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Abstract

Due to various factors such as postures, facial expressions and illuminations, face
recognition by videos often suffer from poor recognition accuracy and generalization
ability, since the within-class scatter might even be higher than the between-class one.
Herein we address this problem by proposing a hierarchical cascaded classifier for video
face recognition, which is a multi-layer algorithm and accounts for the misclassified
samples plus their similar samples. Specifically, it can be decomposed into single classifier
construction and multi-layer classifier design stages. In single classifier construction stage,
classifier is created by clustering and the number of classes is computed by analyzing
distance tree. In multi-layer classifier design stage, the next layer is created for the
misclassified samples and similar ones, then cascaded to a hierarchical classifier. The
experiments on the database collected by ourselves show that the recognition accuracy of
the proposed classifier outperforms the compared recognition algorithms, such as neural
network and sparse representation.
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1. Introduction

Face recognition is a fundamental research topic in the field of computer vision, artificial

intelligence and pattern recognition. It has been widely used in many applications such as
intelligent surveillance, human-computer interaction and public safety. Video face
recognition utilizes the motion information and numerous face features. It can not only
prevent disguised invading but also enhance the recognition accuracy of individuals, thus
has attracted considerable attention [1-5]. At present, video face recognition can be
categorized into classifier-based, spatial-temporal model-based and match-based
algorithms. The classifier-based recognition algorithms mainly use classifiers like sparse
representation [6,7], support vector machine (SVM) [8] and hidden Markov model (HMM)
[9], etc. Chen et al. [6] optimize the process of creating dictionary, which adds the motion
information into the dictionary, making full use of the various features to achieve the robust
face recognition. Wolf et al. [8] propose the SVM-minus algorithm to calculate the
similarity between the two video sequences. Kim et al. [9] learn the dynamic procedure by
HMM, which considers the spatial-temporal feature in order to improve the recognition
accuracy.

A common problem that is encountered by all the methods mentioned above, is that
their face recognition algorithms rely on the single classifier, which is sensitive to the data
distribution. However, due to the variation of posture, expression and illumination existed
in video, the face data of the same person can be quite different while those for different
persons can be similar, which means the practical face data in videos are widely spread.
Thus, the face recognition with single classifier is inclined to cause the problem that the
within-class scatter is higher than the between-class scatter, resulting in the unsatisfactory
recognition accuracy and a poor generalization ability.

Therefore, many researchers apply the cascaded classifier to the detection and
recognition tasks [10-11]. Liang et al. [10] use a cascade of boosting classifier to select a
small number of features from a huge feature set, and efficiently apply it in vehicle
detection. The cascaded classifier is also used in video face recognition [12-15]. Connolly
et al. [13] introduce the incremental learning based on dynamic particle swarm
optimization to the process of cascading classifiers, which can cascade the classifiers by
selecting partial optimal particles. Hassanpour et al. [14] propose an Ensemble of Abstract
Sequence Representatives (EASR) method in sequences to reduce the influence of noise
and redundant information in video face recognition. Yang [15] applies the cascading to the
spare representation-based classifier, reducing the computational complexity in face
recognition. There are also some latest works [16-18] focus on finding better
representations of images and exploring the local structure of images, which can be applied
to face classification. Li et al. [16] integrate image understanding and feature learning into
a joint learning framework to reduce the semantic gap, which can deal with different image
understanding tasks like clustering and classification. Tang et al. [17] propose a
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discriminant hashing function by exploiting local discriminative information such as local
scatter to implement approximate similarity search. However, the classical cascaded
classifiers like Ada-Boost [19] and Bagging [20], ignore the samples’ subspace distribution,
making the selection of samples random and blind, which leads to the instability of the
classifiers.

Aiming at the problems mentioned above, this paper proposes a hierarchical cascaded
classifier for video face recognition. Motivated by the unsatisfactory face recognition
accuracy of the existed algorithms, this paper focuses on dealing with the problems that the
within-class scatter is higher than the between-class scatter and the randomness in the
selection of samples. So as to enhance the recognition accuracy, the proposed algorithm
focuses on the subdivision of the misclassified samples and their similar samples to
maximally avoid misclassification. Firstly, the video sequence of each person is divided
into several clusters, and the first-layer classifier is created by computing the minimum of
the mean distance. Secondly, the rest samples in the gallery are recognized by the single
layer classifier. If the recognition result is wrong, the next-layer classifier is created for the
misclassified samples and their similar samples. At last, the final classifier is completed by
cascading hierarchical classifiers. The hierarchical cascaded classifier then can be applied
to recognizing face in the query.

