series x[•], collected from the sensor, into a
positive real scalar fx by calculating the maximum magnitude of its
exponential moving average:

y[k] = (1 − ˛)y[k − 1] + ˛(x[k] − x[k − 1]), (5)

where its initial condition y[0] = 0.
The constant 0 < ˛ < 1 is a smoothing parameter that affects both

the feature’s quality and the time it occurs. For a constant value of
˛, the magnitude of this peak and its exact location (in time) is
odor-class specific. Finally, as was shown in [35], for small ˛, the
occurrence of transient feature f˛ shifts forward in time along the
signal transient, yet it becomes a better predictor of the steady-
state feature (e.g., �R). Particularly for this work, for each sensor
response we set the feature parameter value ˛ = 0.01. For more
details and discussions about this feature, readers are referred to
see [35].

4.2. Sample CKL estimate

The evaluation of the proposed cost function CKL of Eq. (4)
requires the exact form of dependence of all class-conditional dis-
tributions as a function of ˇ. This needs to be inferred from a training
dataset containing labeled measurements of each analyte of inter-
est from the same sensor at different (and representative) values of
ˇ. Therefore, considering the dataset described above, we treat the
resulting features obtained for each analyte and for each operat-
ing temperature as independent and identically distributed (i.i.d.)
samples, from which the conditional distribution is derived. Then,
we model each odorant class by a polynomial fit to the histogram of
2 The choice of the polynomial degree is based on the observed distributions and
could vary for different analytes. The multi-modality of the observed distribution is
a key factor in this decision.
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Fig. 4. (a) The cumulative Kullback–Leibler distance index distribution of an indi-
vidual metal–oxide gas sensor TGS2620 in a six-class discrimination task. (b) The
cumulative Mahalanobis distance index evaluated for the different parameter val-
ues. The parameter value ˇ is maximized in every pair-wise combination of odors
in a discrimination task to obtain the global optimal parameter value ˇ (maximum
value in the curve). (c) Discrimination performance of a linear-SVM classifier on the
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surements from the dataset, and trained each classifier using the
training examples and then applied the test point to verify. As stated
before, we repeated the randomized split/training/test episode 100
ix-class identification problem. Based on the proposed criterion, the best operating
ondition to distinguish between the set of classes is determined by the maximum
alue of (a), which occurs at ˇ = 4.4 V.

here the variables {ai, bi, . . ., fi} are the parameters to be deter-
ined from the histogram of samples in class i that were recorded
ith ˇ in the dataset. The resulting model then characterizes the

esponse of an individual sensor to each odor class at the operating
emperatures ˇ tested.

By plugging these functions into (3), the CKL can be imple-
ented. The ˇ value obtained maximizing Eq. (4) yields the optimal

perating temperature values for the particular discrimination task.
s a measure of separability, the evaluation of the CKL estimated

rom (4) for the six classes at each temperature ˇ yield the profile
hown in Fig. 4(a). Based on this evaluation, the best operating con-
ition of a sensor TGS2620 to distinguish between the set of classes

s determined by the maximum value of this curve, which for this
nstance occurs at ˇ = 4.4 V.

.3. Optimization for odor discrimination

The optimization part was conducted on the first dataset. The
esigned criterion (4) makes rather mild assumptions on the sam-
led classes. Thus, one can expect it to be fairly independent of
he specific classification scheme to be used in labeling a mea-
urement. Therefore, the measure should correlate in principle
ith the performance of an arbitrary classifier. We use a lin-

ar support-vector classifier to verify this. The main reason of
his choice is its parameter-free and simple design, which we
arry out by means of the SVMR software available online at

ttp://inls.ucsd.edu/̃huerta/svmrdata.dat [37]. A linear-SVM is a
asic threshold device that implements a set of linear inequalities
hat all together partition the feature space into distinct regions,
ach associated with a class identity. The design of these inequal-
ties is performed by labeled data, which should be sufficiently
ators B 148 (2010) 298–306 303

representative of the actual regions as they arise in the real feature
(measurement) space [37,38].

For each sensor, we quantified the performance of the classi-
fier by applying following training/test procedure: for each ˇ ∈ {3.8,
4.0, . . ., 6.2}, we fetch the corresponding 180 measurements from
the dataset, a batch of data containing 30 recordings from each of
the classes. Then, we randomly split the dataset into 80% and 20%
example sets for training and validation respectively. We trained
each classifier using the training examples and then applied the
test point to verify. We repeated this randomized split/training/test
episode 100 times “ensuring” that each data point in the 180
batch is held out once for test and obtained the average cor-
rect classification rate for the corresponding ˇ value. Fig. 4(c)
shows the performances with respect to ˇ for a single sensor
TGS2620.

