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Abstract 

In this paper, A new multimodal system for reliable person identification based on 

rank level fusion and Gaussian Mixture Model is proposed. Our system fuses the 

information of face and speech under variant conditions. In logistic regression rank level 

fusion method, its often difficult to compute the fusion weight properly, so a estimate 

method based on estimating probability density functions under Gaussian Mixture Model 

is proposed in this paper. This method can achieve a robust estimator of the optimal 

weighting parameter which can enhance the rank level fusion performance. The 

experiments on the AMI database indicate the proposed method can enhance the accuracy 

of the recognition system effectively. 

 

Keywords: MultiBiometrics, Rank Level Fusion, Gaussian Mixture Model, Face 
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1.  Introduction 

There is an increasing interest in biometric person recognition for commercial, 

surveillance, security and other applications, but recognition based on only one modality 

is unlikely to achieve acceptable performance for practical deployment [1]. A potential 

method to overcome this drawback is to combine information from more than one 

modality which called multibiometric. Several important studies have confirmed this 

potential. In this paper, we consider the particular situation of audio-visual person 

recognition where there are just two source of information: an audio signal (speech) and a 

video signal (face). 

Multibiometrics is a relatively new approach to biometric knowledge representation 

that strives to overcome the problems by consolidating the evidence presented by multiple 

biometric sources [2]. Multibiometric systems can significantly improve the recognition 

performance in addition to deterring spoof attacks, increasing the degree of freedom and 

also reducing the failure to enroll rate. Although the storage requirements, processing time, 

and computational demands of a multibiometric system can be higher than a unimodal 

biometric system, but the aforementioned advantages present a compelling case for 

deploying multibiometric systems in real world large scale recognition systems. 

The key to successful multibiometric system is an effective fusion scheme, which is 

necessary to combine the information presented by multiple domain experts [3]. The aim 

of fusion is to determine the best set of experts in a given problem domain and devise an 

appropriate function that can optimally combine the decisions rendered by the individual 

expert. Pieces of evidence in multibiometrics systems can be integrated in several levels, 

and we can subdivide them in five categories [4]: sensor level fusion, feature level fusion, 

matching level fusion, rank level fusion and decision level fusion. 

For fusion to achieve the claimed performance enhancement, fusion rules must be 

chosen based on the type of application, biometric traits and level of fusion. Among all of 

the afore-mentioned fusion approaches, fusion at the sensor, match score, feature, and 
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decision levels have been extensively studied in the literature [5]. Biometric systems that 

integrate information at an early stage of processing are believed to be more effective than 

those systems which perform integration at a later stage. Sensor-level fusion addresses the 

problem of noisy sensor data [6], but all other potential problems associated with 

unimodal biometric systems remain. Since integration at the feature level should provide 

better recognition results than other levels of integration [7]. However, integration at the 

feature level is difficult to achieve in practice due to the unknown relationship between 

the feature spaces of different biometric systems, because of dimensionality problem—the 

concatenated feature vector with a very large dimensionality, and the inaccessibility of the 

feature vectors of most commercial biometric systems. Fusion at the decision level is too 

rigid since only a limited amount of information is available at this level [8]. Therefore, 

integration at the matching score level is generally preferred due to the ease in accessing 

and combining matching scores [9]. However, computing a single matching score from 

the scores of different modalities is required for fusion at this level. Since the matching 

scores generated by different modalities are heterogeneous, a process called normalization 

is required to transform these scores into a common domain before combining them. 

Normalization is computationally expensive, and choosing inappropriate normalization 

technique can result in a very low recognition performance rate. Also, extra time is 

needed for this purpose. 

Fusion at the rank level [10], however, is a new and significantly understudied problem, 

which has a high potential for efficient consolidation of multiple unimodal biometric 

matcher outputs. In a general way, the ranks of individual matchers are combined using 

the Borda count method, and the logistic regression method. For the logistic regression 

method of rank level fusion scheme, it important to compute an optimal weight 

coefficient, although various methods are proposed to choose weighting parameters, there 

is not unanimous agreement on how to do this.  