The main contributions of this paper can be summarized as follows: (i) As a cascaded
classifier, the proposed classifier solves the problem widely existed in face recognition that
the within-class scatter is higher than between-class scatter by clustering. (ii) By creating
multi-layer classifier for misclassified samples and their similar samples, the classifier
figures out the problem of randomly selecting samples. (iii) This paper applies a novel face
recognition algorithm which is capable for robust human face recognition via the proposed
hierarchical cascaded classifier.

The rest of this paper is organized as follows. In Section 2, the detailed algorithm of
creating a single classifier is provided. Section 3 introduces the misclassified samples
based hierarchical cascaded classifier. The video face recognition algorithm via the
proposed classifier is described in Section 4 and is conducted on the practical databases in
Section 5. Finally, our discussion concludes this paper in Section 6.

2. Single classifier created by clustering

As face image in video has the differences in posture and illumination, the within-class
scatter is higher than between-class scatter. If the original data is to be handled without
preprocessing, the recognition results will be unsatisfactory. To enhance the total
recognition accuracy, this paper designs the first layer of the classifier, which can be
regarded as a single classifier, to minimize the within-class scatter by clustering. The
feature extraction and clustering of the single classifier are discussed in details in the
following parts.
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2.1 Feature extraction and analysis

The face features are of high dimension and information redundancy. Principal Component
Analysis (PCA) [21] is a widely used tool for dimension reduction. Therefore, this paper
utilizes PCA to extract the face features. The training samples are firstly converted to gray
images and then we extract the gray scale characteristics from them. The face data
distribution obtained by PCA is shown in Fig. 1. To make a concise illustration, Fig. 1 only
shows 6 kinds of face and the former 2 dimensions of feature, distinguishing different
categories of the samples by colors and shapes.

In order to explain the problem in video face recognition, we introduce two scatter
matrices. The within-class scatter matrix measures the scatter of samples in each class
around the mean value of that class. The between-class scatter matrix, on the other hand,
measures the scatter of class-conditional expected values around the global mean.
Within-class scatter S, and between-class scatter S, are defined as follows:

S =i 7 (xiC —m°)(xiC —m°)T (1)
S, =ZN:nc(m°—m)(m°—m)T )

where N is the number of classes, n_ is the total number of the c-th kind samples, m® is
the mean of all the c-th kind samples. m is the mean of all samples and x° is the i-th
sample of the c -th kind.
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Fig. 1. The data distribution of 6 kinds face samples

Within-class scatter is the variance of the samples belonging to the same kind,
reflecting the degree of distribution concentration of the same kind. The bigger the
within-class scatter is, the more disperse the data distribution is. Between-class scatter is
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the variance of all kinds of samples, reflecting the distribution similarity of the data
belonging to the different kinds. The smaller the between-class scatter is, the more similar
the data distributes and the nearer the distribution center is. As shown in Fig. 1, the two
kinds of samples indicated by dark blue and light blue are widely spread, while their
distribution regions are similar. The data belonging to the same kind is disperse due to the
differences in posture and illumination, and the data belonging to the different kinds
distributes similarly under the similar posture and illumination. As a result, there is a very
serious problem in face recognition that the within-class scatter is higher than
between-class scatter and thus the recognition accuracy is influenced.

2.2 Clustering and single-classifier creating

To enhance the total recognition accuracy, the single classifier is created to minimize
the within-class scatter by clustering. Clustering analysis is an unsupervised data analysis
method. It clusters the similar samples according to the distance of samples. This paper
utilizes hierarchical clustering to cluster samples. It computes the number of classes by
analyzing distance tree firstly and then clusters the similar samples.

