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Abstract. As an important part of human-computer interaction, facial expression
recognition has become a hot research topic in the fields of computer vision, pattern
recognition, artificial intelligence, etc., and plays an important role in our daily
life. With the development of deep learning and convolutional neural network,
the research of facial expression recognition has also made great progress. More-
over, in the current face emotion recognition research, there are problems such as
poor generalization ability of network model. The extraction of traditional facial
expression recognition features is complex and the effect is not ideal. In order to
improve the effect of facial expression recognition, we propose a feature extrac-
tion method for deep residual network, and use deep residual network ResNet-18
to extract the features of the data set. Through the experimental simulation of the
specified data set, it can be proved that this model is superior to state-of-the-art
methods model.
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1 Introduction

With the rapid development of computer technology and neural network technology,
people have a higher and higher demand for intelligent automation. We hope that the
computer can acquire the changes of facial expressions [1] just like the communication
between people. Only in this way can we achieve real intelligence and better human-
computer interaction. So, in order to interpret human emotions, computers are required to
have accurate facial expression recognition. Facial expression recognition is to separate
the specific facial state from the given static image or dynamic video sequence, so as to
determine the psychological emotion of the object to be recognized. On the other hand,
facial expressions are a form of non-verbal communication and are the main means by
which people express information. By looking at the changes in facial expressions, we
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can better identify the emotional changes in the other person. Face recognition is also
an important research field in computer vision. Accurate facial expression recognition
will be helpful to human-computer interaction, security monitoring, auxiliary medical
treatment, auxiliary driving and other work smoothly.

The purpose of facial expression recognition is to analyze a given facial expression
and then classify the corresponding emotions. According to the basic facial emotions
defined by American psychologists Ekman and Friesen in 1971, we can divide facial
emotions into seven kinds: happy, sad, fearful, angry, surprised, disgusted and neutral.

Facial expression recognition can be divided into four stages: image acquisition,
image preprocessing, feature extraction and classification recognition. The core of tradi-
tional facial expression recognition algorithms is feature extraction and classifier design.
Artificial features include local binary mode (LBP), gradient histogram, etc., and classi-
fier design includes neural network, support vector machine (SVM), K-nearest neighbor
algorithm, etc. The problem is the facial expression of this kind of method of prepro-
cessing. Feature extraction and classifier’s generalization ability will influence the final
classification results. Photo angle, light and shade, color of skin can cause different
expression recognition difficulty. Thus, it needs for a specific case for image preprocess-
ing and feature extraction and work more difficult. In recent years, convolutional neural
network has developed rapidly, and its biggest advantage is that it can automatically learn
the best features for specific tasks. Facial features such as local binary pattern (LBP),
Active Shape Mode (ASM) and other features can be learned through deep learning
network, and even higher-level abstract features can be learned automatically which is
not available with traditional algorithms.

However, through reading recent literature, it can be found that most methods for
extracting facial expression features are prone to lose the original emotional informa-
tion. For example, Ali, et al. [2] proposed the use of support vector machine (SVM)
method. Evans [3] presented to use Haar wavelet transform (HWT) method. In addition,
the generalization and robustness of the network model are poor. When the operating
environment on which the network model depends slightly changes, the network model
is likely to get stuck in the recognition process, which directly affects the speed and
accuracy of facial emotion recognition. Lu [4] used biorthogonal wavelet entropy as
feature extractor, and employed fuzzy SVM as classifier. Phillips [5] employed Jaya
algorithm to classify facial emotion recognition. Yang [6] utilized cat swarm optimiza-
tion to recognize facial emotions. Li [7] chose to use biogeography-based optimization
(BBO) for the same task.

The main content of this paper is to study the recognition of facial expressions,
and propose an image facial expression recognition algorithm based on deep learning,
and realize the recognition of image sequence facial expressions on the basis of static
expression recognition. The main contributions of this paper are as follows: Study the
input image pretreatment operation to improve the recognition rate of facial expres-
sions; ResNet-18 is used as the backbone network for static facial expression recogni-
tion algorithm. Compared with other algorithms, the experimental results show that the
recognition rate of this algorithm is improved to some extent.
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2 Dataset

In order to make the experimental process easier to implement and the experimental
results more comparable, the data set adopted in this paper is a new data set composed
of a face model. The reference data set captures the facial expressions of objects of
different ages, occupations, and races, including images of seven facial emotions: happy,
sad, fearful, angry, surprised, disgusted, and neutral. Figure 1 displays samples of our
dataset.

