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Abstract 
For the current problems of complex parameters of face expression recognition network 
models and feature redundancy arising from network training, an improved method of 
lightweight VGGNet network is proposed. Firstly, using the VGGNet network structure, 
the depth-separable convolution and global average pool are introduced into the 
original network to reduce the network parameters; secondly, an attention mechanism 
with spatial attention and channel attention in parallel is designed, and the attention 
module is embedded in front of the pooling layer and for feature reconstruction to 
enhance the apparent deep feature information and suppress the useless feature 
information;  finally, the extracted features are fed into the classifier to realize face 
expression classification. Experiments are conducted and analyzed on CK+ and RaDF 
databases. The recognition accuracy of 98.86% was tested on the CK+ dataset containing 
only frontal face images, and 97.48% was tested on the RaDF database of multi-pose face 
expression images, which proved the effectiveness of this improved network for multi-
pose facial expression recognition. 
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1. Introduction 

Facial Expression Recognition (FER) is a popular research topic in the field of computer vision and 
has a wide range of real-world application potential in various fields such as human-computer 
interaction, healthcare, and distance education. With the rise of machine learning, artificial 
intelligence techniques that can understand human facial expressions have been deeply developed. 
The research methods for facial expression recognition are mainly divided into methods based on 
traditional feature extraction and methods based on deep learning. The traditional methods mainly 
rely on manually designed feature extractors. For example, LBP[1]method for expression texture 
features, SURFdescriptors[2], etc., and then classify them using machine learning methods. However, 
traditional methods for feature extraction require a great deal of expertise and usually require 
elaborate design, but extract a single feature. When changing illumination, pose and complex 
background information, satisfactory results cannot be achieved and generalization and robustness 
are slightly lacking compared to deep learning methods. 

Deep learning methods extract to deeper and more abstract features during the learning process of a 
large number of samples, and eventually improve the prediction accuracy or enhance the 
classification ability.In 2014, Simonyan et al [3]proposed the VGGNet model to explore the 
relationship between the depth of convolutional neural networks and their performance, which laid 
the foundation for the development of deep convolutional neural networks (Deep convolutional 



International Core Journal of Engineering Volume 8 Issue 5, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202205_8(5).0032

 

269 

Pramerdorfer et al [4] used and demonstrated that modern DNN architectures (VGG, ResNet, 
Inception) can significantly improve FER performance. And it is confirmed that 10-layer VGGNet 
achieves 75.2% accuracy on the unconstrained face expression database FER2013. However, a 
significant drawback of most existing methods is that they only consider frontal images, and some 
studies ignore side views for convenience [5] [6] [7]. Akhand[8] proposes an efficient DCNN using 
TL and pipeline tuning strategies, and introduces a pipeline training strategy to gradually fine-tune 
the model to achieve high recognition accuracy for emotion recognition of multi-angle facial images. 
Compared with frontal face expression recognition, multi-angle face expression recognition needs to 
deal with the problems of missing expression information and multi-pose feature matching due to 
face pose changes, which greatly increases the difficulty of recognition. A large amount of data is 
generated during training, but there is a great redundancy of feature information, which makes the 
neural network performance degraded. 

To further improve the accuracy of expression recognition, this paper proposes an attention-based 
lightweight convolutional network approach for performing FER recognition tasks. Deeply separable 
convolution[9] and global average pooling (GAP)[10] are introduced into the original VGGNet to 
replace the standard convolution and fully connected layers to improve the problem of traditional 
convolutional neural networks with more parameters and easy overfitting. The attention module is 
embedded in the convolutional module to perform feature reconstruction using channel attention and 
spatial attention to extract the obvious driven deep features and suppress the useless ones. 

2. Proposed Method 

2.1 Spatial and Channel Squeeze & ExcitationBlock 

 
Figure 1. Structure of attentional mechanism 

 

It is important to accurately extract the key features of each type of expression to classify the 
expressions. The convolutional attention module is based on the processing mechanism of the human 
visual system, which ignores unimportant factors and focuses all attention on important regions as a 
way to improve the classification accuracy. Inspired by the structure of scSE [11], this paper improves 
the scSE module and applies it to a facial expression recognition network. The model consists of a 
channel attention branch and a spatial attention branch. The structure is shown in Fig. The channel 
attention feature map and the spatial attention feature map are integrated using the summation of 
corresponding elements. 
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𝑀(𝐹) = 𝐹𝑀 (𝐹) + 𝐹𝑀 (𝐹)         (1) 

2.1.1 Channel Squeeze and Spatial Excitation Block 

 
Figure 2. Spatial Attention Structures 

 

