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Abstract: The paper presents a new data processing method for sensor array based pattern recognition problem. 
The primary motivation is to improve the odor recognition efficiency of electronic nose systems. The method 
creates a set of virtual experts in which individual expert members are defined by a different combination of a 
feature extractor and a radial basis function (RBF) neural network classifier. In this work the outputs from five 
different linear feature extraction methods: principal component analysis (PCA), independent component 
analysis (ICA), singular value decomposition (SVD), linear discriminant analysis (LDA) and partial-least-square 
regression (PLSR), are fed separately as inputs to five different RBF neural networks. The parameters defining 
each RBF network are optimized separately by training them as independent decision makers. Since a given 
feature extractor processes raw data with specific perspective about the data structure, and RBF network 
generates a set of class likelihood values, the set of virtual experts generate alternate sets of class likelihood 
values. Bayesian product rule for fusion is then applied for combining these class likelihood values into class 
posterior probabilities. The class declaration is finally done by maximum posterior probability. The method has 
been validated by analyzing 9 chemical and 7 non-chemical data sets. The enhancement in classification rate up 
to 33.3 % has been found. The reason for system performance improvement is that the multiple feature 
extractors generate varied representations of raw data by exploring diversity of hidden attributes, and Bayesian 
fusion works on the extended information provided by several experts. Copyright © 2014 IFSA Publishing, S. L. 
 
Keywords: Sensor array intelligence, Electronic nose, Bayesian fusion, Chemical identification,  
Pattern recognition. 
 
 
 

1. Introduction 
 
Certain pattern recognition tasks seek solution of 

the problem through measurement of object 
characteristics by a homo- or heterogeneous set of 
sensors (called sensor array). The set of outputs from 
the sensor array in a single measurement defines a 
pattern vector in the data space whose dimensions are 
represented by individual sensors of the array. 

Ideally, the sensing elements of the sensor array must 
be selected such that the pattern vectors associated 
with different objects occupy separate regions in the 
data space. However, practical sensors do not provide 
adequate discrimination between different object 
domains. To overcome this inadequacy various data 
processing methods are used to transform the real 
data space into a virtual space (called feature space) 
whose dimensions are usually created by linear 
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combinations of the real data dimensions satisfying 
certain statistical criterion of decorrelation or 
independence. The whole data processing is usually 
subgrouped into three types of sequential operations: 
preprocesssing, feature extraction and classification. 
The preprocesssing is to remove nonparametric 
dependencies from the data like sensor operating 
conditions, ambient influences, noise, drift etc., and 
to scale and normalize raw data in such a way that the 
intrinsic statistical variables of the objects could be 
accurately estimated. In the feature extraction stage, 
the preprocessed data is mapped to a new hyperspace 
(feature space) whose variables are assumed to 
satisfy certain statistical hypothesis. The 
representation of pattern vector in feature space is 
called the feature vector. The aim of the statistical 
data model is to generate large separation between 
different object domains and at the same reduce 
separation between objects of the same domain or 
class in the feature space. This facilitates 
discrimination of different object classes by using a 
pattern classifier. The classifier produces another 
mapping from the feature space to the class space 
whose dimensions are defined by the object classes. 
The classifier algorithm assigns class labels to the 
object feature vectors according to certain criteria for 
class associability. All the procedures involved in 
mapping from the raw data space to the class space 
constitute the pattern recognition algorithm. To 
achieve high cognitive accuracy, various 
combinations of processing methods are roped in, 
and are optimized locally and/or globally. The 
conceptual and methodological details of a pattern 
recognition task can be found in [1-3].  

The data structure is commonly modelled as a 
multivariate statistical problem. The measured sensor 
outputs are seen as combined influences of several 
hidden stochastic variables intrinsic to the process of 
signal generation. The features are those hidden 
intrinsic variables of data, or some linear 
combination of them which can generate the 
experimental responses in unique manner. The 
constitutive relations are however often not known, 
the problem becomes that of statistical estimation. 
The feature extraction is to estimate a set of 
mathematical descriptors (or features) usually much 
less in number compared to the data space variables 
by using multivariate statistical methods. The set of 
features written as a column matrix are called feature 
vector. The feature vectors define mathematical 
signatures of the target objects. The sensor array 
intelligence comprises the ability to create object 
signatures and to identify them according to their 
type (or class). In supervised learning methods, the 
object space is predefined and the data processing 
algorithms are trained a priori with known response 
patterns of various class identities [4]. The aim in 
building robust sensor intelligence is to achieve low 
classification error with high level of confidence. 

