
 

Journal of Computing and Electronic Information Management 
 

ISSN: 2413-1660 

 

108 

 

Based on improved STN-CNN facial expression recognition 

 
Jianfei Ding 

Automated institute, Chongqing University of Posts and Telecommunications, 

Chongqing, China 

ding19jianfei@gmail.com 

 

Abstract: In the wild environment facial expression recognition, the attitude is not 

standardized and the background noise is complicated. According to the Attention 

mechanism, combined with the ability of spatial transformation network to adapt to 

spatial transformation adaptively, the STN-CNN model is proposed and trained to make 

the neural network model have the capability of spatial transformation invariance. 

Faced with the lack of diversity of facial expression datasets, data is extended based on 

image processing algorithms and prior knowledge of facial expression features. The 

introduction of batch normalization and Inception modules in convolutional neural 

networks not only enhances the nonlinear expression and generalization performance 

of STN-CNN model, but also accelerates training and avoids over-fitting. Through 

training and testing across data sets, the experimental results show that STN-CNN 

model has strong robustness and generalization performance 
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1. Introduction 

Facial expression is one of the main non-verbal communication methods for expressing 

emotions and information, and it occupies 55% of the information [1]. This shows that 

facial expressions as an information carrier play an important role in people's daily 

communication. Ekman et al. identified six facial expressions (i.e., anger, disgust, fear, 

happiness, sadness, and surprise) as the basic human emotion expression [2]. Facial 

expression recognition has become a research hotspot in the field of computer vision in 

recent years, and is widely used in human-computer interaction, biology, robotics and 

other fields. 
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2. STN and CNN basic principles and optimization algorithms 

2.1 Supervised Transformer Network 

The spatially transformed network (Supervised Transformer Network, STN) is proposed 

by the Google DeepMind team Jaderberg, Simonyan [7-8] and others, and its idea 

belongs to the application of the Attention mechanism in vision, and it can perform 

End-to-End network design. The spatial transformation network is a dynamic 

mechanism that can actively perform spatial transformation on the input image or 

feature map, including scaling, clipping, rotation, etc., and does not require any 

additional supervision training on the optimization process. The spatial transformation 

network under this mechanism not only selects the area of interest of the image that is 

most concerned, but also converts the area of interest into a canonical and desired 

posture, thereby simplifying the identification of the following CNN network. The most 

important spatial transform network can be trained using back propagation and allow 

End-to-End training of models that join the STN. 

The space transformation network is divided into three parts, which are Localisation 

Net, Grid Generator and Sampler. The structure diagram is shown in Fig.1. 
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Fig. 1 Supervised Transformer Network 

 

2.2 Convolutional neural network basic principle and optimization method 

Deep convolutional neural networks were proposed by LeCun et al. [9] in 1990 and are 

widely used in computer vision. From the design of AlexNet by the Hinton Research 

Group in 2012 to the 152-layer ResNet model [10] in 2015, and to MobileNet [17] 

based on deep separable convolutions in 2017, it was demonstrated that convolutional 

neural networks have excellent performance and Greater room for development. The 

convolutional neural network is different from the traditional full-connected neural 

network. It can use spatial structure relations to share parameters, improve the 

training efficiency of the back-propagation algorithm, and has a partial receptive field. 

Fukushima [12] believes that the partial receptive field can make the model obtain The 

translation invariance in the image increases the generalization performance of the 

model. In this paper, the Inception module will be introduced into the STN-CNN model 

proposed in the third part of the paper and the BN will be introduced between the 

standard convolutional layer and the ReLU activation function layer. Zation, BN) [13] 

layers and other optimization methods, as shown in Fig. 2. 
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Fig. 2 Convolution and BN layers and ReLU activation function layer 

 

