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Abstract:  

In the last few years, there have been significant advances studying how computers can better understand 

human emotions. The technique of facial expression recognition (FER) is the focal point of this effort. In 

this paper, we propose a face detection and facial expression recognition method based on an improved 

Faster Regions with convolutional neural networks (Faster R-CNN). In the complete improved method, the 

model is improved from the two points: the structure of network and data optimizing. We introduce a new 

multi-scale fusion strategy to the Faster R-CNN, in terms of the structure, which can get both shallow and 

deep information to increase the gap between similar facial expressions. Data optimizing has two 

enhancement modules which are beneficial for FER. By reconstructing the super-resolution image, the one 

is to improve the quality of the image. The another is combination of channels, which can help focus on 

facial texture information. Experimental results illustrate the advancement of the FER method in the 

Japanese female facial expression (JAFFE), the Extended Cohn-Kanade (CK+) database and SFEW. It is a 

complete real-time facial expression recognition method.  

Index Terms: Facial Expression Recognition, Faster R-CNN, Super-resolution image, Multi-Scale 

Fusion 

 

1. Introduction

Facial expression is one of the most universal, 

direct and useful tools for human beings to 

express their emotional states and intentions 
[1,2]

. 

The Facial Expression Recognition (FER) plays a 

critical role in human-computer interaction 

system. In the field of computer vision and 

machine learning, FER has been an active 

research topic for many years
 [3]

. To build a 

highly accurate FER system, a wide variety of 

methods have been proposed. 

Generally, FER methods can be classified into 

two major categories: traditional methods and 

methods based on deep learning. Traditional 

methods usually sequentially perform two 

individual stages process: feature extraction and 

simple classifier construction. In [4], Mase et al. 

realized automatic FER on computer for the first 

time. The region-based optical flow model was 

used to extract the movement features of facial 

muscles, then the k-nearest neighbor rule was 

used to classify the expressions. Subsequently, 

based on this mind, a series of methods 
[5-15]

 were 

proposed. Zhang et al. 
[6]

 adopted the Gabor filter 

to extract facial expression features and 

classified them with a double-layer perceptron, 

which achieved good results. In [13], Asthana et 

al. proposed a feature extraction method based on 

geometric features: Active Appearance Mode 

(AAM), and used a multi-class SVM to classify 

facial expressions. Chen et al.
 [7]

 used the 

Clustering based Discriminant Analysis (CDA) 

method to extract facial expressions with 

discriminant power, and selected a one-to-many 

classification scheme for facial expression 

classification. The CDA method provided an 
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efficient feature reduction and extraction 

schemes which are useful for FER. In [10], Zhao 

et al. proposed a simpler Local Binary Pattern on 

Three Orthogonal Planes (LBP-TOP) histograms 

computed from three orthogonal planes, made it 

easy to extract facial expression related features. 

A nearest-neighbor classifier is adopted to 

classify facial expressions. Their approach is 

computationally simple and robust in terms of 

grayscale and rotation variations, making it very 

promising for real application problems 
[10]

. Chu 

et al
 [15]

. used the methods of Gradient 

Directional Pattern (GDP) and Local Binary 

Pattern (LBP) to extract features, and the Sparse 

Representation Classification (SRC) is used to 

classify facial expressions. This method 

improved the recognition rate. 

On the basis of predecessors, variety of improved 

methods on FER have been published in recent 

years. To overcome high dimension and 

characteristic redundancy of Completed Local 

Binary Pattern (CLBP) features, Zhou et al.
 [18] 

proposed a method for facial expression 

recognition based on discriminative CLBP. The 

method could select different facial expressions 

corresponding to different facial features and 

classify them. In [19], Li et al. used LBP and 

Histogram of Optical Flow (HOOF) to extract 

features, and a Linear Support Vector Machine 

(LSVM) is used as classifier for Micro FER. This 

method has many potential applications such as 

in lie detection, law enforcement and 

psychotherapy 
[19]

. In [20], Liu et al. mainly 

focus on the stage of extracting features. They 

computed optical flow to extract the Main 

Directional Mean Optical-flow (MDMO) 

features, and introduce sparsity into the original 

MDMO features. Meanwhile, they used Support 

Vector Machine (SVM) to classify facial 

expressions. MDMO is an effective sparse 

representation method. To achieve better 

recognition effect, extensive empirical studies 

are needed to search for an optimal combination 

of feature extraction and classifier 
[20]

. Therefore, 

it would be highly expected to find an intelligent 

approach, which can automatic FER in a simple 

and efficient way. 

