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Abstract - In this paper we describe the improvements 
provided to a pattern recognition task by the use of the 
evidence theory when combining different classifier 
results. The application of this method concerns the 
identification of buried metal tags detected by an eddy 
current sensor. These tags are characteristic of the 
different contents (gas, water, …) of the buried pipes. We 
have developed classical, fuzzy and neural classifiers, 
each one giving a confidence level relatively to its 
decision. We show in this paper that an appropriate mass 
distribution coupled with a classical combination rule, 
without any a priori knowledge, provide a more 
important increasing of the performances than that 
obtained by the application of a simple weighted voting 
method. 
 
Keywords: pattern recognition, fusion, evidence theory, 
classifier combination, , eddy current sensor. 
 
 
1 Introduction 
 
As the pattern recognition tasks are becoming very 
complex, multiple classifiers are used to respond to this 
problem. Therefore the main difficulty is to combine the 
different classifier results to get the best final decision. 
Many approaches have been developed to get a good 
level of performances [1] [2] [3]. One of the most used is 
the voting methods [4] [5]. 
In this paper we present a simple combination approach 
based on the Dempster-Shafer theory. Some studies have 
been done on the use of this theory to combine classifier 
results [3] [6]. However they need an important a priori 
knowledge (confusion matrices, etc…) to realise an 
efficient mass distribution and like that obtaining a good 
reliability. As our kind of application does not allow to 
get this a priori knowledge, we have developed a mass 
distribution building using the confidence levels 
computed for each classifier result. 

The project describes here is to design a smart eddy 
current sensor which can identify the different kind of 
buried pipes without drillings. These pipes have to be 
recognised according to their contents. A content is 
characterized by a buried metal tag located upper the 
pipe. In our recognizing process the main priority is to 
reduce the risk of misclassification, it is why we try to 
increase the reliability of the final decision by the use of 
the evidence theory. 
In section 2 we briefly remind the general principles of 
the Dempster-Shafer theory. 
The sensor we have built and the different classifiers used 
are described in section 3. 
Our own application of the evidence theory is presented 
in section 4. 
In section 5 we show the Dempster-Shafer combination 
results and they are compared to those obtained with a 
weighted voting method. 
Some conclusions and prospects are given in section 6. 
 
 
2 Principles of the evidence theory 
 
This theory has been introduced by Dempster [7] [8] in the 
end of the sixties and has been mathematically formalised 
by Shafer [9] in 1976. 
This theory is the generalisation of the Bayes theory in the 
treatment of the notion of uncertain. It allows to take into 
account the uncertainty of a partial knowledge while using 
that is perfectly known. 
These advantages explain its numerous applications in 
data fusion [10] [11]. 
Generally, this theory is used in a multisensor context to 
fusion heterogeneous information in order to obtain the 
best decision. 
The basic entity in the Dempster-Shafer theory is a set of 
all possible answers (hypothesis) to a specific question, 
which is called the frame of discernment. It is denoted θθθθ. 
All these hypothesis must be exclusive and exhaustive. 



Each subset of the frame of discernment can be an 
available answer to the question. 
The degree of belief of each hypothesis is represented by a 
function that maps all of the elements of 2θθθθ onto a real 
number in [0, 1]. 
A mass function m(.) is also defined. It satisfies the 
following rules : 
 

 0)(m ====φφφφ ∑∑∑∑
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====
θθθθA
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A mass function is defined for all the different evidences. 
Each evidence A, for which 0)A(m ≠≠≠≠ , is called a focal 
element. The set of all these focal elements defines the 
kernel NΘΘΘΘ. 
Associated with each basic assignment m there is a pair of 
measures, the belief (Bel) and the plausibility (Pl). They 
are defined by : 
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The belief and plausibility are interrelated by the 
relationship : 
 

 )A(Bel1)A(Pl −−−−====  (4) 
 

where A  denotes the complement of A. 
To obtain a better information from two different single 
sources S1 and S2, a combination of their mass functions is 
performed according to the Dempster combination rule : 
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If there is some conjunctions that are empty of focal 
elements, a step of re-normalisation is necessary to fulfil 
the rule 0)(m ====φφφφ . The coefficient of re-normalisation is 
called kθθθθ and is defined as : 
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It represents the incoherence between the different 
sources. 
If we set : 
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we obtain the following normalised expression of the 
combination : 
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This combination rule is independent to the order in which 
evidences are combined when more than two evidences 
are involved. 
After the combination step, several decision rules can be 
used to obtain the final result. 
It is then possible to adjust the wanted behaviour for the 
decision step.  