Fig. 1. Samples of our dataset [4]

3 Methodology

3.1 Convolution

The main function of convolutional layer is to extract key features from the input image
and compress the image into a form that is easier to process, so as to obtain good
prediction. In functional analysis, convolution is a definition of a function [8–10]. It
is a mathematical operator that generates a third function by two functions f and g,
representing the area of the overlap between the functions f and g after flipping and
shifting. The calculation formula of convolution is as follows:

h(x) = f (x) ∗ g(x) =
∫ +∞

−∞
f (t)g(x − t)dt (1)

As is shown in (1), the output of the system at a certain time is the result of the
superposition of multiple inputs. f (x) and g(x) are two integrable functions. And h(x) is
the result of the convolution operation [11]. In the image analysis, f (x) can be understood
as the original pixel points, all the original pixel points added up to be the original graph.
g(x) can be called the action point, and all the action points are collectively called
the convolution kernel. After all the action points on the convolution kernel act on the
original pixels in turn, the output result of linear superposition is the output of the final
convolution, which is called destination pixel [12].
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Convolutional neural network is a process of extracting features, selecting features
and then classifying them. Some specified features of the original image can be extracted
by mathematical operation with the convolution kernel [13]. The extracted features are
different with different convolution kernels. The extracted features are the same, and
different convolution kernels have different effects.

3.1.1 Standard Convolution

Each image can be regarded as a matrix composed of pixel values, and features can be
extracted from the image through convolution. In the convolutional layer, the unit used
for the convolution operation is called the convolution kernel [14–16]. Its parameters
are what we want to learn, and the size should be smaller than the input image. In the
process of convolution, each kernel carries out convolution computation with the input
image [17], slides the convolution kernel on the image, multiplies the pixel value on
the image with the corresponding value on the convolution kernel, and adds up all the
multiplied values and finally slide each part of the image [18].

The Fig. 2 shows a two-dimensional convolution process with a 3 × 3 kernel and a
stride of 1.When the convolution kernel is scanned on the input image, the value of the
corresponding position in the input image is multiplied by the convolution kernel one by
one, and the final sum is summarized to obtain the convolution result of the position [19].
By constantly moving the convolution kernel, the convolution results at each position
can be calculated. For each point, we can take this point and convolve it with the 3 by 3
points around it.

Fig. 2. Standard convolutional process

3.2 Pooling

Pooling is used to reduce the dimension of the data. In CNN, after convolution, the
feature dimension of the output of the convolutional layer is usually reduced by Pooling,
the size of thematrix generated by the convolutional layer is reduced, and the over-fitting
phenomenon can be prevented while the network parameters are reduced [20–22]. In
short, pooling is to remove the redundant information, retain the key information, reduce
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the impact of noise, andmake each featuremore robust. The common pooling operations
are Max pooling and Average pooling.

3.2.1 Average Pooling

Averaging pooling means averaging the characteristic points in the neighborhood. There
are two errors in feature extraction of pooling method: first, the limitation of neighbor-
hood size leads to the increase of estimated variance; Second, parameter error of con-
volutional layer causes deviation of the estimated mean value. The average pooling of
image can reduce the first error and retain more background information of the image.

Fig. 3. Average pooling process

In Fig. 3, the input is a 4 × 4 matrix and the stride is 2. The kernel that performs
the average pooling is a 2 × 2 matrix. We break up the 4 × 4 input into different areas
and color these areas. For a 2 × 2 output, each element of the output is the average
element value in its corresponding color region. The Average pooling result is obtained
from Average (12, 0, 0, 8) = 5, Average ( 0, 0, 8, 0) = 2, Average ( 4, 5, 9,18) = 9, and
Average (23, 4, 33, 60) = 30.

3.2.2 Max Pooling

Themax pooling is to take themaximumof the characteristic points in the neighborhood.
Features ofMaxpooling selection have better recognition and provide nonlinear features.
In addition, maximum pooling can reduce the second error and retain more texture
information [23–25]. The advantage of Max pooling is that only the maximum value
(features) in the area is retained and other values are ignored to reduce the impact of noise
and improve the robustness of the model. In addition, the hyper-parameters required for
Max pooling are only filter size F and filter stepping length S, and no other parameters
need to be obtained bymodel training, so the calculation amount is very small. If there are
multiple channels, the Max Pooling operation is performed separately for each channel.