With the vigorous development of artificial 

intelligence, deep learning methods have seen an 

explosion of interest and are being successfully 

applied across an extraordinary range of problem 

domains in the last few years. It had been also 

introduced into the field of FER
 [20-24]

. In [20], 

Liu et al constructed a FER method by dividing 

face images into 80 image blocks, then 

establishing a deep confidence network for each 

block, and constituted a boosted 80 confidence 

networks. Although this network structure 

achieves better detection results, the detection 

speed is slow due to the complexity of the 

network. Li et al 
[23]

 improved the LeNet5 

network through multi-scale fusion strategy, and 

achieved certain results in facial expression 

detection. However, because of the limitation of 

LeNet5 network model, it has only three 

convolution layers, which makes it difficult to 

extract deep network features better. In [21], 

Hamester et al. proposed a multi-Channel 

Convolutional Neutral Network (MCCNN). Two 

hard-coded feature extractors are replaced by a 

single channel which is partially trained in an 

unsupervised fashion as a Convolutional 

AutoEncoder (CAE). One additional channel that 

contains a standard CNN is left unchanged. 

Information from both channels converges in a 

fully connected layer and is then used for 

classification 
[21].

 However, two hard-coded 

feature extractors are complex, and this structure 

has not proved entirely useful. Because of the 

network can automatically extract features 

without artificial interference, it is a promising 

method to solve FER with deep learning.  

In our opinions, the deep learning based FER can 

be improved from two points. In the first one, 

efforts are concentrated on distinguishing slightly 

differences of similar expressions. We draw on 

the experience of Chen et al 
[31] 

who introduce 

multiscale fusion strategy to obtain more 

comprehensive feature information in the foggy 

environment to get both shallow and deep facial 

expression features. In the second point of view, 

efforts are put into enhancing the expression 

correlation of facial images. For example, Zhou 

et al [18] thought facial expression features are 

mainly concentrated near the mouth, nose and 

eyes. Therefore, they put forward a method of 

fusion of expression sub region and whole image 

features to improve the expression correlation of 

facial images. 

In this paper, we propose a novel and complete 

FER method based on deep learning. Through 

the structure of channel combination for images, 
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which is effective to improve the expression 

correlation of facial images. The significant edge 

image, the global edge information image and the 

original data are combined through channels to 

form the channel combined image. Specifically, 

we introduce a new multi-scale fusion strategy, 

which accounts for recognition performance of 

both the Shallow features and deep features, to 

distinguish similar expressions. We select Faster 

Regions with Convolutional Neural Networks 

(Faster R-CNN) 
[25] 

as the basic structure, which 

is proposed by Ross Girshick. Due to the higher 

efficiency of the model in target detection, it was 

quickly recognized by the industry and 

consequently widely used in various research 

fields 
[26,27,28]

. Such as, Song et al 
[26] 

converted 

the Faster R-CNN multi-classification into a two-

class problem and applied it to vehicle detection 

in complex scenes. At present, Faster R-CNN is 

one of the mainstream algorithms for target 

detection.  

The rest of this paper is organized as follows. In 

section 2, we introduce our work from three 

aspects: the structure of network, reconstructing 

the super-resolution image and combination of 

channels. Section 3 is mainly about the 

experiment content. We summarize our 

achievements, explaining the limitations of the 

article and looking forward to the next work in 

Section 4. 

I. Our Proposed Method Based on Faster R-

Cnn 

A. Brief Review Faster R-Cnn 

The Faster R-CNN model is shown as Fig. 1. The 

first step of this method is to send the data to the 

network, and then scales the picture according to 

equation 2 and 3. The second step feeds the scaled 

data into the VGG16 feature extraction module. 

The module references the transfer learning 

strategy 
[29] 

with VGG16 as a pre-trained model. 

