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With the development of integration and innovation of Internet and industry, facial expression recognition (FER) technology is
widely applied in wireless communication and mobile edge computing. The sparse representation-based classification is a hot
topic in computer vision and pattern recognition. It is one type of commonly used image classification algorithms for FER in
recent years. To improve the accuracy of FER system, this study proposed a sparse representation classifier embedding
subspace mapping and support vector (SRC-SM-SV). Based on the traditional sparse representation model, SRC-SM-SV maps
the training samples into a subspace and extracts rich and discriminative features by using the structural information and label
information of the training samples. SRC-SM-SV integrates the support vector machine to enhance the classification
performance of sparse representation coding. The solution of SRC-SM-SV uses an alternate iteration method, which makes the
optimization process of the algorithm simple and efficient. Experiments on JAFFE and CK+ datasets prove the effectiveness of
SRC-SM-SV in FER.

1. Introduction

At present, many countries are actively developing intelligent
technologies focusing on mobile edge computing [1]. The data
architecture and forms in mobile edge computing are complex
and diverse, resulting in great limitations of application. The
main success of artificial intelligence application comes from
image processing, natural language processing, social network,
robots, and so on. Companies in many fields develop their
applications combined with artificial intelligence technology.
In the field of mobile edge computing, vision-based human-
computer interaction is a very active research field. Among
them, facial expression recognition (FER) technology is widely
used [2]. The recognition of facial expression through artificial
intelligence technology can promote the rapid development of
human-computer interaction technology. The main function
of FER is to recognize the expressions in the natural environ-
ment to judge people’s emotions and inner activities and
produce a series of FER systems [3, 4].

The applications of FER include the following: (1) secu-
rity monitoring. At present, face recognition system has

been widely used. It can realize the recognition of specific
faces in complex crowd, predict the behavior and activities
of the recognized people through the facial state of the rec-
ognized people, and analyze their action intention. In order
to prevent dangerous situations in public places, these FER
systems can be placed in specific public places, and facial
expressions can be used to determine whether someone is
engaging in illegal activities or entering illegal places. If an
abnormality is found, the system will sound an alarm to
avoid emergencies in public places. (2) Medical care assis-
tance. Many hospitals have introduced robots that can detect
the facial expressions of patients. These robots can deter-
mine whether there is a problem with the patient’s body
based on the various facial expressions of the patient. For
example, when the patient’s facial expression is very stable,
then, the patient’s physical condition is good; when the
patient’s face shows painful and uncomfortable expression
characteristics, then, the patient’s body may have problems.
When a problem occurs, the ward monitor will immediately
send an alarm to inform the medical staff that the patients in
the ward need emergency treatment. Not only that, this type
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of robot can also be used in the home of the elderly who live
alone. (3) Safe driving. In order to prevent traffic accidents,
the driver’s FER technology application safety assistance sys-
tem has begun to spread all over the world. Driving for a
long time is prone to fatigue, which may lead to improper
driving. Therefore, it is necessary to stop driving and have
a period of rest. A camera for recognizing facial expression
is installed in the vehicle, which can monitor the driver’s
facial expression in real time. When the expression charac-
teristics of fatigue appear, it will remind the driver that he
should rest and assist the driver to stop. The auxiliary system
improves the driver’s safety factor to a great extent and
reduces the occurrence of unnecessary traffic accidents. (4)
Entertainment. The development of interactive games has
enriched people’s lives. Such games mainly make corre-
sponding judgments according to the changes of people’s
facial expressions. For example, when the expression shows
the characteristics of panic, the expression monitoring cam-
era of the game will immediately add relaxed elements after
receiving expression feedback to relax ones nervous mood.
When the expression has the characteristics of carelessness,
it will give one some stimulating elements to increase the
attraction of the game. (5) In the field of criminal investiga-
tion, the analysis of the subtle expression changes of the sus-
pect can be used to determine whether the other party is
lying and assist the police in solving the case.

