
Sensor Array Optimization for Complexity Reduction in Electronic Nose System 49

Sensor Array Optimization for Complexity
Reduction in Electronic Nose System

Md. Mizanur Rahman ∗1, ∗∗∗ , Chalie Charoenlarpnopparut ∗∗2 ,

Prapun Suksompong ∗3 , and Pisanu Toochinda ∗4 , Non-members

ABSTRACT

An Electronic nose (E-Nose) can be used to assess
food quality and fruit ripeness without personal bias.
A set of relevant sensors must be identi�ed to design
an e�ective E-Nose and reduce implementation cost
and complexity. The analysis of tropical fruit odour
in terms of pattern recognition errors is carried out to
determine the minimum number of sensors and their
combinations. Two new methods namely 1) principal
component loading and mutual information between
sensor data, and 2) threshold based approach are pro-
posed in this work to evaluate and optimize the sensor
set. Four pattern recognition methods, namely mul-
tilayer perceptron neural network (MLPNN), radial
basis function neural network (RBFNN), support vec-
tor machine (SVM), and k-nearest neighbour (k-NN)
are also compared in terms of classi�cation perfor-
mance. The pattern recognition error of SVM with
the optimal set of sensors is as low as 2.78% and that
of k-NN is 9.72%. The results conclude that the pat-
tern classi�cation error with MLPNN, and RBFNN
is higher than the error from k-NN and SVM.

Keywords: Electronic Nose, PCA, MLP, RBF,
SVM, k-NN, Sensor Optimization.

1. INTRODUCTION

An electronic nose (E-Nose) primarily is a com-
bination of an array of gas sensors with diverse se-
lectivity, a data acquisition system, and a pattern
recognition system. An E-Nose [1-2] mimics a mam-
malian olfactory system [3]. It is being applied
to environmental monitoring, medicine, food indus-
try, homeland security, personnel security, product-
development research, etc. [4-5]. Large scale imple-
mentation of E-Nose requires reduction of manufac-
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turing cost and computational complexity. Reducing
the number of sensors decreases manufacturing cost
as well as computational complexity which arise due
to dimensionality. In order to reduce the design and
algorithm complexity, the sensors of an E-Nose sen-
sor panel with insigni�cant information are discarded,
and more signi�cant ones are chosen. The optimal
set of sensors is chosen by di�erent sensor array op-
timization techniques proposed in the literature [6-9,
11-12].

A sensor sub-array based method is applied to re-
duce the number of sensors [6] to classify eleven gases.
Firstly, sub-arrays are formed by the selectivity dif-
ferences of each sensor. Later, sensors from di�er-
ent sub-arrays are combined to obtain the sensor ar-
ray with minimum classi�cation error. To discrimi-
nate di�erent grades of Longjing tea analysis of vari-
ance (ANOVA) and principal component (PC) load-
ing are combined to reduce the number of sensors
[7]. The PC loading method is also used in [8] to
exclude redundant sensors. Here it was shown that
ANOVA and Tukey-multiple-comparison suggest sim-
ilar choice of the sensors. Tukey-multiple-comparison
compares the distances between means of each sen-
sor data with a constraint that all the classes lie in
a single group. Both ANOVA and Tukey-multiple-
comparison do not provide individual sensorâ��s ca-
pability to classify classes. In addition, methods pre-
sented in [7-8] do not show any policy where third or
higher dimensional PCs may contain signi�cant data
variances.

A genetic algorithm (GA) is used in [9] to opti-
mize an E-Nose sensor array and determine the tea
quality. For GA an individual gene is represented by
a sensor. Genes are combined to construct chromo-
somes. A number of such chromosomes (combina-
tions of sensors) form a population. GA technique
aims to reduce the number of sensors (gene) in the
combination which limit the length of the constructed
chromosome. The �xed chromosome length overlooks
the longer or shorter chromosomes which can mislead
to suboptimal set of sensors. To overcome this prob-
lem, one way is to perform exhaustive search into all
combinations of sensors and apply a classi�cation al-
gorithm to �nd the classi�cation errors. The optimal
sensor set is the one which meets the acceptable pat-
tern recognition errors (set by the designer or applica-
tion) with minimum number of sensors. In addition,
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global optimum cannot be achieved all the time with
GA, especially when overall solution has various pop-
ulations. The GA is more �tted for the situations
that tolerate trial and failure results [10].