The capability of a conventional pattern 
recognition paradigm can be enhanced by adapting 
those machine intelligence methods which involve 

fusion of multiple sources of information. These 
sources could be either at sensing level where 
multiple sensor systems capture information about 
the objects from different perspectives, or at the 
processing level where the same raw data is 
processed by multiple processors having varied 
perspectives for the feature extraction, or at the 
classifier decision level where multiple classifiers 
predictions are combined to produce a single decision 
[5-7]. In general, all these approaches can be 
interwoven in some way to produce the best results; 
however, the last approach (classifier fusion) is 
perhaps the most commonly employed strategy. A 
number of boosting and fusion algorithms have been 
developed for this purpose. The AdaBoost algorithm 
by Freund and Schapire [8], Bayesian fusion of class 
probability predictions from a set of classifiers [9] 
and Dempster-Shafer fusion of evidences [10] are the 
most popular approaches. A summary of Bayesian 
and Dempster-Shafer fusion methods can be found in 
some comparative studies presented in [11, 12] where 
the basic assumptions associated with these methods 
and their applicability are clearly explained. The 
basic idea in these methods is that a decision reached 
by combining in some way the decisions from several 
independent decision makers (expert systems) is 
more accurate and reliable than that delivered by 
them separately. The type of fusion method depends 
on the type of output generated by the individual 
expert systems. 

In this study we present an information fusion 
model in which a given data vector is processed by a 
number of different feature extraction methods 
yielding as many feature vector representations. With 
each feature vector at the input of a radial basis 
function (RBF) neural network generates a set of 
class likelihood values at its output. Thus, each data 
vector is mapped to class space in as many ways as 
there are the feature extractor and RBF network 
combinations. The sets of class likelihood values 
produced by each feature extractor and RBF network 
combination is fused within Bayesian framework to 
yield final set of class probabilities. The class label 
assignment is then done by maximum probability 
value. In this model, the alternate sets of class 
probabilities associated with a data vector are seen as 
the information outputs from the separate expert 
systems, and the decision is taken on the basis of an 
information fusion paradigm for the set of expert 
systems and a decision criterion. A comparative 
analysis with the decisions based on the individual 
expert systems shows that the present approach 
enhances the classification efficiency in all the data 
sets analyzed. The model details and validation 
results are presented in the following. 

 
 

2. Expert System Model 
 

The mentioned expert system model is defined by 
combining a feature extraction method with a radial 
basis function neural network. The preprocessed data 
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vector is fed as input to the feature extraction 
algorithm. The RBF network produces a set of class 
likelihoods with a feature vector at its input. The 
normalized class likelihood values are interpreted as 
class probabilities. A feature extraction procedure 
coupled to RBF network thus defines an expert 
system. This model can be justified as an independent 
information source because each feature extraction 
method processes data from a different perspective 
depending on the basic assumptions involved and the 
formulation of the objective function. Similar to a 

data vector being the result of the interaction between 
object and sensor, the RBF output is result of 
interaction between data vector and (feature  
extractor + RBF network) combination. Viewed this 
way, the latter takes the role of a sensor. The 
diversity of information generated would depend on 
the diversity of premises for the set of feature 
extraction procedures and RBF parameters. A block 
level schematic of the proposed processing method is 
shown in Fig. 1.  
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Fig. 1. Block level schematic presentation of the multiple expert system and information fusion. 