Generally speaking, FER is to extract and analyze the fea-
tures related to emotional expression of facial images and
judge the emotion contained in facial images by using the
prior knowledge of human emotional information. In the
process of human-computer intelligent interaction, the
development of good and reliable FER technology will
enable the computer to well understand people’s emotional
state and obtain the ability to perceive and understand
human social behavior, which will make the human-
computer interaction system intelligent. In generally, the
FER system mainly includes three stages: face detection
and preprocessing, feature extraction, and FER [5]. In a
complete FER process, firstly, the image is obtained through
the external image acquisition equipment and detected to
segment the corresponding facial expression image. Then,
the facial expression-related features are extracted to obtain
a good emotional feature representation of the facial expres-
sion image. Finally, the classification model is trained based
on emotional feature recognition.

There are four commonly used kinds of facial expression
feature extraction algorithms: geometry, texture, representa-
tion, and deep learning algorithms [6]. The geometry feature
extraction algorithm is aimed at representing the structural
changes of the face as a whole. It mainly uses the geometric
relationship of facial points to extract the facial expression
features. Lee [7] established shape model and texture model
for training samples at the same time in the model establish-
ment stage and then combined them to form active appear-
ance models to obtain reliable expression features. It is a
geometric feature extraction method. The texture feature
extraction method uses the characteristics of face image
pixels to represent the local subtle changes of the face
expression image. Representative methods include local

binary pattern (LBP) [8] and scale invariant feature trans-
form (SIFT) [9].

The last type is to use the deep learning method to auto-
matically learn and extract facial expression image features.
For example, Kuo et al. [10] used a convolutional neural
network (CNN) for FER and achieved good recognition per-
formance. Li and Deng [11] used a bimanifold CNN (DBM-
CNN) to learn the discriminative features of facial expres-
sion images. In the whole process of FER, the last stage is
facial expression classification. At this stage, the obtained
efficient feature representation and the labels of training data
are used to train a good classifier for FER system. Sparse
representation-based classification (SRC) was proposed in
2009 [12]. This algorithm has been successfully applied to
face recognition, especially when the samples are damaged
or occluded. However, because the SRC algorithm involves
the optimization of the l1 norm, when the data scale of the
linear combination is large, the computation cost will be
greatly increased, and it is not suitable for practical applica-
tions. Researches have proposed a large number of improve-
ment algorithms to solve this problem. These algorithms can
be simply divided into two types: one is to select representa-
tive training samples, and the other is to refine training sam-
ple information through dictionary learning. By selecting
representative training samples, the data can be compressed
to reduce the computation scale, thereby speeding up the
efficiency of sparse decomposition. Li et al. [13] selected
the nearest neighbor samples as the representation data.
Hui et al. [14] combined SRC and local linear embedding
strategy together into the speed up sparse decomposition.
Ortiz and Becker [15] developed a sparse representation
classification algorithm. This algorithm used linear regres-
sion to filter training samples before sparse optimization,
thereby reducing computation time.

The sparse classification method based on dictionary
learning can effectively accelerate the efficiency of sparse
decomposition. Dictionary learning can obtain a dictionary
with a small scale but a large amount of information [16,
17]. The most classical dictionary learning algorithm is the
K-SVD algorithm proposed by Aharon et al. [18]. Zhang
and Li [19] introduced the classification error term based
on the K-SVD algorithm and proposed the discriminative
D-KSVD algorithm. The dictionary learned by the algorithm
has the discriminative ability. Similarly, Jiang et al. [20]
made full use of the label information of training samples
and proposed LC-KSVD algorithm with label consistency
constraints. Due to the existence of label constraints, the
coding coefficients of similar training samples were similar,
so as to improve the discrimination ability. Xu et al. [21]
developed a within-class-similar discriminative dictionary
learning algorithm. The algorithm improved the discrimina-
tive ability by using intraclass divergence restrictions in the
coding coefficients.