In order to design a low cost E-Nose, the num-
ber of sensors and total complexity of analysis must
be minimized. The exhaustive search and GA, both
the methods, search for the optimal set of sensors
out of many combinations of sensors. The pattern
recognition performance of every sensor combination
is evaluated by a pattern recognition algorithm as
many times as there are number of sensor combina-
tions. This leads to high complexity. This work aims
to select the proper sensors, reduce the number of
sensors and diminish the complexity of analysis and
cost with satisfactory results.

The proper sensors for an E-Nose are selected
based on the ratio of between (i.e. variance between
classes) to within variance (i.e. average of individ-
ual class variances) of the classes [11]. Higher values
of this ratio were used to select the proper sensors
for the E-Nose in [12] to identify ethanol, 2-propanol,
acetone, and ammonia. This method assumes equal
within class variances. The performance of the op-
timal sensor set was veri�ed by a multilayer percep-
tron neural network (MLPNN). In the results and
discussion section we compare the ratio of between
to within variance method [11] in contrast to our
proposed methods of choosing optimal sensor set by
exclusion of the redundant sensors. The exhaustive
search, GA, and ratio of between to within variance
methods do not consider the relationships between
sensor responses. Thus a possibility remains of choos-
ing sensors with similar information content. The
principal component loading & mutual information
based method and threshold based methods are pro-
posed to solve this problem.

In this research, an E-Nose sensor panel is de-
signed with eight metal oxide gas (MOG) sensors,
which is used to sense volatile organic compounds
(VOCs) from four di�erent fruits at three ripeness
states. The E-Nose sensor array optimization tech-
niques were evaluated. Two methods were proposed
to reduce the number of sensors which are PC load-
ing & mutual information approach and a threshold
based approach.

In [13-14], support vector machine (SVM) and k-
nearest neighbour (k-NN) is shown to have good clas-
si�cation and pattern recognition performance. We
also apply SVM and k-NN in this work. In addi-
tion, two neural network based regression algorithms,
namely MLPNN and radial basis function neural net-
work (RBFNN) [13-14] are also applied to compare
their classi�cation performance in this application re-
search. These four pattern recognition methods were
evaluated in this study to be used as a tool for our
e-nose design. Although classi�cation and pattern
recognition performance of SVM and k-NN is good,

they have higher implementation complexity com-
pared to MLPNN, and RBFNN. The SVM requires
expensive quadrature programming to �nd the sup-
port vectors, while k-NN applies exhaustive search to
�nd the k-nearest neighbours which is also expensive.

2. MATERIALS AND METHODS

Sample collection, designing sensor panel, exper-
imental setup, and sensor panel optimization tech-
niques are discussed in this section.

2.1 Sample Collection

Four kinds of fruits, namely, sapodilla, pineapple,
banana, and mango, are chosen for the experiment.
Change in ripeness state of these fruits is fast, which
may cause losses to businesses and consumers. Dur-
ing an experiment with one kind of fruit, the other
fruits were kept in separate boxes to isolate their
chemicals/odour to prevent any interferences from
other VOCs.

2.2 Experimental Setup and Procedure

The E-Nose system consists of a sample chamber,
measurement chamber, and data acquisition and clas-
si�cation system. The airtight sample chamber and
the measuring chambers are connected by two one-
inch transparent plastic tubes, via unidirectional con-
trol valves (3 and 4 in Fig.1) along with their corre-
sponding DC fans (3 and 4), to circulate the sample
headspace between them during measurement. After
each experiment, unidirectional control valves (1 and
2 in Fig.1) and DC fans (1 and 2 in Fig.1) are used to
circulate the free air through the measuring chamber
to achieve base level sensor responses. A DC power
supply is used to power the fans, sensors, and data ac-
quisition device. A double pole double throw switch
is used to switch the unidirectional 1.08 watt fans (1,
2) and (3, 4) (Fig.1), alternatively. The measurement
process contains two di�erent phases: concentration,
and measurement. Sample fruits are stored at 28oC
throughout the experiment.

Fig.1: The E-Nose Experimental Setup.

The fruit samples are kept in the sample cham-
ber. The sensor panel and data acquisition devices
are kept in the measurement chamber (Fig.1). A
�ve volt power supply is used for circuit voltage and
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heater voltage of the sensors. A wireless connec-
tion is made between the data acquisition device and
LabVIEW for data collection. Sensor responses to
the VOCs/odours are recorded as voltage responses
across the corresponding sensor loads.

