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Abstract 

In this paper, we present a fuzzy logic 
integration to the Hidden Markov Models 
(HMM). We have replaced the basic 
arithmetic operators by some adequate 
k z y  operators. Using fuzzy operators 
permits us to relax the additivity constraint 
of probability measures. So we will need 
only the monotonicity with respect to set 
inclusion. Some results show the interest of 
our approach. 
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1 Introduction 

The HMMs have shown their interest in many fields 
such as: Image Analysis [9], Speech recognition [7], 
Handwritten recognition [4] or Signal processing 
[8]. The properties of HNIM are based on a strong 
mathematic frame issued from the probability theory 
that imposes the additivity constraint. In our study 
this constraint will be replaced by monotonicity that 
is much less restrictive. For that we have chosen to 
replace traditional calculations of the HMM by 
fuzzy operators. In addition to the relaxation they 
bring us other advantages such as the possibility to 
treat the imprecise fuzzy data and the attenuation of 
the rescaling problem that often occurs in 
computing HMM, so we can solve it more easily. 

After recalling the HMM basis, we show the use of 
fuzzy operators makes it possible to process fuzzy 
data and to manage uncertainty, which is inherent in 
the HMM usage. We present the fuzzification of 
two algorithms. At last we compare the obtained 
results by our algorithm with those obtained on the 
one hand by Mohamed7s method [6] and on the 
other hand with those obtained by a net approach. 

2 Hidden Markov Models 

Conventionally, we note by the triplet (A,B, n) an 
HMM X A and B are the stochastic matrices and we 

2 n i = l  
have: ' = I  .Here 0 ,  0 = (Ot) t represents an 
observation of length T. 
We distinguish three types of problems while using 
the HMM : 

Evaluation of an HMM. It is estimated by 

calculating the P(@) (Forward algorithm [7]) 

The optimal sequence research (Viterbi 
algorithm [lo]) 

Learning the best HMM associated with a given 
learning set (Baum-welch algorithm [I]). 



For example the three steps of the Forward 
algorithm can be stated by : 

1. Initialisation 

2. Induction 

a t+ l ( j  ) =Ci=1 ton (at(i ) * aij) 
*bj(Ot+J ' d t ~  1..T-1 ,'dj E l..n (1) 

3. Termination : 

P( 011 ) 6 Ci=l ton a~ ( i ) 

In fact the method that we develop here has been 
generalized also to the other algorithms of HMM in 
order to obtain the results presented in the last 
section. 

3 Fuzzy Approach 

3.1 Fuzzy Operators 

The fuzzy subset theory was presented by Zadeh 
[l  11 to treat imprecise and uncertain data. It defines 
the membership function with respect to the fuzzy 
subsets to measure the likeness between the data and 
these subsets. The fuzzy data are treated by means of 
fuzzy operators. These operators are the basis of the 
generalisation of the fuzzy logic in different domains 
such as control [5], approximate reasoning [2], data 
fusion [3]. Generally we can design a fuzzy system, 
based on a non-fuzzy one by generalising the 
calculus to the fuzzy data or also, based on a 
completely fuzzy way of reasoning. In the next 
paragraph we present the generalisation of a HMM 
to the fuzzy case. 

3.2 Application to the Forward algorithm 

A fuzzy modelling can be introduced at different 
levels, particularly at the data level, at reasoning 
mode level or directly using a fuzzy Markov model 
itself whose elements would be fuzzy. For the data 
level integration, it is possible to apply the classical 
extension principles of the net functions to fuzzy 
sets. We didn't choose this solution. It seems wiser 
to search a fuzzy version of the Hidden Markov 
Models (fHMM) and to use the fuzzy operators that 

lead to the possibility to use all kinds of data. So the 
elements of the matrices A, B, n are considered as 
the fuzzy subsets. We limit ourselves to the subsets 
with triangular belonging functions, in fact, their 
base width can be seen as an uncertainty measure. 
We have transformed the classical formulas used in 
the different algorithms, and for example the 
formula (1) becomes formula (2): 

at+]( j ) =MIN {MAX { MIN {at( i ) ,  aij > >  
, bj (O,,)) 'dt E l..T-1 , 'dj E l..n (2) 

The MIN and the MAX operators are not the usual 
ones. They do not even are extensions of the 
classical ones. They are defined on fuzzy sets as 
following. If two fuzzy subsets have any overlap we 
will use the normal operators, but for the subsets 
without overlapping parts the normal operators will 
always give the results equal to zero. To be able to 
afford this problem we will use the mean of the two 
subsets. In one hand we solve our problem and on 
the other hand we could avoid the rescaling problem 
specially for the MIN operator. 
The MIN and MAX operators are defined in such a 
way that, in each calculus step, we find a triangular 
subset to model a . It is a very important point since 
it permits us to avoid the rescaling phase. In fact the 
fuzzy information is indicated in a function the 
support of which does not become too wide. Other 
aggregation or MEAN operators have been tried in 
place of product. All figures must be centered like 
Figure 1. The number and caption of the figure must 
always appear below the figure. 

4 Results 

Experiments were performed on a face image data 
base(400 images). We have compared the results of 
HMM algorithm and fHMM algorithm with also the 
results obtained from Mohamed's [5] algorithm. Our 
image data base contains the images of 100 persons 
each one in 4 different positions. For each person a 
learning is performed by using three positions and 
we want to recognize this person in his fourth image. 
The obtained results show a good performance for 
fHMM specially for the cases in which the noise 
level of the image to be recognized is important. 
Figure 1 gives a brief comparison between three 
methods: firstly the learning using the Mohamed and 
Gader method and secondly the classical method 
using the normal HMM and thirdly our method 
using the fuzzified HMM (fHMM). 
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Figure 1 : comparative results. 

In this figure we study the recognition rate of 
different methods for the noisy signals. We observe 
that for all the methods the recognition rate 
decreases when we increase the injected noise in 
signal. But at the same time we observe a good 
behavior of our method, for the signals with a big 
noise injection degree. 
5 Conclusion and perspectives 

We have presented the integration of fuzzy logic to 
the Hidden Markov Models. This integration 
consists in replacing the basic arithmetic operations 
by the adequate fuzzy operators. Using the fuzzy 
operators permits us in one hand to manage the 
imprecision concerning the data, and in the other 
hand it relaxes the additivity constraint, necessary 
for the HMM, towards the monotonicity one, much 
less restrictive. The new algorithms could be applied 
directly on fuzzy data. The performed tests for noisy 
images recognition, showed encouraging results 
particularly for the cases with an important noise. 
After us it should be interesting to try to model the 
HMM by the hzzy rules and so we could translate 
the HMM to a more adequate fHMM. 
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