In order to reduce the computation scale, we consider
projecting the original image into a low-dimensional sub-
space and embedding a multiclass support vector machine
into the sparse representation classification algorithm. Based
on this idea, this paper proposes a sparse representation
classifying embedding subspace mapping and support vector
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machine (SRC-SM-SV). In detail, when learning sparse cod-
ing, the proposed algorithm uses the Laplacian regulariza-
tion term and principal component analysis to mine the
geometric structure information of sample features in a
low-dimensional subspace. At the same time, using the label
information, this algorithm further introduces a multiclass
support vector machine, so that the learned sparse represen-
tation has better discriminative ability. A series of experi-
ments on Japanese female facial expression database
(JAFFE) [22] and extended Cohn Kanade (CK+) [23] data-
sets are carried out to compare with the proposed algorithm,
which further proves the effectiveness of the proposed
algorithm.

2. Related Work

The sparse representation classification algorithm based on
sparse constraint comes from the classical sparse theory.
With the rapid development of mathematics-related fields,
sparse representation methods based on sparse constraints
have been widely used in image processing and other related
fields and have achieved success in practical applications
such as image restoration, classification, restoration, and
segmentation. Each sample is expressed as a sparse linear
combination of dictionary atoms. There are n image samples
with C classes. Each sample is sparse represented by the fea-
ture vector y, and the feature dimension is m. All training
samples represent in a matrix Y ∈ Rm×n, where Y = ½y1, y2,
⋯, yn�. L = ½l1, l2,⋯, ln� ∈ RC×n is the class label matrix of Y
, and li is the class label of yi. Dz is the learned dictionary
matrix with N atoms. For the matrix Y, Z = ½z1, z2,⋯, zn�
∈ RN×n is the sparse coding matrix on the dictionary Dz.
The objective function of sparse representation can be
expressed as

min
Dz ,Z

Y −DzZk k2F + α〠
n

i=1
zik k0,

s:t: dik k2 ≤ T0, ∀i,
ð1Þ

where k⋅kF is Frobenius norm and k⋅k0 is l0 norm. The sec-
ond term of Equation (1) computes the number of nonzero
items of zi. α is an adjustable parameter that balances coding
coefficients and sample reconstruction item. Given the dic-
tionary Dz, the minimization problem on sparse coding
coefficient matrix Z is a NP hard problem. Equation (1)
can be solved by l1 norm by replacing l0 norm. To deal with
the classification problem, some algorithms add the classifi-
cation error term into the framework of sparse representa-
tion. One of the representative algorithms is D-KSVD. Its
objective function is

min
Dz ,Z,ω

Y −DzZk k2F + α1 L − ωZk k2F + α2 ωk k2F ,

s:t: dik k0 ≤ T0,∀i ,
ð2Þ

where ω is the parameter for a linear classifier. α1 and α2 are
two regularization parameters.

As can be seen from Equation (2), the D-KSVD algo-
rithm integrates dictionary learning and linear classifier into
a framework. To promote the discriminative ability of sparse
representation classification algorithms, some researches
embed the idea of support vector machine into the sparse
representation framework. For example, the objective func-
tion of the support vector-guided dictionary learning algo-
rithm [24] is

min
Dz ,Z,ω

Y −DzZk k2F + 2α1 〠
C

c=1
f Z, lc, ωc, bcð Þ + α2 Zk k2F ,

s:t: dik k0 ≤ T0, ∀i,
ð3Þ

where lc and ωc are the label matrix and classifier parameter
of the cth class sample, respectively. f ðZ, lc, ωc, bcÞ is the
SVM term, f ðZ, lc, ωc, bcÞ = kωck22 + δ∑n

i=1ℓðzi, li, ωc, bcÞ.
The function ℓð⋅Þ is the loss function in SVM. δ is the pen-
alty parameter.

3. Sparse Representation Classify Embedding
Subspace Mapping and Support Vector

3.1. The Objective Function. The features of facial expression
images are mostly high-dimensional. Therefore, the SRC-
SM-SV algorithm tries to find a suitable subspace to reduce
the feature dimensions and redundant information, so as to
obtain more effective feature representation. In the subspace,
the SRC-SM-SV algorithm fully utilizes label information of
training data and adopts the Laplacian regularization term
and principal component analysis term. Thus, the sparse
representation is obtained by maximizing the interclass sep-
arability and minimizing the intraclass discreteness.