2.2.1 Batch Normali-zation 

The essence of neural network training is learning data distribution. However, with the 

deepening of deep convolutional neural networks, in the process of training neural 

networks, the network parameters of each layer are continuously updated. At the same 

time, the characteristics of the next layer of input are also distributed. Change, and this 

change in data distribution will increase as the depth of the network increases. The 

phenomenon that the characteristic distribution of the hidden layer of the neural 

network changes during training is called internal covariate shift [13]. Therefore, the 

neural network must learn different data distributions each iteration to reduce the 

learning rate. At the same time, it must be initialized with caution, thus greatly reducing 

the training speed. On the other hand, the BN layer normalizes the feature map so that 

the feature map is normalized to the standard normal distribution before the input 

activation function layer, in which the mean and variance are calculated in the 

mini-batch sample of the current iteration. The mean B  and variance of neurons B  

in mini-batch are expressed as follows: 
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Where m is the number of mini-bacth samples and hidden neurons in the network are 

x . 

2.2.2 Inception Module 

In 2014, Min Lin [14] published the Network In Network model, which is different from 

the constitution of the convolutional layer and the pooled layer alternately formed in 

the traditional convolutional neural network model. GoogLeNet [15-16] in the 2014 

ImageNet ILSVRC competition drew on the idea of the NIN module and proposed a 

novel Inception module that approximates a sparse result. This not only increases the 

width and depth of the network, but also increases the adaptability of the network to 

size. , reduce the parameters, and then the model can maximize the use of computing 

resources. Inception module structure shown in Fig. 3. 
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Fig. 3 Inception v2 module structure diagram 

 

3. Improved STN-CNN Network Structure and Initialization Design 

3.1 Improved STN-CNN network structure design 

When designing a deep convolutional neural network, an STN is added before the CNN 

network to construct the STN-CNN model. In the convolutional neural network part, a 

3× 3 convolutional layer with a smaller convolution kernel is mainly used instead of a 

5× 5 convolutional layer that occupies a large number of parameters, and point 

convolution is used to perform data upscaling. Convolutional neural network for the 

input image size of 32x32 grayscale image, consists of 5 layers of standard convolution 

layer, 2 layers Max Pooling layer, 2 Inception module, 2 full connection layer, 1 Softmax 

layer, as shown in Fig. 4. During training and testing, all image samples were processed 

using histogram equalization and size normalization prior to input to the STN-CNN 

neural network.  
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Fig. 4 The structure of deep convolutional neural networks 

 

3.2 Initialization and training parameter settings 

About neural network weight initialization by using uniform distribution: 
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Or use normalized initialization: 
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Where m is the input dimension and n is the output dimension. Krizhevsky [17] et al., 

Hinton [18] et al. In the championship model of the ILSVRC-2012 image recognition 

contest, the weights W were initialized with a non-traditional uniform distribution, and 

a Gaussian distribution with a mean value of 0 and a constant variance was used. It is 

proved that Gaussian distribution initialization is a good solution. However, the 

Gaussian distribution initialization theory deduces that the activation function is 

assumed to be linear. When ReLU and PReLU activation functions are used, the 

assumption is not true. And usually, the mean value of the Gaussian distribution is set 

to 0, because the ReLU activation function is used in this paper, so the standard 

deviation is not set to 0.01 or 0.001, but is initialized using MSRA. Where m is the input 

dimension: 

2
W ~ G 0,

m

 
  
 

                                                                       (5) 

The global network uses Stochastic Gradient Descent (SGD) to train deep convolutional 

neural networks, which can converge quickly. Because the BN layer is used in the 

network, the exponential decay method can be used to set the learning rate more 

flexibly. In addition, a large learning rate of lr=0.1 can be set before training, and then 

the learning rate is decreased with the number of iterations. At the same time, a 

dropout strategy is adopted after the full connection layer of the network to reduce 

over-fitting. The dropout parameter is selected as 0.5 and the offset parameter is 1. 

Cross-validation and Early stopping were used to train the performance of the model 

and test model. 

