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Abstract— A gas sensor optimization method for odor 
discrimination is introduced in this paper. The method 
deals with a performance index widely used in the 
information theory, namely the Kullback-Leibler distance 
(KL-distance), which gives a quantitative measure of 
mutual difference between two probability distributions. 
We argue that optimizing this index over the controllable 
operating parameter namely β (i.e., the operating 
temperature) of a single sensor will allow maximizing the 
spread of the odor-class prototypes (i.e., the class centers) 
in the feature space so that a better discrimination of 
odorants will be possible. We demonstrate on a sample 
dataset that finely tuning the operating temperature of a 
metal oxide sensor based on the suggested criterion not 
only yields a substantial improvement in classification 
performance but also warns about the existence of 
temperatures that cause a total confusion in the odor 
discrimination. 

I. INTRODUCTION 
Inspired by the olfactory system [1], artificial devices that 

combine arrays of non-specific sensors with signal processing 
techniques, commonly namely “electronic noses”, have been 
explored for use as inexpensive chemical point detectors [2-4]. 
These devices can serve not only as a good example of 
simplified distributed olfactory systems but also as a potential 
non-invasive tool used today for a very wide range of 
detection tasks, such as process control, medical diagnosis and 
the detection of explosives [4]. Odorant chemo-sensors, 
artificial analogous of the biological olfactory receptors, have 
the extraordinary ability of responding to odor stimuli in many 
different magnitudes of response, giving therefore a huge 
odorant-receptor interaction representation [5, 6]. However, 
they still have significant difficulties in characterizing odor-
stimuli including sensitivity to analyte and reproducibility of 
the response in repeated trials [7, 8]. Converted efforts have 
been devoted to overcome these barriers; however there is still 
a lack of methods that allow the generalization of training to 
new analytes [8]. It is suggested that methods based on 
information theory can fill this role since they can explicitly 
quantify the odor-sensing interaction [9, 10]. 

Artificial olfactory systems have odorant receptors that 
provide a capability for fine-tuning through the selection of 
parameters values that influence many critical qualities of the 
measurement [11]. Following this scheme, in this paper we 
formulate an optimization role based on the KL-distance 
approach that allow us to select, for a single sensor, the 
optimal operating temperature in odor discrimination tasks. 
Finely varying the sensing parameter β in a deterministic way, 
the odor-sensor pair interaction will be altered (see Fig. 2). 
Accordingly, our goal then at the sensor level is to adjust this 
parameter in a principle and iterative manner in order to 
maximize the information and confidence on each sensor 
individually. 

II. METODOLOGY 

A. Information theory for olfactory systems 
The first stage in an information-theoretic analysis of a 

sensing system is the generation of descriptions of the sensory 
context C and a clear specification of the task. On one hand, 
the context is the environment in which discrimination takes 
place and describes quantitatively the likelihood of occurrence 
of each odor stimulus. A chemosensory task, on the other 
hand, could be an olfactory discrimination (for example, 
between an odorant and air). In a complex natural 
environment, the task might be to identify one odor among 
many; in this case, the context is the set of probabilities of 
occurrence of all natural odors. A more restricted and 
controlled context and task would exist in a behavioral 
experiment where only odors at fixed concentrations in the 
environment are to be discriminated. In this work we will 
focus on the latter scheme. 

When evaluating a chemo-sensory reading, there is certain 
variability in their response to a given odor-class. 
Consequently, an appropriate way of denoting the sensor’s 
response pattern to a specific odor-class is a probability 
distribution over a feature space. This representation is called 
the class-conditional distribution and an overlapping among 
their classes is the origin of bad odor classification 
performance. 
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There is a strict dependence of the sensor response on their 
operating temperature. Using then, the temperature as the 
control variable, our goal is to make these distributions as 
“different” from each other as possible so that samples from 
them can be discriminated easily. Intuitively, the ability of 
performing odor discrimination should closely relate to the 
information-theoretic measure because adjusting the sensing 
control parameter is decisive on the response distributions, 
thus on the discriminability of smells. In view of this, in the 
following section we outline one measure to quantify the 
difference between distributions. 