Denoting Γ ∈ Rp×m as a projection matrix, the new fea-
ture representation of image dataset Y can be written as Γ
Y. Dz = ½d1, d2,⋯, dN � ∈ Rp×N is the dictionary learned in
the new feature space. The data in the real world is easily
polluted by noise. In order to better mine the data structure,
we establish the Laplacian regularization term based on dic-
tionary atoms. The element of the similarity matrix G is
expressed as

Gij =
exp −

di − d j

�� ��
2

σ

 !
, if dj ∈ KNN dið Þ,

0, otherwise,

8>><
>>: ð4Þ

where KNNðdiÞ means the k-nearest neighbor function and
σ is the k-nearest neighbor parameter.

The Laplacian regularization term can be written as

1
2〠

N

i=1
〠
N

j=1
zi − zj
� �2Gij = Tr ZLΩZT� �

, ð5Þ

where LΩ =H −G is the Laplacian matrix, H = diag ðG1,⋯,
GNÞ, and Gi =∑N

j=1Gij.
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Based on the above idea, the objective function of SRC-
SM-SV is defined as

<Dz, Γ, Z, ω, b> = arg min ΓY −DzZk k2F + αTr ZLΩZT� �
+ β〠

i,j
ηi,j Γyi − Γyj
��� ���2

2
− γTr ΓYYTΓT

� �

+ λ〠
C

c=1
f Z, lc, ωc, bcð Þ

s:t: ΓΓT = I,

dik k22 ≤ 1,∀i: ð6Þ

The first term kΓY −DzZk2F in the objective function is
the reconstruction error term. The second term TrðYLΩYT

Þ is the Laplacian regularization term. The third term ∑i,j
ηi,jkΓyi − Γyjk22 is the mapping reconstruction term. A simi-

larity matrix with label information η is constructed; the ele-
ment ηi,j in η can be defined by

ηi,j =
1, li = l j,
0, otherwise:

(
ð7Þ

The forth term TrðΓYYTΓTÞ in the objective function is
the principal component analysis (PCA) term, which is used
to mine the structure information of the data. The last term
∑C

c=1 f ðZ, lc, ωc, bcÞ is the SVM term.
To simplify ∑i,jηi,jkΓyi − Γyjk22 term, we define a matrix

L =M − η, where M = diag ðη1,⋯, ηNÞ and ηi =∑N
j=1ηij. We

obtain the following equation:

〠
i,j
ηi,j Γyi − Γyj
��� ���2

2
= Tr ΓYLYTΓT

� �
: ð8Þ

Then, the objective function of SRC-SM-SV is re-written
as

<Dz, Γ, Z, ω, b> = arg min ΓY −DzZk k2F + αTr ZLΩZT� �
+ Tr ΓY βL − γIð ÞYTΓT

� �
+ λ〠

C

c=1
f Z, lc, ωc, bcð Þ,

s:t: ΓΓT = I,

dik k22 ≤ 1,∀i: ð9Þ

3.2. Solution of Optimization Variables. The alternating
optimization method is used to tune the variables of
{Dz, Γ, Z, ω, b}.

(1) First, we tune the variables Γ. Following the Proposi-
tion in [25], let

Γ = YUð ÞT , ð10Þ

Dz = ΓYB, ð11Þ
where U ∈ Rn×p, B ∈ Rn×N

Equation (9) can be repressed as

<B,U, Z, ω, b> = arg min UTS I − BZð Þ�� ��2
2++αTr ZLΩZT� �

+ Tr UTS βL − γIð ÞSTU� �
+ λ〠

C

c=1
f Z, lc, ωc, bcð Þ,

s:t:USUT = I,

dik k22 ≤ 1, ð12Þ

where S = YTY.
When the variables B, Z, ω, b are fixed, Equation (9) can

be rewritten as

<U> = arg min UTS I − BZð Þ�� ��2
2 + Tr UTS βL − γIð ÞSTU� �

,

s:t:USUT = I:
ð13Þ

Equation (13) has a closed-form solution, which has the
form as

U =ΩΠ−1/2H: ð14Þ

where S =ΩΠΩT and H is the optimal solution of the fol-
lowing problem,

H = arg min Tr HTΔH
� �

,

s:t: HTH = I,
ð15Þ

where Δ =Π1/2ΩTððI − BZÞðI − BZÞT + ðβL − γIÞÞΩΠ1/2.
Then, according to Proposition in [25], Γ can be tuned as

ðYUÞT .