The samples in gallery are classified into different classes according to the features

extracted by PCA, and we define the feature matrix and label as {x‘,yi}(i =12,...,N),

where N is the total number of classes. There are k persons in the training data, and the
data belonging to the same person is defined as {Xt}(t=1,2,...,k). The process of
clustering is shown in Fig. 2. The left is a video sequence and the right shows the distance

tree of all samples, where the samples with same color belong to one cluster. And the
clustering result is in Fig. 3.
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Fig. 2. The distance tree of samples
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(b) The second cluster

(c) The third cluster

Fig. 3. The clustering results of one person

The dataset after clustering is defined as {Stj = {x{;}}(j =1 2,---,nt)(m =1,2,---,|Stj|).
It represents the samples set of the j-th cluster of the t-th people, where m is the number

of samples in this cluster and n,(t=1,2,---,k) is the number of subclasses created by

clustering. Classes are labeled with A,B,---,K,---, and the framework of the first layer is
shown in Fig. 4.
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Fig. 4. The first-layer framework

In the training process, we firstly choose one video sequence of each person for
clustering and create the single-layer classifier. Then, we recognize the other video
sequences in gallery by computing the minimum distance, defining those testing samples

{ X", y”e“’} . The concrete procedure is detailed as Algorithm 1.
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Algorithm 1 Minimum Distance Method

Input: The testing samples{x™",y"™"}, the clustering center {S/ ={x&}}(j =12,...,n)
. k
(k =1, 2,...,‘StJ ‘) , distance vector dis = Znt x1.
t=1

fort=12,...,k
sum = 0;
for j=12,...,n
count = 0;
for k=12,...,[s/]
count++;
sum=sum+‘xt‘fj - X

new

end
sum/count — dis ;
end
end

Output: j" =argmindis, t* representing the class of j*.The class of the testing sample
j=12,...n,

is defined as the class of the clustering center with the minimum distance from it.

The data distribution concentrates after clustering and the value of within-class scatter is
effectively decreased. The single-layer classifier constructed by minimum distance method
can deal with the condition of all subclasses while has the low computational cost, making
it suitable for video face recognition.

3. Cascaded classifier designed for video face recognition

A cascaded classifier merges several precise single classifiers for recognition. Because
of its better generalization ability, the cascaded classifier has been widely used in pattern
recognition. Nevertheless, the traditional cascaded classifier has not taken the distribution
of samples into consideration, selecting samples randomly and blindly. Inspired by the
principle of learning the misclassified samples in Ada-Boost, this paper creates a
hierarchical cascaded classifier based on misclassified samples and their similar samples to
select samples. The procedure of training the hierarchical cascaded classifier is detailed as
follows:

We recognize the rest face samples in the gallery using Algorithm 1 and then analyze

the result. If t" = y™", namely the recognition result is right, we add this sample to the

cluster St!'f = Sti* U x™". Otherwise, we create a next-layer classifier for this cluster. The
construction of the second-layer classifier is shown in Fig. 5. The new sample is denoted as



792 Fan et al.: Misclassified samples based hierarchical cascaded classifier for video face recognition

(x”ew, y”ew), being recognized according to the minimum of distances and the result is the

n, -th cluster of the K -th class. In this case, the recognition result K is different from the
sample label y™", namely the recognition result is wrong. Besides, the sample x™" is
similar with the samples belonging to the n, -th cluster of K . So we create the next-layer
classifier for the misclassified sample x™" and the cluster K| that is similar with the x™".
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Fig. 5. The construction of the next-layer classifier for misclassified samples

We recognize all samples in the gallery and create the next-layer classifier for the
misclassified samples and their similar samples by the procedure above. The final
hierarchical cascaded classifier is shown in Fig. 6. In the second layer of the classifier, the
class with only one label, for example, A;,l’ is the same class as the original cluster A, in

the upper layer. The other classes have two labels, for example, A,D,, in which the former
part represents the recognition result A, in the upper layer and the latter part represents the
true class D, respectively. The composite label A,D, means that the samples belonging to
this class is misclassified in the upper layer as A, , and these samples actually belong to the

class D,, which is already existed in the upper layer. The labels in the under layers are

named regularly as the second layer. The samples classified into the same branch distribute
similarly, thus they may have the similar expression, posture, illumination, etc. After the
hierarchical classifier completed layer by layer, the SVM is applied in the last layer to
achieve the multi-class classification.

