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Abstract 

The existing video expression recognition methods mainly focus on the spatial feature extraction of video 

expression images, but tend to ignore the dynamic features of video sequences. To solve this problem, a multi-

mode convolution neural network method is proposed to effectively improve the performance of facial 

expression recognition in video. Firstly, OpenFace 2.0 is used to detect face images in video, and two deep 

convolution neural networks are used to extract spatiotemporal expression features. Furthermore, spatial 

convolution neural network is used to extract the spatial information features of each static expression image, 

and the dynamic information feature is extracted from the optical flow information of multiple expression 

images based on temporal convolution neural network. Then, the spatiotemporal features learned by the two 

deep convolution neural networks are fused by multiplication. Finally, the fused features are input into support 

vector machine to realize the facial expression classification. Experimental results show that the recognition 

accuracy of the proposed method can reach 64.57% and 60.89%, respectively on RML and Baum-ls datasets. 

It is better than that of other contrast methods. 
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1. Introduction 

Facial expression recognition is a biological feature recognition technology that expresses and analyzes 

human facial expressions and enables computers to recognize and even understand human emotions [1-

5]. The research has important application value in the fields of human-computer interaction system, 

intelligent video surveillance system, and so on [6,7]. 

The expression recognition system based on video is relatively difficult because dynamic sequence 

image is not easy to process compared with single image [8]. Video expression recognition usually 

includes three parts: video preprocessing, expression feature extraction, and expression classification. 

Video preprocessing mainly detects and extracts human faces from the sequence images in the video [9]. 

Feature extraction refers to extracting features from facial images in the video that can describe facial 

expressions. Expression classification is to recognize expressions by inputting these extracted features 
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into a classifier [10,11]. 

To realize video expression recognition, a multi-mode feature fusion multi-mode convolutional neural 

network (MFFCNN) is proposed. The main innovations are summarized as follows: 

1) A multi-mode convolutional neural network is proposed to compress a continuous optical flow 

sequence to a single ordered optical flow graph and learn the temporal and spatial expression 

features with discriminative power. 

2) Multiplicative feature fusion is proposed. The learned spatial and temporal expression features are 

fused by compressing the excitation residual block, so that the spatial and temporal information at 

the feature level can be further learned to better distinguish similar-looking expressions. 

 

 

2. Related Work 

To realize video expression recognition, scholars have proposed many methods. For example, An and 

Liu [12] proposed an adaptive model parameter initialization method of linear activation function of 

multi-layer max out network. The method initializes a convolutional neural network (CNN) and a long 

short-term memory (LSTM) to solve the problems of gradient disappearance and gradient explosion. The 

authors of [13,14] proposed a facial expression recognition system using a multi-channel deep learning 

framework and a method of facial expression recognition based on a mixed square diagonal pattern 

geometric model to improve model efficiency by extracting features of greater importance. However, 

these methods ignore the edge features of the image. 

Li et al. [15] proposed a new face cropping and rotation strategy, which improves the model recognition 

rate by extracting useful facial features. Several studies [16-18] proposed independent recognition 

method of micro-expressions based on Wasserstein generative adversarial network, a multi-level 

uncorrelated DS-GPLVM model (ML-UDSGPLVM) and facial emotion recognition based on multi-

layer CNN to improve accuracy and robustness of facial expression recognition. However, the run time 

of these methods is longer. 

Jain et al. [19] proposed emotion recognition based on multi-component deep forest and transfer CNN. 

Features are extracted through knowledge transfer to improve the accuracy of the model. Kong [20] 

proposed a facial expression recognition method combining deep CNN and improved LBP feature, which 

improves the recognition accuracy to a certain extent. However, when the dataset has a lot of noise points, 

these methods have poor recognition results. Salmam et al. [21] proposed a model of multi-layer deep 

neural network, which improves the recognition rate of deep learning model. The authors of [22] and [23] 

proposed a dual-mode spatial and temporal feature representation learning method and an improved 

complete local ternary pattern (ICTP), respectively, which improve the model recognition rate through 

feature fusion. However, when the amount of data is large, these methods are prone to overfitting. 