B. The Kullback-Leibler divergence 
The Kullback-Leibler divergence is a non-commutative 

measure (a ‘distance’ in a heuristic sense) of the difference 
between a conceptual reality (probability distribution g(・)) 
and an approximating model (probability distribution h(・)). 
For continuous functions, it is defined by the integral thus: 

dx
xh
xgxghgKL
)(
)(log)()||( ∫

∞

∞−

=   (1) 

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

The properties of the relative entropy equation makes it 
non-negative and it is 0 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, the measure is still 
asymmetrical, i.e., KL(g(x)||h(x)) is not equal to KL(h(x)|| g(x)) 
in general, thus KL is not a legitimate metric by itself. A 

symmetrized version can be obtained due to a straightforward 
manipulation: 
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which we adopt as the pairwise distance between class-
conditional distributions for our purpose. 

To generalize the measure to a general number of odors 
then we define the cumulative Kullback–Leibler distance, 
(CKL) for a problem context C, which represents the sum of 
symmetric difference between all pairs of classes considered 
in an odor space. Therefore from (2) we obtain: 

CKL(C) = Σ i ∈ C Σ j ∈ C, j ≠ iKL(pi pj)  (3) 

where pi (・) and pj (・), i ∈ C, j ∈ C, denote the class-
conditional distributions, each potentially depend on the 
temperature β. 

Therefore, maximizing (3) over the optimal control 
parameter β (i.e., feasible temperature range of the sensor) 
facilitates the discrimination of an undetermined number of 
classes of smells. 

III. EXPERIMENTAL 

A. Measurement setup 
We used a sixteen screen-printed commercially available 

metal-oxide semiconductor gas sensor array, from Figaro Inc. 
[12] for our experiments. The resulting array, populated by 
devices (4 of each) tagged as TGS2602, TGS2600, TGS2610, 
TGS2620, is placed into 60 ml volume test chamber where the 
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Figure 1.  Measurement system layout. The sensors are studied in the presence of the analyte in gas form diluted at different concentrations in dry air. 
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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 reproducible way. In order to keep the moisture level 
constantly at 10% R.H. (measured at 30oC ∓1oC) during the 
entire measurement process, we use as background for all 
measurements zero-grade dry air. Added to this background 
were the odorant gases, added one at the time and in random 
order. The total flow rate across the sensing chamber was set 
to 200 ml/min (sccm) and kept constant for 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 ranging between 200 – 550oC 
(voltage range of between 3.8 to 6.2 V applied to the sensor’s 
heating element giving a resolution of 25oC). 

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® program running on a PC 
platform. The measurement setup is summarized in the 
diagram shown in Fig. 1. 

B. The dataset 
Our dataset induces a five-class classification problem. 

Vapors of Ethanol, Acetaldehyde and Acetone at 250 ppm and 

Ethanol and Ethylene at 100 ppm, diluted in dry air were 
measured. Different sensing parameters values (in volts), at 
which such analytes were evaluated, were set into the heating 
element. These values are 3.8, 4.0, 4.25, 4.5, 4.75, 5.0, 5.25, 
5.5, 5.75, 6.0 and 6.2 V. These temperature values were 
selected from the range recommended by the manufacturer 
[12]. Each of the possible odor-temperature pair-wise was 
sampled by 20 independent measurements, performed in a 
randomized order. The effect of adjusting the parameter β on a 
class conditional distribution of responses recorded from a 
TGS2600 metal oxide based chemo-sensor is illustrated in 
Fig. 2. Therein we can see that differences arise. 