In Fig. 4, the input is a 4 × 4 matrix and the stride is 2. The kernel that performs
the max pooling is a 2 × 2 matrix. We break up the 4 × 4 input into different areas
and color these areas. For a 2 × 2 output, each element of the output is the maximum
element value in its corresponding color region. The max pooling result is obtained from
Max(12, 0, 0, 8) = 12, Max(0, 8, 0, 0) = 8, Max(4, 5, 9, 18) = 18, and Max(23, 4, 33,
60) = 60.
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Fig. 4. Max Pooling Process

3.3 Batch Normalization

Due to the activation of the input value in deep neural network before nonlinear transform
as the network depth deepening or in the process of training, its distribution deviates or
changes gradually, the training convergence is slow and gradually approaches the upper
and lower limits of the value interval of the nonlinear function, such as the sigmoid
function, the activation input value Wx+ B is a large negative or positive value, so
it leads to lower when back propagation neural network gradient disappear, this is a
fundamental reason for the slow convergence is more and more deep neural network
training, BN through certain means of standardization, this input neurons in each layer
of the neural network value forced back to the distribution of the mean to 0 variance 1
standard normal distribution, distribution of more and more partial forced back to the
standard distribution, in order to activate the input value falls in the area of nonlinear
function is more sensitive to input, this will lead to small changes in input change a
loss function, mean let gradient get bigger, so avoid gradient disappeared, and gradient
bigger means learning convergence speed is fast. The large step towards the optimal
value of loss function can accelerate the training speed greatly [25–27].

BNcan prevent gradient explosion or dispersion, improve the robustness of themodel
to different hyperparameters (learning rate, initialization) during training, and keep most
activation functions away from its saturated region. All of these properties of BN can
help us to have a fast and robust training network. The real reason why BN can work is
that BN changes the optimization problem again, making the optimization space very
smooth.

In the process of image preprocessing, we usually standardize the image, which can
accelerate the convergence of the network. As shown in the Fig. 5, regarding the Conv1,
the distribution of the input is to satisfy a certain characteristic matrix, but, for Conv2, the
featuremap inputmay not satisfy a certain distribution, here tomeet a certain distribution
does not mean a certain feature map data to satisfy the distribution, the data of the feature
map corresponding to the whole training sample set should meet the distribution. The
purpose of Batch Normalization is to make feature map meet the distribution law of
mean value 0 and variance 1.

As shown in the following formula,one layer has n dimensional input: a =
(a1 · · · an). μA is the average of the values of a. σA

2 is the variance of a. And ε is a
small constant that prevents the denominator from being zero. Oi is the result by Batch
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Fig. 5. Convolution example

Normalization process. C in (5) is used to adjust the variance size of the numerical dis-
tribution, and D is to adjust the location of the numerical mean. These two parameters
are learned in the back propagation process, and the default value of C and D is 1 and 0.

μA ← 1

n

∑n

i=1
ai (2)

σA
2 ← 1

n

∑n

i=1
(ai − μA)2 (3)

ai
∧ ← ai − μA√

σA2 + ε
(4)

Oi ← Cai
∧ + D = BNC,D(ai) (5)

The training sample set corresponding feature map data to satisfy the distribution,
to calculate the feature map of the entire training set and then standardizing, for a large
data set is obviously not possible, so we calculate a Batch data feature map and then
standardize, The larger the batch is, the closer it is to the distribution of the entire data
set, the better the effect is. As is shown in (2), μA represents the mean value of the
feature map, and each element of μA vector represents the mean value of a dimension
(channel). σA2 represents the variance of the feature map, and each element of σA2 vector
represents the variance value of a dimension (channel). Then according to μA and σA

2

and through Eq. (4), do the standardized calculation to get the final value.
The Fig. 6 shows the calculation process of the Batch Normalization with a batch

size of 2, the feature1 and feature2 are feature matrix obtained by a series of con-
volution and pooling of image1 and image2 respectively. The channel of feature is
2, then a(1) represents the data of Channel 1 of all features of the batch (a(1) =
{1, 1, 1, 2, 0,−1, 2, 2}), Similarly, a(2) represents the data of Channel2 of all features
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Fig. 6. Batch normalization process

of the batch (a(2) = {−1, 1, 0, 1, 0,−1, 3, 1}). Then calculate the mean and variance of

a(1) and a(2) respectively to get μA and σA
2(μA =

(
1
0.5

)
, σA2 =

(
1
1.5

)
).