In the work, we propose a new means to choose the weighting parameter for audio–

visual person identification which is based on estimating the probability density functions 

(pdfs) for the classifier scores. We estimating the probability density functions based on 

Gaussian Mixture Model. To the best of our knowledge, this is the first time that the 

Gaussian Mixture Model is used to estimating the optimal weight for rank level fusion 

scheme, which can produce higher and more reliable recognition results. 

The remainder of this paper is organized as follows: The rank level fusion method is 

discussed in Section 2. The proposed weight estimated method which based on Gaussian 

Mixture Model is described in Section 3. In Section 4, the construction of the speaker and 

face classifiers is briefly discussed. Hence, the experiments result is presented in Section5. 

Section 6 conclude our work and outlines our future work to generalize the method to 

audio-visual person recognition.  
 

2. Rank Level Fusion 

Rank Level fusion is a relatively new fusion approach and is not a well studied 

research problems, it is used in recognition system and is applicable when the individual 

matcher's output a ranking of the "candidate" in the template database. The goal of rank 

level fusion method is to consolidate the rank output by individual biometric matchers in 

order to derive a consensus rank for each identity. Three method described by Ross et al 

[11] for making the final decision in a general multiple classifier system, can be used for 

rank level fusion in multimodal biometric systems. These three methods are highest rank, 

Borda count and logistic regression methods. All of these methods are briefly discussed in 

the next subsections. 
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2.1 Highest Rank Method 

The highest rank method is good for combining a small number of specialized 

matchers and hence can be effectively used for a multimodal biometric system where the 

individual matchers are the best [12]. In this method, the consensus ranking is obtained by 

sorting the identities according to their highest rank. 

Suppose that we have m classifiers which assign ranks to all classes, and then the 

consensus rank of a particular class R is obtained by: 

i

m

i
RR

1
min


                (1) 

The final identity recognition ranking is then obtained by sorting the consensus ranking 

of each class in the ascending order. The advantage of this method is the ability to utilize 

the strength of each matcher. Even if there is only one matcher assigns the highest ranks 

to the correct users. The disadvantage of this method is that the final ranking may have 

many ties, the number if classes sharing the same ranks depending on the number of 

classifiers used. So the highest rank method can not be a good choice for a security 

critical multimodal biometric recognition system. 

 

2.2 Borda Count Method 

The Borda Count method is the most widely used rank aggregation method and uses 

the sum of the ranks assigned by individual matchers to calculate the final rank [13]. 

Suppose we have m classifiers, then the consensus rank of a particular class is obtained 

by: 





m

i

iRR
1

             (2) 

The final identity recognition ranking is then obtained by sorting the consensus ranking 

of each class in the ascending order. This method assumes that the ranks assigned to the 

users by the individual matchers are statistically and the performances of all matchers are 

equal. The advantages of this method is that it is easy to implement and require no 

training stage, so the Borda Count method is feasible to incorporate in multimodal 

biometric systems. Because of it does not take into account the differences in the 

individual matcher's capabilities and assumes that all the matchers perform equally, which 

in usually no the case in most real biometric systems. 

 

2.3 Logistic Regression Method 

The logistic regression method [14], which is a variation of the Borda Count method, 

calculate the weighted sum of the individual ranks. In this method, the final consensus 

rank is obtained by sorting the identities according to the summation of their rankings 

obtained from individual matchers multiplied by the assigned weight. 

Suppose we have m classifier which assign ranks to all classes, then the consensus 

ranks of a particular class is obtained by: 





m

i

iiRωR
1

           (3) 

Where iω is the weight assigned to the i -th classifier. The final identity recognition 

ranking is then obtained by sorting the consensus ranking of each class in the ascending 

order.  

Figure 1 show an example of the Borda Count method and the logistic regression 
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method of rank level fusion. The less value of the rank, the more accurate the result. 

Here, the ranks for "Person 1" are 3, 2 from the face and speech matchers 

respectively. Thus, for the Borda Count method, these ranks are added so we get 5 here, 

which is the second rank, while "Person 2 "get 2 here. For the logistic regression method, 

we have assigned 0.4 and 0.6 as the weights for face and speech respectively. The more 

the weight, the less the performance that means the speech matcher gives us less accurate 

than face matcher. These weights are chosen by reviewing the previous results obtained 

by different researchers and also by consequently executing the system. The identities 

which appear in the result of only one matcher have been discard or not be considered for 

the final rank in this system , the "Person 4" and "Person 5" appears only once in the 

matcher result, so it is not be considered in the final result. 