Spatial attention focuses on the spatial relationship of features, and the designed spatial attention 
branch complements the channel attention branch. As shown in Figure 2, the spatial attention branch 
has two global pooling layers and one convolutional layer. Firstly, the feature map F ∈ R(C×W×H) 
is passed through the global maximum pooling layer and the global average pooling layer respectively 
to obtain two feature maps, and the two feature maps are stitched together and then downscaled 
through a convolutional layer with a convolutional kernel of 1×1 to obtain a spatial attention weight 
feature map with M_s (F) ∈ R(1×W×H). The computational formula is as follows: 

 

𝑀 (𝐹) = 𝜎(𝐶𝑜𝑛𝑣[𝐺𝑀𝑃 (𝐹); 𝐺𝐴𝑃 (𝐹)])        (2) 

 

where Conv(∙) denotes the convolution operation, GMP_c and GAP_c are global pooling operations 
in the channel domain, and [∙] denotes the per-channel connection. 

2.1.2 Spatial Squeeze and Channel Excitation Block 

 
Figure 3. Channel Attention Structure 

 

Each channel of the feature map extracted in the convolutional neural network is equally important 
by default, but due to the different importance of the information carried by each channel, channel 
attention generates channel attention weights to redistribute its importance. Channel attention will 
utilize ECA-Net[12]. ECA-Net has a similar structure to SENet, but it is efficiently implemented by 
fast convolution of size k, where kernel size k represents the coverage of local cross-channel 
interactions, i.e., multiple adjacent channels participate in the attention prediction of a channel. ECA-
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Net coordinates an adaptive method for determining k, where the coverage interaction (i.e., kernel 
size k) is proportional to the channel dimension. The calculation formula is as follows: 

 

𝑀 (𝐹) = 𝜎(𝐶𝑜𝑛𝑣1𝐷(𝐺𝐴𝑃(𝐹)))               (3) 

 

where Conv1D(∙) denotes a one-dimensional convolution of size k for cross-channel interactions. The 
parameter k determines the interaction range. The size of k in ECA-Net is determined adaptively from 
the number of channels C and is calculated as: 

 

k = ψ(C) =
( )

+          (4) 

 

where the parameters γ and b are set to 2 and 1, respectively, and |x|_odd denotes the nearest odd 
number to x. 

2.2 Lightweight Deep Convolutional Neural Networks 

2.2.1 Depthwise Separable Convolutions 

Deeply separable convolution layer saves a large number of parameters compared to normal 
convolution, while still having the same feature extraction capability as normal convolution. Deeply 
separable convolution divides the classical convolution calculation into two steps: 

 

 
Figure 4. Channel convolution 

 

Step 1: channel convolution, the W × H × C feature map is expanded into C single-channel feature 
W × H maps by channel, using m × n convolution kernels, and each channel corresponds to a 
convolution kernel for convolution calculation, the resulting output channel dimension is the same as 
the input channel dimension. 

 

 
Figure 5. point convolution 
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Step 2: Point-by-point convolution, using a convolution kernel of size 1x1, performs the convolution 
calculation according to the ordinary convolution algorithm. The number of 1x1 convolution kernels 
in this step represents the number of extracted features, combining the features of each dimension 
and reducing the number of channels. 

By splitting the standard convolution operation into channel-by-channel convolution and point-by-
point convolution to reduce some parameters of the convolution layer. If the number of input channels 
is C and the number of output channels is P, then the total parameters required for the standard 
convolution layer are m×n×C×P. The parameters of the deeply separable convolution operation are 
composed of two parts, channel-by-channel and point-by-point convolution, as m×n×C+C×P, and the 
ratio between them is 1/P+1/(m×n) (m, n and k are the three dimensions of the standard convolution 
kernel). 

2.2.2 Model Architecture 

 
Figure 6. Improved VGG16 network structure 

 

Convolutional Neural Network (CNN) is a method that combines feature extraction and expression 
classification into one method, avoiding the disadvantage that traditional expression recognition 
methods have insufficient ability to characterize the features extracted in the feature extraction phase. 
In expression recognition tasks, more convolutional layers are required for deep, abstract feature 
extraction.VGGNet (Visual Geometry Group Network) [4] network is a deep CNN developed by 
researchers from the Visual Geometry Group at Oxford University and Google's DeepMind.VGGNet 
network has a continuous small convolutional kernel of structure, which enhances the nonlinear 
representation of the model and enables the extraction of higher-level expression abstraction 
features.The VGGNet network gradually extracts more and higher-level image feature information 
as the feature extraction proceeds, the size of the feature map decreases due to the pooling layer, and 
the channels keep increasing due to the number of convolutional kernels.The VGG16 network is a 
classical VGGNet network VGG16 consists of five convolutional blocks for feature extraction, three 
fully connected layers and a Softmax layer for classifier. The convolutional blocks consist of two to 
three convolutional layers forming a convolutional block, each with all convolutional kernels of 3×3 
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and all pooling kernels of 2×2. In this paper, the network structure takes advantage of the 
characteristics of VGG16 to lighten the number of VGG16 network parameters by using depth-
separable convolution and global average pooling layers instead of standard convolutional operations 
and fully connected layers, respectively. The lightened VGG16 network can accelerate training and 
reduce overfitting. Therefore, the training generates a large amount of training data, but also has a 
great redundancy of feature information, which makes the neural network performance degraded. 
When performing multi-angle face expression image recognition, the multi-angle face expression 
images will have some information missing, so it is more important to obtain the key features. 
Therefore, embedding the attention mechanism in the network, and the attention module explicitly 
models the dynamic, nonlinear dependencies between channels and spatial locations using global 
information, can alleviate the information redundancy of the learning process, extract key features, 
and greatly enhance the performance of the network. 