 
 

In this work we used a set of 5 linear feature 
extraction methods and RBF neural network 
combinations. These feature extraction methods are: 
principal component analysis (PCA), independent 
component analysis (ICA), singular value 
decomposition (SVD), linear discriminant analysis 
(LDA) and partial-least-square regression (PLSR). 
The RBF neural network was comprised of three 
layers ― an input layer having nodes equal to feature 
vector dimensionality, a hidden layer constituted of 
radial basis (radbas) neurons whose numbers were 
adjusted empirically, and an output layer consisted of 
purely linear (purelin) nodes whose number equals 
the number of classes. The radbas neurons are fully 
connected to the output layer. The input to radbas 
transfer function is the vector distance between input 
feature vector p  and weight vector w  assigned to 

each hidden node multiplied by a bias factor b . The 
outputs of radbas neurons are given by Gaussian 

activation function )exp( 2x− , where )bp - w(=x . 

The  denotes the Euclidian norm. The radbas 

neurons generate numeric outputs over the  
range [0, 1]. Their weighted sum with additional bias 
is the input to the linear neurons in the output layer. 
The outputs from these linear neurons are ranged 
over [-1, 1]. In order to interpret these values as class 

likelihood they were shifted onto positive scale by 
adding a proper constant, and then normalized to 
yield values over [0, 1]. The class likelihood values 
from each expert system itself can be used as the 
basis for defining single classifiers using the 
maximum likelihood for decision basis. The 
preprocessed data vectors in this work were mean-
centred and standardized with respect to dimensional 
variables. All the calculations were done in the 
Matlab environment using the function ‘newrb’ for 
creating radial basis function (RBF) neural network. 
The parameters of this function were optimized by 
considering each expert system separately as a 
classifier. The set of parameters that yielded closest 
match in training and test phases among the three 
best results in training phase was taken for defining 
the individual expert system. The number of hidden 
layer neurons varied over 10-50 and the spread over 
1-10 for different data sets and expert systems. The 
mean square error goal was fixed at 0.009 for all the 
data sets and expert systems.  
 
 
3. Bayesian Fusion 
 

We consider a supervised learning scenario where 
we assume that the target classes make a set of 
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mutually exclusive and exhaustive hypotheses. An 
information fusion technique combines multiple 
sources of information to create basis for making a 
decision on truthfulness or falsity of hypotheses. We 
assume that the set of expert systems defined above 
are statistically independent, and their normalized 
outputs represent independent sets of posterior class 
probabilities for a given data vector. We examine the 
effect of combining these posterior probabilities 
according to Bayesian fusion rule on the 
classification efficiency. The decision basis is taken 
to be the maximum posterior probability after fusion. 
The results are compared with that obtained by using 
the individual expert systems as single classifiers on 
the same decision criterion.  

The analysis of working premises for Bayesian 
fusion rule has been widely discussed in literature for 
various application situations; for example, see 
Section 6.3 in [5, 9], [11-13]. For the present 
implementation we adapted the description given by 
Kittler et al. [13], and used the Bayesian product rule 
of fusion given by equations (5) and (7) of their 
paper. Using the same symbols as in [13], we 
consider that a measured data vector Z  may belong 
to one of the m  classes. Let R  be the number of 
expert systems. Each expert system maps a data 
vector to a set of m posterior class probabilities, 

{ }imii xxZ ,...,x 1=→ , Ri ,...,1= . The set of 

posterior class probabilities from an expert system 
can be visualized as an m-dimensional vector whose 
dimensions are the object classes and the component 
values are the posterior class probabilities.  
In this visualization one can consider an expert 
system being an m-dimensional virtual sensor array 
and a feature vector at its input being an object. The 
posterior probabilities are then the virtual sensor 
array output. The set of R expert systems then 
generate R independent representations of the feature 
vector, each having a different perspective for 
transformation. Let )x|( ikP ω  be the posterior 

probability for class kω  under the condition that the 

probability vector generated by ith expert system is 

ix , and let )( kP ω  denote its a priori probability. In 

view of the assumed statistical independence of 
different expert systems the Bayesian theorem  
allows combining the posterior probabilities for class 

kω  as a product rule for calculating the fused 

posterior probability as the decision basis, see 
Section 2 in [13]. The result is,  

 

