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Abstract

Automatically recognizing facial expressions in video sequences is a challenging task because there is little
direct correlation between facial features and subjective emotions in video. To overcome the problem, a video
facial expression recognition method using spatiotemporal recurrent neural network and feature fusion is
proposed. Firstly, the video is preprocessed. Then, the double-layer cascade structure is used to detect a face in
a video image. In addition, two deep convolutional neural networks are used to extract the time-domain and
airspace facial features in the video. The spatial convolutional neural network is used to extract the spatial
information features from each frame of the static expression images in the video. The temporal convolutional
neural network is used to extract the dynamic information features from the optical flow information from
multiple frames of expression images in the video. A multiplication fusion is performed with the spatiotemporal
features learned by the two deep convolutional neural networks. Finally, the fused features are input to the
support vector machine to realize the facial expression classification task. The experimental results on
cNTERFACE, RML, and AFEW6.0 datasets show that the recognition rates obtained by the proposed method
are as high as 88.67%, 70.32%, and 63.84%, respectively. Comparative experiments show that the proposed
method obtains higher recognition accuracy than other recently reported methods.
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1. Introduction

Emotional communication is the most natural way of communication between people. Facial
expressions, for example, contain rich emotional information which make them important for exchanging
information between people. Facial expression recognition methods for video [1-5] automatically
recognize the emotional state of faces. Facial expression recognition technology remains an active
research area; it has wide application prospects in the fields of human-computer interaction, virtual
reality, security monitoring, and identity authentication.

According to the format of the input image, facial expression recognition systems can be divided into
two categories: expression recognition systems based on video and expression recognition systems based

on static image [6,7]. In the video expression recognition systems, the spatial characteristics based on a
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static image cannot achieve a good facial expression classification of the video, because the method does
not consider the temporal dynamics of the expression [8-10].

To improve the accuracy and computational efficiency of video expression recognition, a novel method
using a recursive fusion of a space-time convolutional neural network (RFSCNN) is proposed. The main
innovations of the proposed method are summarized as follows:

* A two-layer cascade structure is proposed. It iterates continuously through a gradient boosting
regression tree, which improves the convergence speed of the model and reduces errors.

¢ Feature fusion is proposed. It integrates the learned spatiotemporal expression features and classifies
them through the classifier, which improves the accuracy of the model.

The overall structure of the paper is as follows. The relevant work on video expression recognition and
the motivation for the research problem are introduced in Section 2. Section 3 introduces the architecture
and detailed process of the proposed method. The experimental verification on the video expression
dataset and a comparative analysis with existing methods are presented in Section 4. The conclusions and
prospects for future work are in Section 5.

2. Related Works

For the facial expression recognition of videos, scholars have proposed many methods. For example,
the authors of [11] proposed a facial recognition method using differential geometric features, which
improves model efficiency by extracting features with greater importance in the image. Sun et al. [12]
proposed a facial expression recognition method combining kernel cooperative representation and deep
subspace learning. The principal components analysis network and linear discriminant analysis network
were used to better extract advanced features and represent the abstract semantics of the given data. Then,
the features were mapped into the kernel space to capture their nonlinear similarity, which improved the
accuracy of the model. Moeini et al. [13] proposed an expression recognition method based on dual
dictionaries. By learning a regression dictionary and a feature dictionary, the real value was adjusted
according to the probability of a given facial expression of the input image; this improved the accuracy of
the model. Owusu et al. [14] proposed an expression recognition method based on multi-layer feed-forward
neural networks and Haar features. It extracted the salient features of the face to improve the efficiency of
the model. Jain et al. [15] proposed a hybrid deep convolutional neural network facial expression recognition
method. The internal relationship of the image and the recursive network was extracted, and the time
dependence of the image was considered in the classification process. This improved the accuracy rate of
the model. However, these methods did not consider the edge features of the image.

The authors of [16] proposed the pattern averaging method to reduce the image dimension by averaging
adjacent pixels, which reduced the model running time. Hossain and Yousuf [17] proposed a non-verbal
communication real-time facial expression recognition system, which detected all face features through
the OpenCV Haar Feature cascade classifier and improved the recognition rate of the model. Yuan and
Mao [18] proposed exponential elastic preserving projections, which improved the recognition rate by
extracting the local geometric and global information of the dataset through elastic preserving
projections. Chen et al. [19] proposed a face expression recognition method based on the improved deep

residual network. By using the ReLu activation function, the anti-noise capability and the recognition

338 | J Inf Process Syst, Vol.17, No.2, pp.337~351, April 2021



Xuan Zhou

rate of the model were improved. Khan [20] proposed the facial expression recognition method based on
the face feature detection and feature extraction of neural network. The Sobel horizontal edge detection
method was used to reduce image noise points and improve the recognition rate of the model. However,
when the amount of data was large, these methods were prone to overfitting.