 

4. Data Collection by Questionnaire Survey 

4.1 Facial expression data set 

In the existing public facial expression database, CK+[19], FER2013, and JAFFE 

expression databases were used to train, validate, and test the deep convolutional 

neural network models on CK+ and FER2013 databases. Because the JAFFE expression 

database is of small magnitude, it is only used as a test set to verify the generalization 

ability of the facial expression recognition system. 

The CK+ facial expression data was extended by Carnegie Mellon University based on 

the CK facial expression database. The existing data set includes 123 individuals and 
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593 image sequences. There are 327 image sequences with expression tags. Each 

image sequence is Neutral expression begins. All image pixels in the CK+ database are 

640x480, and there is a difference in light intensity, and the peak portion of the image 

sequence is FACS-encoded. In addition, all facial expressions were tagged, including 

anger, disgust, fear, happiness, sadness, surprise, neutral facial expressions, and CK+ 

facial expressions, as shown in Fig. 5. 

 

 

Fig. 5 CK+ expression image sequence 

 

The source of the FER2013 dataset was captured using Google's website to search for 

pictures, and was collected in an environment that is not ideal for the laboratory. 

Compared with other facial expression databases, there are large differences in the 

sample, including different races, ages, poses, lighting, etc. Therefore, the database 

samples contain expressions that are all true expressions under natural conditions. The 

sample pixel size of the FER2013 data set is a 48x48 grayscale image, and the face has 

been automatically corrected and cropped, and the face is centered as much as 

possible. A total of 35,887 samples of the sample are shown in Fig. 6. 

 

 

Fig. 6 FER2013 dataset expression sample 

 

The JAFFE dataset consists of a series of emotive expressions made by 10 Japanese 

women under instruction in an experimental environment. The database contains 213 

images. Each person makes 7 facial expressions. Each expression is about 3 or 4 

samples. 20 samples, all image resolutions are 256x256. Because this database is small, 

each group contains only one object, that is, a total of 10 groups. The experiment is 

used as a test set to verify the generalization capabilities of the model. 
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4.2 Data set expansion 

When training a complex neural network, if the training data set is small, the problem 

of overfitting is likely to occur. Therefore, using the data enhancement method to 

expand the data set can effectively reduce the occurrence of overfitting. With image 

enhancement, new facial expression image samples can be obtained through image 

transformation and the diversity of training samples can be increased. Lopes et al 

[20-21] adopted an extended dataset strategy that rotates the original image sample 

by a certain angle, thereby expanding a large number of rotating image samples, while 

X Sun et al. [22] believe that rotating image samples in training only When using a 

structural model of a convolutional neural network, overfitting occurs. The space 

transformation network proposed by Jaderberg [7-8] et al. can adaptively spatially 

transform and align the input image according to the classification task. Using the 

spatial transformation network combined with the convolutional neural network model, 

a model superior to the convolutional neural network only is obtained for MNIST data 

sets with different degrees of rotation. However, the performance of the spatial 

transformation network in facial recognition task for rotating samples still requires 

experiments to be further verified. 

In view of the small CK+ data set and the overly-specified sample, this paper selects 

the region of interest (ROI) related to facial expression based on prior knowledge. The 

main focus of the interest region is around the eyes, nose, and mouth. Then, the 

method of flipping, centering, rotating, and adding noise artificially increased the 

training data by a factor of nine. Finally, the size of all training samples was normalized 

to 32x32. 

With regard to the data enhancement method of the FER2013 database, the method of 

cropping and vertical flipping is used to expand the number of database samples. The 

specific image processing method is to randomly cut out 32x32 regions of 10 sizes in 

the original image, and then vertically flip the original image and the cropped image. 

The original image and the expanded sample will all be added to the training set. JAFFE 

facial expression database is used as a test set to verify the generalization ability of 

human facial expression recognition system. It only performs rotation transformation 

in the test phase to test the spatial transformation capability of the model. 