Nigam et al. [24] proposed a facial expression recognition method based on directional histogram of 

wavelet domain. The discrete domain wavelet transform is used to transform the features from the spatial 

domain to the frequency domain and extract features. It shows better performance. Zia et al. [25] proposed 

a classifier-based dynamic weighted majority voting mechanism (DWMV). By enhancing the learning 

ability, all possible expression patterns of features can be learned to improve the model recognition rate. 

Wang et al. [26] proposed a classifier iterative fusion method based on multi-directional gradient 

computing features and deep learning features. The model recognition rate is improved by obtaining 



A Video Expression Recognition Method Based on Multi-mode Convolution Neural Network and Multiplicative Feature Fusion 

 

558 | J Inf Process Syst, Vol.17, No.3, pp.556~570, June 2021 

diagonal gradient information and combining the extracted features. However, these methods ignore the 

dynamic changes of the human face. 

Based on the above analysis, it is clear that deep learning has better modeling and processing 

capabilities for facial expression images in videos. Many existing deep learning methods focus on the 

spatial feature extraction of video expression images, but tend to ignore the dynamic changing features 

of the video sequence. To make full use of the optical flow information, a video facial expression 

recognition method based on deep CNN is studied in this paper. It mainly takes two steps: firstly, the 

spatial CNN and temporal CNN are used to extract high-level spatial and temporal features from the 

video, respectively. On this basis, the spatial and temporal features are multiplicative fused. 

 

 

3. Multi-mode Convolutional Neural Network Model 

3.1 Overall Architecture of the Proposed Method 

The proposed video expression recognition model framework based on multi-mode deep CNN is 

shown in Fig. 1. The model consists of three steps: video preprocessing, deep spatiotemporal expression 

feature extraction, and fusion expression classification. Temporal CNN mainly processes video optical 

flow signals and extract high-level temporal features. The spatial CNN mainly processes the face image 

of each frame in the video and extracts high-level spatial features. Then, the extracted temporal features 

and spatial features are subjected to average pooling, respectively, and the spatial-temporal feature fusion 

based on DBN is performed on the feature layer. Finally, the fused spatial-temporal features are classified 

by using support vector machine (SVM) to complete the video expression classification. 

 

 

Fig. 1. Video expression recognition model based on multi-mode deep convolutional neural network. 

 

3.2 Video Preprocessing 

Assume that L represents the number of frames contained in the video clip. A suitable size L is chosen 

to ensure the extraction of the temporal information features of the video. If L is too small, the video 

segment contains insufficient dynamic change information. Conversely, if L is too large, the video clip 

may contain too much noise and affect the recognition performance. 

By performing a sequential search within the range �2, 20� of L, it is found that when L = 16, the 

temporal CNN achieves the best results. Therefore, the paper divides each video into 16-frame-sized 
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fragments. When L > 16, this paper discards the front and back (L – 16)/2 frames of the video. When L 

< 16, the front and back (L – 16)/2 frames of the video are copied. For a video clip with L = 16, 15 frames 

of optical flow images are included, because every two adjacent spatial images will generate one frame 

of optical flow image. The optical flow image represents the displacement information of the 

corresponding positions of two adjacent frames. The specific calculation process is as follows: Let two 

adjacent frames be t and t + 1 in the video and the displacement vector �� represent the displacement 

information of the video. The optical flow image �� is composed of ��	 and ��
. ��	 and ��
 are two 

channels of ��, which represent the horizontal displacement component and the vertical displacement 

component of two adjacent image positions in the video, respectively. Considering that the input of 

��

� is RGB image with three channels, the amplitude component ��� of the optical flow image �� is 

calculated as the third channel of ��: 

 

                                                                  (1) 

 

For the preprocessing of the input images of spatial convolutional neural network, the face detection 

algorithm proposed in reference [27] is used to extract the face images contained in each frame of the 

video segment in real time. 

 

3.3 Spatial Feature Extraction 

Using full convolutional network to extract the spatial information features of each frame of static 

expression images in the video and identify the corresponding expressions, a simple convolutional 

network structure can be designed, as shown in Fig. 2. 

 

 

Fig. 2. Convolutional neural network structure for processing a single frame. 

 

The network contains two convolutional layers, a down-sampling layer, a fully connected layer and an 

output layer. The output layer function is the activation function. Here, the softmax function is selected 

and expressed as follows. 