The third step sends the feature maps to the Region 

Proposal Networks (RPN) for classification of 

foreground and background and regression of 

bounding boxes. In the fourth step, the data 

processed by the RPN and the convolved feature 

map of conv5_3 were sent to the final foreground 

classification layer and the bounding box 

regression layer. It’s loss function for an image is 

defined as equation 1: 

 

 
n n

* * *

i i cls i i i reg i i

i=1 i=1cls reg

1 1
L({P},{t }) = L (P , P ) + P L (t , t )

N N
1        

 
 

DATA VGG16
Feature 

Map
RPN 

Layer

Foreground/
background
classification Proposal

Layer 

ROI 
Pooling

Bounding box 
regression

Foreground 
objects

classification

Bounding box 
regression

 
Figure 1 The model of Faster R-CNN. 

 

Where, i is index of the box, 
i

P  is the predicted of 

box i being an object, 
i

t is the parameterized 

coordinates of box, *

i
P is used to determine 

whether it is the ground-truth label, *

i
t is the box 

when *

i
P is 1. Usually,   is set to 10 to keep the 

cls
N  and 

reg
N  terms roughly equal, 

cls
N  represents 

the mini-batch size, 
reg

N is the number of anchor.  

For equation 3, the input pictures have a long side 

of M and a short side of N. The model limits the 

minimum side (
min

L ) to 600 and the maximum 

side (
max

L ) to 1000, where the two scaling ratios 
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are 
1

 and 
2

  If equation 2 is satisfied, 
2

 is selected as the scaling ratio, otherwise it is 
1

 .

 

1 max*M L   (2) 

maxmin
1 2

L L

N N
        

(3) 

 

Due to the efficiency of Faster RCNN in the field 

of target detection, the model is employed as the 

basic structure. This paper compares the 

application status of that model, replaces the 

foreground and background classification with face 

detection, and replaces the classification of 

foreground objects with facial expression 

classification. More importantly, we introduced a 

multi-scale fusion strategy to improve the main 

feature extraction module (VGG16) of Faster 

RCNN. 

B. Our Proposed Impproved Multiscale 

Convolutional Neural Network 

As the depth increases, the extracted image features 

become more abstract in the network, and makes 

the shallow features gradually negligible 
[30].

 The 

original VGG16 feature extraction module is 

implemented by stacking the 3*3 convolution 

kernels and the 2*2 pooling layers. To make the 

shallow features of the model available, the 

convolutional layer in the feature extraction 

module is more closely connected, that is, a new 

multi-scale feature is employed. 

To further improve the information flow between 

layers, we propose a different connectivity pattern: 

the structure of Net-Block. Fig. 2 illustrates the 

layout of the structure schematically. We draw on 

the method of multi-scale fusion of channels in the 

literature 
[31,32,42]

, but it does not achieve better 

detection results. Surprisingly, the method of multi-

scale fusion of height proposed in our paper has 

greatly improved the detection accuracy. The 

method merges the features of different layers into 

the same channel of the feature map to promote 

similar expressions for classification. The shallow 

features and the deep features were merged into a 

channel, which is very effective for the detection of 

multiple expressions under a single target. It is a 

new advanced feature. 

The flowchart of the detecting process is shown in 

Fig. 3 and Fig. 4. The difference from the original 

network is described as follows. Firstly, the model 

takes the features extracted by the Conv3_3 and 

the Conv4_3 layer and superimposes them to 

generate a Net1 layer. Then the features extracted 

from Net1 layer and Conv5_3 layer are combined 

by concat to generate Net2, which are then sent 

into RPN network and ROI Pooling respectively 

for subsequent classification and regression tasks. 

The initial parameters of VGG16 are trained 

based on the ImageNet dataset. In addition, the 

parameters of the first six layers are set to freeze, 

and the last seven layers of parameters are 

updated with the model training. 

 

 
Figure 2: The structure of Net-Block 
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C. Our Proposed Data Preprocessing 

To solve the problem that the old data set with 

grayscale image cannot be widely used, we 

propose novel approach of multi-channel 

combination of super-resolution images. The 

method enhances the expression correlation of 

facial images while improving image quality. 

In the deep learning, the quality of the data 

determines the effectiveness of the model. 

Therefore, we mainly strengthen data through two 

aspects: reconstructing super-resolution images and 

Image fusion. In addition, our method is different 

from the algorithms 
[5-15] 

in the data preprocessing 

stage. The classification methods of those 

references are only based on the classification after 

face detection, not a complete facial emotion 

recognition. This paper achieves face detection and 

facial expression classification with a single small-

scale background, and does not need to cut the 

original data. 