3. Experimental Studies 

3.1 Datasets 

The CK+ database [13]collected a total of 593 expression change sequences from 123 people, and 
each image sequence contained all frames from neutral expressions to expression peaks, of which 
327 cases contained expression labels. In this paper, six expression images of anger, disgust, fear, 
happiness, sadness and surprise were selected for the experiment.  

The RaFD expression dataset [14] contains 8 expressions of 67 volunteers, and each expression image 
of each volunteer corresponds to three different eye annotation orientations. Each head pose contains 
1608 images. In this paper, all 8 expression images were selected for the experiment.  

3.2 Experimental Setup 

To reduce redundant information such as background, the sampling is done with the Adaboost 
algorithm based on Haar-like features to detect face regions, which has high computational speed and 
correctness. Histogram equalization is used to enhance the contrast of the image and strengthen the 
image details. Finally, the image is scaled to a size of 128 × 128, and data enhancement is performed 
in the experiment in order to reduce overfitting during the training process, as shown in Figure 7. 

 

 
Figure 7. Data preprocessing 

 

The hardware information used in the method of this paper is as follows: GPU is NVIDIA-RTX2060 
6G, CPU is Intel core i7-10750H, and memory is 16G; software information is as follows: operating 
system is Windows 10, python 3.7 and Tensorflow deep learning framework is installed. The training 
strategy of adaptive moment estimation (Adam) is used, and the learning rate is set to 0.0005. Since 
there is no training set and test set in the two datasets of CK and RADF, the comparison experiment 
uses two different modes to separate the training set and test set: (1) 90% of the images in the dataset 
are randomly used as the training set, and the remaining 10% are kept as the test set; (2) 10-fold cross-
validation (10-Fold CV). The dataset is divided into 10 equal subsets, and one of them is used as the 
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test set each time, while the remaining 9 subsets are used for training. The results are averaged over 
10 runs. The evaluation criteria are accuracy (accuracy) and check-all rate (recall recall), which are 
calculated as follows. 

 

accuracy=(TP+TN)/(TP+TN+FP+FN)       (5) 

 

 recall=TP/(TP+FN)          (6) 

 

Where TP is the number of positive samples judged as positive class, TN is the number of negative 
samples judged as negative class, FP is the number of negative samples judged as positive class, and 
FN is the number of positive samples judged as negative class. 

4. Results and Discussion 

In order to verify the effectiveness of the algorithm in this paper, VGGNet, MobileNet , Xception 
[15], DenseNet [16] excellent network models were selected for experimental comparison. 
mobileNetV2, Xception both network models take depth separable convolution instead of standard 
convolution to reduce the number of network structure parameters. The Xception architecture has 36 
convolutional layers that form the basis of feature extraction of the network. 121 layers of 
convolutional depth are used for feature extraction of the network of DenseNet121 and 13 layers of 
convolutional layers for the improved lightweight VGG16 network as the prototype VGG16. The 
experiments were conducted using two different patterns to separate the training and test sets. The 
experimental results are shown in Table 1. 

 

Table 1. Comparison of the test set accuracies with different pre-trained deep CNN models on CK+ 
and RaDF datasets. 

Pre-Trained Deep 
CNN Model 

CK+ in  

10-Fold CV 

CK+ in Selected 
10% Test Samples 

RaDF in  

10-Fold CV 

RaDF in Selected 
10%Test Samples 

VGG16 94.18% (+/- 
4.92%) 

95.45% 92.38% (+/- 
2.47%) 

93.62% 

MobilenetV2 97.36% (+/- 
2.56%) 

98.90% 97.60% (+/- 
3.66%) 

98.50% 

Xception 98.24% (+/- 
3.52%) 

100% 98.53% (+/- 
0.56%) 

98.88% 

denseNet121 99.67% (+/- 
0.50%) 

100% 98.13(+/- 
0.46%) 

98.63% 

ours 98.76% (+/- 
1.89%) 

98.86% 97.41% (+/- 
1.38%) 

97.48% 

 

From Table 1, it is obvious that the accuracy of this paper's algorithm reaches the accuracy of three 
lightweight and efficient deep neural networks, MobileNetV2, Xception, and DenseNet121. The 
accuracy of CK+ database is stable at about 98% in the 10-fold cross-validation experiment of this 
paper's algorithm. the RaDF database contains multi-angle facial expressions, and the experimental 
results have an overall decrease in the accuracy of CK+ relative to the frontal facial expression 
database, but this paper's algorithm still has a small improvement on the original VGG16 network. 