Huang et al. [21] proposed a facial expression recognition method based on expression-targeted feature
learning (ETFL), which improved the performance of the model by reducing intra-class variation and
expanding inter-class differences. Liu et al. [22] proposed the self-adaptive metric learning video
expression recognition method based on deep neural network. The adaptive cluster loss function was
used to balance the differences of intra-class and inter-class variances, which improved the accuracy of
the model. However, when the dataset was small, these methods were not effective.

Li et al. [23] proposed a new deep fusion convolutional neural network facial expression recognition
method, which improved the recognition rate of the model by fusing all of the texture features in the
image dataset. Yu et al. [24] proposed a deep cascaded peak-piloted network (DCPN), which extracted
key and subtle details of the image through peak-lead feature transformation; this improved the
recognition rate of the model. However, the running time of these methods was longer.

Boughrara et al. [25] proposed a multi-layer perceptron algorithm suitable for facial expression
recognition, which increased the accuracy of the model by adding hidden neurons. However, the
parameters were more difficult to adjust.

It can be seen from the above analysis that deep learning provides good modeling and processing
capabilities for massive datasets [26,27]. Most existing facial expression recognition methods only consider
spatial features and ignore the time-domain features, which limits their performance. To make full use of
the time domain features in video expressions, the paper studies video expression recognition methods based
on deep convolutional neural networks. The method consists of two aspects. One aspect is to extract high-

level spatial and temporal features from the video, and the other is to fuse spatial and temporal features.

3. The Overall Architecture and Basic Concepts of the Proposed
Method

Time
convolutional
neural network
Video Video Face
sample > preprocessing > detection
Spatial
convolutional
neural network
\ 4
SVM Spatlotempf)ral < Avere}ge
feature fusion Pooling

Fig. 1. Video expression recognition model based on a multi-mode deep convolutional neural network.
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The proposed face expression recognition framework model using a spatiotemporal recurrent neural
network and feature fusion is shown in Fig. 1. Two of its main components are the temporal and spatial
convolutional neural networks. The time convolutional neural network processes the optical flow signal
of the video and extracts the high-level temporal features. The spatial convolutional neural network
processes the face image of each frame in the video and extracts the high-level spatial features. Then, an
average pooling is performed on the extracted temporal and spatial features, and the spatial-temporal
feature fusion based on a DBN is performed on the feature layer. Finally, the support vector machine
(SVM) is used to complete the classification task of the video expressions. The model mainly includes
three steps: video preprocessing, deep space-time expression feature extraction, and fusion expression
classification.

3.1 Video Preprocessing

The duration of each video is different; however, the DCNN; needs a fixed size of data input.
Therefore, in the paper, the video is divided into many segments of a fixed duration, which are used as
the input to the time and spatial convolutional neural networks. In this way, the dataset for the DCNNg
training can also be expanded to a certain extent.

Assume L represents the number of frames contained in the video clip. It is also important to select the
appropriate size L for the extraction of time information features of the video. If L is too small, the video
segment contains insufficient dynamic change information. Conversely, if it is too large, the video clip
may contain excessive noise, which affects the recognition performance.

In the paper, by searching L in the range of [2,20], we find that when L=16, the time convolutional
neural network achieves the best effect. Therefore, this paper divides each video into 16-frame fragments.
When L>16, the preceding and following (L—16)/2 frames of the video are discarded. When L<16, the
preceding and following (16—L)/2 frames of the video are copied. For a video segment with =16, it
contains 15 frames of optical flow images, because every two adjacent spatial images generate a one
frame optical flow image. The optical flow image represents the displacement information of the
corresponding positions for the two adjacent frames. The specific calculation process is as follows.
Suppose the two adjacent frames in the video are 7 and #+1, and the displacement vector d; represents the
displacement information of the video. The optical flow image I, is composed of d,x and d,y. The two
channels of I, are d,x and d,y. These represent the horizontal and the vertical displacement component
of the position of two adjacent frames in the video, respectively. The input of the DCNN; is the RGB
image with three channels. Therefore, the amplitude component dt, of the optical flow image I, is

calculated as the third channel of I,.