If we want to have an optimistic decision, the maximum of 
plausibility must be used.  
For a neutral behaviour, there is the maximum of pignistic 
probability.  
And for a pessimistic decision we can use the maximum of 
belief. 
A lot of much more complex developments exist in the 
evidence theory, especially for the non-exhaustive frame 
of discernment cases. But as we don't use them in the 
classifier combination we have developed, we don't 
present them in this paper. More information about them 
can be found in [12] [13]. 
 
 
3 Tag identification 
 
The general aim of this project is to locate and identify 
buried metal tags, which characterise different objects. 
Our goal is to allow the detection and the recognition of 
the pipes buried in the ground. 
They are presently recognised by placing coloured plastic 
devices twenty centimetres above them. Workers finding 
such a device know the position and the nature of the pipe 
below. 
The main interest of our system is to detect and identify 
the pipes without drilling. 
The constraints defined by the manufacturer are to build a 
low cost and easy to use system. Moreover it has to be 
reliable, portable and autonomous. 
The complete operational system is made from an eddy 
current sensor allied with an important intelligent signal 
processing part. 
 
3.1 Hardware description 
 
To obtain the best performance with a minimal cost we 
have developed our sensor from the induction balance 
principle. 
In the configuration we are speaking here [14], only two 
flat coils carved on an epoxy support are working, an 
emitting one which generates an electromagnetic field and 
a receiving one which measures any modifications of this 
field due to the presence of a metallic target in its 
proximity. 
To transform these modifications of the electromagnetic 
field measured by the receiving coil into a signal 
characterising the code, a digital synchronous filter is 
applied between the image of the signal generated and the 
received one. 
According to the configuration codes used, the 
measurement of the movement during the acquisition is 
very important. That is why we have to control the 
sampling of the output signal by an incremental encoder, 
the shaft of which is fixed to that of a steer wheel. By this 
way we obtain a good knowledge of the relative locator 
head displacement. 
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Figure 1. Synoptic of the sensor 

 
Figure 1 shows the general representation of the sensor we 
have developed. 
The principle used to define the tags is very simple. The 
elementary pattern is constituted by two very thin metallic 
surfaces separated by empty spaces. 
The size of the first metallic part is fixed, the variable size 
of the second metallic part and of the empty spaces permit 
us to obtain several different tags. This explains why we 
must have a precise measurement of the locator head while 
moving in order to be able to recognise these tags.  
The choice of having a metallic part with a fixed size has 
been done in the aim to obtain a burying depth estimation.  
As it is impossible to know in which direction the 
acquisition will be done, the tags have been chosen 
symmetrical. At this time, the number of tags we use is 
equal to 9, which is a good compromise between the 
manufacturer requests and the possibility to well identify 
them. 
Figure 2 represents the nine different tags. 
 

Representation of the 9 tags for a distance 
sensor/target of 60 cm
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Figure 2 : Sensor response for the nine different tags 

 
As the risk of misclassification in this particular 
application can have disastrous consequences and as the 
responses of the sensor for these tags are quiet similar, 
several pattern recognition methods had to be developed 
to increase the identification reliability. 
 
 

3.2 Pattern recognition 
 
To identify a signal acquisition, we use four intelligent 
pattern recognition methods and two more conventional 
ones. 
The two first intelligent ones are based on the fuzzy logic 
theory. 
For many years the fuzzy logic is used to solve 
classification and pattern recognition problems [15]. 
First we used the Fuzzy Pattern Matching (FPM) to 
classify our data. This method is well-known [16] and 
gives good results in most cases. But its discrimination 
power is not sufficient enough for two of our classes when 
the signal to be identified is very perturbed [17]. 
We have also developed a method [17] using the 
distributed rules (DR) of Ishibuchi [18]. It consists in 
dividing the representation space in many fuzzy subsets. 
The building of fuzzy classification rules is done in two 
phases. First a partition of the learning space is made and 
then the identification of each subspace fuzzy rule is 
achieved. This method also gives a high level of good 
classification but contrary to the FPM one, it permits with 
an adapted learning to maintain a good result, even in the 
case of perturbed signals. 
The two other last intelligent methods are based on the 
neural network theory. 
The neural networks are very powerful tools of analysis 
and they are used in many fields. In pattern recognition 
[19] their performances are better than classical methods. 
We use here a Self-Organised Map (SOM) of Kohonen 
[20] based on the competitive learning which is very 
simple to implement. The network training has been done 
from a set of 500 acquisitions. The self organised map of 
Kohonen we used is a 80 neuron one. The level of good 
classification is a bit lower than that of the other methods, 
this is due to the too high proximity of two classes that the 
neural network cannot separate well [21]. 
We also use a Radial Basis Function neural network which 
is well adapted as a classifier [22]. We have constructed a 
RBF classifier with an original and simple algorithm [23]. 
It has the major advantage to require nothing else than the 
training set to work (no learning step, no threshold nor 
other parameters like in other methods are required). 
Despite its simplicity, we notice that this algorithm 
provides a robust and very efficient classifier. These RBF 
classifiers, composed of about 20 neurons, give the best 
results among all the methods we used. 
Another way of identification has been developed with the 
use of two conventional pattern recognition methods.  
One is a basic Euclidean distance (ED) computed on the 
pertinent parameters and the second one is completely 
different in its working.  
In fact, this method called "Sliding Window" (SW) 
classifier is based on the direct comparison between the 
acquired signal and that of nine long reference codes 
obtained in the laboratory. This comparison is made by 
sliding the acquired signal on that of the nine codes and by 
computing at each step, according to a distance criteria, 
the similarity between them. 
 