2 2

z t t
dt d x d y 
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                                                        (2) 

 

Its essence is to map an arbitrary real vector of K dimension to a real vector of another K dimension 

and each element in the vector takes a value between (0, 1), where � = 1,2, … , � . The z of Eq. (2) 

represents the output of the fully connected layer, that is, the input of the output layer. The output of the 

neural network is converted into a probability vector and it can be seen that the magnitude of classification 

probabilities of different classes through this vector. This layer contains 6 neurons, which means that 6 

different expressions are classified. The input of the network is a picture of 128×128 pixel, and the output 

is a 6-dimensional probability vector. Each dimension represents the probability of expression classifi-

cation. In the field of image recognition, this structure has been proven to achieve very good results, but 

it also has limitations. It can only take a single frame of picture as input. Since facial expression is a 

continuous and dynamic process, if only one frame is used as input, the inter-frame information will be 

lost. It reflects, therefore, the changing process of the expression is an important classification basis. 

 

3.4 Temporal Feature Extraction 

Under the condition of preserving the order information, the continuous optical flow sequence is 

compressed into a single ordered optical flow map, and the long-term time-domain structure of the video 

is modeled [28,29]. A CNN containing motion flow is designed. The motion information features of the 

video are extracted using the ordered optical flow map as input. 

Given n frame of continuous optical flow sequence � = [��, ��, … , ��], where �� ∈ ���×��×��, and �� 

and �� are the height and width of the optical flow graph respectively. Each frame of the optical flow 

image is a horizontal and vertical component of two-channel image corresponding to the optical flow, 

expressed as ��
� , ��

�
. The corresponding weighted moving average graph of the t frame of the optical flow 

graph �	 can be defined as: 

                                                                       (3) 

The weighted average method of Formula (3) can reduce the error rate of optical flow estimation and 

the influence of white noise at the same time. The ordered optical flow diagram on the weighted moving 

average diagram of the optical flow sequence can be calculated as follows: 

 

                                                            (4) 

                                                  (5) 

 

where  is the inner product and C is the compromise parameter between the size of the boundary 

and the training error, and ��
 is the relaxation variable. Eq. (5) retains the order information of the optical 

flow frame. The parameter 	 ∈ ���×��×��  obtained by training is used to represent the optical flow 

sequence. In fact, it is of the same size as the optical flow map, so G is defined as an ordered optical flow 

map. Eqs. (4) and (5) are equivalent to the unconstrained optimization problem, that is: 
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                                             (6) 

where  is the function max (0, 
) and � = 1/�. 

It should be noted that the two channels of the optical flow diagram are the channels of the velocity 

vector, both of which describe the motion vector of the position of each pixel. Therefore, the two 

are related. The two channels are de-correlated by diagonalizing the matrix. Assume that  	� and 

	� ∈ ���×�� are two channels of the horizontal and vertical components of optical flow of ordered optical 

flow diagram G, respectively, and then Eqs. (4) and (5) can be converted as follows. 

 

                                                  (7) 

                                                     (8) 

 

The obtained 	� and 	� are transformed into the range [0, 255] to generate an ordered optical flow 

map using the minimum-maximum normalization, which is further adopted as the input of the deep 

network. 

When generating the ordered optical flow diagram, several ordered diagrams are generated for each 

behavioral video to avoid too many compressed optical flow frames to cause information loss. An optical 

flow sequence is firstly divided into several sub-sequences in unit of w frames in the time dimension with 

an interval of 
/2. Then, an ordered optical flow map is created on each subsequence with an input of 

VGG-16. The input image size is adjusted to 224×224. The ��6 layer responses of all ordered optical 

flow graphs are averaged and L2 normalized to obtain VGG features. 

To avoid overfitting due to insufficient labeled samples when training deep network and thus reducing 

the generalization ability of the network, two strategies are used to enhance the data of the long-term 

motion stream by 10 times: corner clipping and scale jitter. 

 

3.5 Spatial-temporal Feature Fusion 

To better understand the characteristics of the spatial-temporal flow network, the space compression 

excitation residual network and the time compression excitation residual network [30] are multiplied. 