(2) Tune Dz: with the other parameters fixed, Equation
(9) can be rewritten as

<Dz> = arg min ΓY −DzZk k22,
s:t: dik k22 ≤ 1

ð16Þ

Using the Lagrange dual method, Dz can be computed as

Dz = ΓYZT� �
ZZT +Θ∗� �−1, ð17Þ

where Θ∗ is a diagonal matrix constructed from all the opti-
mal dual variables. Then, matrix B can be computed by

ðUTSÞ†Dz, where ð·Þ† denotes the pseudoinverse matrix.

(3) Tune Z: with the other parameters fixed, Equation
(9) can be rewritten as
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<Z > = arg min ΓY −DzZk k22 + αTr ZLΩZT� �
+ λ〠

C

c=1
f Z, lc, ωc, bcð Þ:

ð18Þ

Equation (18) can be expanded as

arg min
zi

Γyi −Dzzik k22 + αTr ziLΩzTi
� �

+ λ〠
c∈ϕ

lci ωT
c zi + bc

� �
− 1

�� ��2
2,

ð19Þ

where ϕ = fc ∣ 1 ≤ c ≤ C, lci ðωT
c zi + bcÞ − 1 > 0g.

We can obtain a closed-form solution of zi as

zi = DT
z Dz + αLΩ + λ〠

c∈ϕ
ωcωT

c

 !‐1

DT
z Γyi + λ〠

c∈ϕ
ωc l

c
i − bcð Þ

 !
,

ð20Þ

where lci is the class label of zi in the c th SVM.

(1) Tune ω and b: with the other variables fixed, Equa-
tion (9) is transformed to a multiclass SVM classifi-
cation problem

arg min
ω,b

〠
C

c=1
ωck k22 + λ〠

n

i=1
f zi, lci , ωc, bcð Þ

( )
ð21Þ

Here, we utilize the multiclass SVM [26] to solve Equa-
tion (21).

When the optimization procedure is completed, we
obtain the optimal variables {D∗

z , Γ∗, ω∗, b∗}. For the testing
sample ynew, its sparse coding vector znew can be computed
by Equation (20). Then, its classification result can be classi-
fier by a multiclass SVM.

The optimization of the SRC-SM-SV algorithm is shown
in Algorithm 1.

4. Experiment

4.1. Datasets and Experiment Setting. The experiments of
FER are conducted on JAFFE [22] and CK+ [23] datasets
in this study. The JAFFE has 213 facial expression images,
including a variety of facial expressions of 10 Japanese
women. The samples of CK+ dataset are facial expressions
from different countries, nationalities, and genders. It is a
relatively perfect public dataset at present. Figures 1 and 2
show some examples of facial expression images in JAFFE
and CK+ databases, respectively. In the experiment, we

Input: labeled training data Y, regularization parameters α,β,λ,γ, and δ.
Output: the optimal variables {D∗

z , Γ∗, ω∗, b∗}
1. Initialize the dictionary Dz using K-SVD algorithm

t = 1
While not convergence or t <maximumnumber of iterations
2. Compute the similarity matrix G via Equation (4);
3. Tune the mapping matrix Γ via Equations (10)–(15);
4. Tune the dictionary Dz via Equation (17);
5. Tune sparse coefficient matrix Z via Equation (20);
6. Tune the fω, bg via Equation (21);

t = t + 1
end while

Algorithm 1: SRC-SM-SV algorithm

Figure 1: The example images in the JAFFE dataset.