 

 
Figure 3 Improved feature extraction module 

 

 
Figure 4 Facial expression recognition system 

 

Reconstructing Super-Resolution Images 

By studying the structure of Faster R-CNN, we 

found that the data should be resized before being 

fed into the network. The long side cannot exceed 

1000 while the short side cannot exceed 600. 

However, the JAFFE database data has a uniform 

size of 256*256. The size is set to 600 * 600 by 

equation 2 and 3. Image quality is seriously 

affected by the scaling method. Thus, we refer to 

the Generative Adversarial Net to enhance data. 

The result of the comparison is shown as Fig 5. 
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Figure 5 The result of the comparison, the left side is the super resolution image, and the right side is 

the scaled original image. 

 

To improve the image quality, this paper employs 

the Super-resolution Generative Adversarial 

network (SRGAN) 
[34]

 to reconstruct super-

resolution images. The SRGAN network 

generates a high-resolution image from a low-

resolution image, and its discriminant network 

determines whether the generated image is a 

forged image or an original image. If the 

generated image is created in the confrontation 

network and the discriminant network cannot 

detect it, a super-resolution image can be 

obtained, and the resolution of the image is 

improved by using the antagonistic loss (4) and 

the content loss (5), (6). The equations are:

 

1

log ( ( ))
D G

n
SR LR

Gen

n

L D G I 


   (4) 

2

, ,2
1 1

1
( ( ) )
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x y
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(6) 

 

The variable 
G

G


 represents the probability that the 

generated image is judged to be a true image, and 

( )
G

LR
G I


 represents the reconstructed super-

resolution image. The content loss function 

includes two parts: the first is the pixel space error 

MSEloss and the second is VGGloss. 

The Combined Image of Three Channels  

Every expression is communicated through the 

movement of the facial muscles. It is not difficult 

to find that when the muscles of the face move, the 

corresponding parts will stretch or contract in 

FACS 
[35]

. For instance, in AU10, the upper lip is 

pulled up. These actions will deepen the facial 

edges of the corresponding movements so that 

others can better understand the emotion. To help 

the neural network understand these facial 

expressions, we propose a multi-channel combined 

method, which makes the data more suitable for 

Faster R-CNN, while deepening the edge 

information. The original data is firstly processed 

by the Sobel operator and Adam operator to 

separately generate significant edge image and 

global edge information image. 

The type of input data for the model requires three-

channel data, while the JAFFE public library image 

is a set of single-channel grayscale image. In order 

to make the grayscale image be widely used, we 

generate a new kind of composite images by 

MATLAB software, as shown in Fig. 6. The image 

is composed of the original image, the edge image 

of Sobel operator and the edge image of Adam 

operator by channel combination method 

javascript:;
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We propose the Adam operator which can get the 

global edge information. By using the method of 

full convolution network for reference, we 

construct a simple convolution network 
[40]

. The 

operator performs a sliding window operation 

from the original image to generate a 

corresponding map, as shown in Fig. 7. It 

provides the overall information and also 

enhances the edge information. It also contains the 

complete and continuous edge information. 

 

R
G
B

ori
gin
al

Sobel

Adam

Combination

Original 

image

Combined 

image

 
Figure 6 Processing flow chart of the three-channel combined image. 

 

 
Figure 7 dam operator processing flow. 

 

II. Experiment and Discussion 

In this experiment, Faster R-CNN, based on 

TensorFlow framework using the Linux platform, 

is used to analyze the proposed method. The data 

preprocessing platform uses MATLAB software. 

The experimental platform is configured with 16 

GB memory, and a NVIDIA 1660-6G graphic 

card. 

The Faster R-CNN initial learning rate was 0.001, 

the learning rate of 50,000 steps per iteration is 

reduced by an order of magnitude. RPN positive 

sample threshold is 0.7. Threshold for non-

maximum suppression is 0.7. Number of top 

scoring boxes to keep before apply NMS to RPN 

proposals is 12000. Number of top scoring boxes to 

keep after applying NMS to RPN proposals is 

2000. We did not change the mechanism of 

anchors in the original model. 

The optimizer is an SGD optimizer with 

momentum, and the equation is shown in 

Equation 7,8, where tV  represents the acceleration 

at t, α represents the power size, and is generally 

set to 0.9, X represents the sample, Y represents 

the label corresponding to X, and tW  represents 

the Model parameters at t. 

