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Abstract. This paper suggests a facial expression recognition network based on a multi-
attention mechanism called SCSNet to address factors like pose change and occlusion in
facial expression recognition while also taking account of the issue of inadequate facial
information extraction using a single attention mechanism (Spatial-attention, Channel-
attention, and Self-attention Network). The network is put together by the multi-attention
mechanism using channel, spatial, and Self-attention. In comparison to using a single
attention mechanism, the network concentrates on more useful expression traits when
channel attention and spatial attention are combined. The Self-attention technique can
reduce ambiguous annotation-related elements including illumination, occlusion, human
position changes, and others, which enhances the model’s capacity for discriminative ex-
pression. This study used the RAF-DB public dataset for the experimental evaluation,
which had an accuracy of 86.89%. The outcomes of the experiments on different datasets
further demonstrate the efficacy of this approach.
Keywords: Facial expression recognition, Multi-attention mechanism, Channel-atten-
tion mechanism, Spatial-attention mechanism, Self-attention

1. Introduction. In the realm of computer vision, facial expression recognition is an
area of active research. Facial expressions can transmit emotion from the standpoint of
emotional comprehension because high-resolution facial expression photos contain a lot
of information [1]. As a result, it is frequently utilized in a variety of industries, including
transportation [2], service industry [3], lie detection [4], auxiliary medical diagnosis [5],
Human-Computer Interface (HCI) [6], etc.

The development of deep learning has significantly improved facial expression identi-
fication. Facial expression recognition uses a variety of network frameworks, including
CNN (Convolutional Neural Network) [7], VGGNet (Visual Geometry Group Network)
[8], ResNet (Residual Network) [9], and others. In testing AffectNet [11], Li et al. [10] used
an enhanced VGG-16 facial expression recognition model based on CNN and achieved
notable accuracy. Nevertheless, the feature learning capacity of the network model is
influenced by a number of non-facial expression-related parameters (such as illumina-
tion, posture, and occlusion), making the expression identification process susceptible to
overfitting and limiting the model’s ability to generalize. Li et al. [12] created a facial
expression identification convolutional neural network with an attention mechanism in
2020 to improve the neural network’s capacity for feature learning. To enhance network
performance, this technique combines attention mechanisms, convolutional features, and
LBP (Local Binary Patterns) features.
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The aforementioned techniques have significantly improved facial expression recognition
in constrained settings. Facial expression recognition accuracy in natural scenarios still
has to be improved, despite facial expression recognition’s growing use in the wild. This
research suggests a paradigm for recognizing facial expressions that incorporates many
attentional mechanisms based on this. Based on ResNet, this paradigm suggests a novel
schema that integrates Channel, Spatial, and Self-attention methods. The article includes
seven main kinds of expression labeling: anger, disgust, fear, happy, sad, surprise, and
normal.
In summary, our contributions are the following.

• We propose a facial expression recognition network with multi-attention mechanism
called SCSNet (Spatial-attention, Channel-attention, and Self-attention Network),
which achieves high performance compared with single attention mechanism.

• We reveal a discovery that the feature extraction network can better extract facial
expression features by combining channel and spatial attention mechanism.

The rest of the paper is organized as follows. Section 2 discusses the principle and
implementation of this algorithm, Section 3 describes the results and analysis of the
experiment, and Section 4 concludes the paper.

2. Methods. A facial expression recognition network called SCSNet is suggested in this
paper. The SCSNet model is first introduced in this section, followed by an explanation
of its feature extraction network and three crucial parts.

2.1. SCSNet model. The SCSNet model put forth in this paper has four essential parts:
feature extraction network, Channel-attention mechanism [13], Spatial-attention mecha-
nism [14], and Self-attention mechanism [15].
The ResNet-34 feature extraction network along with the Channel-attention and Spa-

tial-attention mechanisms is used to extract facial expression features for a collection of
facial expression images with unclear factors (illumination, occlusion, etc.). The weighing,
regularization, and relabeling processes are all a part of the Self-attention mechanism.
Each image is given an essential weight during the weighting process utilizing the Full
Connection (FC) layer and sigmoid function. Attention weights are regularized during
the regularization process to lessen the significance of questionable samples. The learnt
attention weights are divided into groups of high and low priority during the regularization
process. To further enhance the network, a relabeling method is used, which alters certain
ambiguous samples of low relevance groups. Finding more dependable labels with the
intention of enhancing the model is the goal of relabeling. The SCSNet model procedure
is shown in Figure 1.