We use eight metal oxide gas (MOG) sensors, listed
in Table 1. The VOCs to which the sensors are re-
sponsive are also shown in Table 1. In contact with
VOCs corresponding to an odour, the sensor resis-
tance decreases which cause more current to �ow
through the corresponding load resistor, and thereby
increases the output voltage. In the absence of VOCs,
adsorption of ambient oxygen increases the sensor re-
sistivity, and decreases the circuit current as well as
the load voltage. The E-Nose sensor panel is shown in
Fig.2. The panel consists, eight MOG sensors (Table
1), corresponding load resistors, two relay switches,
one double pole double throw switch, and two voltage
regulator ICs to stabilize circuit and heater voltages.
ful�ls the required pattern recognition error perfor-

Fig.2: E-Nose Sensor Panel.

mance, is the optimal sensor set.

PCA loading and mutual information based
approach

PCA analysis of 70% randomly chosen training
data is done. The PC loading information is recorded
in matrix A as in (1).

. (1)

where, ai,j indicates loading of sensor i on PC j . The
columns of A are the PC vectors, i.e. the PCs.

2.3 Sensor Panel Optimization Techniques

In this section we discuss three methods of sen-
sor array optimization techniques, namely, exhaustive
search approach, PC loading and mutual information
based approach, and threshold based approach.

Exhaustive search method

With Ns equal to eight sensors, total 2Ns − 1
(i.e. 255) sensor combinations are possible, which

includes one sensor cases to eight sensor case. The
pattern recognition and classi�cation performances of
all the sensor combinations are evaluated by SVM,
k-NN, MLPNN, and RBFNN. The SVM and k-NN
are trained with 70% randomly chosen samples from
each class. The remaining 30% of the samples are
used to verify the pattern recognition capability. For
MLPNN and RBFNN 70% of the data are randomly
chosen for training, 15% for validation, and remain-
ing 15% for testing. The sensor combination(s) with
minimum number of sensors which

The E-Nose sensor data within each class are con-
sidered to be randomly distributed with correspond-
ing means and variances. The mutual information
theory is used to measure dependency among the E-
Nose sensor data. The mutual information between
two random variables, and is given by,

. (2)

where, ρX,Y indicates correlation coe�cient between
random variablesX and Y [15] and is given by,ρ2X,Y =

E
[(

X−E(X)
σX

)(
Y−E(Y )

σY

)]
. Sensors having approx-

imately similar value and direction of PC loadings
give ρX,Y > 0 which causes large mutual information
by (2). Fig.3 shows a loading plot of the experimen-
tal data on �rst two PCs. In Fig.3, mutual informa-
tion between TGS822 and TGS813 will be large as
they are similarly inclined to the PCs. Among these
two sensors TGS822 should be chosen as its loading
to PC1 is larger. On inclusion of every sensor to
the optimal sensor cluster, the error performance of
the cluster is evaluated. If the performance is not
satisfactory, another sensor is added to the optimal
sensor group following similar procedure. Maximum
loadings on positive and negative side of each PC are
identi�ed at the beginning. First and second sensors
of the optimal sensor set should be picked based on
the maximum loadings on PC 1, third and fourth sen-
sors should be picked based on the maximum loadings
on PC 2, and so on. If all the loadings on any PC
are unipolar, a single sensor should be picked based
on that PC loadings. For example, Fig. 3 shows that
all the loadings on PC 1 are positive, thus we can
choose only the �rst sensor based on this PC load-
ings. In this case, second and third sensors should be
picked based on loadings on PC 2. More detail is pre-
sented in results and discussion section. The mutual
information of the training data between each pair of
sensors is calculated by (2) and stored in the matrix
B as in (3).

. (3)

where, Si,j is the mutual information between sensors
i and j . The diagonal elements in matrix B are self-
information and are not considered for the analysis.
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Table 1: Figaro Gas and VOC Sensors Used in the E-Nose Design.

Fig.3: PC Loading of Fruit Data to Explain the
Relationship of PC Loading to Mutual Information.