Methods Good 
classification 

Confidence 
level 

Error 
level 

ED 82,87 64,24 17.13 

FPM 82,73 56,59 13.65 

DR 83,19 57,92 14.39 

SW 66,20 37,95 33.80 

SOM 68,99 69,57 9.38 

RBF 85,33 95,97 14.67 

Table 1 : Recognition performance 
 
A comparison of all the results given by these different 
classifiers is performed to study their performance. 
In table 1, we present in percentage the level of good 
classification, the confidence coefficient corresponding to 
each method and the level of error. We can notice that a 
very good general level of performance is obtained. 
The best classifier is the RBF one but those based on the 
fuzzy logic give also good results. However the reliability 
of all these results are not very good. So we cannot assure 
that there will not be any misclassification cases. 
 
 
4 Dempster-Shafer combination 
 
The principle of our own application of the Dempster-
Shafer theory to the classifier combination, is to use the 
notion of uncertain given by the different classifiers to 
fusion their results in order to obtain the right decision. 
We introduce this notion of uncertain by using a 
confidence coefficient (confidence level in table 1), 
relatively to each classifier result. 
 
4.1 Frame of discernment 
 
In our case, each source (classifier) gives its own result 
without knowledge about the results given by the other 
ones, which ensures the notion of independence.  
We have nine codes (tags) to identify, so the frame of 
discernment is : 
 

 θθθθ  { Code1, Code2, ..., Code9 } (9) 
 

The kernel Nθθθθ  is constituted by the elements that have a 
non-zero mass function. 
Here, there are only the nine singletons and the certain 
proposition θθθθ : 
 

 N = { Code1, Code2, ..., Code9, θθθθ } (10) 
 

If the kernel does not include this element θθθθ, the notion of 
elementary mass would be identical to the notion of 
probability. 
This is that particular element which allows the notion of 
uncertain to be included in the results given by the 
classifiers. 
 
 
 
 

4.2 Mass distribution 
 
In fact, each classifier gives a membership value for the 
nine codes and a confidence coefficient ββββ relative to these 
values. 
Figure 3 represents the information given by a classifier. 
 

Classifier  Cl N 

Signal Information 

Values X i   relative to each tags to be identified 

Confidence 
level 

ß N 
 

Figure 3 : Information provided by each classifier 
 

To define the mass distribution, we normalise these 
different values and weight them by ββββ. The obtained 
results define the probability mass of the singletons.  
The probability mass of the element θθθθ is equal to 1-ββββ, 
which well represents the ignorance of the classifiers. 
The whole principle of the mass distribution building is 
depicted in figure 4. 
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Figure 4 : Scheme of the mass distribution 

 
So we have the following mass functions : 
 

 9 1,...,i  Z.)C(m iNi
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4.3 Combination rule 
 
As we know exactly the mass functions of each source, we 
can combine them according to the Dempster combination 
rule, i.e. 
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In our case, we obtain the following combination : 
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By definition, the mass associated to that of the impossible 
proposition must be equal to zero and the sum of all the 
masses must be equal to 1. To respect these two 
conditions, we have to re-normalise the total mass not 
assigned to the empty set. 
The coefficient kθθθθ, which represents this total mass, 
expresses the incoherence of the combination. It represents 
the conflict that exists between the different sources. 
During all the experiments we made, the value of the 
coefficient kθθθθ was always inferior to 0.47, that shows the 
good coherence of the sources. 
This combination step permits to obtain a resultant 
information more reliable. 
As the result of the combination gives a new mass 
function, we need to proceed at the decision step to design 
the most likelihood hypothesis. 
 