The dataset was performed accordingly to the 
measurement procedure consisted of the following steps: First, 
a constant flow of zero-grade dry air was circulating through 
the sensing chamber while the gas sensor array was kept at a 
stable working temperature within this temperature range 
(e.g., 450oC). This was done to measure the baseline steady- 
state sensor response. Afterwards, the desired concentration of 
the odorant was injected by the continuous flow system into 
the sensing chamber. Finally, in the third step (cleaning phase) 
the vapor was vacuumed away from the sensor array and the 
test chamber was cleaned with dry air before the concentration 
phase of a new measurement could start. The acquisition of 
these measurements took about 300 s to complete, divided in 
100 s for the gas injection phase and 200 s for the recovery 
(cleaning phase). For the processing purposes, we discard the 

 
Figure 2.  Dependence of an individual metal-oxide sensor response to the temperature of the heating element. The sensor heater voltage (parameter 
value) has been set to the indicated value (in Volts). For each parameter value, we have recorded 20 measurements from the same sensor (TGS2600, 
Figaro Inc.), each time subjecting it to 100ppm of ethanol. The plots show the histogram of the resulting feature values under the corresponding pair. 

The parameter highly influence on the response distribution, thus affect the discriminability of this class (i.e., ethanol) from other classes. 
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recovery phase and subtracted the baseline from each record. 
The sampling rate was set to 10 Hz. Finally, the measurement 
process herein described was exactly reproduced for each of 
temperatures tested. 

C. Feature extraction 
Knowing the typical saturated exponential-form of the 

sensor response, governed by multiple reactions between their 
active layer and the odor-analyte, we have proposed the 
exponential moving average with the smoothing parameter α 
= 10-1 to be utilized as feature extractor [13]. For this family 
of signals, the transform EMAα 

])1[][(]1[)1(][ −−+−−= krkrkyky αα   (4) 

with the initial condition y[0] = 0, transforms a given discrete-
time signal series r[k] (i.e., sensor resistance response R(t) 
sampled and recorded at a constant rate) into a smooth form 
with a single peak within its transient. For a constant value of 
α, the magnitude of this peak is the value of the feature 
extracted and its exact location (in time) is odor-class specific 
and depends on the parameter value α∈[0, 1]. Finally, due to 
the linearity of the transform, small values of α implements 
high correlation between the peak value EMAα and the steady-
state value ΔR of the signal. 

IV. RESULTS AND DISCUSSIONS 
We utilize the proposed measure in determining the 

optimal operating temperature for the commercially available 
metal oxide gas sensor labeled for the manufacturer as 
TGS2600. Maximizing (3) we obtain the optimal parameter 
value β associated to the particular 5-class discrimination task 
(problem context C). Fig. 3 shows the plot of the CKL-
distance within the feasible range of interest. The resulting 
curve suggests that the information conveyed by a receptor for 
the smells, at certain temperatures, overlap, and may, in 
extreme cases, be indistinguishable. The degree to which one 
receptor carry overlapping information about a different 
analyte class could be used to decide what temperatures 
should be avoided, so that the similarity between class 
representations can be minimized. In this particular case, using 
a single sensor, the CKL function suggests that the largest 
difference among smells in our experimental setup is attained 
at = 5:4V. 

To justify the resulting parameter value, we utilize a 
linear Support Vector Machine (SVM) with a RBF kernel [14, 
15] as classifier. We have assessed the correct classification 
performance of the linear SVM on the same dataset that was 
used in optimizing β. In particular, the classifier model was 

built and validated using the information of a single sensor, 
the TGS2600. Therefore, the dimension of the input to SVM 
was merely one. We randomly split the dataset into 80% and 
20% sets for training and validation respectively. The training 
part was used in the design of the SVM model. Then, we 
tested the performance of the decision unit on the testing data 
and recorded the success classification rate. This training-
validation procedure was repeated 100 times with different 
random splits. The results yielded by SVM model actually 
agree with what the CKL criterion index suggests. These 
results are summarized in Table 1. 

V. CONCLUSIONS 
We have formulated an optimization scheme for odor 

discrimination purposes using a single artificial chemo-sensor. 
The method uses a theoretical theory scheme that deals with a 
performance index that quantitatively measures the distance 
between two probability distributions associated to smells. We 
showed that optimizing this index over the controllable 
operating sensing yields on a substantial improvement in 
classification capability performance (up to 100 % in 
discrimination success rate) and reproducibility. 
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