 

                              
 (is) (is)

t 1 t , ,t tV V J W X Y    (7) 

                           1t t tW W V                                                                    (8) 

 

In this paper, we feed experimental data to the 

improved network for training iterations 100,000 

times. To demonstrate the effectiveness of the 

proposed method, we have performed extensive 

experiments on JAFFE database and extended 

Cohn-Kanade database. Firstly, we have prepared 

four sets of experimental data and a more 
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comprehensive evaluation function. Secondly, 

according to the characteristics of data, different 

data partition methods are adopted through 

comparing experiments. In JAFFE, we take 

human-based strategies as a way to test and train 

experimental data. In Cohn-Kanade, we take the 5-

fold cross-validation technique. Finally, we 

verified our improved model, and compared it with 

its experimental results. At the same time, we 

tested our model on our own data. 

A. Experimental Evaluation Function 

we compared two network performance evaluation 

parameters. Expression (9) shows the formula for 

accuracy (Accuracy, Acc). Expression (10-11) 

shows Average-Precision (AP). Acc is often 

employed in facial expression recognition papers 
[4-

24,37-39,41,42]
.

 

 
TP TN

Acc
TP FP FN TN




  
 (9) 

 1

0

(r) ( )AP P d r   (10) 

 
TP

Precision
TP FP




  TP
Recall

TP FN



   (11) 

 

In these equations, TP indicates that a positive 

sample is correctly identified as a positive sample, 

TN indicates that a negative sample is correctly 

identified as a negative sample, FP indicates that a 

negative sample is misidentified as a positive 

sample, and FN indicates that a positive sample is 

incorrectly identified as a negative sample. 

Besides, p is the precision, and r is the recall. 

Equation (11) shows the definitions of those two 

variables. These expressions show that the 

expression Acc (Accuracy) can evaluate the global 

accuracy, but it cannot fully evaluate the 

performance of model. AP (average precision) can 

analyze model capability from multiple angles, so 

that it can more comprehensively assess the results. 

In conclusion, we hire AP to evaluate the model. 

B. Datasets 

The Japanese female facial expression (JAFFE) 
[33] 

database was proposed in the 1990s. It is a 

mage dataset captured in laboratory that contains 

213 samples of posed expressions from 10 

Japanese females. Each person has 3~4 images 

with every basic facial expression and one image 

with a neutral expression. All images have an 

equal resolution of 256*256 pixels and are in 

grayscale. The database is challenging because it 

contains few examples per subject/expression 
[1]

. 

Fig. 8 shows an image of a normal expression and 

the six basic expressions. 

 

 
Figure 8 Public facial expression data of JAFFE 

 

The Extended Cohn-Kanade (CK+) database has 

593 sequences from 123 subjects. Image 

sequences were processed into either 640x490 or 

640x480 pixel arrays with 8- bit gray-scale or 24-

bit color values. It has seven popular facial 

expressions, i.e. angry, disgust, contempt, fear, 

sadness, surprise and happy. The contempt 

expression is not adopted. Some samples of 

remaining six expressions and a normal 

expression on the CK+ database are described in 

Fig. 9. 
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Figure 9 Public facial expression data of CK+ 

 

SFEW
[43]

 is a static frame edited from movies , 

which contains seven facial expressions. it is a 

very challenging set of data. The data contains a 

large number of facial expression images that are 

difficult to distinguish, such as facial occlusion, 

blurred lights, complex backgrounds, etc. SFEW 

is divided into three groups: Train (958 samples), 

Val (436 samples) and Test (372 samples). 

Among them, the training set and test set are 

publicly available, and the label of the test set is 

reserved by the government. Therefore, this article 

will use the validation set as the test set. The data 

sample is as follows. 

Figure 10 Public facial expression data of SFEW 

 

We hired JAFFE as an example to explain the 

experimental methods of data enhancement and 

testing. More importantly, we analyzed and 

studied the distribution of data and selected the 

most rigorous method to evaluate the model. 