 

5. Experimental evaluation and analysis 

5.1 Training and testing methods 

In order to verify the robustness and generalization performance of the STN-CNN 

model, three CNN models were used for training and testing in this section. The first 

model was recorded as CNN using a convolutional neural network without a spatial 

transformation network. The second model uses a convolutional neural network with 
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image preprocessing as preprocessing + CNN. The image preprocessing is mainly used 

to perform spatial transformation. The correction of the face pose is based on the face 

image and the binocular central information, and then the rotation is transformed 

according to the alignment of the horizontal axes of the eyes with the image. That is, 

the angle between the line from the center of one eye to the center of another eye and 

the horizontal axis is zero. The third is the STN-CNN model. 

In the experiment, the training method proposed in this paper is slightly different for 

different data sets. First, the performance of the STN-CNN model is verified using the 

CK+ data set. The specific training scenarios are the CK+ original facial expression data 

set and the data enhanced facial expression data respectively. The set and training data 

sets are grouped into: training set, verification set, and test set. The CK+ facial 

expression data set is divided into eight groups of data, each group of about 12 test 

subjects, to ensure that there is no identical test object between the group and the 

group, that is, a test subject's facial expression image sample only appears in the same 

group. The other group test samples do not have any sample of facial expression 

images of this test object. In this way, it can be verified to some extent whether the 

facial expression recognition model has generalization ability. During training, seven of 

the eight CK+ data sets are selected as the training set, and the eighth data set is 

shared between the verification set and the test set. Eleven of the test objects are 

selected for verification, and the remaining test objects are used for testing. . The 

experiment follows k-fold cross validation and Early stopping, each group is divided into 

one group for verification and testing, and the other seven groups are used for training. 

The verification group is used to determine errors. When the rate drops slightly or rises, 

take measures to stop the training in advance, select the optimal network weight and 

verify the model's recognition rate and generalization performance in the test set. 

When the STN-CNN model is trained with the FER2013 facial expression data set, 

experiments are also performed on the original data set and the enhanced data set, 

and grouped into a training set, a verification set, and a test set. In the original data, 

the training set of 28709 image samples, the test set of 2393 image samples, and the 

original test set was disassembled into a test set of 1196 image samples to verify the 

set of 2393 image samples. In the specific training process, the early stop method is 

also used to select the optimal network weight, and the recognition rate of the model 

is tested in the test set. The data enhancement was performed on the basis of the 

original training set. The enhanced training set totaled 602,889 image samples, and 

the number of test sets and verification sets remained unchanged. Finally, the JAFFE 

face data set was used for generalization performance and rotation invariance tests. 

The overall data set was used to test 213 image samples. 
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5.2 Experimental results assessment and analysis 

Experiments were performed on the CK+ and FER2013 datasets, respectively, using 

the above method, and then the STN-CNN model was loaded with the best network 

weights using the test set for testing. Table 1 shows the test results of the three model 

CK+ datasets. Table 2 shows the test results of the three models in the FER2013 

dataset. The comparison of experimental data proves that the training model of the 

training set after data enhancement is adopted, and the accuracy of the model is 

increased by 4% on average. No matter in the CK+ dataset or the FER2013 dataset, 

the recognition rate shows CNN<pre-processing+CNN<STN-CNN. It can be seen that 

the number of samples, face and face pose, and spatial transformation directly affect 

the recognition results, among which 3.1. The model recognition accuracy of spatial 

transformation network combined with convolutional neural network proposed in the 

section is the highest, which shows that the feature map after spatial transformation 

can greatly simplify the recognition tasks and improve the recognition accuracy of the 

model. 

 

Table 1 CK+ data set recognition rate 

model Raw data Data enhancement 

CNN 83.33% 84.52% 

pre-processing+CNN 89.21% 93.63% 

STN-CNN 92.11% 95.52% 

 

Table 2 FER2013 data set recognition rate 

model Raw data Data enhancement 

CNN 84.57% 86.14% 

pre-processing+CNN 90.15% 95.49% 

STN-CNN 94.51% 97.22% 

 

The experimental results comparing Table 1 and Table 2 are shown in Figure 7. Among 

them, CK+* and FER2013* are training sets after data enhancement. Three 

convolutional neural network models perform better on the FER2013 dataset than the 