As expected, the results yielded by the SVM classifier in
Fig. 4(c) follow a similar pattern as the estimated measure
CKL index in Fig. 4(a) in the sense that their extreme points
occur at the same ˇ values. The ordering of these points
in magnitude is also preserved to a large extent, meaning
that the proposed measure is a reliable indicator of the clas-
sification performance at almost all temperatures within the
range.

Additionally, the optimization performance was also followed
for this specific sensor using the Mahalanobis distance (MD) index,
which was proposed in [29] as an alternative measure. The MD
measure is optimum for normally distributed classes, which can
be insufficient in representing sensor response. Fig. 4(b) shows the
performance profile yielded by the MD measure at the same ˇ val-
ues using the same single sensor (TGS2620). Note that the obtained
results suggest a ˇ value for the optimum operating temperature
that differs from the actual classification performance observed
empirically from the classifier.

Finally, in order to illustrate the trade-off between the pro-
posed optimization criterion and the classifier, we present in Fig. 5
the estimated measure CKL index (blue dashed lines) versus the
observed classification success trend by the actual classifier with
respect to ˇ (green dotted lines). This can be informative as one
can find graphically the best (i.e., optimal3) mode of operation of
a sensor in the given application. Note that, the optimal operating
condition of each sensor that best discriminates between the set of
classes can be determined by obtaining the maximum value of the
curve shown (blue dashed lines). In other words, one can ensure the
best possible classification performance by selecting the optimal
operation conditioning parameter of the sensor, since, as expected,
for every sensor the results yielded by the classifier follow a similar
pattern as the estimated measure CKL index. The optimal values
selected and their classification performances are summarized in
Table 1.

4.4. Validation results

In a second step, we validated the whole optimization pro-
cess with the second dataset. We assessed the performance of
each sensor in a qualitative gas analysis. Once again, we quanti-
fied the performance of the linear-SVM classifier by applying the
same training/test procedure described in the previous section. For
each ˇ ∈ {3.8, 4.0, . . ., 6.2}, we fetch the corresponding 120 mea-
times and obtained the average correct classification rate for the

3 Optimal within the temperature range swept. Since it is not advisable to operate
beyond this range, it can be considered as optimal.
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Fig. 5. Observed discrimination performance of a linear-SVM classifier of each sensor on
estimated by the CKL index (blue dashed lines) with respect to ˇ. Based on the proposed
of classes can be determined for each sensor individually by obtaining the maximum va
legend, the reader is referred to the web version of the article.)

Fig. 6. Validation study. (a) The cumulative Kullback–Leibler distance index distri-
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ution of an individual metal–oxide gas sensor TGS2620 in a six-class discrimination
ask. (b) The cumulative Mahalanobis distance index evaluated for the different
arameter values. (c) Discrimination performance of a linear-SVM classifier on the
ix-class identification problem.

orresponding ˇ value. The obtained values for each sensor in clas-
ification performance validation are shown in the bottom part of
able 1.

To validate the results, we re-calculated the proposed cost func-
ion CKL of Eq. (4) and its analogous MD criterion on the second
ataset by applying the same procedure described in Section 4.2.
e consider the sensor TGS2620 on this demonstration. Based
n this re-evaluation, the best operating condition to distinguish
etween the new set of classes, determined by the maximum of the
urve depicted by KL, occurs at ˇ = 4.4 V, which perfectly matches
ith the information given by the classifier (see Fig. 6(a) and (c)).

or this particular new case of study, the maximum value yielded
the six-class identification problem (green dotted lines). Profiles for each sensor as
criterion, the optimal operating condition that best discriminates between the set
lue of the curve shown. (For interpretation of the references to color in this figure

by the MD measure also occurs at the same value suggested by CKL
criterion (see Fig. 6(b)).

4.5. Discussion

The proposed CKL measure is optimum for any complexity of
probability distribution models, provided that these models are
accurate in identifying the response distribution. Although a pop-
ular assumption is to consider the normal distribution as the
best first approximation to any empirical distribution, requiring
minimal measurements and computation for fitting, a perfectly
normal class-conditional distribution, especially in odor represen-
tation, is rare in practice. The observed classes often violate this
assumption due to skewness and multi-modality. Such proper-
ties can be captured by the moments of the distribution or by
accurate approximations of the odors distributions. While our
criterion accounts for these key characteristics of a response,
conventional distance measures, such as the Mahalanobis dis-
tance, only accounts for the first two moments, i.e., class means
and co-variances. Intuitively, depending on the information, or
number of moments of the actual distributions neglected in
modeling, the utility of the optimization approach may be lim-
ited. In view of this, our approach can be viewed as a globally
optimal criterion in optimizing the performance of a single chemo-
sensor.