The value of each channel is then calculated according to Eq. (4). In the process of
training the network, the data is trained from one batch to one batch. In the course of the
training we’re going to keep counting the mean and the variance of each batch, and using
the method of moving average to record the mean and the variance of the statistics, and
after we’ve trained, we can approximate the mean and the variance of the statistics that
we’re going to be equal to the mean and the variance of our entire training set. Then, in
our validation and prediction, we use the mean and variance of the mean and variance
that we count to standardize the process.

3.4 Rectified Linear Unit
σReLU(z) = max(0, z) (6)

ReLU is an activation function. Why the activation function was introduced? The output
of each layer is the linear function of the upper input, no matter how many layers of the
neural network, the output is the linear combination of the input, and no hidden layer
effect. Therefore, the introduction of the nonlinear function as the activation function
[28–30], so that the deep neural network is intentional, no longer is a linear combination
of input, which can approach any function. The original idea is the Sigmoid function
or the Tanh function, which has a bounded output and can easily be entered as the next
layer. In the ReLU [31], less than 0 is directly placed in 0, which is greater than 0 as input.
This is the realization of the nonlinear transformation. The partial gradient of greater
than 0 is 1. So the gradient of the activation function is always 1 for the information that
needs to be passed from the input [32]. Even if continuous multiplication is not smaller,
ReLU solves the problem of gradient disappearing [33], which is a powerful way to help
train rapid convergence. According to the definition of ReLU, information can only be
propagated in the region of ReLU greater than 0 (forward and backward), which brings
another advantage is the sparseness [34], reducing the interdependence of the parameters
and reducing the occurrence of the overfitting problem. The sparse ability not only helps
the performance of the network, but also from the perspective of the neuroscience,
the activation rate of the neurons is low [35], which is also a simulated simulation. In
addition, the activation function such as Sigmoid has exponential operation in Forward
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propagation and when calculating the error gradient in Back propagation, the derivative
involves the division [36, 37]. While ReLU activation function saves a lot of calculation
in the whole process [38].

As is shown in Fig. 7, when the input is less than 0, the output is 0. When the input
is greater than 0, the output value is the value of the input.

Fig. 7. Rectified linear unit

3.5 ResNet-18

As the number of layers in the network deepens, gradient disappearance or gradient
explosion will occur. In other words, as the number of layers increases, the gradient of
back propagation in the network will become unstable with continuous multiplication
and become particularly large or small. It can be solved by data standardization, weight
initialized, and Batch Normalization. However, with the deepening of layers, there is
also a degradation problem, that is, deeper networks have higher training set errors,
which can be solved by the residual structure in ResNet-18 [39, 40].

When we simply stack the network directly to a long length, the features inside the
network have reached their best at a certain layer, and the remaining layers should not
make any changes to the features and automatically learn the form of identity mapping.
Compared with the shallow network, deeper networks should not have worse effects,
but this is not the case for the degradation of network. What we need to do is to make the
deep network achieve at least the performance of shallow networks under the network
degradation, and make the layer behind the deep network achieve the identity mapping.
Therefore, the residual structure is proposed to help the identity mapping of networks.

Due to the existence of many residual modules, the connections of some neural
layers are weakened and reduced, and the linear transmission of the interlayer is realized
instead of blindly pursuing nonlinear relations. The model itself can “tolerate” deeper
neural networks. In terms of performance, additional residual modules will not degrade
the performance of the Big NN.

As is shown in Fig. 8, the straight line forward is the residualmapping, and the curved
line is the identity mapping, so the final output is y= F(x)+ x. F(x) is obtained from the
input after a series of convolution, BN operations, and activation of the function. And
x is the value of the input. The downsample uses the 1 * 1 convolution kernel, which
makes the latitudes equal.
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Fig. 8. Basic block

As is shown in Fig. 9, the ResNet-18 first goes through a 7 * 7 convolutional layer,
then through a 3 * 3 maximum pooled subsampling, then through a series of residual
structures, and finally through average pooled subsampling and full connection layer
[41].