)()x|()x,...,x|( 1

1
1 k

R
R

i
ikRk PPP ωω=ω −

=
∏ (1) 

 
The Bayes decision rule is  
 

 )x,...,x|(max)x,...,x|(
if   assign   

11 Rk
k

Rj

j
PP

Z
ω=ω

ω→
(2) 

In supervised learning algorithms a priori 
probability is assigned to each class on the basis of 
number of class samples in training data. That is, 

NnP kk /)( =ω , where kn  denotes the number of 

training samples of class kω  and N  denotes the total 

number of training samples. However, if no prior 
knowledge exists the principal of indifference can be 
used which assigns equal a priori probability to each 
class, mP k /1)( =ω . 

 
 

4. Validation Results 
 

The proposed method has been applied to analyze 
15 data sets of which 8 data sets are of chemical odor 
type and 7 are of non-chemical type, shown in 
Table 1. Some of the data sets analyzed were 
collected from the published papers/patents and some 
were taken from the UCI repository as indicated in 
the table. In most of the analyses nearly 70 % of the 
data were used for training and 30 % for testing. 
Since the data sets are of varied nature and origin we 
used the principle of indifference for setting the a 
priori probability in all the cases analyzed. Table 1 
summarizes the results. The table shows the 
classification results obtained by single classifiers, 
and that obtained after Bayesian fusion using 
Equation (1). The last column of the table also shows 
some good classification results reported in 
publications by other authors. In certain cases we 
could not find a report on the classification result. 
They are indicated as NA. 

A comparison of the results by individual expert 
systems and that obtained after fusion it can be seen 
that the present method of expert system design and 
Bayesian fusion enhances the classification rate in all 
the cases analyzed. In the cases where the individual 
single classifiers already perform well, the 
improvement by the Bayesian fusion is marginal. 
However, the impact of fusion is quite substantial in 
cases where all individual classifiers yield poor 
results. For example, in case of volatile organics in 
row no. 4 the best individual classifier yields 66.67 % 
classification rate, which after fusion improves to 
100 %, an improvement of 33.33 %. With one 
exception on Yeast data result in row No. 13, this 
trend continues across all other data sets analyzed.  

 
 

5. Discussion 
 

The basic assumption in writing Bayesian product 
rule (1) is that the multiple expert systems are 
statistically independent. The statistical independence 
means the value realization by one is not influenced 
by the other. Besides, the expert systems must have 
sufficient variability in data transformation paradigm 
so that the diversity of data structure is captured in 
their outputs. The success of Bayesian fusion 
approach would depend on the extent these 
requirement are satisfied. 
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Table 1. Classification results by individual expert systems, and by Bayesian fusion of their posterior class probabilities. 
 

Data Set 

Classification Rate (%)
Data 

Source 
Results Reported by 

Others 
Expert System

Bayesian 
Fusion 

PCA ICA LDA SVD PLSR 
in combination with RBF neural network

Chemical

1 
Nerve Agents 
(Direct) 

96.77 96.77 87.09 90.32 93.54 100 [14] 
100 % by fuzzy weighted 
PCA/RBF [19] 
97 % by SVD/BPNN [20]

2 
Nerve Agents 
(Preconcentrated) 

96.92 96.92 95.38 98.46 96.92 100 [14] NA 

3 Blister Agent 96.88 96.88 96.88 78.13 96.88 100 [14] NA 
4 Volatile Organics 66.67 33.33 66.67 66.67 66.67 100 [15] 66 % by BPNN [15] 