The two compressed excitation residual blocks are connected bidirectionally, and the multiplication 

fusion is shown in Fig. 3. The outputs of the compressed excitation residual block of the time stream and 

the spatial stream are processed with element-level multiplication, so that the information of the residual 

unit through the spatial stream is adjusted by the time signal. Similarly, the outputs of the compressed 

excitation residual block of the spatial stream and the time stream are multiplied, and the information of 

the temporal stream is adjusted by the spatial signal. Through the multiplication fusion of time flow and 

space flow, the spatial-temporal information at the feature level can be learned, which is conducive to 

distinguishing similar-looking expressions. 

For multiple models generated by different strategies, direct average method and weighted average 

method are used for integration. Suppose there are N models to be integrated. For the test sample D, the 

test result is N vector of M dimensions  (M is the size of the labeled space of the data). The 
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calculation formulas corresponding to the direct averaging method and the weighted averaging method 

are shown in Formula (8) and Formula (9), respectively. 
 

                                                                      (9) 

 

                                                                 (10) 

 

where 
� corresponds to the weight of the i model, 
� ≥ 0  and ∑ 
� = 1�
��� . 

 

 
Fig. 3. Schematic diagram of multiplication fusion. 
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3.6 Network Training 

The experiment uses cross entropy function (CEF) as the loss function of the training network. 
 

                                                    (11) 

 

where  is the training parameter of the neural network, y is the expected output, a is the actual output 

of the neuron, and n is the number of training samples. The purpose of neural network training is to 

optimize this loss function. In the training process, the momentum algorithm is selected for training, and 

the formula is as follows: 
 

                                                                 (12) 
 

ρ is the attenuation coefficient, indicating the degree to which the original update direction is retained. 

Its value is between (0, 1). η represents the learning rate, and the value range is between (0.01~0.1). 

The Adadelta algorithm is selected for training, and its effect is significant. The formula is as follows: 

 

                                                        (13) 

 

                                                        (14) 
 

where  is the gradient of x at time t, ρ is the attenuation coefficient, and ε is the error. Through the 

attenuation coefficient ρ,  of each moment decays with ρ, which is equivalent to only using the 

information of  closer to the current moment. Therefore, the parameters can still be updated after a long 

time. 

 

 

4. Experimental Results and Analysis 

To verify the effectiveness of the proposed multi-mode CNN and multiplication feature fusion video 

expression recognition method, a sufficient experimental evaluation is performed on the RML and 

BAUM-ls video sentiment datasets. The comparison and analysis are based on different feature fusion 

methods, times and positions, and the impact of parameter changes on recognition performance is 

analyzed. The confusion matrix on the two data sets is given and the proposed method is compared with 

several other new facial expression recognition methods. These methods are implemented in Python 3.0 

using the image processing toolbox. 

 

4.1 Experimental Dataset 

The RML dataset has 720 videos consisting of the expressions of 8 people. There are 6 expressions on 

this dataset, namely angry, disgusted, scared, happy, sad and surprised. The average length of each video 

sample is about 5 seconds. The size of each image in the video is 720×480×3. 

The BAUM-ls dataset has 1,222 videos consisting of the expressions of 31 people. There are 8 

expressions on this dataset. This paper only studies 6 of them, namely angry, disgusted, afraid, happy, 

sad and surprised. And they are obtained from 521 video samples. The size of each image in the video is 

720×480×3. 
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4.2 Effect of the Way, Frequency and Position of Feature Fusion on Recognition 

Performance 

By using the same multiplication fusion method, that is, a multiplication fusion method from time flow 

to space flow, the effects of fusion number and position on recognition performance are experimentally 

analyzed. The experimental results are shown in Table 1. The recognition accuracy obtained after training 

on RML and BAUM dataset are reported. “C_2_1_R+C_2_1” indicates that the C_2_1 layer of the time 

stream is connected to the C_2_1_R layer of the spatial stream for multiplication fusion, and so on. 

