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Abstract: Facial expression recognition has wide application prospects in many occasions. Due
to the complexity and variability of facial expressions, facial expression recognition has become a
very challenging research topic. This paper proposes a Vision Transformer expression recognition
method based on hybrid local attention (HLA-ViT). The network adopts a dual-stream structure.
One stream extracts the hybrid local features and the other stream extracts the global contextual
features. These two streams constitute a global-local fusion attention. The hybrid local attention
module is proposed to enhance the network’s robustness to face occlusion and head pose variations.
The convolutional neural network is combined with the hybrid local attention module to obtain
feature maps with local prominent information. Robust features are then captured by the ViT from
the global perspective of the visual sequence context. Finally, the decision-level fusion mechanism
fuses the expression features with local prominent information, adding complementary information
to enhance the network’s recognition performance and robustness against interference factors such as
occlusion and head posture changes in natural scenes. Extensive experiments demonstrate that our
HLA-ViT network achieves an excellent performance with 90.45% on RAF-DB, 90.13% on FERPlus,
and 65.07% on AffectNet.

Keywords: facial expression recognition; attention; vision transformer

1. Introduction

In recent years, with the rapid development of computer technology and artificial
intelligence, the field psychologist Mehrabian [1] pointed out, through a large number of ex-
perimental studies, that only 7% of the emotional information exchanged in people’s daily
communication comes from verbal expressions. Voice intonation accompanying verbal
expressions accounts for 38%, while approximately 55% of the emotional communication
information is conveyed through people’s facial expressions. With the development of
computer technology and artificial intelligence, the computer recognition of facial expres-
sions has become a reality. A facial expression recognition system outputs the expression
category corresponding to the face in the image for a given face image, and these research
results can be used in various fields such as human-robot interaction, safe driving, medical
care, and education.

In the field of human-robot interaction, the robots obtain emotional information from
human expressions, making the interaction process more intelligent and enabling robots
to have human empathy and, thus, respond better; in the field of safe driving, the facial
expression recognition system monitors the driver’s mental state, determines whether the
driver’s driving state is safe or not, and issues alerts to remind the driver in time. In the
medical field, the facial expression recognition system can analyze whether patients have
pain or other abnormal states, and assist in treatment. In the education field, the facial
expression recognition system can monitor students” expressions in distance education
or regular education, and obtain students” mental state when learning, and give feedback
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in a timely manner to assist in teaching. From the above application cases, it is clear that
facial expression recognition has a wide application prospect and has important research
significance and application value.

With the rapid development of related computing devices and algorithms, significant
progress has been made in the field of face expression recognition. The feature extraction
methods have gradually evolved from the early manual feature extraction to adaptive
feature extraction using deep-learning methods. The performance of face expression
recognition has improved significantly in various published datasets, and the performance
has reached saturation on some datasets under traditional controlled conditions like CK+ [2].
However, facial expression recognition in natural scenes faces many challenges. The
dataset in the natural scene is different from the traditional control condition dataset,
such as the source of the face image being different, and the face expression image in
the dataset is obtained through the Internet, TV series, movies, etc. Under controlled
conditions, expressions are generated through guidance, while expressions in natural
scenes are spontaneous. In addition, the main challenges of facial recognition tasks in
natural scenes include face occlusions and head pose variation. Face occlusion results in the
loss of face information in the occluded part, which is also a common problem affecting the
accuracy of expression recognition in natural scenes. Head pose variation will change the
shape of the face, blur the facial expression information, make the expression information
distributed in different positions and angles, and affect the correct recognition.

With the advancement in deep learning, most expression recognition methods use
convolutional neural networks (CNNs) for extracting image features. These methods have
demonstrated exceptional performance in the field of expression recognition. However,
CNNs are implemented by continuously overlapping convolutional layers to perform
image extraction from local to global, which not only leads to a significant increase in
computation, but is also accompanied by the problem of gradient disappearance, making
the network unable to converge. In addition, these CNN-based expression recognition
methods also lack robustness and can be affected by occlusion and head pose variation,
failing to focus on more important facial regions. To address the above problems, this
paper proposes a Vision Transformer expression recognition method based on hybrid local
attention. The contributions are as follows:

(1) We propose a novel hybrid local attention module to address the challenge of
expression recognition in natural scenes and enhance the overall performance of expression
recognition.

(2) The HLA-VIT network utilizes a dual-stream structure, where one stream focuses on
extracting hybrid local features and the other stream focuses on capturing global contextual
features. These streams work together to form a comprehensive global-local fusion atten-
tion mechanism. Furthermore, we employ a decision-level fusion strategy to effectively
combine the classification results from these two streams.