C. Experimental Data of the Jaffe 

The basic data comes from JAFFE public 

database. In further verify our proposed methods, 

four sets of images were prepared by the 

combined method of 2.3.2. These are the original 

grayscale image M-1, the reconstructed super-

resolution grayscale image M-2, the original 

combined image M-3 and reconstructed super 

combined image M-4, as shown in Table I. Fig. 10 

shows the combined images. The size of M-2 and 

M-4 is 1024*1024, and the size of M-1 and M-3 is 

256*256. To better display and compare the 

images in this figure, the images are uniformly 

scaled to 600*600 pixels. M-1 and M-3 are both 

channel combination images. The three channels 

of images are all gray images of the same type. In 

addition, the amount of data was doubled by using 

a flipping strategy. 

 

Table I Composition of image data. Original is original grayscale image of jaffe database. 

 R G B 

M-1 original original original 

M-2 super-resolution super-resolution super-resolution 

M-3 original sobel Adam 

M-4 super-resolution sobel Adam 

 

Super-resolution is Image super-resolution based 

on JAFFE database. Sobel and Adam are both 

edge detection operators. They are all based on 

the R channel image for edge detection. 

 

 
Figure 11 Experimental data 
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D. The Instructions of Experimental Data 

The algorithm evaluation based on the JAFFE is 

divided into two methods. The first randomly 

divides into several groups according to the 

expressions, and the model is trained and verified, 

as described in the literature 
[23,36,37].

 The other 

method is the human-based strategy mentioned in 

the literature 
[11,15,37]

. It uses all the expressions of 

one or two people as a verification set, and the 

expression of the remaining person as a training 

set in the library. In this database, we have found 

that the same facial expression similarity of a 

single person is very high. For instance, in Fig. 

11, the expression of the same happy person is 

only slightly changed in the three images. We 

believe that if the first type of evaluation 

algorithm is adopted, the similarity of the same 

expression of the single person will greatly affect 

the rigor of the experiment, and it is very easy to 

over-fit. 

 

 
Figure 12 Comparison of the same facial expression from the same person. 

 

In order to evaluate our method better, a group of 

comparative experiments are carried out. The 

model uses the original model of Faster R-CNN, 

the verification data set (Val) is the whole 

expression of two people, and the remaining 

expression data is trained and tested according to 

the first type of evaluation method. The test set is 

one-third of the remaining data, and the training 

set is the rest. The results are shown in Table II. 

The table shows that the first evaluation method 

has high test accuracy, but the generalization is 

very low, and the model has an obvious over-

fitting phenomenon. Therefore, we adopt a 

human-based strategy in the paper. 

In addition, the CK+ dataset is utilized to evaluate 

the model by the above methods. we report the 

results using the 5-fold cross-validation technique 

and then averaging the recognition rates over five 

folds.  

E. Result Analysis 

In Table III, a comparative analysis is performed 

using M-1, M-2, M-3, and M-4 as experimental 

data with the Faster R-CNN model. The test data 

is all of the expressions of the first two people, 

and the training data is the remaining eight 

people. The experimental results show that 

reconstructing the super-resolution image can 

effectively improve the classification accuracy. 

However, the proposed combined channel image 

M-3 does not improve the accuracy, and the 

classification accuracy is lower than that of the 

three-channel image M-1. By comparing M-2 

with M-4, one can infer that a multi-channel 

combined image containing reconstructed super-

resolution images facilitates facial expression 

classification. Given the above results, we 

consider that expanding the size of image makes 

the image obscured, which will be negatively 

affected in the edge detection stage. It is the 

reason that M-3 is the worst in four groups of 

experimental data. Therefore, super-resolution 

strategy is used in M-4, and its final effect is 

better than other types of data. 

Table IV shows the comparison experiment 

between Faster R-CNN (FRCNN) and improved 

multi-scale Faster R-CNN (M-FRCNN). The 

evaluation method of Table II is used, and the data 

is M-4. From this table, it can be found that M-

FRCNN combines high-level abstract features and 

low-level detailed information through cross-

linking, so that the network can better understand 

that expression features, such as the sadness are 

significantly improved. 