4.4 Decision rule 
 
Here we use the maximum belief rule, which is a 
pessimistic criterion. It allows the probability of 
misclassification to decrease. 
 

 [[[[ ]]]] 1,...,9i  )C(BelMaxC iii ======== ΘΘΘΘ  (19) 
 

The maximum likelihood hypothesis (the code/tag) is the 
one that has the maximum probability mass. 
Normally, in this rule, only the singletons can be the 
answer, because the hypothesis must be exclusive and 
exhaustive. But if the element θθθθ (the certain hypothesis) 
has the resultant maximum probability mass, we create an 
automatic reject class, that is : 
 

 rejection    )C(m)(m  i if i ⇒⇒⇒ ⇒>>>>∀∀∀ ∀ ΘΘΘΘΘΘΘΘ ΘΘΘΘ  (20) 
 

This rejection is done, without fixing a threshold like in 
other combination methods, in order to obtain a maximum 
reliability. 
Finally, we compute a confidence level relative to the 
result given by the Dempster-Shafer fusion. This 
confidence level is computed by quantifying the gap 
between the different resultant maximum elementary 
probability masses. 
 
 
 

5 Results 
 
To measure the improvements brought by the use of the 
evidence theory in combining the pattern recognition 
methods, we have developed another way of combination 
which is more classical. 
In this way, we use a weighted voting method in which the 
confidence level coefficients are used to weight the 
decision. We have developed this method to keep the same 
principle as in the Dempster-Shafer theory. 
We also compute the confidence coefficient relative to the 
result given by the classifier combination obtained from 
this voting method. 
Table 2 shows the results of good classification, the error 
and the relative confidence level, obtained with the two 
combination methods. All results are given in percentage. 
We can notice the improvements given by the evidence 
theory. 
 

Combination 
methods 

Good 
Classification 

Confidence 
level 

Error 
level 

Weighted 
Vote 84,27 75,79 15,73 

Dempster-
Shafer 87,47 91,47 10,21 

Table 2 : Comparison of combination methods 
 
In fact, here the greatest interest of the Dempster-Shafer 
theory is not in the increasing of the good classification 
percentage value, which is relatively small (about 3%), but 
it lies in the better reliability of the fusion result. 
We show that the confidence percentage of classification 
with the Dempster-Shafer fusion is about 15% higher than 
that obtained by applying a basic voting method. 
So when using the Dempster-Shafer theory, we 
considerably increase the reliability of the result given to 
the operator without requiring to an expert advice. 
A major problem of this theory is the algorithm 
complexity when the frame of discernment is large. The 
classifier combination we propose avoid this problem 
thanks to the mass distribution which gives evidence only 
to the singletons and to the uncertain element θθθθ. So it 
allows a real time decision in the fusion step. 
 
 
6 Conclusions 
 
We have shown that with an interpretation of the notion of 
uncertain in the evidence theory and a simple mass 
distribution it is possible to improve pattern recognition. 
A better classification and a significant increasing of the 
final result reliability have been obtained. 
The reliability is very important in a lot of application and 
especially in a project like the one we are concerned. 
Even if the obtained results are very good, they do not 
reach completely the high level of performance asked by 
the manufacturer who wants a perfect classification up to a 
burying depth of one meter. 
At this point of the work, we obtain a perfect 
classification, with a reliability of about 100%, up to a 



burying depth of 75 cm. The level of good classification is 
about 85% for a burying depth up to 90 cm. 
Beyond this depth, the noisy and perturbed response given 
by the locator is not enough sufficient to hope having a 
good classification, even with the intelligent signal 
processing used. 
However, the performances reached with our system are 
really good enough to permit this project to enter in a pre-
marketing phase. 
Of course, some improvements have to be developed to 
increase the performance up to 1 meter. The first way of 
improvement concerns the electronic part. The second one 
consists in improving the intelligent signal processing part. 
The main problem met is the negative effect of the 
external environment, like for example the presence of 
buried metallic objects. To completely remove their 
influence, we are developing a methodology based on the 
blind source separation that will permit an easier 
classification [24]. 
We are also still trying to increase the performance of the 
classifiers we have developed by implementing other 
classifiers. By this way we will have a greater number of 
sources, and so a maximum information for a better 
Dempster-Shafer theory application. 
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