Figure 2: The example images in the CK+ dataset.
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selected 183 images in JAFFE and 210 images in CK+.
Table 1 shows the number distribution of six types of
expressions in the two databases. We crop and converted
these facial images to 60 × 60 pixels and extract LBP feature.
Specifically, each face image is divided into 9 (3 × 3) regions
and extracted 2304-dimensional LBP feature. In addition, we
use a fine-tuning Res Net-50 model [27] to obtain 2048-
dimensional deep feature. Six basic expressions shared by
the two databases, namely, anger, disgust, fear, happiness,
sadness, and surprise, were selected as the objectives of the
classification task. We use the enhancement method to
expand the data to 3 times of the original images for JAFFE
and CK+ datasets. In the experiment, the SRC-SM-SV algo-
rithm is compared with several algorithms, including SRC
[12], K-SVD [18], LC-KSVD [19], FDDL [28], SVGDL
[24], SDDL [21], and LCDL-SV [29]. In the SRC-SM-SV
algorithm, the dimension of mapping subspace is set to be
500, and the learned dictionary has 420 atoms. SRC-SM-
SV needs to adjust the regularization parameters α, β, λ, γ,
and δ. The value range of regularization parameters is set
f10−3, 10−2,⋯, 103g. We empirically find that there is no
rule to follow for the influence of parameter changes on rec-
ognition accuracy. Therefore, we tune the regularization
parameters in the strategy of grid optimization. The param-
eters in other comparison algorithms are set according to
their default settings. All experiments are conducted with
MATLAB R2019b.

4.2. Results and Analysis. Tables 2 and 3 show the confusion
matrix of the proposed SRC-SM-SV algorithm in JAFFE
dataset using LBP and deep features, respectively. It can be
seen in Table 2 that the recognition accuracies of happy
and surprise expressions in the SRC-SM-SV algorithm are
the highest, reaching 95% and 95.5%, respectively. Because

the facial features of these two expressions are exaggerated
and have large motion range, so the model is easier to extract
features. The recognition effects of the SRC-SM-SV algo-
rithm on disgust, fear, and sad expressions are slightly poor,
but the recognition rates are also about 87.5%. Because both
fear and sad have the characteristics of opening their lips
and tense forehead, while disgust and sad have similar eye-
brow characteristics and wrinkled corners of the mouth,
these three expressions have certain similarities and are
prone to misclassification. In addition, the recognitions of
disgust and sad are easy to interfere with each other.

Tables 4 and 5 show the confusion matrix of the pro-
posed algorithm on CK+ dataset using LBP and deep fea-
tures, respectively. The confusion matrixes of the model on
CK+ dataset are similar to those on the JAFFE dataset. As
can be seen from Tables 4 and 5, the SRC-SM-SV algorithm
is the easiest to recognize happy expression, and the recogni-
tion rate reaches 98% when using deep feature. The second
best recognition rate is surprise, with a recognition rate of
97% when using deep feature. Because surprise is exagger-
ated and its features are easier to learn, so the recognition
rate of surprise expression is also higher. Disgust and sad
are confused and lead to errors in recognition, because their

Table 3: Confusion matrix (%) for the results of SRC-SM-SV using
deep feature on the JAFFE dataset.

Angry Disgust Fear Happy Sad Surprise

Angry 94.50 2.50 0 0 3.00 0

Disgust 1.00 91.50 2.00 0 5.50 0

Fear 2.20 2.20 88.50 0 5.60 2.50

Happy 0 0 1.25 95.20 0 3.55

Sad 1.25 3.88 2.71 0 91.26 0.90

Surprise 0.45 1.50 1.85 0 0 96.20

Table 4: Confusion matrix (%) for the results of SRC-SM-SV using
the LBP feature on the CK+ dataset.

Angry Disgust Fear Happy Sad Surprise

Angry 90.75 7.00 1.25 0 1.00 0

Disgust 1.00 95.00 0 0 4.00 0

Fear 0 1.00 87.5 5.50 3.60 2.40

Happy 0 0 0 95.5 0 4.50

Sad 1.52 4.50 1.60 0 92.38 0

Surprise 0 0 2.00 1.00 0 97.00

Table 5: Confusion matrix (%) for the results of SRC-SM-SV using
deep feature on the CK+ dataset.