Table V shows the different expression 

classification results of the algorithm for the 

JAFFE database. To strictly verify the algorithm, 

this paper divides the database into five groups of 

data where each group is the whole expression of 

two people, and five corresponding experiments 

have been done. The overall trend of the results is 

that the expressions “happy” and “angry” achieve 

the highest recognition rate, and the recognition 

rate of “sad” and “disgusting” are the lowest. In 

addition, the expressions of “surprise” and 

“neutral” are improved. Fig. 12 shows the test 

results on the data set. We also tested our 

approach in terms of gender and background in 
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Fig. 13. In the case of similar background of 

experimental data, the male's expression 

recognition rate has also reached a high level. In 

the complex background, we choose the data with 

a pair of glasses to test our method in Fig. 14. 

Although our method has low accuracy, it works.

 

 

Figure 13 experimental test results on the JAFFE 

 

Figure 14 experimental test results on our data 

Table II. Comparative experiment of evaluation methods AP(%) 

 Happiness Anger Fear Neutral Sadness Surprise Disgust MAP 

Test 100 100 97.90 100 100 100 100 99.88 

Val 97.73 65.98 92.42 74.30 79.98 97.40 80.47 84.04 

 

TABLE III.  FACIAL EXPRESSION CLASSIFICATION OF DIFFERENT SAMPLES AP (%) 

 Happiness Anger Fear Neutral Sadness Surprise Disgust MAP 

M-1 100 88.74 87.22 100 66.67 100 100 91.80 

M-2 100 87.88 90.31 100 81.82 100 100 94.29 

M-3 97.73 85.15 100 84.92 84.85 89.09 90.91 90.38 

M-4 100 95.45 97.73 95.45 79.22 100 100 95.41 

 

TABLE IV  FACIAL EXPRESSION CLASSIFICATION OF DIFFERENT MODELS AP(%). M-4 IS SELECTED AS 

EXPERIMENTAL DATA. 

 Happiness Anger Fear Neutral Sadness Surprise Disgust MAP 

FRCNN 100 95.45 97.73 95.45 79.22 100 100 95.41 

M-

FRCNN   

100 92.42 95.96 100 88.24 100 100 96.66 

 

TABLE V. CLASSIFICATION OF DIFFERENT EXPRESSIONS OF JAFFE DATABASE IN THIS PAPER AP(%) 

 Happiness Anger Fear Neutral Sadness Surprise Disgust MAP 

Test 1 100 92.42 95.96 100 88.24 100 100 96.66 

Test 2 100 100 100 100 92.42 100 78.44 95.84 

Test 3 100 100 100 100 88.24 100 72.73 94.42 

Test 4 91.74 100 67.38 95.45 73.86 100 82.95 87.34 

Test 5 100 97.40 93.18 86.15 100 90.91 74.55 91.74 

MAP 98.34 97.96 91.30 96.32 88.55 98.18 81.73 93.26 

 

TABLE VI CLASSIFICATION OF DIFFERENT EXPRESSIONS OF CK+ DATABASE IN THIS PAPER AP(%) 

 Happiness Anger Fear Neutral Sadness Surprise Disgust MAP 

Test 1 100 93.39 100 78.94 81.82 100 100 96.66 

Test 2 100 100 100 100 93.39 100 100 99.06 
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Test 3 100 100 100 100 94.66 100 97.73 98.91 

Test 4 97.73 100 97.73 100 100 100 97.73 99.03 

Test 5 100 74.60 100 100 97.98 100 100 96.08 

MAP 99.55 93.60 99.55 95.78 93.57 100 99.09 97.94 

 

TABLE VIII COMPARISON OF DEEP LEARNING ALGORITHMS ON THE JAFFE DATASET AND THE CK+ 

DATASET. 

Source Method JAFFE(%) CK+(%) 

Liu et al. [20] DBN 91.80(ACC) - 

Yang et al. [22] Weighted mixture double channel CNN 92.20(ACC) 97.00(ACC) 

Salmam et al. [41] Fiducial Point detection and NN 93.8(ACC) 99.00(ACC) 

Hamester et al. [21] MCCNN 95.8(ACC) - 

LI et al [23] Cross-connected LeNet-5 94.37(ACC) 83.74(ACC) 

Ours M-Faster R-CNN 93.26(MAP) 97.94(MAP) 

 

Table VI shows the different expression 

classification results of the algorithm for the CK+ 

database. We used 5-fold cross-validation strategy 

as a method to test our model. The experimental 

results show that our method performs well on the 

CK + dataset. 

Table VII compares the recognition accuracy of 

different traditional methods in the JAFFE. It is 

clear from the results that the deep learning 

algorithm, M-Faster R-CNN, is a significant 

improvement in classification accuracy over the 

previous methods.