In the recognition process, the hierarchical cascaded classifier is utilized to recognize the
face data in the query. The cluster is determined by minimum distance method, and the
final output of class is obtained by SVM.
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Fig. 6. The framework of hierarchical cascaded classifier

Take the binary classification for example, the training process and the recognition
process are elaborated in Fig. 7 and Fig. 8 respectively. All the video sequences of the two
classes are divided into two parts and the face feature is extracted by PCA. One part of the
samples is used to cluster and create the first-layer classifier. The data distribution of the
two classes is shown in Fig. 7(a), where the same color stands for the same class and the
different shapes stand for different subclasses. The other part of the samples is used to
recognize and create the next-layer classifier. The new training samples belonging to the
red class distribute as the red triangle in Fig. 7(b). The result of the new samples
recognized by the first-layer classifier is shown in Fig. 7(c), in which the samples
distributing close to the two subclasses of red samples are recognized as the red class, while
those close to the blue star samples are recognized as the blue class. The purple line shows
the classification hyperplane of the first layer. Obviously, the blue triangle samples are
recognized wrong till now. Thus, the next-layer classifier is to create for the misclassified
samples and their similar ones. As to distinguish the misclassified samples with the red
samples in the first layer, the misclassified samples in Fig. 7(d) are recolored with green.
The orange line shows the classification hyperplane of the second layer. The training
process of the classifier is finished, and the output of this process is the trained classifier,
shown as the classification hyperplane.
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Fig. 7. The training process of binary classification

The recognition process is illustrated by Fig. 8. The testing samples belonging to the red
class distribute as the black diamond in Fig. 8(a). The recognition result obtained by the
trained 2-layer classifier is shown in Fig. 8(b). The samples classified as red are recognized
right directly by the first layer, while others are recognized by the two layers of the
classifier and the final recognition result is green class. Because the green class is the
subclass for the misclassified samples, whose real class is the same as the red, the
recognition result is right.



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 11, NO. 2, February 2017

“,’

& Test samples

“,‘

‘ @ ¢ Recognition results

795

(a) (b)

Fig. 8. The recognition process of binary classification

The single classifier created by clustering in Section 2 concentrates the data distribution.
It effectively reduces the within-class scatter with low computational cost, which
contributes to the calculating speed of the whole algorithm. However, it just computes the
number of classes by analyzing distance tree and clusters the similar samples roughly. Thus,
the hierarchical clustering is utilized in the next-layer classifier construction in this section.

The classifier created by hierarchical cascading in this way can have different training
processes for different kinds of samples. The samples which are similar to the clusters in
the first layer are easy to be recognized correctly so the number of training layers is less.
However, if the samples are difficult to be decided in the first layer, the next-layer classifier
will be created for them. Moreover, in the process of creating next-layer classifier, there is
no influence on the previous classifiers and the data distribution in the former layers. The
only impact is on the misclassified samples and their similar samples, that is creating the
next-layer classifier for them to achieve an accurate recognition result. In a word, the more
layers created for the similar samples, the higher the recognition accuracy is.

In the recognition process, the procedure and the time consumption of different samples,
like the easily-misclassified samples and the easily-recognized samples, are significantly
different. For the easily-recognized samples, the number of training layers is less, so the
recognition time is less. On the contrary, the easily-misclassified samples are trained by
more layers, so the recognition time increases. The cascaded classifier has different layers
for different data, thus it can reduce the recognition time and maintain the recognition
accuracy meanwhile.

This hierarchical cascaded classifier focuses on creating multi-layer classifiers for
misclassified samples. By this way, it avoids randomly and blindly choosing samples in
traditional classifier, and considerably enhances the generalization ability.



796 Fan et al.: Misclassified samples based hierarchical cascaded classifier for video face recognition

4. Video face recognition algorithm

This paper applies a novel video face recognition algorithm which is capable of robustly
recognizing human face via the proposed hierarchical cascaded classifier. There are several
main steps in this process, including clustering and computing the minimum distance
firstly, and cascading classifiers created in the next layer for the misclassified samples. The
holistic procedures are divided into training process and recognition process, and the
details of the algorithm are explained in Algorithm 2.