Fig. 9. ResNet-18

4 Experiment Result and Discussions

4.1 Statistical Analysis

The sensitivity analysis is shown in Table 1. The data is closely related to the facial
muscles that correspond to expressions, with lip funneler and nose wrinkles making
their early facial expressions similar, and expressions such as jaw drop and the upper lid
raiser also make expressions based on the same muscle movement characteristics look
similar.

Table 1 shows the sensitivity analysis of the seven emotion classes running for 10
times. According to the data fromTable 1, the sensitivity of each expression is as follows:
95.20 ± 2.35%, 95.70 ± 2.16%, 94.90 ± 1.66%, 93.60 ± 2.88%, 95.30 ± 2.67%, 93.20
± 3.58%, 95.70 ± 1.34%. From this we can get: the expression of Disgust is the most
sensitive and easy to recognize, followed by the expression of Surprise, and the third
is the expression of Neutral. According to Table 2, the overall average accuracy of the
system after 10 runs is 94.80 ± 1.43%.
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Table 1. Statistical analysis on the sensitivities of each class

Anger Disgust Fear Happy Neutral Sadness Surprise

Run 1 97.00 92.00 94.00 89.00 97.00 95.00 95.00

Run 2 97.00 97.00 97.00 97.00 97.00 97.00 98.00

Run 3 92.00 92.00 96.00 93.00 98.00 87.00 97.00

Run 4 97.00 96.00 97.00 97.00 97.00 96.00 96.00

Run 5 97.00 96.00 95.00 96.00 93.00 96.00 94.00

Run 6 96.00 98.00 94.00 92.00 90.00 96.00 95.00

Run 7 95.00 95.00 96.00 94.00 96.00 95.00 97.00

Run 8 93.00 96.00 95.00 92.00 92.00 90.00 95.00

Run 9 91.00 97.00 92.00 90.00 96.00 89.00 94.00

Run 10 97.00 98.00 93.00 96.00 97.00 91.00 96.00

Average 95.20 ± 2.35 95.70 ± 2.16 94.90 ± 1.66 93.60 ± 2.88 95.30 ± 2.67 93.20 ± 3.58 95.70 ± 1.34

Table 2. Statistical analysis on the overall accuracies

Run OA

1 94.14

2 97.14

3 93.57

4 96.57

5 95.29

6 94.43

7 95.43

8 93.29

9 92.71

10 95.43

Average 94.80 ± 1.43

4.2 Comparison with State-of-the-Art Approaches

The OA of the “ResNet-18” method used in this experiment was compared with that of
the other three methods, which were HWT [3], CSO [6] and BBO [7]. The results are
shown in Table 3: OA of HWT [3] is 78.37 ± 1.50%; OA of CSO [6] is 89.49 ± 0.76%;
OA of BBO [7] is 93.79 ± 1.24%. We can clearly see that the method of “ResNet-18”
has the highest accuracy (94.80 ± 1.43%), followed by BBO [7], and the third highest
accuracy is CSO [6], while the lowest accuracy is HWT [3].

It can be seen from Table 1 that the highest OA obtained by “ResNet-18” method
mainly depends on: (i) the ability of CNN to extract image features; (ii) the excellent
training ability ofResNet-18.And thenext bestmethod isBBO[7],which comes from the
theory of biogeography and is a swarm intelligence optimization algorithm based on the
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general rules of migration and variation of different populations of different organisms
in different habitats. The third best method is CSO [6], which mainly combines the
seeking mode and the tracing mode in the algorithm through mixture ratio to achieve
global optimization.

We should note that there are currently several variants of ResNet, such as Wide
Residual Network (WRN), ResNeXt and MobileNet. In the future research, we will test
their performances.

Table 3. Comparison with State-of-the-art methods

Method OA

HWT [3] 78.37 ± 1.50

CSO [6] 89.49 ± 0.76

BBO [7] 93.79 ± 1.24

ResNet-18 (Ours) 94.80 ± 1.43

5 Conclusion

In this content, we propose an improved facial emotion recognition system. We use
ResNet-18 for feature extraction. The facial emotion recognition system has achieved
good recognition effect. In the future research, we will continue to focus on the research
of facial emotion recognition and try to collect more emotional images than in this exper-
iment, so as to optimize and propose a better algorithm to train the hyperparameter of the
neural network, such as the weights and biases. And we will also try such optimization
algorithms based on ResNet-18 to improve the performance of neural network.
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