dt, =+d'x+d’y (1

For the preprocessing of the input image of the spatial convolutional neural network, the face image
contained in each frame of the video clip is extracted in real time. The size of the area containing the key
expression parts such as mouth, nose, forehead from the original face image is an image with the size of
150%110%3. The image is the input of the spatial convolutional neural network. The extracted optical

flow image and facial expression image are scaled to 227x227x3.
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3.2 Face Detection

Due to large image differences and rough initializations, the single-layer regressor [28] is not suitable
for the entire model. The main reasons are: the single regressor is too weak, the convergence is slow
during training, and the results are poor during testing. To converge faster and be more stable during
training, a double-layer cascade structure is used as shown in Fig. 2.

Firstly, there is a training set (I;, Sy), ... (; S;), where I; is a picture and S; is the position of key points
of the face. In the regression training of the first layer, the training dataset can be written as

1, §i(t), ASL@), where I; is the picture of the dataset and §i(t) is the predicted key point position of the ¢

layer of the first layer cascade regression. ASL@ is the difference between the regression result and the

true value of the layer. Its iteration formula is:
gi(Hl) - §i(t) n ’3([’51-0)) )
AS_(M) =S - §_(z+1) 3)

When the first layer of regression cascade layers is set to T layers, the regressors 7,7, * 7, are
generated. These T regressors are the regression model required by training.

The second layer trains each regressor 7; and fits the residuals. The way to build the regressor in this
paper is to use gradient boosted regression trees. Each regressor uses a square error function to fit the
residuals. The residuals calculated in each tree correspond to the gradient of the loss function evaluated

by each training sample.

<0 S1 st ij St ST-l ST
St-1 . . St

Fig. 2. Double-layer cascade structure.

Since a regression tree is a weak regressor, both the feature indexing method and the splitting principle
are simple approaches; the regression results have limited accuracy. To improve the accuracy, a weight
value (less than one) is added to the regression result of each decision tree. More specifically, for each
base learner g,, areduction factor v is set and the weight is added in the accumulation step. The regression
goal of the regression tree remains the residual. The regression of each tree to the residual is a relatively
smooth process and has no mutation; these beneficial characteristics are due to the use of a set of relatively

small step sizes. However, adding the reduction factor slows down the training speed of the regressor.

3.3 Spatiotemporal Recurrent Neural Network

The input of the RESCNN can be any data with spatiotemporal structure [29], including a multi-channel

signal sequence or a spatiotemporal cube. Because the video sequence is a spatially regular grid structure,
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the entire network structure includes three layers: spatial recursion layer, time domain recursion layer,
and softmax classification layer. The basic framework of the RFSCNN is illustrated in Fig. 3.

The RFSCNN captures spatiotemporal information with a high discriminant in emotional signals. To
achieve this, the model stacks a spatial recursive layer and a temporal recursive layer. These are connected
with other network layers to form a whole. Both the spatial and the temporal recursive layers contain
multiple features in space or time. For each feature, the hidden state generated at the previous moment is
passed to the current moment. This hidden state is used with the current input to calculate the hidden state
at the next moment. The recursive learning process makes the convolutional layer present a deep
structure, which can better learn the correlation between the states in the sequence and establish the long-
term correlation between the regions. In addition, the benefits of the RFSCNN are that the spatial
recursive layer and the temporal recursive layer can be used as two memory units to memorize and encode
all of the scanned spatial and temporal regions. This approach can globally optimize and learn the spatial

and temporal related information in the emotional data.

v

O

v

Input data Spatial recursive layer Spatial projection Time domain recursive layer Time domain projection Softmax

Fig. 3. Overall structure diagram of the RFSCNN.

To better model the spatial correlation of each time slice in sentiment data, the spatial recursive layer
first stretches and transforms the data exhibiting a two-dimensional spatial layout into a one-dimensional
sequence. Then, the sequence is scanned in a predetermined order. As a result, the operation process is
simplified by expanding the two-dimensional spatial structure into an ordered one-dimensional sequence.
This makes the learning process more efficient and controllable. After scanning the elements sequentially
on each time slice, the convolutional layer can better characterize the high-level semantic information and
inter-region related information contained between them. It is worth noting that emotion data usually contain
interference information. Here, the spatial recursive layer uses four convolutional layers that scan in
different directions to traverse each time slice from four specific angles. Since the four convolutional layers
are complementary in direction, they can construct a complete spatial relationship and the robustness of the
model is also enhanced. The spatial domain recursive layer represents the # time slice (represented as X, ) as