 

Table 1. Recognition accuracy of fusion from time stream to space stream at different times and positions 

on RML and BAUM-ls datasets 

Fusion times Fusion position RML (%) BAUM-ls (%) 

1 C_2_1_ R+C_2_1 62.67 56.33 

 C_3_1_ R+C_3_1 61.45 55.14 

 C_4_1_ R+C_4_1 64.04 58.63 

 C_5_1_ R+C_5_1 63.21 58.32 

2 C_4_1_ R+C_4_1;  

C_5_1_ R+C_5_1 

65.02 60.21 

3 C_3_1_ R+C_3_1;  

C_4_1_ R+C_4_1;  

C_5_1_ R+C_5_1 

64.78 59.33 

4 C_2_1_ R+C_2_1;  

C_3_1_ R+C_3_1;  

C_4_1_ R+C_4_1;  

C_5_1_ R+C_5_1 

63.81 57.43 

 

As can be seen from Table 1, for single fusion, the features learned by the higher convolutional layers 

are complete and discriminative. In “single fusion, two fusions, three fusions, and four fusions,” the 

fusion of different times shows that the underlying convolution layer fusion learns more shallow features 

such as color and edges and has not learned the discriminative semantic features of the upper layer. The 

fusion of the bottom layer convolution layer and other relatively high-level convolution layers reduces 

the recognition accuracy to a certain extent. 

To explore the specific impact of different fusion methods on recognition performance, further 

experimental analysis is performed to set the fusion method to multiplication fusion from space stream 

to time stream under different fusion times and positions. The recognition accuracy rates on RML and 

BAUM-ls datasets are shown in Table 2. 

The experimental results in Table 2  show that the fusion effect using “time flow to space flow” is 

better than that using “space flow to time flow.” When using the fusion method of “space flow to time 

flow,” with the number of fusions increasing, the recognition accuracy of the two, three, and four fusions 

gradually decreases. Compared to spatial stream network, time stream network has a stronger learning 

ability and the learned features are more discriminative. Injecting the characteristics of the spatial stream 

network with relatively weak learning feature capabilities into the temporal stream network will, feature 

learning of time flow network will be interfered to a certain extent. With the increase of the number of 

fusions, it may have a negative impact, resulting in the decrease of recognition rate. 
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Table 2. Recognition accuracy of different fusion methods on RML and BAUM-ls datasets 

Fusion times Fusion position Fusion method RML (%) BAUM-ls (%) 

1 C_2_1_R+C_2_1 T→S 62.67 56.33 

  S→T 61.35 55.47 

 C_5_1_ R+C_5_1 T→S 63.21 58.32 

  S→T 62.03 57.34 

2 C_4_1_ R+C_4_1,

C_5_1_ R+C_5_1 

T→S 65.02 60.21 

S→T 64.57 58.35 

3 C_3_1_ R+C_3_1,

C_4_1_ R+C_4_1,

C_5_1_ R+C_5_1 

T→S 64.78 59.33 

S→T 64.07 58.67 

4 C_2_1_ R+C_2_1,

C_3_1_ R+C_3_1,

C_4_1_ R+C_4_1,

C_5_1_ R+C_5_1 

T→S 63.81 57.43 

S→T 62.73 56.82 

 

4.3 Performance Analysis of Parameters 

Without loss of generality, the number of feature maps of the first layer of the convolutional layer is 

set to 8 and the number of feature maps of the second layer of the convolutional layer is set to 16. The 

number of neurons in the fully connected layer is set to 64. A three-frame CNN structure is used, and the 

fusion layer is connected using four different convolution kernel sizes. Experiments are performed on the 

RML and BAUM-ls datasets. The experimental results are shown in Table 3. 

 

Table 3. Recognition rates of different convolution kernel sizes on RML and BAUM-ls datasets 

Case# 
Convolution layer 

RML (%) BAUM-ls (%) 
First layer Second layer 

1 5×5 3×3 63.52 59.32 

2 11×11 9×9 64.66 60.81 

3 17×17 15×15 65.36 62.34 

4 35×35 33×33 63.21 61.03 

 

It can be seen from Table 3 that with the increase of the convolution kernel, the recognition rate 

gradually increases, but there will be a threshold. If the convolution kernel is too large, it will reduce the 

recognition rate significantly. 

When calculating the ordered optical flow diagram, the optical flow sequence of the behavioral video 

is first divided into several sub-sequences in the unit of w frames, and then the diagram is calculated on 

each sub-sequence. If the number of sub-sequence frames is too small, it will not achieve the purpose of 

modeling a long-term time-domain structure. If it is too large, some motion information will lose. 

Therefore, a reasonable sub-sequence length needs to be determined. Fig. 4 shows the recognition results 

of different sub-sequence lengths w on two datasets when using long-term motion flow alone for behavior 

recognition. 