 

 

Figure 1. Example of Rank Level Fusion 

The weight to be assigned to the different matchers is determined by a "logit" 

function using logistic regression, this method is very useful when the different matchers 

have significant difference in their accuracies but requires a training stage to determine 

the weights which can be computationally expensive. Inappropriate weight function can 

eventually reduce the recognition performance of this multimodal biometric system using 

logistic regression method compared to unimodal system. So, a new and novel weight 

estimate method based on Gaussian Mixture Model is given in next section. 
 

3. The Proposed Weight Estimate Method 
 

3.1 Theoretical Preparation   

Some well known simple fixed rules for combining the matcher scores such as product 

rule, sum rule, maximum rule etc are described by Kittler[15]. These fixed rules can be 

sub-optimal and there exist rules which need a training set to adjust the parameters in 

order to get a better performance. 

In this work, we present a method for estimating the optimal weight for combing two 

matchers under Gaussian assumptions. 

Suppose )(1 Xf  represent the scores obtained from the video classifier (face 

recognition), and )(2 Xf  represent the scores obtained from the audio classifier (speech 
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recognition). X  represent the input of both video and audio signals. Suppose the 

training data have k  classes, that )(1 Xf k
 represent the score belong to the kth  class. 

For a given weight , the fusion score is obtained as follows [16]: 

)()1()(),( 21 XfαXfααXf kkk
fusion     (4) 

The notation ),( αXf k
fuison  indicate that the fusion score depend not only on the input 

date but also on the weighting coefficient, in what follows, we simplify the notation for 

functions by dropping argument X  and α , except when it is necessary to distinguish 

among different values of these arguments. 

The first step of the estimate method proposed in this paper is normalize the genuine 

scores, here, we use the reduction of high scores effect normalization (RHE) method 

proposed by[17], the formula is taken as follows: 

)min()()(

)min('

XXstdXmean

Xx
x




   (5)  

Where X  denote the all raw scores, )(Xmean  denote the arithmetic mean of 

X  and )(Xstd  denote the standard deviation of X .  

After normalization step, the next step is to estimate the probability distribution of 

the fusion scores, we assume that the values of the score functions are independent, so:  
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The last step is calculated )(αCi as equation 7: 
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3.2 Probability Density Estimate 

To calculate the probability )|0( i

K

fusion wXfP  , we first have to estimate the probability 

distribution )|0( i

K

fusion wXfP   from the training data in the form of Gaussian Mixture 

Model. Suppose there have M training data available for deciding the optimal weight, 

and there 1M  training date belong to class 1W ,  kM  training date belong to class kW , 

which MMMMM k  ...321  . We denote the iM  training date belong to class 

iW as },...,{ 21 iMXXX , the Gaussian mixture is obtained by: 
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ji
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  (8) 

The component means ),( αXfμ j
k
fusionkj  . From this, it shown that the means of the 

mixture component are the score of the training date. When α  is large, the variance of 

each mixture component is large. In the extreme case when α  is zero, the probability 

density shrinks to a series of impulse functions. 

Using the estimated probability density function, the probability 

that )|0( i

K

fusion wXfP   is computed as follows: 
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Where )(Φ x  is the integral of the Gaussian distribution: 

dx
x

π
x

x
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         (10) 

Form equation (7), the )(αCi  finally obtained as follows: 
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The overall correct recognition rate, denoted as )(αC , is given as 

M

M
αCαC i

K

i

i




1

)()(              (12) 

Thus, the problem of choosing optimal weight for combining two classifier were 

transformed to maximizing the )(αC . Once the weighting coefficient is confirmed, we 

assume it does not change when it is applied to the test data. In this paper, we still assume 

that the probability distribution of the training data and test data is the same, because our 

purpose is on accurate estimation of the parameter.  

Figure 2 shows the correct recognition rate )(αCe  as α  increases from 0 to 1 with 

step of 0.01. The combined classifier achieves the highest recognition rate when α  is 

0.24, so we using this weight in this paper. 