a graph when modeling the spatial correlation. The graph is denoted as g, = {R;, C;}. Each spatial element
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in X, can be used as a vertex of the graph g,. R, = {xn-j}(i =1,...h,j =1,..,w) represents a set of vertices
composed of all vertices. ii and J represent the spatial position of each vertex element. ¢, = {etl—j’tkl}
represents the edge composed of spatially adjacent elements in X,. Based on the constructed graph g,,
the spatial recursive layer traverses the vertices in the graph in a predefined order. The traversal method
also defines the current input state and the previous state for the neural unit. Therefore, the spatial
recursive layer can be defined as follows:

h w
ht:j = GI (UrXrg‘/' + z tht;d X etijjkl + br) (4)
k=1 I=1
_ (Lif (k.)eN}
etij’tkl B {O’m‘her (5)

Among them, X;;; and hi; ; represent the input node and the hidden node at the position of 7 andJin
the t time slice, respectively. According to the above process, the spatial recursive layer traverses the
correlation between the time and spatial dimensions in four different directions to model and learn the
emotional features with high discriminability.

In the process of traversing all of the vertices of R, in the spatial recursive layer, the number of hidden
states generated for each given traversal direction is equal to the number of elements on each time slice,
hxw. The hidden state hy;;(i = 1,..., h,j = 1,...,w) is rewritten as hf, (k = 1, ..., K), and K=hxw. To
further detect the significant regions of emotional expression, the RESCNN projects the hidden states
generated in each traversal direction with sparse constraints. Assume that the projection matrix in a
certain traversal direction is expressed by G” = [G{;]kxk,, Where K, represents the number of hidden

states after projection. The sparse projection process can be expressed as follows:
K
s0=2,Gilyl =1, K, ©)
i=1
After sparse projection, all the features of the temporal recursive layer can be integrated as:

m, ZZPVS/V (7)

reD

where, P"is the optimizable projection matrix corresponding to each traversal direction.

In the temporal recursive layer, assume that the time length of the emotion sequence is L. When passing
through the spatial recursive layer, the spatial features generated by each time slice are m;,t =1, ..., L.
Then, the forward and reverse learning process of the temporal recursive layer can be represented as
follows:

Wo=o(R'm +V'h +b) ®)
B =0,(R'm+V'H +b") ©)

{Rf,V/,bf} and {R?,V?, bP} are the optimizable parameters during the forward and reverse traversals,
respectively. m;, h{ , and h? are the hidden states generated by the input features and the bidirectional

convolution layer, respectively. After sparse projection, the feature quantities output at time ¢ of the
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bidirectional convolution layer can be expressed as:

L - -
q}f = ZGitfhif’

- (10)
a9/ =Y Gr=1,,1,

i=1

Gf = [Gi’;] LxL, and G b = [Gil}] LxL, Tepresent the sparse projection matrix of h[ , h?. L, represents the

length of the sequence after the projection. These are integrated as:
o=Pq" +Pq (11)

where P/ fand PP” are the optimizable projection matrices corresponding to g/ and q” , respectively.

0=[010.. 001" fsthe output of the temporal recursive layer. C represents the number of sentiment categories.

3.4 Spatiotemporal Feature Fusion

The function completed by the fusion layer [30] is to fuse multiple networks at its output layer to form
a network. There are three ways to accomplish the fusion including connection, summation, and
quadrature. Assume that the two networks have output vectors of the same dimension, which are
x=(x,x,,--,x,)and y = (y,, ¥, ,»,), respectively. The fusion layer fuses them into a vector

using the following method.

* Connection method: two vectors are spliced, and the splicing formula is as follows:

c(x:y):(xpxz"":xn’ypyz:'"ay,,) (12)

* Summing method: add the two vectors by element, and the summation formula is as follows:

S(xay):(xl+y1ax2+y2a"'axn+yn) (13)

* Quadrature method: multiply the two vectors by elements, and the quadrature formula is as follows:
m(xay):(xlXylax2><y2""9'xnxyn) (14)

3.5 Loss Function

In the task of facial expression recognition, the input of the neural network is convolved,
activated, and pooled. Its output is pulled into a vector to enter several fully connected layers. The
number of fully connected neurons in the last layer is the same as the number of sample categories.
The probability that the sample belongs to each category is obtained through the softmax function.
Assume that the category number of samples is ¢ and the output of the last fully connected layer is

z € R€. Then, the probability that the output sample z; of the i neuron to category I after the

softmax function is applied is:

S (15)
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For the classification task, the cross-entropy loss function is used. Assume that the true label of the

sample isy € RC, expressed by a one-hot vector. The cross-entropy loss function is:

L:—Zyilnsi (16)
i=1

The denominator of each output of the softmax function contains z;. When calculating the partial
derivative of L with respect to z;, it is necessary to consider the case where other elements are not z;. The

chain rule yields:

oL _oL o \
0z, 0Os; 0z a7
The first term on the right side of Eq. (17) can obtain:
o(-) y,Ins))
w Ay "
0z, 0s; =y
The second term on the right side of Eq. (17) can obtain the following two cases: i =j and i # j:
e’
s, 2 (19)
—J ksl ,i= J
0z, 0z,
eZJ
0 ¢ (20)
J — k=1 ,i # ]
0Oz, Oz,
Egs. (19) and (20) can be simplified to:
aS . s;(1=s;),i=j
i 1(1=57),
= 21
Egs. (18) and (21) are substituted into Eq. (17) to obtain:
oL = f&si(lf s;)+ Zﬁsis/
azz Si jri S;
’ (22)

:_y[+sizyj =8=V
=

Thus, the overall architecture of the convolutional neural network can be obtained. The front end is
composed of multiple layers of convolution, activation, and pooling. The back end obtains the final
classification results through several fully connected layers. Therefore, the process including feature
extraction, feature selection, and classifier learning, previously accomplished separately in the traditional

methods, is completed end-to-end in the proposed approach.
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4. Experimental Results and Analysis

To verify the effectiveness of the proposed video facial expression recognition method using
spatiotemporal recursive neural network and feature fusion, experimental evaluations are performed
on the cNTERFACE, RML, and AFEW6.0 datasets. A comparative study is presented using the ETFL
[21], DCPN [24], and the proposed RFSCNN. These methods are implemented using Python3.0.

4.1 Experimental Dataset

The cNTERFACE dataset contains video samples of six basic emotion categories tested by 44
participants. Each subject has five samples under each expression. Due to the lack of samples or the
problem of unsegmented video, a total of 1,287 video samples of 43 participants were available for the
experiment.

The RML dataset has 720 videos and consists of eight people's expressions. There are six kinds of
expressions on the dataset, including angry, hate, fear, happy, sadness, and surprise. The average duration
of each video sample is approximately five seconds. The size of each image in the video is 720x480x3.

The AFEW6.0 dataset contains 773 training samples, 383 verification samples, and 593 test samples.
The video clip samples are from Hollywood movies and reality TV shows.

4.2 Analysis of Parameter Performance

To verify the number of layers of convolution layer, activation layer, and pooling layer of the proposed
video facial expression recognition method using the spatial-temporal recurrent neural network and
feature fusion, experiments were carried out on the RML, cNTERFACE, and AFEW6.0 datasets. In the
experiment, the number of convolutional layers varies from 1 to 35, the number of activation layers varies
from 1 to 7, and the number of pooling layers varies from 2 to 14. The experimental results are shown in
Figs. 4-6.

As can be seen from Figs. 4-6, when the number of convolutional layers is 20, the number of active
layers is 4, and the number of pooling layers is 12, the model can extract spatiotemporal features with a
strong characterization ability. The recognition rates on the RML, cNTERFACE, and AFEW6.0 datasets
have reached the maximum. Therefore, in the following experiments, the numbers of convolutional
layers, active layers, and pooling layers are set to 20, 4, and 12.

0
[

— RML cNTERFACE

— — AFEW®6.0

0
(=]

Accuracy(%)
>

510 15 20 25 30
Convolution layer number

Fig. 4. Performance analysis of the number of convolutional layers.
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Fig. 5. Performance analysis of the number of active layers.

Accuracy(%)
~J

>N
N

~

85 .........................................

30 — RML cNTERFACE
— — AFEW6.0

5 ..........................................

0

46 8 10 12 14
pooling layer number

Fig. 6. Performance analysis of the number of pooling layers

4.3 Feature Fusion Verification

For the convolutional layer, the number of the first layer is set to 8 and the number of the second layer

is set to 16. The number of neurons of the fully connected layer is 64. Under the same feature extraction
method, the experiment analyzes the differences of recognition rates for the temporal feature, spatial
feature, and spatial fusion feature in the three datasets. The experimental results are shown in Table 1.