2.2. Feature extraction network. The residual network ResNet-34, which integrates
Channel-attention and Spatial-attention mechanisms, is chosen as the fundamental struc-
ture in this article taking account of the performance and computational cost of the
feature extraction. The ResNet-34 network, which is organized into six modules in Fig-
ure 2, consists of 33 convolution layers and 3 complete connection layers. Initially, the
fifth module adds the Channel-attention and Spatial-attention mechanisms to suppress
background noise and uninteresting feature information from the channel and space, re-
spectively. The network focuses primarily on the successful extraction of facial expression
feature information by minimizing the influence of other elements at the low level. Second,
to improve the connection between the pertinent channel properties, the average pooling
layer is utilized in the final module.
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Figure 1. SCSNet structure

Figure 2. Spatial and Channel-attention based ResNet-34 for feature extraction

2.3. Channel-attention mechanism. The Channel-attention mechanism’s job is to
give each channel a varied weight so that the network can concentrate on key features
and inhibit uninteresting ones. In other words, the neural network decides which channel
is crucial and gives it the right weight automatically. Two 1× 1×C channel descriptions
are created by global maximum pooling and average pooling of one channel dimension,
respectively, from the input feature map of the Channel-attention mechanism, which is
H ×W × C (H and W indicate height and weight of feature maps, respectively). Next,
as illustrated in Figure 3, a weight coefficient is created via feature superposition. The
input features and weight coefficient can be multiplied to produce the new features.

Figure 3. Channel-attention
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The operation process is as follows. Firstly, the maximum global pooling and average
pooling of the input feature map are carried out according to the channel. The two
one-dimensional vectors after pooling are added to the full connection layer, and the
one-dimensional Channel-attention weight coefficient Mc ∈ R1×1×C is generated. Then,
Mc multiplied by the input element to obtain the feature map after channel attention
adjustment.
The process can be described as

F ′ = Mc(F )⊗ F (1)

where ⊗ represents the multiplication of elements, F is the input feature map, and F ′ is
the feature map after the multiplication.

2.4. Spatial-attention mechanism. Not all regions in the image are equally important
for the task, and only the task-related regions need to be concerned. Therefore, spatial
attention is utilized to find the most important part of the network processing in the
classification task.
The size of the input feature map for spatial attention is H × W × C, just like it is

for Channel-attention. First, two feature maps with the size of H × W × 1 are created
by performing the maximum and average pooling of a spatial dimension, respectively.
Second, a 7 × 7 convolution layer is used to combine these two feature maps along the
channel dimension into H×W ×1. As seen in Figure 4, the Sigmoid function is then used
to get the spatial weight coefficient. Finally, it can be multiplied by the input feature
map to obtain the feature map after Spatial-attention adjustment.

Figure 4. Spatial-attention

The process can be described as

F ′′ = Ms(F
′)⊗ F ′ (2)

where ⊗ represents the multiplication of elements, F ′ is the input feature map, and F ′′

is the feature map after operation.
The channel attention and spatial attention are combined in the feature extraction

network shown in the following Figure 5.

2.5. Self-attention mechanism. The SCSNet model also includes the Self-attention
mechanism [15]. To determine the relevance of each image, weight must first be learned.
Uncertainty in some images caused by lighting, occlusion, and other factors lowers the
network’s performance. In order to solve the issue, samples with uncertainty are given a
low weight, whereas ones with certainty are given a high weight. The samples are then
separated into two groups and arranged in descending order according to importance
weights (high and low weights). Finally, some uncertain samples of low importance weight
groups are modified to enhance the final model, as shown in Figure 6.
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Figure 5. Attention mechanism combination

Figure 6. Self-attention mechanism

2.5.1. Importance weighting process. This paper introduces the Self-attention mechanism.
To suppress the uncertainty, the expectation is that the certain samples have higher
importance weights, and the uncertain samples have lower importance weights. F =
[X1, X2, . . . , XN ] ∈ R(D×N) is denoted as the facial features of N images. The input is F
in the importance weighting process, as the output is the importance weighting of each
feature.

This process is described as the following:

αi = σ
(
W T

a Xi

)
(3)

It is made up of a Fully Connected (FC) layer and a Sigmoid activation function, where
αi is the important weight of the i sample. Wa is the coefficient for attention, and σ is
the Sigmoid function.

With attention weight, the Weighted Cross-Entropy loss (WCE-loss) is chosen to com-
pute the multi-class cross-entropy loss.

The formula is

WCE = − 1

N

N∑
i=1

log
eαiW

T
yi
Xi∑C

j=1 e
αiWT

j Xi
(4)

where Wj is the j classifier, and WCE is positively correlated with α.