 

TABLE VII COMPARISON OF TRADITIONAL ALGORITHMS ON THE JAFFE DATASET 

 

 

 

 

 

 

 

 

 

 

As can be seen from the table VIII, although our 

proposed method is not state-of the-art, it is 

rigorous and effective. Firstly, taking JAFFE as an 

example, we discussed the distribution of the data 

set. Through the experiments in Table II, a 

rigorous data usage method for JAFFE is 

proposed. In the table VIII, the method proposed 

by Salmam et al
 [41]

. is more accurate than our 

method on the JAFFE. However, their databases 

were divided into 60% for training, 10% for 

validation, and 30% for test. Table II has shown 

that continuous data of the same expression may 

over fit the model. The method proposed by LI et 

al. 
[23]

 has the same problem, and on the ck+ data 

set, it is far lower than our method. Secondly, 

Hamester et al. 
[21] 

adopted the rigorous strategy in 

Table 2, and its experimental accuracy was higher 

than our method. But MCCNN is composed of a 

two-channel network, the model is complex and 

some principles cannot be explained. Our method 

is simple and fast. 

 

TABLE IX. COMPARISON OF ALGORITHMS ON THE SFEW DATASET. 

 

 

 

 

 

 

Source Method Precision (%) 

Ying et al. [11] LBP+LE 70.48(ACC) 

Huang et al. [38] ASM 86.96(ACC) 

Gu et al. [39] Gabor 89.67(ACC) 

Cheng et al. [37] Gaussian process 55.24(ACC) 

Cheng et al. [37] Naive Bayes 40.10(ACC) 

Chu et al. [15] LBP+GDP+SRC  69.52(ACC) 

Ours M-Faster R-CNN 93.26(MAP) 

Source Method Precision (%) 

Meng et al. 
[44]

 Identity-aware CNN 50.98(ACC) 

Wadhawan et al. 
[45]

 EL 44.50(ACC) 

Gu et al. 
[39]

 ppf-svm 38.38(ACC) 

Ours M-Faster R-CNN 43.10(MAP) 
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In the table IX, the performance of the network 

model is tested with the verification set of SFEW. 

Meng et al.
 [44]

 and Wadhawan et al. 
[45]

 hired 

CNN model to recognize facial expressions. But 

the experimental data they use are all cropped 

images after face recognition. Our method needs 

to search for faces i in a complex background for 

expression classification. Gu et al.
 [39]

 proposed to 

classify expressions based on traditional methods. 

It can be seen from the results that our method is 

far superior to theirs. 

On the three databases, the method in this article 

can detect a picture in 0.15s. More importantly, 

our method is different from the above methods. It 

can locate and classify facial expressions directly 

from the data sets without clipping. It is a 

complete facial expression recognition system. 

III. Conclusion and Perspective   

The paper proposes a complete facial expression 

recognition method based on improved Faster R-

CNN. Using the JAFFE public database, the CK+ 

database and the SFEW database, two evaluation 

methods were compared and tested, and the 

performance of the model was tested with the 

most rigorous evaluation methods. Firstly, this 

paper proposes that when the data size is too 

small, the super-resolution strategy can be used to 

improve accuracy. Secondly, the three-channel 

edge information combination method and multi-

scale fusion strategy can effectively improve the 

accuracy of FER. What's more, according to the 

analysis in Section 3.1, we chose a more 

comprehensive method than most of the facial 

expression evaluation methods. Finally, based on 

the Faster RCNN network, this article can 

efficiently detect target expressions in a single 

background, and the detection speed can reach 

5fps. 

Therefore, our complete FER method based on 

improved Faster RCNN is an advanced and 

effective technology. 

Although our method has achieved good overall 

results, it was found during the experiment that 

there are many occluded facial expressions in the 

SFEW that have not been accurately identified. It 

is necessary to add other strategies in subsequent 

experiments to solve occlusion and other 

problems. Future areas of further development 

include constructing the facial expression 

database in complex scenes and developing a real-

time facial expression detection system. This 

work is currently underway. With the 

development of AI, we would expect that an 

intelligent FER system can be used to predict the 

facial expression with all kinds of complex 

environments, which is quite a step forward in 

pattern recognition. 
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