It can be seen from Table 1 that the recognition rates of the temporal and spatial features are slightly
lower because the discriminative semantic features of the dataset have not been learned. The recognition

rate of the spatial and temporal feature fusion method is slightly higher because the learned image features
are more complete and more discriminative.

Table 1. Recognition accuracy rate of different fusion methods on cNTERFACE, RML, and AFEW6.0

datasets

Fusion method

Accuracy rate (%)

¢cNTERFACE RML AFEW6.0
Temporal feature 71.35 58.33 51.36
Spatial feature 74.77 65.44 55.61
Spatiotemporal features 88.67 70.32 63.84
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4.4 Recognition Results

Anger Hate Fear Happy Sadness ~ Surprise
(%) (%) (%) (%) (%) (%)
Anger 10.54 591 0 0 0
Hate 0 86.66 8.15 0 5.19 0
Fear 3.24 0 0 0 4.72
Happy 0 5.63 0 4.03
Sadness 0 5.69 0 0 88.66 5.65
Surprise 0 0 0 0 9.23 90.77
Average 88.67

Fig. 7. The confusion matrix diagram on the cNTERFACE dataset using the RFSCNN.

Angry Hate Fear Happy Sadness  Surprise
(%) (%) (%) (%) (%) (%)
Angry 0 9.26 0 14.49 0
Hate 12.27 71.34 0 0 16.39 0
Fear 20.34 0 0 0 14.38
Happy 0 0 0 32.86
Sadness 15.22 0 0 0 73.64 11.14
Surprise 18.94 0 12.79 0 0 68.27
Average 70.32

Fig. 8. The confusion matrix diagram on the RML dataset using the RFSCNN.
To illustrate the recognition of each expression by the proposed method, Figs. 7-9 show the confusion

matrix when the RFSCNN achieves the best performance on the cNTERFACE, RML, and AFEW6.0

datasets.
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It can be seen from Figs. 7-9 that the recognition effect on the cNTERFACE dataset is the best; the
recognition rate is as high as 88.67%. In the RML dataset, fear is more difficult to identify. In the
AFEWG6.0 dataset, average is more difficult to identify. The correct recognition rates are 65.28% and
57.34% for fear and average in these two datasets, respectively. The reason is that the characteristics of

the expression are similar with those of other expressions and are easily confused.

Anger Hate Fear Happy Neutral Sadness Surprise
(%) (%) (%) (%) (%) (%) (%)
Anger 0 26.78 0 0 5.37 0
Hate 0 59.34 0 0 30.57 0 10.09
Fear 11.21 0 0 0 22.58 0
Happy 0 0 0 20.67 0 18.31
Neutral 0 0 0 35.41 57.34 0 7.25
Sadness 0 28.12 0 0 0 7.63
Surprise 0 0 0 0 0 29.13
Average 63.84

Fig. 9. The confusion matrix diagram on the AFEW6.0 dataset using the RESCNN.

4.5 Comparison with Other Methods

The experiment shows the comparison between the proposed method and two existing methods on the
cNTERFACE, RML and AFEW6.0 datasets. All comparisons are carried out using LOGO cross-
validation. It is best to ensure that the training object is carried out under conditions independent of the
test object. The classifier also uses an SVM. The experimental results are shown in Table 2.

Table 2. Comparison with existing methods on cNTERFACE, RML, and AFEW6.0 datasets

Database ETFL (%) DCPN (%) RFSCNN (%)
¢NTERFACE 78.68 82.34 88.67
RML 62.06 65.81 70.32
AFEWG6.0 55.21 58.36 63.84

It can be seen from Table 2 that compared with two other existing methods, the recognition effect of
the RFSCNN is optimal: the final expression recognition rate is improved by 8.26%-9.99%. Compared
with traditional methods based on manual features, the RFSCNN is more suitable for facial expression

recognition scenarios.
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5. Conclusion and Future Work

In this paper, a new video facial expression recognition method using a spatiotemporal recursive neural
network and feature fusion is proposed. The training process is divided into two stages. Firstly, the
temporal and spatial convolutional neural networks are adjusted to extract more discriminative features
from the dataset. Secondly, the learned temporal and spatial features are fused. The experimental results
show that the training performed under the proposed RFSCNN network and the same classifier results in
a superior expression recognition effect.

In the future, investigating the serialized facial expression recognition task is going to focus on
reducing the complexity of the network structure and reducing the number of model parameters of the
RFSCNN. These reductions seek to support the accurate and efficient analysis of sequences with a larger
number of frames.
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