(3) Through extensive experimentation, we demonstrate the efficiency and effective-
ness of our proposed HLA-ViT approach. Our method achieves an excellent performance
on three widely used datasets, RAF-DB, FERPlus, and AffectNet.

2. Related Work

The most common network in deep-learning-based facial expression recognition
methods is the convolutional neural network [3]. The VGG-16 and VGG-19, for example,
are CNN models proposed by Simonyan and Zisserman [4], whose name comes from
the acronym of the Visual Geometry Group (VGG) at the University of Oxford, where
the authors work. The model participated in the ImageNet Image Classification and
Localization Challenge in 2014 and achieved excellent results. It ranked second in the
classification task and first in the localization task. The VGG network is characterized by a
simple structure and deeper layers. It uses the same convolutional kernel parameters in all
the convolutional layers, and the model is constructed by stacking several convolutional and
pooling layers. He et al. proposed the ResNet-18, ResNet-34, ResNet-50, and ResNet-152
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networks [5], and their models achieved five firsts on ImageNet. ResNet modifies VGG19
by adding a residual unit through a short-circuiting mechanism so that the degradation
of the network is well-solved. DenseNet-161 [6] connects two arbitrary layers of the
same feature map size. This makes it easy to design networks with hundreds of layers
and eliminates optimization difficulties. In the experiments, the accuracy of DenseNet
increased with the number of parameters and there was no poor performance or overfitting.
This structure learns simpler and more accurate models by reusing network features.
Akhand et al. [7] proposed a deep convolution neural network based on transfer-learning
technology. This method addressed the problem where most existing facial expression
recognition methods consider only frontal images and ignore side images for simplicity of
training. The proposed facial expression recognition system used eight different pre-trained
DCNN models on the KDEF and JAFFE datasets for experimental validation, and the final
pre-trained models achieved a high accuracy on both datasets. It has important reference
value for the development of the subsequent expression recognition system. Howard
et al. [8] used deep separable convolution to build lightweight deep neural networks
and proposed a series of network architectures called MobileNets. The superiority of
MobileNets was demonstrated through experiments on tasks such as object detection,
fine-grained classification, and face detection. Sadik et al. [9] applied the MobileNet model
to facial expression analysis by transfer learning. The experimental results showed that
the MobileNet model with the transfer-learning approach can provide satisfactory results
in recognition tasks. Agrawal and Mittal [10] proposed two novel convolutional neural
network architectures and investigated the effect of the size of the convolutional kernel
and the number of filters on the classification accuracy in CNNs. The impact of these two
indicators on network accuracy was verified through experiments on the FER2013 dataset.

The dual-stream convolutional neural network is often used to enhance the feature ex-
traction capability. Simmoyan [11] proposed a groundbreaking dual-stream convolutional
neural network structure by integrating spatial and temporal motion information in video
as the input of the two networks, respectively. The dual-stream network combines the ef-
fective information in both networks, and classifies still images using a deep convolutional
network. Then, a temporal deep convolutional neural network is used to train and classify
the optical flow information in the video stream. Finally, Softmax is used to fuse the two
streams, so that the output of the network is better than that of the single stream network.
Jung [12] proposed a dual-stream network to better identify useful features of facial expres-
sions. Its deep network is based on two streams, where the first network extracts temporal
features from image sequences and the other network extracts geometric features from
facial marker points, which are finally fused at the decision layer and output by Softmax.
The method achieves excellent performance in the CK+ dataset. Feichenhofer [13] proposed
a new convolutional network architecture for the spatio-temporal fusion of video clips.
The two neural networks are fused at one layer. Extensive experiments showed that the
fusion of spatio-temporal networks in the convolutional layer will not only improve the
recognition performance of the network, but also reduce the parameters of the network.
Feichtenhofer et al. [14] also proposed a video action recognition method based on spatio-
temporal residual networks. The pre-trained ResNets was used to initialize the model, and
the pooling layer was used between the two streams.

In order to better exploit the advantages of deep learning for facial expression recogni-
tion, many researchers have improved the convolutional neural network to improve the
feature representation ability without changing the architecture of the network model itself.
The commonly used methods include introducing the attention mechanism or using an
improved activation function or loss function.