5 Insect Odorants 60.98 51.22 70.73 65.85 60.98 75.61 [16] 
70.73 % by GA/ 
PCA/RBF [21] 

6 Coffee (blend) 92.06 80.95 88.89 71.43 92.06 95.24 [17] 
96.83 % by GA/ 
PCA/RBF [21, 22] 
87 % by PCA/MLP [17] 

7 Coffee (mono) 76.79 66.07 69.64 76.79 71.43 78.57 [17] 
85.71 % by GA/ 
PCA/RBF [21, 22] 
82 % by PCA/MLP [17] 

8 Wine 98.63 97.26 97.26 91.78 98.63 98.63 [18] 
98.63 % by fuzzy 
weighted PCA/RBF [19] 

Non-Chemical 

9 Automobile 78.79 78.79 74.24 77.27 78.03 81.82 [18] 
86 % by GA/ PCA/RBF 
[21, 22] 

10 Balance Scale 87.77 90.43 90.43 91.49 90.43 92.02 [18] 
93.6 % by ANN 
Ensemble [23] 

11 
Breast Cancer 
Wisconsin 
(Original) 

98.68 98.68 97.81 98.25 98.68 99.12 [18] 
97.4 % by Forest 
Decision Tree [24] 

12 Glass 72.31 66.15 70.77 69.23 66.15 78.46 [18] 

76.10 % by MFS 
Algorithm [25] 
48.6-70.56 % by 
KNNBA [26] 

13 Yeast 60.05 60.05 58.69 59.59 59.14 60.50 [18] 

58.95 % by 
GA/PCA/RBF [21] 
40.7-95.9 % KNNBA 
[26] 

14 Iris 98.33 98.33 98.33 96.67 96.67 100 [18] 
98.33 % by  
GA/PCA/RBF [21, 22] 

15 Liver Disorder 70.77 75.38 70 70 76.15 79.23 [18] 
79.23 % by 
GA/PCA/RBF [21] 

 
 

Different feature extractors model data by 
assuming different underlying statistics. The PCA 
assumes that the data structure can be described by a 
set of statistically uncorrelated (orthogonal) variables 
much less in number than the original variables, and 
a measurement can be represented by linear 
combination of those orthogonal variables. While 
determining these variables the PCA algorithm seeks 
the directions of maximum variances in data space 
[27, 28]. The ICA assumes statistical independence 
of the features that model data space through linear 
transformations. The ICA feature extraction 
algorithms search for maximum non-gaussianity 
directions in data space through some measure of 
non-gaussianity [29]; for a summary of ICA see 
Section 3 in [30]. The SVD also models the data 
space as linear combination of decorrelated feature 
variables similar to PCA. However, in this method 
the variables are interpreted in two ways. In one, the 

components of measured data vectors are modelled 
as linear combination of feature variables, and in the 
other, the object samples are modelled as linear 
combination of a different set of features; the former 
yields right singular vectors and the latter left 
singular vectors as features. Though the right 
singular vectors appear similar to PCA generated 
feature vectors, they differ in the sense that they are 
obtained after SVD truncation of the data matrix. The 
latter produces data denoising. The SVD method is 
presented in detail in [20]. In the present work, the 
right singular vectors were considered for defining 
the expert system. The LDA searches for directions 
in data space along which intraclass distances are 
minimized and interclass distances are maximized 
[31-32]. The PLSR method is linear regression model 
that determines feature vectors by regression of class 
identities with measured data. The set of regression 
coefficients define the feature vector [33].  
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In view of these variabilities in feature extraction 
basis it is reasonable to assume that the information 
generated by different expert systems are statistically 
independent, hence justify the basis for Bayesian 
fusion by product rule. The performance of this 
approach will however depend largely on the design 
of expert systems. The selection of preprocesssing 
procedures, feature extraction methods and  
classifier combination must be aimed to capture 
diversity of hidden information content in data.  
There is large scope for doing various permutations 
and arriving at optimal set of virtual experts for 
specific applications.  
 
 
6. Conclusions 
 

In this work we proposed a new Bayesian fusion 
method for improving classification efficiency of the 
sensor array based pattern recognition system. The 
method consisted of creating a pool of expert systems 
by employing varied feature extraction methods in 
combination with radial basis function neural 
networks. Individual experts in the pool generate 
separate sets of class likelihood. These are fused by 
using Bayesian product rule resulting in a single set 
of posterior class probabilities. The class declaration 
is done on the basis of maximum posterior 
probability. In general, the proposed method 
improved classification rate in all cases analyzed. 
The amount of improvement however varied from 
data to data ― from minimum 0.45 % (Yeast) to 
maximum 33.33 % (Volatile Organics).  
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