It can be seen from Fig. 4 that when w is 28, the recognition results obtained on the RML and BAUM-

ls datasets are relatively high. Therefore, the length of the subsequence in the experiment is 28 frames.  
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Fig. 4. Recognition accuracy of different sub-sequence lengths on RML and BAUM-ls datasets. 

 

During network training, in order to verify the value of attenuation coefficient ρ and learning rate η, 

experiments are carried on RML and BAUM-ls datasets. In the experiments, the value range of 

attenuation coefficient is 0.1–1, and the value range of learning rate is 0.01–0.1. The experimental results 

are shown in Figs. 5 and 6. 

As can be seen from Figs. 5 and 6, when the attenuation coefficient and learning rate are 0.2 and 0.02, 

respectively, the recognition rate on the RML and BAUM-ls datasets can reach the highest value. 

Therefore, in the next experiment, the attenuation coefficient is set to 0.2, and the learning rate is set to 

0.02. 

 

 
Fig. 5. Attenuation coefficient value analysis. 

 

 
Fig. 6. Learning rate value analysis. 
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4.4 Confusion Matrix 

Figs. 7 and 8 show the fuzzy matrices to illustrate the recognition of each expression using MFFCNN 

when the spatial-temporal features are fused on the RML and BALUM-ls datasets to obtain the best 

performance. It indicates that MFCNN can learn the spatial-temporal features with discriminative power 

better and thus improve the accuracy of the model. 

It can be seen from Figs. 7 and 8 that in the RML dataset, it is difficult to identify aversion and in the 

BALUM-ls dataset, it is difficult to identify sadness. The correct recognition rates are 57.68% and 

58.21%, respectively. The reason is the characteristics of these expressions are similar to those of other 

expressions, causing confusion in recognition. 

 

 
Fig. 7. Confusion matrix diagram of RML dataset using MFFCNN. 

 

 
Fig. 8. Confusion matrix diagram of BALUM-ls dataset using MFFCNN. 
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4.5 Comparison with Other Methods 

To verify the effectiveness and superiority of the algorithm in this paper, the comparison experiments 

were performed on RML and BALUM-ls based on ML-UDSGPLVM proposed by Nguyen et al. [17], 

ICTP proposed by Luo et al. [23], and DWMV and MFFCNN proposed by Zia et al. [25]. All comparisons 

are made when ensuring that the training set and test set are irrelevant. SVM is used as the classifier. The 

experimental results are shown in Table 4. 

 

Table 4. Accuracy (%) obtained by several expression recognition methods 

Datasets ML-UDSGPLVM [17] DWMV [25] ICTP [23] MFFCNN 

RML 57.66 58.64 60.07 64.57 

BAUM-ls 53.06 54.09 55.29 60.89 

 

It can be seen from Table 4 that under the same classifier, compared with several other expression 

recognition methods, MFFCNN can achieve a higher recognition accuracy rate, since the proposed 

MFCNN fully considers the dynamic changes of the video sequence to learn the spatiotemporal features 

with discriminative ability. At the same time, by multiplying temporal and spatial streams, the spatial-

temporal information at the feature level can be learned, which enhances the distinguishing ability of 

similarly-looking expressions. Therefore, the proposed MFFCNN can effectively improve the 

recognition accuracy of CNN model. 

 

 

5. Conclusion 

In this paper, a new video expression recognition method based on multi-mode CNN and multiplicative 

feature fusion is proposed. The training process of the proposed method is mainly divided into two stages. 

Firstly, the spatiotemporal CNN is fine-tuned on the target video expression dataset to learn the 

discriminative spatiotemporal expression features. Secondly, the learned spatiotemporal features are 

fused in feature layer, and finally classified by classifier. The results on RML and Baum-ls datasets show 

that the proposed MFFCNN fully considers the dynamic variation characteristics of video sequences, and 

can better learn the discriminative spatiotemporal features. At the same time, by multiplying and fusing 

the temporal and spatial streams, the spatiotemporal information at the feature level is learned, which is 

helpful to distinguish similar facial expressions. Deep learning model usually contains very complex 

network parameters, which requires a lot of computing resources. Therefore, the next step is to study how 

to reduce the model parameters of MFFCNN, so as to further improve the operation speed of deep 

learning under the premise of ensuring the recognition accuracy. 
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