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Abstract. This paper presents a new scheme to initialize and re-estimate Em-
bedded Hidden Markov Models(E-HMM) parameters for face recognition. 
Firstly, the current samples were assumed to be a subset of the whole training 
samples, after the training process, the E-HMM parameters and the necessary 
temporary parameters in the parameter re-estimating process were saved for the 
possible retraining use. When new training samples were added to the training 
samples, the saved E-HMM parameters were chosen as the initial model pa-
rameter. Then the E-HMM was retrained based on the new samples and the new 
temporary parameters were obtained. Finally, these temporary parameters were 
combined with saved temporary parameters to form the final E-HMM parame-
ters for representing one person face. Experiments on ORL databases show the 
improved method is effective. 

1   Introduction 

Face recognition has been an active research topic recently and remains largely un-
solved [1, 2]. Based on the recognition principle, diverse existing face recognition ap-
proaches can be briefly classified as three catalogues: geometric feature-based, prin-
ciple component analysis (PCA)-like based and model based. Due to the ability to 
“learn” model parameters, several face recognition systems were based on E-HMM 
and this method appears having more promising potential [3-6].The key problem us-
ing E-HMM for face recognition is how to train the model parameters for discovering 
intrinsic relations between face images and human face, and further building appro-
priate models based on these relations. However, the problem of choosing the initial 
model parameters for the training process and the problem of retraining model pa-
rameters were still left as open problems. In earlier work, Davis and Lovell had stud-
ied the problem of learning from multiple observation sequences [7] and the problem 
of ensemble learning [8] with multiple observation sequences being provided at one 
time. But how to deal with multiple observation sequences being provided at different 
time has not been addressed. While the retraining problem of E-HMM for face recog-
nition is just like this problem. Under new environment, in order to improve the rec-
ognition accuracy, news training samples sets are added to the training samples sets. 
So it is needed to re-estimate the model parameters based on the newly formed sam-
ple sets. In this paper, a segmental scheme is presented to solve this problem. 
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2   E-HMM for face 

A human face can be sequentially divided from top to bottom as forehead, eyes, nose, 
mouth and chin. Hence a human face can be viewed as a region chain. In such a way a 
human face can be defined as 1-D HMM. In essence, a human face image is a two 
dimensional object which should process as a 2-D HMM. To simplify the model 
processing, a specified pseudo 2-D HMM scheme is proposed. This model extends all 
top-down sub-regions in 1-D HMM as sub-sequences from left-hand side to right-
hand side separately and uses extended sub-1-D HMM defining these sub-sequences 
hierarchically. This pseudo face 2-D HMM is also called E-HMM[3]. The face 2-D 
HMM scheme shown as fig. 1, composed of five super states (forehead, eyes, nose, 
mouth and chin) vertically, and the super states are extended as {3, 6, 6, 6, 3} sub 
states (embedded states) horizontally.  

 

Fig. 1. E-HMM for face 

An E-HMM structure can be defined by the following elements: 

Super states parameters: 
· N  : the number of super states. 
· Π : the initial super state probability distribution. 
· A  : the super state transition matrix. },,1,{ NjiaA ij ≤≤= . 
· Λ  : embedded 1D-HMMs，named super state. }1,{ Nii ≤≤Λ=Λ . 

Sub-states parameters: 
· iN : the number of sub states embedded in super state iΛ . }1,{ ii

k
i NksS ≤≤= . 

· iΠ : the initial sub state probability distribution embedded in super state iΛ ,  
}1,{ ii

k
i Nk ≤≤Π=Π . 

. iA : sub-states transition matrix in super state iΛ . },1,{ ii
kl

i NlkaA ≤≤= .   
. iB : the sub states output probability function in super state iΛ , )}({ xy

i
k

i obB = ,where 

xyo  represent the observation vector at row x and column y ),,1,,,1( YyXx LL == ， the 
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sub-states output probability function that is typically used is a finite mixture of Gaus-
sian probability density function(P.D.F. ) 
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Where ),,( i
kf

i
kfxy UoN µ represents thf Gaussian P.D.F. with the mean vector i

kfµ  and 
the covariance matrix i

kfU , i
kfC  is the mixture coefficient for the thf mixture of the 

output probability function of sub state k  in super state iΛ . 
So an E-HMM can be defined as ),,,( ΛΠ= ANλ , where N is the number of the su-

per states. },,{ 1 NΛΛ=Λ L , },,,{ iiiii BAN Π=Λ , iΛ  represents the super state i , iN is 
the number of embedded sub states in super state iΛ . 

3   Training of the E-HMM  

Given a set face images taken from the same person, model training is estimating the 
corresponding model parameters and saving them in a face database. The strategy for 
generating observation vector sequence and the training method are similar to the 
methods as described in article [3]. 
    For describing the algorithm simply, it is useful to define the following variables: 

· )(istateStartSuper : represents the expected number of super state iΛ at column 1=y  
given R observation sequences; 

· ),( kiStartState : represents the expected number of sub state i
ks at row 1=x  in super 

state iΛ  given R observation sequences; 
· ),( jiitionSuperTrans : represents the expected transition number from super state iΛ to 

super state jΛ ; 
· ),,( lkiitionStateTrans : represents the expected transition number from sub state i

ks  to 

sub state i
ls  in super state iΛ ; 

· )(iformSuperTrans : represents the expected transition number from super state iΛ ; 

· ),( kiformStateTrans : represents the expected transition number from sub state i
ks  in 

super state iΛ ; 

· ),,( fkiComponent : represents the expected number of thf mixture element of the out-

put probability function of the sub state i
ks .                           