Angry Disgust Fear Happy Sad Surprise

Angry 95.50 3.00 1.00 0 0.50 0

Disgust 2.00 95.00 0 0 3.00 0

Fear 0 2.00 91.5 2.5 2.00 2.00

Happy 0 0 0 98.00 0 2.00

Sad 1.50 4.00 1.50 0 93.00 0

Surprise 0 0 2.00 1.00 0 97.00

Table 1: Number distribution of 6 types of facial expressions in
JAFFE and CK+.

Facial expression types JAFFE CK+

Angry 31 45

Disgust 29 59

Fear 30 25

Happy 32 69

Sad 30 28

Surprise 31 83

Table 2: Confusion matrix (%) for the results of SRC-SM-SV using
LBP feature on the JAFFE dataset.

Angry Disgust Fear Happy Sad Surprise

Angry 94.50 2.06 0 0 3.44 0

Disgust 4.26 88.68 1.86 0 5.20 0

Fear 1.60 3.00 87.50 0 4.60 2.30

Happy 0 0 1.20 95.00 0 3.80

Sad 2.68 4.50 3.00 0 88.62 0.20

Surprise 1.06 1.40 2.04 0 0 95.50

6 Wireless Communications and Mobile Computing



expressions are similar, especially the part of the mouth.
Fear expression recognition is relatively weak, mainly
because the number of fear samples is small and the features
that can be learned are relatively small.

The comparison results on the JAFFE dataset using LBP
and deep features are shown in Figures 3 and 4, respectively.
Firstly, the results in Figure 3 show that SRC-SM-SV obtains
the best performance under the LBP feature. Secondly, the
results in Figure 4 show that SRC-SM-SV also obtains the

best performance under the deep feature. The average recog-
nition rate of the SRC-SM-SV algorithm on all expressions is
94.18%, which improves the performance by 6.29% com-
pared with SRC and 1.28% compared with the second best
LCDL-SV algorithm. On the one hand, it shows that the
deep feature of automatic learning can be well used for rec-
ognition and classification. On the other hand, it shows the
advantages of the proposed SRC-SM-SV. Compared with
the LCDL-SV algorithm, the objective function of the
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Figure 4: The comparison results of deep feature on the JAFFE dataset.
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Figure 5: The comparison results of LBP feature on the CK+
dataset.
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Figure 6: The comparison results of deep feature on the CK+
dataset.
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Figure 3: The comparison results of LBP feature on the JAFFE dataset.
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proposed algorithm includes subspace mapping and PCA
terms, which shows that these two terms have significant
benefits to FER tasks. The comparison results on the CK+
dataset using LBP feature and deep feature are shown in
Figures 5 and 6, respectively. The results are similar to those
in Figures 3 and 4. The results of Figures 5 and 6 also illus-
trate that our proposed algorithm is effective.

To further compare the recognition accuracy of each
expression, Tables 6 and 7 show the recognition accuracy
of each comparison algorithm on the JAFFE dataset in six
expressions using LBP and deep features, respectively.
Tables 8 and 9 show the recognition accuracy of each com-
parison algorithm on the CK+ dataset in six expressions
using LBP and deep features, respectively. From these

results, we can see that SRC-SM-SV algorithm shows good
recognition performance in each expression and obtains bet-
ter performance than other algorithms. Especially on the
JAFFE dataset, the recognition rate of SRC-SM-SV is 3 to
6 percentage higher than other algorithms, which also shows
that this algorithm is suitable for FER.