Threshold based approach

If the ratio of di�erence between means to summa-
tion of standard deviations of two Gaussian random
variables (de�ned as in (4)) is large then the Gaussian
plots of the variables are su�ciently apart or negli-
gibly overlap. Fig.4 shows normalized distribution of
TGS822 sensor data for three classes, namely green
mango, ripe banana, and ripe sapodilla. From Fig.4
it is seen that the bell shapes of green mango and
ripe banana negligibly overlap as their means are suf-
�ciently apart compared to the summation of their
standard deviations. The bell shapes of ripe banana
and ripe sapodilla have large overlapping region as
their means are not far compared to the summation
of their standard deviations. Due to these phenomena
green mango and ripe banana are easily classi�able,
whereas ripe banana and ripe sapodilla might be hard

to classify by TGS822. Thus a pair of classes is clas-
si�able by a sensor if the respective Gaussian curves
marginally overlap. For the mth sensor we de�ne a
ratio

. (4)

where, µi,m and µj,m are the means of classes i
and j, respectively; σi,m and σj,m are the standard
deviations of the classes i and j, respectively. The
larger the values of αi,j,m, lesser the overlapping of
the Gaussian curves corresponding to classes i and j
for sensor m. The ratio αi,j,m, for all pairs of classes
are calculated for each sensor according to (4). A
threshold αth is set by a designer based on the ex-
pected classi�cation error as well as the overlapping
level of the Gaussian distributions of the correspond-
ing sensor data. For any Gaussian variable, 99.7% of
the data remain within three standard deviations on
both sides of the mean. Thus the sensor m classi�es
classes i and j , if αi,j,m ≥ αth > 3. The sensor that
classi�es maximum number of class pairs is chosen
�rst, and the pattern recognition error is calculated.
If the error is not within the acceptable limit as set by
the designer or required by the application, a second
sensor should be combined to the �rst one such that
these two sensors together classi�es higher number of
class pairs. In this way more sensors are added until
the required error limit is reached. The sensor com-
bination that classi�es the classes with the minimum
pattern recognition error is the optimal sensor set.

2.4 Algorithms applied

Commonly used pattern recognition algorithm for
E-Nose are k-NN, SVM, MLPNN, RBFNN, ordi-
nary least squares (OLS), principal component re-
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Fig.4: Normalized Distribution of TGS822 for
Three Classes with Means (µ) and Standard Devia-
tions (σ).

gression (PCR), and partial least squares regression
(PLSR). The OLS, PCR, and PLSR are good regres-
sion techniques for pattern recognition and classi�-
cation. These regression methods combine indepen-
dent variables to produce a set of dependent vari-
ables. For PCR and PLSR these dependent variables
are known as PCs. To reduce dimensionality the PCs
which comprise most data variance are considered.
Although these methods are widely used for dimen-
sionality reduction and classi�cation but are not suit-
able to �nd optimal set of sensors (i.e. independent
variables). As this research is focused to reduce the
redundant sensors (i.e. independent variables) we do
not apply regression techniques such as OLS, PCR,
or PLSR in this research.

In this research the pattern recognition/classi�cation
errors are analysed with four di�erent algorithms. For
k-NN the value of k is taken as 13 based on the idea
that the value of k should be an odd number and
should not be a multiple of the number of classes.
The implemented SVM does the classi�cation by ac-
cumulating results from multiple binary SVMs. An
MLPNN is designed with 8, 10, and 1 neuron at the
input, hidden, and output layers, respectively. The
RBFNN is an exact RBFNN with 8, 168, and 1 neu-
ron at the input, hidden, and output layers, respec-
tively. Although the required number of neurons is
higher in RBFNN, its training is fast compared to
MLPNN.

3. RESULTS AND DISCUSSION

The voltage responses of the sensors for an ex-
periment are shown in Fig.5. The �gure shows re-
sponses of the sensor panel to ripe sapodilla VOCs.
The response curves have two segments, transient and
steady state. Average value of the steady state seg-
ment for every sensor is calculated. The combination
of these average values forms a signature pattern for
an experiment. Training data is a collection of sig-

natures from all the experiments. The experiments
for each type of the fruits at three ripeness states are
repeated 20 times.

Fig.6 shows a three dimensional PCA scores plot of
the training data of four fruit types (banana, mango,
sapodilla, and pineapple) at three di�erent ripeness
states. The labels G, R, Rt indicate unripe, ripe,
and rotten states of fruits, respectively, while B, M,
S, and P represent banana, mango, sapodilla, and
pineapple, respectively. (For example, RtB stands
for rotten banana.)

It is seen from Fig.6 that the scores of ripe ba-
nana and ripe pineapple do not overlap with any
other classes and are fully classi�able, while the scores
of the other fruits at di�erent ripeness states over-
lap. This overlapping indicates that the correspond-
ing classes are not fully classi�able and some pattern
recognition or classi�cation errors are likely to occur.

Fig.5: Sensor Responses from Eight Sensors for
Ripe Sapodilla.