2.5.2. Regularization process. The range of the aforementioned Self-attention weights is
(0, 1). This phase regularizes the attentional weights to limit the significance of unclear
samples. The learnt attention weights are separated into two groups using a ratio of after
being sorted in descending order. The procedure of regularization makes sure that the
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average attentional weight of the high-importance group is, by a margin value, greater
than the average attentional weight of the low-importance group.
The Rank Regularization Loss (RR-Loss) is defined as

LRR = max {0, δ1 − (αH − αL)} (5)

with

αH =
1

M

M∑
i=0

αi, αL =
1

N −M

N∑
i=M

αi (6)

where δ1 is a margin value, which can be an empirical value, or a learning parameter,
the αH and αL are respectively the mean values of the high importance group with
β ×N = m samples and the low importance group with an N −M sample (a mini-batch
sample number is N).

2.5.3. Relabeling process. After the regularization process, each batch of data is divid-
ed into high-importance and low-importance groups. Since the importance of uncertain
samples is usually low, the strategy is designed to relabel the samples. In the relabel-
ing process, only the samples in the low-importance group are considered, and softmax
function is performed. For each sample in the low-importance group, the maximum pre-
diction probability is compared with the probability of a given label through the softmax
function. Suppose the maximum prediction probability is higher than the probability of
the originally given label with a threshold. In that case, the sample is assigned a new
pseudo label and corrected to a certain sample. Eventually, the final model is enhanced
through the relabeling.
This process is defined as

y′ =

{
lmax if Pmax − Pgtp > δ2

lprm others
(7)

where y′ denotes the new label, δ2 is the threshold, Pmax is the maximum prediction prob-
ability, and Pgtp is the prediction probability of the given label. lprm and lmax represent the
indexes corresponding to the original given label and the maximum prediction probability,
respectively.

3. Experiment and Result Analysis.

3.1. Datasets. Several experiments are carried out on RAF-DB [16], FER2013 [17], and
CK+ [18] datasets. The RAF-DB dataset includes about 30000 facial images, the FER2013
dataset includes about 30000 facial images, and the CK+ dataset contains 593 image
sequences of 123 individuals. Sample images of three datasets are shown in Figure 7.

3.2. Experimental parameters.
Facial feature preprocessing. SCSNet is implemented by Pytorch 1.7.1 as the basic

framework, and facial features are extracted by the ResNet-34 residual network, which
fuses channel attention and spatial attention.
Training. The system used in this experiment is Linux, and the GPU is NVIDIA

GeForce GTX 1080 Ti. The cross-entropy loss function is used in training. The optimizer
is AdaBound [19], and the learning rate is set to be exponential decay (Formula (8)),
with the initial set of 0.01. The parameter between the average values of high and low
importance groups can be set as 0.15 by default or a learning parameter, and the parameter
of relabeling can be set as 0.2 by default.

Learning rate = Decline rate× Global step

Decay steps
(8)
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Namely learning rate = initial learning-rate decline rate (current step/number of rounds
updated once).

(a) FER2013 image example

(b) RAF-DB image example

(c) CK+ image example

Figure 7. Examples of images on datasets

3.3. Results and analysis.

3.3.1. Algorithm evaluation. The algorithm is assessed by making use of the confusion
matrix, which is frequently employed in the current facial expression recognition tech-
niques, in order to ensure the validity of the experimental results.

The numerical value of each parameter can be seen intuitively from the confusion ma-
trix, including the accuracy and error rate indicators.

Accuracy: the proportion or number of samples correctly classified. The formula is
shown in (9):

Acc =
TP + TN

Total
(9)

True Positive (TP): the real class, that is, the real class of the sample is the positive
class, and the result of model identification is also a positive class.

True Negative (TN): the true category of the sample is negative, and the model predicts
it as negative.

Error-Rate (ER): the proportion or number of samples correctly classified. The formula
is shown in (10):

ER =
FP + FN

Total
(10)

False Positive (FP): the true category of the sample is negative, but the model predicts
it as a positive case.

False Negative (FN): the true category of the sample is positive, but the model predicts
it as negative.

Figure 8 shows the confusion matrix of SCSNet on FER2013, RAF-DB, and CK+
datasets.
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(a) FER2013 matrix (b) RAF-DB matrix (c) CK+ matrix

Figure 8. Confusion matrix of SCSNet model on datasets

3.3.2. Algorithm comparison and analysis.
1) CK+ dataset comparison
For the CK+ dataset, the suggested model is contrasted with other well used tech-

niques. The findings are displayed in Table 1. Our method’s accuracy, as shown in Table
1, is 72.29%, which is greater than Ensemble DCNNs, SCNN, HOG-TOP, and SVM, re-
spectively, by 5.29%, 11.29%, 7.29%, and 17.82%. It is clear that this method’s accuracy
is higher than that of certain popular algorithms already in use.