CK+ dataset. The main reason is that the number of FER2013 data sets is much larger 

than the number of CK+. By observing Fig.8 and Fig.9, the recognition rate and error 

rate of STN-CNN in CK+ and FER2013, respectively, are represented by confusion 

matrix. The average recognition rate of models trained with CK+ datasets was 95.52%, 

while the average recognition rate of models trained with FER2013 datasets was 

97.22%. Among them, seven types of facial expression recognition rates can be 

considered as neutral, happy, and surprised. The recognition rate of facial expression is 
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high, but the recognition rate of sadness is the lowest, and it is vulnerable to the 

expression of surprise. This shows that in some cases, the feature maps of the two 

expressions are similar, and the feature separation in the pixel space is not obvious. In 

fact, this situation is also in line with human cognition. 

 

Fig. 7 Comparison of recognition rates of three kinds of deep convolution models 

 

 

Fig. 8 CK+ confusion matrix 

 

 

Fig. 9 FER2013 confusion matrix 
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5.3 Generalized performance evaluation and rotation sample testing 

Taking a cross-dataset test can better evaluate the generalization performance of the 

facial expression recognition model. At the same time, it also simulates the 

performance test in the wild environment as much as possible, that is, training with one 

data set and testing with another data set. The performance test in this section only 

uses the best model obtained in the FER2103 training and tests on the JAFFE data set, 

a total of 213 image samples. Analysis of Figure 10 shows that the test results of 

STN-CNN presented in this paper still reach 90.67% or more. This also shows that the 

sample of FER2013 data set is rich and complex. Therefore, the data distribution that 

can be learned by deep convolutional neural network is more complicated. At the same 

time, it also verifies that the STN-CNN proposed in this paper is competent for facial 

expression recognition in complex environments, that is, the method has good 

robustness and generalization ability. 

 

Fig. 10 Generalized performance testing 

 

 

Fig. 11 Generalized performance testing 
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When the rotating sample test is performed, there are a total of 426 rotated samples of 

the original image at a certain angle. Simultaneously analyzing Fig. 11 can obtain a 

higher recognition rate when the STN-CNN facial expression recognition model 

combined with the space transformation network is tested using the rotated samples. 

It is proved that the spatial transformation network can adaptively perform spatial 

transformation according to specific classification tasks, and guide the deep neural 

network model to obtain a certain degree of spatial invariance, ie, the ability of 

adaptive transformation is enhanced. When aiming at different postures, illumination, 

and background noise in a complex environment, the deep neural network model 

adaptively focuses on interest areas related to facial expressions, simplifies the task of 

feature extraction and classification, and thereby improves the accuracy of facial 

expression recognition and has a more accurate Strong robustness and strong 

generalization ability. 

 

6. Conclusion 

According to experimental data and analysis, the proposed STN-CNN model is superior 

to the traditional standard convolutional neural network and has good robustness and 

generalization performance. On the one hand, the spatial transformation network is 

introduced in the model, which can adaptively perform spatial transformation to deal 

with facial expression recognition with different postures and light intensity, and thus is 

suitable for facial expression recognition in the wild data testing environment. On the 

other hand, the batch standardization layer and the Inception module were introduced, 

which accelerated the training of the model, increased the depth of the network, and 

thus better and faster the distribution of the characteristics of the learning data and 

enhanced the nonlinear expression ability of the model. Finally, through the data 

enhancement method, the diversity of the training image samples is increased, and the 

training set is further expanded, which reduces the overfitting to some extent. 

Experimental evaluation and comparison again proved that deep learning has a good 

effect and greater potential in the field of facial expression recognition. The follow-up 

work on this topic will focus on the application of space transformation networks in 

convolutional neural networks and compression algorithms for convolutional neural 

networks. Without reducing the recognition accuracy, the network parameters will be 

reduced, and embedded devices can be transplanted in the future. Apply and ensure 

real-time facial recognition. 
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