5. Conclusion

As one of the most important tasks in the field of emotional
computing, FER has wide applied in many practical applica-
tions, such as computer vision, multimedia entertainment,
and machine intelligence. To improve the recognition per-
formance of FER technology in practical applications, this
paper explores and studies the FER system based on sparse
representation classification. Then, a sparse representation
classify embedding subspace mapping and support vector
machine is developed in this paper. In this algorithm, the
subspace learning and support vector machine are combined
into the framework of sparse representation classification to
obtain the discriminative sparse representation in low
dimensional subspace. At the same time, this algorithm
combines Laplacian regularization term and PCA term into
the model to better minimize the intraclass discreteness and
maximize the separability between classes. Although this
study has made some achievements in FER, there are still
many problems worthy of further research and exploration
in practical applications. For example, the SRC-SM-SV algo-
rithm can be extended to more complex FER tasks, such as
multisource cross-database scenes, multimodal/cross-modal
scenes, multiview scenes, and facial expression action unit
recognition. In addition, the computational complexity of
our algorithm is relatively high. At present, our algorithm
is difficult to be applied in a large-scale dataset. Therefore,
exploring the theory of fast sparse optimization is a direction
of our research.

Data Availability

Two public datasets JAFFE and CK+ are used in this study.
The JAFFE dataset can be downloaded in the hyperlink:
https://zenodo.org/record/3451524#.YZT9EFVByM8. The
CK+ dataset can be downloaded in the hyperlink: https://
www.kaggle.com/shawon10/ckplus.

Table 6: Performance results on the JAFFE dataset using LBP
feature.

Angry Disgust Fear Happy Sad Surprise

SRC 89.13 83.03 83.14 88.05 82.04 83.14

K-SVD 89.85 83.86 83.99 88.52 82.75 83.61

LC-KSVD 90.80 84.57 84.24 89.11 83.01 83.68

FDDL 92.13 85.68 84.70 90.65 84.63 84.74

SVGDL 93.09 85.74 84.60 90.78 84.69 86.87

SDDL 94.29 87.01 86.13 92.87 85.28 88.65

LCDL-SV 94.66 87.30 86.68 94.03 85.61 90.46

SRC-SM-SV 95.00 88.68 87.50 95.00 88.62 92.54

The bold values in Tables 6–9 means the best classification results in the
experiments.

Table 7: Performance results on the JAFFE dataset using deep
feature.

Angry Disgust Fear Happy Sad Surprise

SRC 90.45 87.30 85.21 90.88 86.65 88.90

K-SVD 91.57 88.74 86.06 92.79 86.73 90.03

LC-KSVD 91.69 89.06 86.14 93.29 87.67 90.39

FDDL 92.39 89.91 87.56 93.88 88.43 90.99

SVGDL 93.01 90.05 87.16 94.33 89.38 91.19

SDDL 93.75 90.26 88.14 94.60 89.59 92.27

LCDL-SV 95.02 90.56 88.23 94.74 90.40 93.59

SRC-SM-SV 96.50 91.50 88.50 95.20 91.26 94.20

Table 8: Performance results on the CK+ dataset using LBP
feature.

Angry Disgust Fear Happy Sad Surprise

SRC 86.54 86.91 85.24 91.02 86.47 88.02

K-SVD 86.63 87.28 85.87 91.75 87.08 88.86

LC-KSVD 87.54 87.98 86.40 92.44 87.77 89.47

FDDL 88.10 89.96 86.30 92.56 90.04 92.28

SVGDL 88.48 90.28 86.41 92.83 90.62 93.24

SDDL 89.33 91.82 87.16 94.54 90.91 94.35

LCDL-SV 90.17 92.32 87.16 95.16 91.24 95.09

SRC-SM-SV 90.75 95.00 87.50 95.50 92.38 97.00

Table 9: Performance results on the CK+ dataset using deep
feature.

Angry Disgust Fear Happy Sad Surprise

SRC 90.88 90.63 87.04 92.55 90.82 92.34

K-SVD 91.61 92.06 88.91 94.34 91.41 92.44

LC-KSVD 92.23 92.70 89.37 95.31 92.09 92.57

FDDL 93.38 93.28 90.99 96.41 92.72 93.86

SVGDL 93.41 94.15 90.98 96.91 92.63 94.12

SDDL 94.04 94.28 91.30 97.28 93.05 94.16

LCDL-SV 95.01 94.51 91.47 97.68 93.12 94.82

SRC-SM-SV 95.50 95.00 91.50 98.00 93.00 97.00
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