Algorithm 2 Video Face Recognition Algorithm

Input:
Gallery: The feature matrix and label of the face video sequences {x‘ , yi }(l =1 2,...,n)

Query: The samples of the test video sequences {x‘es‘, y‘es‘}

Training process:
for each person k do
Select one video sequence in gallery to cluster using the algorithm in Section 2

Recognize other sequences {x‘ , y‘}(i =1,2,...,n,eﬁ) using the Algorithm 1
if t"=y' then
Create the next-layer classifier as Section 3
end if
end for
Output: The whole hierarchical cascaded classifier
Recognition process:
for each sample j in query do
Recognize j by the hierarchical cascaded classifier as elaborated in Section 3

end for
Output: The label of the testing sample, namely the recognition result

5. Experiments and analysis

In order to explain the efficiency of our method, we evaluate the proposed algorithm on
both our own database and some of the public databases, compared with the baseline
algorithms and the new methods respectively.

5.1 Experiments on the practical data and analysis

The experiments in this section are conducted on the practical data collected by ourselves.
The videos have recorded 20 persons coming into the door, containing motion information
and appearance changes. The gallery and query are both video sequences. For each person,
there are 3 sequences as gallery and 1 sequence as query. In order to keep balance of data
size, we fix the number of frames in one video sequence to 30 and the part of training data
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is listed in Fig. 9. Every video sequence in query has no less than 30 frames, however, the
number of frames is not fixed, the total of which is 801 frames of the 20 persons.

3’“ =2l =

Fig. 9. Part of the face video sequences in gallery

There are two steps in the training process: feature extraction and classifier generation.
We extract 40-dimensional face features by PCA. And classifier generation can be divided
into two procedures: (i) one video sequence for each person is selected to cluster to
generate the first-layer classifier, and (ii) the rest samples in the gallery are recognized and
generate the hierarchical classifier layer by layer for the misclassified samples. The
two-layer classifier of the first person is shown in Fig. 10.

| 1 | ——| Original class

i i Cluster index of

|_1_’_| |_2__| > the first layer

y vV v o y v A Class of cluster in
LE] [ (s dle 7 ]3] [2]]%8] = thesecond layer

Fig. 10. The two-layer cluster structure of the first person

The computational time, the number of layers and the recognition accuracy are three
important factors of the cascaded classifier. In the recognition process, the recognition
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accuracy is defined as the number of right recognized frames divide by the total of frames.
The relationship of these factors is listed in the Table 1.

Table 1. The relationship among the number of layers, recognition accuracy and computational time

Num. of layers Recognition accuracy Computational time (s)
1 63.42% 0.09
2 75.28% 0.91
3 83.27% 1.42
4 89.64% 1.76
5 91.51% 1.94

Obviously, the more layers created, the higher recognition accuracy is. As the number of
layers is increasing, the architecture of the cascaded classifier is more complete, the
learning of the similar samples is more accurate, the recognition accuracy is improved.

At the same time, the computational time for the training is increasing with the growing
number of layers. When there is only one layer, the recognition is finished by computing
the minimum distances, which indicates the minimum computational time. When there is
more than one layer, the multi-layer classifier generation contains both the minimum
distances computation and the recognition by SVM, so it costs more time. As analyzed by
Table 1, the computational time is increasing, however, the total time cost is not that long.

In order to explain the influence on the relationship between the within-class scatter and
the between-class scatter achieved by the hierarchical cascaded classifiers, the relationship
of the within-class scatter and between-class scatter in computed in Table 2. (i) When there
are no layers, the data is not clustered to many subclasses, so the data are widely spread and
the within-class scatter is even larger than the between-class scatter. (ii) When there is one
layer, the data is clustered to subclasses so the data distribution is becoming intensive and
the within-class scatter is smaller than the between-class scatter. (iii) When there are more
layers, the classifier is cascaded by creating next layers, and with the growing number of
layers, the ratio of between-class scatter to within-class scatter is larger. In a word, the
recognition result indicates that the clustering and the hierarchical cascaded classifiers can
reduce the within-class scatter and raise the between-class scatter.

Table 2. The relationship among the number of layers, within-class scatter and between-class scatter

Layers No. Within-class scatter Between-class scatter Ratio

0 2.57x10* 1.55x10* 0.60

1.74x10* 3.03x10* 1.74

2.41x<10* 5.06<10* 2.10

1
2

3 2.71x10* 5.9810* 2.21
4 2.76<10" 6.63><10* 2.40
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The recognition accuracy of our proposed approach and the sparse representation, neural
network, SVM is compared in Table 3. The experimental results show that our method
outperforms the compared video face recognition algorithms.