 

Figure 2. The Correct Recognition Rate Estimation with α  Varying from 0 

to 1 
 

4. Multimodal Biometric Recognition System 

This section deals with the procedures of the proposed mulitmodal biometric system 

through the rank level fusion. Face recognition based on kernel discriminant locality 

preserving projections (KDLPP) algorithm is given in Section 4.1, and speech recognition 
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based on adaptive Gaussian Mixture Model and static and dynamic feature fusion is 

proposed in section 4.2.   

 

4.1 Face Recognition 

In this sections, we using KDLPP algorithm for face recognition which the author 

studied before [18].The KDLPP algorithm involve two major steps. The first step in to 

obtain the Gram matrix K  and then to reduce the dimensionality of the original data 

features by applies the DLPP/QR algorithm. 

The key idea of kernel Discriminate Local Preserve Projection Algorithm is to solve 

the problem of DLPP in an implicit feature space F , which is constructed by the kernel 

trick. Consider there is a feature mapping   which maps the input data into a higher 

dimensional inner product space F [19]. So DLPP can be performed in F  and it is 

equivalent to maximizing the following criterion: 

GSG
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GJ
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)(             (13) 
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              (14)   
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              (15) 

Referring to (13), any column of the solution G  must lie in the span of all the 

samples in F , so there exit coefficients ij  such that [20]: 
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Where g represents any one column of the projection matrix G . In other words, we 

can project each vector onto an axis of F  as follows: 
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So the objective of KDLPP can be written as follows: 
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Therefore, similar to DLPP algorithm, the optimal solution of equation (29) can be 

computed by finding the leading r  eigenvalues rii ,...,2,1}{   of 
 L

b
L
w KK 1)( 

 

corresponding to the nonzero eigenvalues. Once ],...,,[ 11 rA   is obtained, for a 

given pattern x , we can map it to a r -dimensional space spanned by the column of A . 

This projection is given by xAy T . 

The solution of A  is complexly and always suffer from the small sample size 

problem, so we using QR decomposition matrix analysis to handle this issue[21,22]. The 

first step is to decompose 
L

bK  as follows: 
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The final step is to compute an optimal G  by solving the largest r eigenvalues 

problem on
~

1
~

)( bw KK 
. Table Error! Reference source not found. resume the step of 

KDLPP algorithm. 

 Table 1. Procedure of KDKPP Algorithm 

urpose: compute projection matrix A  

Steps: 

1. compute )(XK  and  )(FK  from (25)and 

(26). 

2.Compute 
L

wK  and 
L

bK  from (23) and (24). 

3.Construct  
L

bH  from equation (30). 

4.Perform QR decomposition on
L

bH , 

QRH L
b 


. 

5.Compute QKQK L
b

t
b




~

, QKQK L
w

t
w




~

. 

6.Compute the r  eigenvalues ig  of
~

1
~

)( bw KK 
, 

corresponding the r  largest eigenvalues. 

7.The projection matrix is 

QGA  with ],...,[ 2,1 rgggG  . 

  

The main procedure of our method is depicted in Figure 3. 
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Figure 3.Block Diagram of Recognition Process 

4.2 Speech Recognition            

In this section, we recognize the speech signal using adaptive Gaussian Mixture Modal 

and statistic and dynamic feature fusion. The feature used in this paper is Gamma tone 

Filter Cepstral Coefficients (GFCC) and Gamma tone Filter Shifted Delta Cepstral 

Coefficients (GFSDCC) based on Gamma tone Filter.  

Gaussian Mixture Model is the common and popular used recognition algorithm for 

speech recognition [23], a Gaussian mixture is modeled by M Gaussians (GMMS) as 
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Here , tx  represent the speech feature vectors, i  is the weight of Gaussian m , 

and )( ti xb  is the component mixture of the i th mixture and is parameterized by mean 

vector i  and the diagonal covariance matrix i  [24], 

 

 
 

                                 (33)  

 

The mixtures satisfy the constraint criteria that 1

1




M

i

i , 
the complete Gaussian 

mixture density is parameterized by the mean vectors, diagonal covariance matrix and 

weight which can represent as the 3-tuple: 

},,2,1),,,{( Miiii          (34) 

The performance of Gaussian Mixture Model (GMM) declines rapidly when the length 

of the training data is reduced under different unexpected noise environment, so the 

adaptive process for each GMM model with sufficient training data is transformed to the 

shift factor based on Factor Analysis[25], when the training data is insufficient, the 

coordinate of the shift factor is learned from the GMM mixtures of insensitive to the 

training data and then it is adapted to compensate other GMM mixtures. In this paper, we 

sorting the Gaussian mixture model component according to the value of weight i , the 

components which ranking at first third are constitute  the collection H , ranking at last 

third are constitute the collection L , ranking at the middle are constitute  the collection 

M . 