The performance of an identification system really depends
on multiple factors that all together determine the problem
setup. These factors include the hierarchical level of the clas-
sification problem pursued (e.g., functional group identification
versus odor identification), the features selected for evaluation,
and the classifiers utilized to map the extracted features on
the class labels. A more comprehensive formulation addressing
all of these options would almost certainly yield a better per-
formance than the generic solution presented here. However,
this would come at the expense of an increased computational
demand, which could compromise the online applicability, and the
adaptability of the formulation to different sensor and/or classi-
fiers.
An important observation from our data analysis is that the
evaluations made by the proposed criterion remain valid for long
periods in a metal–oxide sensor’s lifetime. The four-month gap
between the recordings of training and test datasets did not inval-
idate the evaluation of operating temperatures on the same task,
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Table 1
Selected optimal operating parameter values ˇ versus the observed classification performances for each metal–oxide gas sensor given by the linear-SVM classifier. Optimiza-
tion (top part): in the first dataset, the maximum values of the CKL-distance measure and the MD (see Fig. 5) were used to determine the optimal conditioning parameters
ˇ. A linear-SVM classifier was used to empirically assess the classification performance of each sensor individually on its optimal ˇ. Validation (bottom part): the whole
optimization process was validated on the second dataset. The performance of the linear-SVM classifier was quantified for each sensor on each optimized parameter value.

Sensor type → TGS2602 TGS2600 TGS2610 TGS2620

Optimal parameter value ˇ using the CKL-distance (V) 5.4 4.4 4.4 4.4
Discrimination performance rate in (%) 92.75 83.00 88.10 79.03
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lthough the individual sensor characteristics have drifted within
his period. Such a generalization capability against time makes
t feasible to maintain and populate sensor response databases to
everage the proposed statistical measure even further.

We think that the level of generality that the CKL criterion attains
s optimal from this perspective: by definition (1), the CKL does take
nto account the particular problem setup; it can be computed from
aw samples on-the-fly by following (2); yet, it imposes no restric-
ions on the features nor the classifier to be used in identification.
o calculate the CKL measure, one requires multiple samples from
comprehensive dataset. We think that such a dataset is necessary
nyway, for example, for sanity check, to determine sensor drift, or
or other phenomena arising from sensor aging. The computational
implicity of the CKL formulation permits its use on large datasets.

Finally, we note that the CKL criterion is data-driven and is sen-
itive to the problem context, i.e., the classes that participate in
he identification problem. Therefore, any change or improvement
n this context should result in the re-calculation of CKL with the
pdated classes. This is particularly important in staged recogni-
ion setups, where multiple measurements are performed on the
ame analyte and the belief in the odor identity is updated upon
ach measurement.

. Conclusions

We have formulated an optimization scheme for odor discrim-
nation purposes using a single chemo-sensor. The method uses a
heoretical scheme based on the Kullback–Leibler divergence that
uantitatively measures the distance between two probability dis-
ributions associated to smells. We have shown that optimizing the
KL measure over the controllable operating sensing parameter ˇ
temperature) lead to the maximization of performance in odor dis-
rimination. We have demonstrated this idea on a dataset inducing
six-class discrimination task. Tuning the operating temperature
f a metal oxide gas sensor based on the proposed criterion not
nly resulted in a substantial improvement in classification per-
ormance but also warned us about the existence of temperatures
hat cause a total confusion in the odor discrimination. Finally, it
s important to emphasize that the proposed CKL measure is opti-

um for any complexity type of probability distribution models.
lthough a popular assumption is to consider the normal distribu-

ion as the best first approximation to any empirical distribution, a
erfectly normal class-conditional distribution, especially in odor
epresentation, is unrealistic. The observed classes often violate this
ssumption due to skewness and multi-modality. Such properties,
hich have additional information that facilitates the odor discrim-
nation, can be captured by the moments of the distribution or by
ccurate approximations of the odors distributions. Our criterion
an account for these key characteristics of a response; therefore,
an be viewed as a globally optimal criterion in optimizing the
erformance of a single chemo-sensor.
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