Based on the above variables, part parameters of the EHMM can be further re-
estimated using the following formulas:  
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4   Improved Parameters Estimating Scheme for E-HMM  

In this paper, current training sample sets is referred as 1R ,and the model parameters 
can be iteratively estimated based on 1R using formulas (2)-(6).During the estimating 
procedure, the variables defined above are labeled as L),(1 istateStartSuper R .When the 
training procedure is finished, the model parameters 1λ  are saved, at the same time, 
the temporary variables ),,(,),( 11 fkiComponentistateStartSuper RR L are also saved. 
Once new sample sets 2R  is obtained, the whole sample sets include 1R and 2R .The 
segmental retraining scheme is that only the temporary variables )(2 istateStartSuper R  
based on 2R are needed to be re-estimated, then the last model parameter will be 
formed by combining ),(2 istateStartSuper R ),,(, 2 fkiComponentRL with recoded 

),(1 istateStartSuper R  t ),,(, 1 fkiComponentRL .  
Another problem is how to choose a set of initial model parameters. The initial 

model parameters have great effect on the training procedure of the model. For exam-
ple, choosing different initial model parameters will affect the convergence of the it-
erative training algorithm and the face recognition right rate. But there is no method 
to choose ideal initial model parameters now .One scheme to solve this problem is 
that we can divide the training sample sets into two parts 1R and 2R , the initial model 
parameters ),,( 1111 ΛΠ= Aλ are estimated based on sample sets 1R ,then we can esti-
mate parameters  ),,( 2222 ΛΠ= Aλ  referring ),,( 1111 ΛΠ= Aλ  as initial model parame-
ters. In the end, it is easy to combine ),,( 1111 ΛΠ= Aλ  with ),,( 2222 ΛΠ= Aλ to form 
the final model parameters ),,( ΛΠ= Aλ .The initial model parameter comes from part 
training sample sets, so that it is better than other methods such as random initializing 
or choosing experiential values. 

The formulas of the improved parameter estimating scheme for E-HMM are de-
scribed as below: 
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5   Face Recognition Experiments and Results  

The goal of the experiment on face recognition is just to evaluate the proposed seg-
mental parameter re-estimating scheme, so a small database ORL face database [10] 
is chosen as the test datasets. ORL database contains 400 images of 40 individuals, 
with 10 images per individual at the resolution of 92×112 pixels. The images of the 
same person are taken at different times, under slightly varying lighting conditions, 
and with different facial expressions. Some people are captured with or without 
glasses. The head of the people in the images are slightly titled or rotated. Images of 
one person from ORL database show as Fig.2. 

Firstly, the first six face images of one person are used to train the E-HMM, and the 
remaining four images are used to test the system. In order to evaluate the improved 
parameter estimating scheme, we divide the first six training images into two equal 
parts 1R and 2R . At first step, 1R  is used to train the model to get the initial model pa-
rameters ),,( 1111 ΛΠ= Aλ , then 2R  is used to train the model parameters  

),,( 2222 ΛΠ= Aλ . At last, the final model parameters ),,( ΛΠ= Aλ  are obtained 
quickly based on the improved parameter estimating scheme presented in this paper. 

 

Fig. 2. Images of one person from ORL database 

Given a test face image, recognition is to find the best matching E-HMM model 
within a given face model database and predicting the matching probability. Usually 
the model corresponding to the maximum likelihood is assumed to be the right choice 
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revealing the identity among the given face model database. Let there are P  indi-
viduals in the database, given a face image t , the matching maximum likelihood 
probability rule is prescribed as: 

)|(()|( p
t

k
t OPMaxOP λλ =   （ Ppk ≤≤ ,1 ）  (12) 

So the recognition result is that the face image t  is corresponding to thk person in 
the database. 

Table1.simply compares the recognition results of HMM trained using different pa-
rameter estimating method. The improved scheme achieves 99.5% correct recogni- 
tion rate on ORL face database. 

Table 1. Recognition results of different methods 

Methods Right recognition rate (%) 
Pseudo-HMM[11] 90-95 
E-HMM[3] 98.5 
Segmental scheme 99.5 

6   Conclusions  

This paper describes an improved segmental scheme to initialize and re-estimate E-
HMM parameter. The advantage of the improved parameter estimating scheme is that 
the E-HMM parameters re-estimating process has good ability of adaptation: when 
new sample set was added to the training sample, the information of the new sample 
set could be conveniently combined into the E-HMM, and the calculation complex 
was reduced. Besides, the improved parameter estimating scheme provides an answer 
for the problem of choice initial E-HMM parameters. 

Future work will focus on sequential learning algorithm for E-HMM with applica-
tion to face recognition. 
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