It well known that the GMM-UBM modal is the most commonly used GMM model. 

Suppose the mean super vector of UBM model which sorting the weight based on 

descending order is ubmμ  , the mean super vector Sorting consistent for the speaker 

s together with the Gaussian components belong to UBM model is  sμ . So the 

difference between the two usμ _  is represent the speaker's mean super vector moving in 

the high dimension space under its adaptive process, then we divide the usμ _  into 

collection },{ ,__,__,__ LusMusHus μμμ  according to the weight value ranking of Gaussian 

component. From the above suppose, we can find the confidence of Husμ __  is good 

because of the length of training samples are influence the high weight collection H  

lesser. While the confidence of Lus __  is bad because of the length of training samples 

are influence the low weight collection L  larger, sometimes will occur distortion 

phenomenon. So we analyze usμ _  and decompose it into equation (35) based on factor 

analyze technique [26]: 

)()(_ sDzsVyusus        (35)  

That the k  dimension of us _  can represented as:   

k

h
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ikikus syv  
1

__ )(            (36) 
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Combining with equation (35), we can obtain the next equation:  

)()(
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_ sDzsy
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         (37) 
 

From the equation (36), the matrix V  is divide into three parts: },,{ LMH VVV , 

while the value of )(sDz  is little and its can negligible in this paper, and Mus __  also 

can negligible because its null vector. So the equation (37) can represent as:   

)(__ syVHHus 
                (38) 

)(__ syVLLus 
                 (39) 

As discussed above, Husμ __  
influenced by the length of the training samples lesser, 

so we can estimate moving factor )(sy  through Hus __ and HV  by equation (38), then 

the Lus __  is computed by LV  and the estimated  )(sy  using equation (39). 

 

4.3 Rank Level Fusion  

After getting the recognition result with ranks by unimodal face recognition system and 

speech recognition system, the ranked output then we fusion it at rank level by using 

Borda Count method and logistic regression method, and the weight using in the logistic 

regression method it’s computed by Gaussian Mixture Modal estimate which proposed in 

this paper.  

As mentioned above, we choose 0.24, 0.76 as the weights for the face and speech 

matchers respectively. The more the weight, the less the recognition performance of the 

system. This means the speech matcher give us less accurate results than the face 

matchers.  

The capacity of a system is an important issue for biometric design, as we consider 

only the top ten matched samples for the last rank level fusion, so the system face no 

problem to work for a large database. No matter what the number of the samples that we 

put into the training set, the system will output only the first ten ranked samples from 

those training set. 

 

5. Experiment and Results 

This section consists of a description of the database used in this paper and the 

description of the extensive experimental step. 

 

5.1Experiment Overview 

The simulation experiments in this paper are consisting of three parts: 

(1) Unimodal face recognition using KLDPP algorithm under different conditions.  

In this experiment, the subset of AMI database named AMIES2016 was used. For this 

experiment, we captured 5 video segments from each people's video that at last a total of 

20 small video segments were obtained. We denoted it’s as S1 to S20. For the reason of 

most of the image frames in the video have poor quality and no nose in the images, so we 

should delete it and then regular the image to guarantee nose is in the center of the image. 

Then select 10 frames from the video and record as 1 to 10 to construct the AMIES2016 

face database. For each image, we normalized it to form the uniform size of 64*64. Figure 
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4 show 10 frames selected from one video. 

 

 

  Figure 4. Face Images of AMIES2016 Database Videos 

(2) Unimodal speech recognition using Adaptive Gaussian Mixture Model and GFCC 

with GGSDCC feature fusion under different noise conditions.  