Fig.6: PCA Scores Plot of Training Data of Four
Fruit Types at Three Ripeness States.

3.1 Between to within variance based method
[11-12]

In Fig.7 the between to within class variances for
each sensor are shown. To �nd the optimal set of sen-
sors, the sensors are sorted as, S3, S4, S5, S6, S7, S8,
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S1, and S2, as per their descending values of between
to within class variances. As S3 has the highest ra-
tio of between to within variance, it is picked �rst.
Next, two sensors (S3 and S4) are picked, and then
three sensors (S3, S4, S5) are picked, and so on. The
percentage of pattern recognition error caused by,
MLPNN, RBFNN, k-NN, and SVM classi�cation al-
gorithms for di�erent combination of sensors is listed
in Table 2. The MLPNN and RBFNN show very high
classi�cation errors compared to k-NN and SVM. We
see that the pattern recognition errors with k-NN and
SVM algorithms are less than 10% for three (S3, S4,
S5) or more sensor combinations. Thus the three sen-
sor combination (S3, S4, S5) can be considered as the
optimal set of sensors with k-NN, or SVM chosen as
classi�cation algorithm. For improved performance
sensor combinations with more sensors should be pre-
ferred, as shown in Table 2.

Fig.7: Between to Within Variance of All the
Classes for Each Sensor.

3.2 Exhaustive search method

Pattern recognition capability of all the (255)
combinations of sensors are evaluated by MLPNN,
RBFNN, k-NN, and SVM. The sensor combina-
tions with minimum pattern recognition errors are
recorded in Table 4. We see in Table 3 and Table
4 that MLPNN and RBFNN show higher error com-
pared to k-NN and SVM. The sensor combinations
with three or more sensors show less than 10% errors
for k-NN and SVM. For the three sensor combina-
tions both k-NN and SVM show 9.72% and 2.78%
errors, respectively. It is observed that the three sen-
sor combination (S3, S5, S8) is common in both the
cases. For more than three sensor cases the pattern
recognition error decrease more for SVM, compared
to k-NN.

3.3 Proposed approaches

The proposed method to reduce the number of sen-
sors for an E-Nose is presented in this section.

Table 2: Pattern Recognition Error Rates of Test
Data for Between to Within Variance Method.

PCA loading and mutual information based
approach

Table 5 and Table 6 show the PC loadings and
mutual information between each pair of sensors, re-
spectively. The diagonal elements of Table 6 are
self-information and are omitted as they are not re-
quired for this method. The sensor pair (S3, S7)
has the largest mutual information (Table 6) and S3
has higher loading on PC1 (Table 5). Thus, sensor
S3 is chosen. The sensor pair (S7, S8) has the sec-
ond largest mutual information (Table 6) and S8 has
higher loading on the negative PC2 axis (Table 5).
Thus, S8 is chosen from the pair (S7, S8). The sensor
pair (S5, S6) has the third largest mutual information
(Table 6) and S5 has higher loading on the positive
PC2 axis (Table 5). Thus, S5 is chosen from the pair
(S5, S6). In this way, the minimal set of sensors is
(S3, S5, S8), with 9.72% pattern recognition error
for k-NN, and 2.78% for SVM. For the sensor com-
bination (S3, S5, S8) the pattern recognition errors
with MLPNN and RBFNN are 77.78% and 87.50%,
respectively. High error with MLPNN and RBFNN
indicates that they are not better choice when data
overlapping exist.

Threshold based method

For any Gaussian variable, 99.7% of the data re-
main within three standard deviations on both sides
of the mean. Thus according to equation 4, a choice
for the threshold αth equal to 3 will not pick any
sensor for which di�erent classes overlap. This con-
�rms that the algorithm will pick those sensors which
cause less overlapping and thereby reduce the number
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Table 3: Classi�cation Error by MLPNN and RBFNN Methods. For Di�erent Number of Sensor Cases, the
Combinations with Minimum Pattern Recognition Errors are Recorded in the Table.