Table 1. Accuracy comparison on CK+ dataset

Algorithm Precision

DCNNs [20] 67%

SCNN [21] 61%

HOG-TOP [22] 65%

SVM [23] 54.47%

Ours 72.29%

2) FER2013 dataset comparison
Using the FER2013 dataset, the suggested model is contrasted with a few popular ap-

proaches currently in use. Table 2 presents the outcomes. Table 2 shows that the accuracy
of our technique is 69.03% which is 1.63%, 3.03%, 3.83%, and 2.72% greater than the ac-
curacy of Bag of Words, FER on SoC, GoogleNet, and VGG+SVM, respectively. It is
clear that the suggested method outperforms some popular current methods.

Table 2. Accuracy comparison on FER2013 dataset

Algorithm Precision

Bag of Words [24] 67.4%

FER on SoC [25] 66%

GoogleNet [26] 65.2%

VGG+SVM [27] 66.31%

Ours 69.03%

3) RAF-DB dataset comparison
For the RAF-DB dataset, the suggested model is contrasted with a few popular ap-

proaches currently in use. Table 3 presents the outcomes. Table 3 shows that the accuracy
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Table 3. Accuracy comparison on RAF-DB dataset

Algorithm Precision

LDL-ALSG [28] 85.53%

APM [29] 85.17%

DLP-CNN [30] 84.13%

gACNN [31] 85.07%

Ours 86.89%

of the approach used in this study is 86.89%, which is successively 1.36%, 1.72%, 2.76%,
and 1.82% greater than that of LDL-ALSG, APM, DLP-CNN, and gACNN. The fact that
the suggested method outperforms some widely used existing algorithms demonstrates the
development of the suggested model.

3.3.3. Ablation experiment. In order to further verify the effectiveness of the multi-atten-
tion mechanism, three key components of this paper are compared:

• The Channel-attention mechanism module
• The Spatial-attention mechanism module
• The Self-attention mechanism module

On the datasets CK+, FER2013, and RAF-DB, ablation experiments are run. Each
dataset is run five times to reach a higher level of accuracy, and Table 4 shows the
average value of the outcomes. The table indicates that, in comparison to single Channel-
attention, single Spatial-attention, and single Self-attention mechanisms, the multi-atten-
tion mechanism can increase accuracy. The accuracy of the multi-attention method is,
respectively, 3.75%, 2.71%, and 3.12% greater than others on the CK+ dataset. It is
4.26%, 4.5%, and 2.64% higher on the FER2013 dataset, respectively. It is 0.91%, 0.71%,
and 1.23% higher on the RAF-DB dataset, respectively. Also, the accuracy of the CK+,
FER2013, and RAF-DB datasets increased by 1.68%, 1.19%, and 0.52%, respectively,
when compared with the fusion channel attention and spatial attention. The outcomes of
the experiments demonstrate that a multi-attention mechanism can significantly enhance
network performance.

Table 4. Ablation experiment

Module
Precision

CK+ FER2013 RAF-DB
Channel-attention 68.54% 64.77% 85.98%
Spatial-attention 69.58% 64.53% 86.18%
Self-attention 69.17% 66.39% 85.66%

Channel + Spatial 70.61% 67.84% 86.37%
Multi-attention 72.29% 69.03% 86.89%

4. Conclusion. The paper suggests a method for recognizing facial expressions that in-
tegrates the Channel-attention, Spatial-attention, and Self-attention mechanisms. Firstly,
to more correctly extract face expression features, the ResNet-34 feature extraction net-
work combining Channel-attention and Spatial-attention mechanisms is utilized. Second,
the Self-attention process is employed to improve the final model by altering the uncer-
tain samples. Finally, the RAF-DB, CK+, and FER2013 datasets are used to verify and
assess the model. The experimental findings demonstrate that the model outperforms the
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various face expression recognition techniques currently in use. In conclusion, the face
expression recognition model is significant and performs well.
However, there are still some shortcomings in this study that need to be further im-

proved. In the future work, the following two aspects will be studied.
1) In the research process, this paper uses several large-scale facial expression datasets,

and this method requires large-scale data samples to support. However, human beings
only need one or several samples to establish the cognition of objective things, so in the
case of using a small number of data samples, the model can analyze the nature of things.
2) This paper studies static expression recognition, and the application scenarios have

certain limitations. The next step is to expand the scene of expression recognition to
the field of dynamic expression recognition, and apply facial expression recognition to
real-time application scenarios such as safe driving and medical monitoring.
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