The experiment data also come from AMI database, which consist of 200 voice 

segments, each voice segment is corresponding a face figure proposed in the above, and 

the length of each segment is 1 minute. Those 100 segments are used for training GMM 

parameters, and the rest used for testing.  

(3) Visual and audio recognition system result fusion at rank level fusion. 

In this experiment, we divide the data using in this paper into 2 parts, one is training 

part and the other is test part. Each part composed of 10 sets, each set consist of 5 face 

images and 5 voice segments. We compare the performance of the Borda Count method 

and Logistic Regression method in this experiment. The weight using for the logistic 

regression method in this experiment is 0.24.  

 

5.2 Face Recognition Experiment 

We randomly take k  images from each class as the training data, 

with }9,...,3,2{k , and leave the rest k10  images as the test data. The Nearest 

Neighbor algorithm was employed using Euclidean distance for classification. There are 

two small experiments taken in our experiment as follows: 

 

Experiment A. Compare recognition accuracy based on KDLPP algorithm under different 

kernel functions. 

 

The input data of the LDLPP is the kernel matrix and it is necessary to choose an 

adequate kernel function to construct this matrix. In this paper, we used Polynomial 

kernel function, Gaussian RBF kernel function and Fractional polynomial kernel function. 

Table 2 present the kernel functions used in our studies. 

Table 2. Kernel Functions  

1.Polynomial kernel function 

NdxyyxK d  ),1(),(  

2.Gaussian RBF kernel function 

)2exp(),( 22
yxyxK   

3.Fractional  polynomial kernel function 

10),1(),(  dxyyxK d  

 

In order to illustrate the effect of kernel function choice, Figure 5 to Figure 7 shows the 

results of KDLPP algorithm with different kernel functions. In Figure 5 we can show that 
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for Polynomial kernel the performance decrease with the parameter d  increasing. And 

globally gives less result than Gaussian RBF kernel function and Fractional polynomial 

kernel function. For Gaussian RBF kernel function, the value 
92 10  gives maximum 

recognition rate compares to others values of  . The performance of Fractional 

polynomial kernel function with value 4.0d  is good but it is lower than Gaussian 

RBF kernel function. 

 

 

Figure 5. Recognition Accuracy of KDLPP Algorithm under Polynomial 
Kernel Function 

 

 

Figure 6. Recognition Accuracy of KDLPP Algorithm under Gaussian RBF 
Kernel Function  

 

Figure 7. Recognition Accuracy of KDLPP Algorithm under Fractional 
Polynomial Kernel Function  

Experiment B. Compare recognition accuracy based on different algorithms. 
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In this small experiment, we tested the FDA and DLPP methods compare to our 

proposed KDLPP algorithm, the kernel function used in this experiment is Gaussian RBF 

kernel function, the value
92 10 . Figure 8 give the recognition rate result. From the 

result we can show that KDLPP algorithm gives the best result under any training number 

situations, and FDA method give the worst result.  From the figure we can also know 

that the face recognition rate under smart meeting environment is less than the standard 

face database environment because of the problem of poor quality image, lighting 

condition and facial expression change and so on. 

 

 

Figure 8. Recognition Accuracy of Different Algorithms based on Hair and 
DCT Feature Fusion 

5.3 Speech Recognition Experiment 

In this experiment, the dimension of MFCC is 13, and the dimension of GFSDCC is 

39, then we fusion them at feature level. There are two small experiments taken in our 

experiment as follows: 

 

Experiment A. Compare recognition accuracy based on different acoustic features under 

different conditions. 

We compare the recognition performance of speech recognition based on baseline 

GMM which using MFCC feature, GFCC feature, GFSDCC feature and GFCC, GFSDCC 

feature fusion under different noise conditions, the result are taken as follows: 

From the results shown in the Tab. 3, it clears that whether under clear voice 

conditions or under different noise conditions, the recognition performances of GFCC 

features are better than MFCC features. On average, it will be higher than 2.1% that 

because the discrimination performance of GFCC features which based on Gamma tone 

filters is better than the MFCC features which based on Mel filters. The Gamma tone 

auditory model reflects the anti-noise capacity of human auditory system preferably. 