of pattern recognition errors. Smaller threshold raises
error limit, and larger threshold decreases the error
limit with 3 as the optimal threshold. Four kinds of
fruits at three ripeness states make 12 classes. The
total number class pairs are 66. Each pair is classi�ed
sequentially with each sensor and the corresponding
errors are recorded. The smallest group of sensors
that meets the desired error limit is chosen. The
three and four sensor combinations, the number of
class pairs they classify, and corresponding pattern
recognition errors are listed in Table 7 and Table 8.
Table 7 and Table 8 also show pattern recognition
errors when 70% or all the data are applied as test
data. It is seen from Table 7 that the three sensor
combination, (S3, S5, S8) has the capability to clas-
sify maximum pairs of classes, compared to the other
three sensor combinations irrespective of considered
data volume. From Table 8, four sensor combina-
tions, (S3, S4, S5, S8), (S3, S5, S6, S8), and (S3, S5,
S7, S8) classify more pairs of classes than the other
four sensor combinations for both 70% and all data
cases. The classi�cation performance of the three sen-
sor combinations and four sensor combinations noted

above are veri�ed by MLPNN, RBFNN, k-NN and
SVM. For both three and four sensor combinations
MLPNN and RBFNN show large classi�cation errors.
We �nd again that for k-NN and SVM the three sen-
sor combination (S3, S5, S8) has 9.72% and 2.78%
pattern recognition errors, respectively. Among the
four sensor cases, (S3, S4, S5, S8) shows 8.33% and
4.17% errors for k-NN and SVM, respectively. The
other sensor combinations as show higher number of
errors (Table 7 and Table 8). Thus with the threshold
based method we �nd that the three sensor combina-
tion (S3, S5, S8) is the optimal sensor set.

Implementation complexity of both PC loading
and mutual information, and threshold based ap-
proaches are similar. With the PC loading and mu-
tual information based approach, and threshold based
approach the classi�cation algorithm is needed to be
simulated few number of times to �nd the optimal
sensors. The total complexity of the PC loading and
mutual information based approach is the sum of the
PCA complexity, complexity of �nding mutual infor-
mation, and the number of trials multiplied by the
complexity of the classi�cation algorithm. Whereas
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Table 4: Classi�cation Error by k-NN and SVM Methods. For Di�erent Number of Sensor Cases, the
Combinations with Minimum Pattern Recognition Errors are Recorded in the Table.

Table 5: Principal Component Loadings.
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Table 6: Mutual Information Between Pairs of Sensors. The self-information in diagonal cells is omitted.

Table 7: Maximum Number of Pairs of Classes Classi�able by Combinations of Three Sensors. Classi�able
Cases are Experimented for Two Di�erent Amount of Data: 70% of the Data and All Data.

Table 8: Maximum Number of Pairs of Classes Classi�able by Combinations of Four Sensors. Classi�able
Cases are Experimented for Two Di�erent Amount of Data: 70% of the Data and All Data.

with the threshold based approach some suboptimal
combinations of sensors are found �rst, and later their
pattern recognition performances are analysed with
a classi�cation algorithm. Thus complexities of the
proposed methods are less, as the expensive classi�-
cation algorithm is needed to be simulated only few
times compared to exhaustive search or GA method.
Based on the complexity and pattern recognition er-
rors, the SVM algorithm along with the PCA and
mutual information based method, or the threshold
based method can be chosen to design an E-Nose sen-
sor panel with minimum number of sensors at ac-

ceptable error rate. We �nd that an E-Nose can
be designed picking only three sensors (S3, S5, S8)
and SVM as the classi�cation algorithm to classify
banana, mango, sapodilla, and pineapple at three
ripeness states with 2.78% possible pattern recogni-
tion errors. This result is also better compared to the
between to within variance ratio method, where (S3,
S4, S5) is the optimal sensor set with 6.94% error for
k-NN and 4.17% error for the SVM algorithm.
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4. CONCLUSION

We have presented two new approaches, one is
PCA loading and mutual information based ap-
proach, and another is threshold based approach to
optimize the number of sensors and analyse the pat-
tern classi�cation performances in contrast to, be-
tween to within variance ratio based method and ex-
haustive search method. It is seen that the number of
sensors in an E-Nose sensor panel can be reduced with
the methods proposed in this paper with low pattern
classi�cation errors. Reduction of number of sensors
in an E-Nose sensor panel decreases data dimension-
ality as well as design cost and complexity. The clas-
si�cation errors with MLPNN and RBFNN are found
high for this application research. The pattern recog-
nition error performance is found better with SVM,
compared to k-NN, MLPNN, and RBFNN. With the
proposed sensor reduction techniques the number of
sensors is reduced to three with only 2.78% classi-
�cation errors for SVM and 9.72% for k-NN. It is
also noted that both the proposed methods resulted
same combination of optimal sensor set with k-NN
and SVM pattern classi�cation algorithms.
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