The designed CSA module can be placed in many places of the convolutional neural network, and 
the experiments in this section are placed in three main locations of the network - after each 
convolutional layer, before the pooling layer, and after the pooling layer. Table 1 shows the accuracy 
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of expression recognition at these three locations. From the table, it can be seen that embedding the 
attention module in front of the pooling layer has the highest accuracy for expression recognition 
among the three positions. 
 

Table 2. The effect of the location of the attention model on network performance 

Datasets Position Accuracy 

CK+ After Conv 98.46% 

Before Pooling 98.86% 

After Pooling 97.73% 

RaDF After Conv 96.89% 

Before Pooling 97.48% 

After Pooling 97.13% 

 

The experiments in this section verify the validity of channel attention, spatial attention, and their 
parallel synthesis modules. The experimental results are shown in Table 2, where Base denotes the 
lightweight VGG16 benchmark network with the attention module removed, CA denotes the channel 
attention module embedded, SA denotes the spatial attention module embedded, and CSA denotes 
the channel and spatial attention modules embedded. From Table 3 shows the experimental results, 
the accuracy of the attention module on expression recognition is improved by very well, comparing 
with the benchmark network all have more than 1% improvement, and the integrated module has the 
largest improvement rate, which also shows the effectiveness of the attention module. 
 

Table 3. Performance comparison of different modules 

Model Accuracy 

CK+ RaDF 

Base 96.81% 95.62% 

Base+CA 98.35% 97.26% 

Base+SA 

Base+CSA 

98.57% 

98.86% 

96.89% 

97.48% 

 

CBAM [17] uses a spatial attention feature map generated by convolution because channel 
subattention and spatial subattention are in tandem mode, so the spatial subattention module's will be 
limited. scSE combines channel and spatial attention to enhance features and capture spatially 
informative features at the pixel level. eca-Net and SENet[18] are both channel attention mechanisms 
that ignore the effect of spatial feature location on expression classification accuracy. From Table 4, 
it can be seen that the algorithm in this paper achieves a relatively good improvement. 
 

Table 4. Performance comparison of different attention models 

Model Accuracy 

CK+ RaDF 

SENet 98.46% 97.01% 

ECA-Net 98.35% 97.26% 

CBAM 

scSE 

ours 

98.35% 

98.34% 

98.86% 

97.43% 

97.13% 

97.48% 
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The details of the confusion matrix of the CK+ database are shown in Figure 8. It can be clearly seen 
that the detection rate of the categories of happy, sad, angry and surprised is high, reaching 100%, 
while the detection rate of the category of "fear" is the lowest, because the number of images of fear 
expressions is relatively small and the expressions are not easily distinguished from those of surprise, 
so their detection rates are lower than those of anger, disgust, happy and surprise. 

 

 
Figure 8. The confusion matrix of the proposed method on CK+ database. 

 

From Figure 9, it can be seen that the accuracy of different expressions recognition is also different, 
among which, disgust and surprise are easier to recognize, while anger and fear are difficult to 
distinguish, only 94.6% and 95.5%, which are obviously lower than the average recognition rate; in 
addition, neutral and angry expressions are more easily misclassified under 0° and -90° angles of the 
face, resulting in lower recognition rates of these two expressions, both lower than the average check-
all rate. 

 

 
Figure 9. The confusion matrix of the proposed method on RaDF database. 
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5. Conclusion 

Being able to perform face expression recognition from different angled views in uncontrolled 
environments (e.g., public places) is becoming increasingly important for safe and secure living, 
smart living, and smart societies. In this paper, we propose an approach to improve a lightweight 
VGG16 network for performing FER recognition tasks. Under the VGGNet neural network structure, 
firstly, the VGG16 network is made lightweight by using deep separable convolution and global 
average pooling layer to reduce the network parameter data; secondly, the redundancy of feature 
information generated during the training of the VGG16 network is improved by using the attention 
module for feature reconstruction, so that the network boosts the valuable feature channels from 
global information and suppresses the features that are not useful for the current task channels that 
are not useful for the current task. The effectiveness of this approach is verified on RaFD, and CK+ 
expression databases through extensive comparison experiments. The results also demonstrate the 
ability of the improved lightweight VGGNet network to correctly classify facial expressions with 
different personal attributes and different poses into the correct categories. 
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