Table 3. Recognition Rate based on Different Voice Features under 
Different Voice Environments 

Voice conditions feature 
MFCC GFCC GFSDCC 

GFCC+ 

GFSDCC 

Clean background 

SNR 

> 

40dB 
86.72% 89.02% 91.38% 93.54% 

White 

noise 

0dB 34.63% 34.17% 42.01% 49.76% 

5dB 47.77% 48.17% 54.19% 58.72% 
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10dB 50.25% 54.13% 57.48% 61.33% 

15dB 59.58% 62.66% 64.24% 69.24% 

20dB 61.56% 63.32% 66.22% 73.30% 

Babble 

noise 

0dB 32.72% 33.71% 34.64% 36.95% 

5dB 47.03% 48.4% 50.99% 56.84% 

10dB 54.13% 56.04% 59.00% 64.62% 

15dB 63.44% 65.27% 66.71% 71.17% 

20dB 67.79% 73.64% 75.24% 78.09% 

average  55.05% 57.13% 60.19% 64.86% 

 

The GFSDCC features based on Shifted Delta Cepstral not only using the anti-noise 

capacity of Gamma tone filters but also can fusing a long sequence information in a 

feature vector, thus depict the dynamic information of audio features strongly. The 

recognition performance of GFSDCC features is 91.38% under clean background which 

3.06% higher than the performance based on GFCC features. The recognition 

performances of GFSDCC features are improve obviously when under White noise and 

babble noise environments.  

Because the GFCC feature and the GFSDCC feature only reflect the one side of 

audio features, either static or dynamic, so we fusing them at feature level which 

considering the static and dynamic character comprehensively. The recognition 

performance based on fusion feature is 93.54% under clean background, compared to the 

performance based on MFCC、GFCC、GFSDCC features, is higher than 6.82%, 4.52% 

and 2.16% respectively. The recognition performance based on fusion features are higher 

than single features under different noise environments, then recognition rate is 78.09% 

when the SNR equal 20 under babble noise environments.  

  

Experiment B. Compare recognition accuracy based on Adaptive GMM and Static with 

Dynamic feature fusion under different conditions. 

 

The results shown in the Tab.4 are the recognition performance using fusion features 

and adaptive GMM proposed in this paper for speech recognition under different noise 

environments. Form the result shown in the Tab.4 it clear that the recognition rate using 

the method proposed in this paper is reached 95.46% under clean background. That 

1.92% higher than using the baseline GMM and fusion feature method thus reflect the 

superiority of the method proposed in this paper.  

   Table 4. Recognition Rate Based on Proposed Method under Different 
Noise Backgrounds 

Voice 

Environment 
SNR Recognition Rate 

Clean 

Background 
>40dB 95.46% 

White Noise 

0dB 53.41% 

5dB 62.72% 

10dB 67.33% 

15dB 73.58% 
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20dB 80.93% 

Babble Noise 

0dB 43.46% 

5dB 66.13% 

10dB 74.46% 

15dB 76.43% 

20dB 83.24% 

 

The recognition rates are enhanced significantly using the method proposed in this 

paper compared to the method using in Tab.3 under white noise environment and babble 

environment. The recognition  rate is reached 80.93% when the SNR is 20 under white 

noise environment while under babble environment is 83.24%, compared to the results 

shown in Tab.3 which using fusion feature and baseline GMM, improved 7.63% and 

5.15% respectively.  

 

5.4 Multibiometric Recognition at Rank Level Fusion 

Tab.5 given the recognition rate of Borda Count rank level fusion method and Logistic 

Regression rank level fusion method proposed in this paper under clean environment. 

Table 5. Comparison of Different Rank Level Fusion Systems under Clean 
Environment 

Approaches Recognition Rate 

Borda Count Fusion 97.25% 

Logistic Regression Fusion 98.70% 

  

From the result, it clear that the GMM estimate rank level fusion method can give a 

good performance under clear environment, which can attain 98.70%. 

Fig .9 and Fig. 10 shown the performance rate comparing between face recognition 

using training samples are 5 for each set, the kernel function used in this experiment is 

Gaussian RBF kernel function, the value
92 10 . speech recognition using fusion 

features and adaptive GMM proposed in this paper under different noise environments, 

Borda Count rank level fusion method and Logistic Regression rank level fusion method 

proposed in this paper. 