Table 3. The recognition accuracy of different algorithms

Algorithm Recognition accuracy
Sparse representation (vote) 81.15%
Sparse representation (mean) 77.53%
Neural network 73.28%
SVM 89.26%
Our proposed classifier (5 layers) 91.51%

5.2 Comparison with the state-of-the-art

In this section, we present the comparison with the state-of-the-art methods. We select
two public face databases, Face Recognition Technology (FERET) [22] and Extended Yale
B [23] as benchmark datasets. The face images were all resized to 32 x 32.

The comparison with the similar work [15] is conducted on the Extended Yale B
dataset, which consists of 2414 frontal-face images of 38 individuals. The data of each
person is captured under various laboratory-controlled lighting conditions. The classifier in
[15] is called Cascade Sparse Representation-based Classifier (CSRC), which is the
improvement of Sparse Representation-based Classifier (SRC) [24]. Both the CSRC and
our misclassified samples based hierarchical cascaded classifier utilize PCA in face feature
extraction. For each subject, we randomly select half of the images as gallery for training
(i.e., about 32 images per subject), and the other half for testing. We extract the face
features and use PCA to reduce the features into different dimensions, which are the same
as in work [15], and each experiment is tested about 30 times, obtaining the recognition
accuracy by averaging. Table 4 reports the comparison of the recognition accuracy of the
SRC, CSRC and our proposed classifier under the conditions of different feature
dimensions.

Table 4. The recognition accuracy of different algorithms under different feature dimensions

Feature dimensions SRC CSRC Our proposed classifier
(5 layers)
30 90.90% 91.60% 91.30%
84 95.50% 97.30% 97.50%
150 96.80% 98.20% 98.90%
300 98.30% 99.30% 99.50%
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The results in the second and fourth columns are compared to show that our proposed
classifier outperforms the SRC, while the third and fourth columns show that when face
features are extracted in higher dimension, our method also presents better performance
than the CSRC. Moreover, when the feature dimension is high enough, our 5-layer
classifier shows the almost perfect accuracy. Due to the data in the Extended Yale B has
diversity of illumination, our proposed classifier can robustly create the cascaded classifier
based on misclassified samples. Thus, it has higher recognition accuracy than the compared
methods.

There are also some other state-of-the-art methods in face recognition field, for
example, Xuan et al. [25] propose the structure scatter-based multi-scale patch classifier
with subclass representation (MSPSCRC), which is built on the collaborative
representation-based classification (CRC) [26] and multi-scale patch-based CRC
(MSPCRC) [27]. We use the FERET and Extended Yale B face databases to test the
proposed method, and the creating of the cascaded classifier is the same as the way in
Section 5.1. In this comparison, the baselines CRC, MSPCRC, MSPSCRC, patch based
CRC (PCRC), subclass representation-based classification (SCRC), k-nearest neighbor
(KNN) methods and patch-based nearest neighbor (PNN) classifier, were used for
comparison. Table 5 and Table 6 present the comparison of our best results and the
recognition accuracy of these algorithms [25] on the FERET face database and the
Extended Yale B face database respectively.

Table 5. The recognition accuracy of different algorithms on the FERET face database

Algorithm Recognition accuracy Algorithm Recognition accuracy
CRC 66.39% MSPSCRC 74.44%
SCRC 74.36% KNN 64.47%
PCRC 29.60% PNN 58.92%
MSPCRC 31.40% Our proposed 85.20%

classifier (5 layers)

Table 6. The recognition accuracy of different algorithms on the Extended Yale B face database

Algorithm Recognition accuracy Algorithm Recognition accuracy
CRC 73.76% MSPSCRC 93.17%
SCRC 82.57% KNN 64.44%
PCRC 94.00% PNN 64.18%
MSPCRC 95.49% Our proposed 96.20%

classifier (5 layers)

Both the results in the Table 5 and Table 6 show that the proposed classifier achieves
the highest recognition accuracy among all the compared algorithms in the two databases.
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6. Conclusion

This paper proposes a novel hierarchical cascaded classifier based on misclassified
samples and applies it to video face recognition. It gathers the data by clustering analysis so
as to reduce the within-class scatter and raise the between-class scatter. Moreover, by
creating multi-layer classifier for misclassified samples and their similar samples, this
classifier solves the problem of randomly selecting samples. The experimental results
strongly demonstrate that the proposed classifier has significantly better performance than
the compared face recognition algorithms.
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