 

 

Figure 9. Different Recognition Methods Results Comparison under White 
Noise Environment  
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Figure 10. Different Recognition Methods Results Comparison under 
Babble Noise Environment  

From the figure, it is clear that the recognition would be low without any fusion 

method, significant performance gain can be achieved with different rank level fusion 

methods. The best performance that we have received from these experiments is using the 

logistic regression approach based on GMM estimate proposed in this paper of the rank 

level fusion method. When the SNR is 20, the speech recognition rate is below 80% under 

white noise environment but using the logistic regression approach based on GMM 

estimate its can enhanced to 90.26%. Under babble noise environment, When the SNR is 

20, the speech recognition rate is near 84% but using the logistic regression approach 

based on GMM estimate its can enhanced near to 93%. Because in this method, assigning 

different weights to individual matchers based on their accuracy which plays an important 

role in determining the final result.  

The Borda Count rank level fusion method give less performance than the logistic 

regression approach because there is no weight assigning procedure in this method. But 

from the given results, the Borda Count rank level fusion method also can improve the 

recognition performance significantly. 

Table 6. Comparison of Different Multi Biometric Systems 

Systems 
Biometric 

Recognition 

Fusion Level and 

Approaches 

Equal Error 

Rate(EER) 

Current System 

(2013) 
Face Speech 

GMM  estimate based 

Rank Level Fusion 
1.57% 

Carcia -Salicetti 

et al(2005) 

Signature 

Speech 

Match Score 

Arithmetic Mean 

Rule(AMR )with Min-

Max normalization 

1.88% 

Kumar and 

Zhang(2004) 
palm print 

Match Score 

Product of Sum(POS) 

rules 

3.20% 

Nandakum 

et al(2007) 
Fingerprint 

Match ScoreQuality 

Weighted 

Sum(QWS) rules 

3,39% 

 

In the Tab.6, we compare our results with some other multibiometric systems which are 

proposed researchers. The comparison is made on the value of the EER systems, EER is 

the value of the position in the DET curve where FAR is equal to FRR. From the results, it 

is clear that the rank level fusion with the logistic regression approach based on GMM 
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estimate can increase the recognition rate significantly. 

Tab.7 shown the comparison of recognition time between different methods, due to the 

extra calculation for combining results from different systems, recognition time of 

multibiometric system is higher than the single biometric system, the difference in the 

recognition time between them depend on the number of computations involved in the 

adopted fusion techniques and the number of samples considered. 

Table 7. Recognition time Comparison 

Approaches Recognition 

Time(min) 

KDLPP Face Recognition 15.053.0   

Adaptive GMM Speech 

Recognition 

19.060.0   

Borda Count Fusion 10.070.0   

Logistic Regression Fusion 13.077.0   

 

6. Conclusion 

The domain of multibiometric is a new and exciting area of information science and 

pattern recognition research. Recent years have seen a significant increase in research 

activity directed at understanding all aspects of biometric information system 

representation and utilization for decision making support, this paper is specifically 

focused on understanding the complex mechanisms employed to find a good combination 

of multiple biometric traits and various fusion methods to get the optimal recognition 

results. 

In this paper, a novel fusion scheme which using Gaussian Mixture Model(GMM) to 

estimate the optimal weight for logistic regression rank level fusion method is proposed, 

The estimate is based on estimation of probability destiny functions. Using the simulated 

date, the results indicate that this method can improve the recognition performance 

significantly compared to other methods. 

The logistic regression approach provide the better performance, also the response time 

is a little than that of the Borda Count method. Future work should focus on following 

three fields: 

(1) The face recognition is influenced by pose and illumination variation or facial vary, 

so our future work will focused on these problems.   

(2) The logistic regression rank level fusion method given the better performance than 

other methods, our weight estimate is based on GMM, to our best knowledge; it is an 

optimal weight estimate method at present. Future work will focused on estimate the best 

optimal weight by using other methods, such as genetic algorithm and normalization 

technique. 

(3) the rank level fusion method proposed in this paper are the most common 

approaches, recently, researchers are interesting on studying the Bayesian approach and 

Markov Chain approach, also is our future works. 
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