The attention mechanism is crucial in focusing on contextually relevant features in
input feature maps in image classification [15]. By allowing neural networks to ignore
irrelevant information, the attention mechanism helps networks to focus on valid informa-
tion. Recently, Vision Transformer [16], which is based on the self-attention mechanism,
has achieved very good results in the field of image processing. The Vision Transformer
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model has decomposed images into image blocks and used linear embedded sequences of
these blocks as input to the Transformer to perform image classification tasks. A spatial
transformer module is proposed through an attention mechanism to transform the spatial
domain information of an image to another corresponding space to extract the region of
interest in the image [17]. Hu et al. [18] proposed the Squeeze-and-Excitation (SE) block.
It processes the channel features in the input data during the training process. However,
the SE block only considers the role of the channel attention mechanism in the training
process, ignoring the spatial domain information in the image data. The spatial domain
transformation network also has a similar problem, ignoring the influence of channel atten-
tion. Woo et al. [19] proposed the Convolutional Block Attention Module (CBAM), which
is an attention mechanism module that effectively combines spatial attention and channel
attention, unlike the spatial transformer module and SE block. Le et al. [20] proposed a
new deep network that efficiently recognizes human emotions using a new global attention
mechanism. Cao et al. [21] proposed a method to address the lack of feature extraction
capability of the network by combining CBAM with VGGNet.

In this paper, we propose a local hybrid attention mechanism consisting of improved
channel attention and spatial attention. It enables the network to focus on locally salient
information with a better robustness to facial occlusion and head pose changes.

3. Methodology

The overall architecture of the proposed HLA-ViT is shown in Figure 1. It introduces
a hybrid attention mechanism to solve the problem of expression recognition in natural
scenes and improve the expression recognition performance of the model. Specifically,
HLA-ViT transforms the feature maps extracted by the CNN as a backbone network into
visual sequences by using ViT, and learns the contextual connections between these visual
blocks using a global self-attention mechanism. The global self-attention mechanism
enables the model to guide the network to learn facial features with robust occlusion and
head pose from a global perspective under the condition of missing information, and the
network has strong robustness. Meanwhile, the local attention module is introduced in
the feature extraction backbone of HLA-ViT, which enables the network to focus on locally
salient information, and the facial expression features are complemented to eliminate the
interference of useless information. Finally, a decision-level fusion mechanism is used to
fuse the expression information of the two parts to obtain the classification results and
improve the expression recognition performance of the network in natural scenes.
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Figure 1. The proposed HLA-ViT network architecture.

HLA-ViT mainly includes two modules, the hybrid local attention module and the
multi-layer Transformer encoders. The model is built on an IR50 network loaded with
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pre-trained parameters, using the first three stages as the backbone network to extract
the features from the low layers of the image. Then, a two-stream network is designed to
process the extracted feature maps to obtain the global features and local features.

One stream uses a hybrid local attention module to combine the input features, en-
hance local information through spatial attention and channel attention, and learn local
salient features. Then, the global average pooling layer and the fully connected layer
are taken for classification. The other stream extends the obtained feature maps into a
one-dimensional image feature sequence, learns the global contextual relationships of the
feature sequences, and uses multi-layer Transformer encoder for expression classification.
Finally, a decision-level fusion mechanism is employed to integrate local features with
global feature classification results, further enhancing complementary information. This
enables the model to dynamically update prominent features in the feature map, allow-
ing the network to learn the most representative features among multiple characteristics,
thereby improving the recognition performance of the network.

3.1. Convolutional Feature Extraction Network

CNNs are often used as the backbone for extracting image features; ResNet [5] is
proposed to solve the problem of gradient dispersion caused by the deepening of the
network. The residual unit proposed by ResNet makes it more efficient than normal
networks by adding a “short-circuiting” mechanism between each of the two layers to
obtain the feature parts without redundancy, and then using nonlinear activation for the
redundant information to form the residual learning. The backbone network used in this
paper is Improved ResNet-50 (IR50) [22]. IR50 optimizes the problems that exist in ResNet.
For the residual module, the ReLU activation function and the last BN layer on the main
propagation path are moved to the beginning of the Residual Block, and the BN layer
is added at the end of the main propagation path. For the projection shortcut module,
the maximum pooling is added to the beginning of the 1 x 1 convolution to avoid the
information loss problem caused by the dimensionality reduction. In this paper, the input
image size is 3 x 224 x 224, then downsampled to 3 x 112 x 112, and then fed into
the model.

IR50 has four convolution stages to extract features, similar to ResNet, but they differ
in the number of output feature maps. In this paper, only the first three stages of IR50
are utilized to extract the feature maps, and the size of the extracted feature maps is
256 x 14 x 14, ensuring that the subsequent input to the Vision Transformer meets the
conditions for patch embedding.

3.2. Hybrid Local Attention Module

The hybrid local attention module proposed in this paper consists of a combination of
spatial attention and channel attention. When the dimensionality of the input features is
H x W x C, the new feature dimensions obtained remain the same after passing the hybrid
attention module. The previous method us used to segment faces into blocks through
facial landmarks or random cropping to obtain effective local features, thereby eliminating
interference from facial occlusion and pose variations. However, these methods may lead
to misalignment or uncertainty in facial expression recognition. In this paper, the feature
mapping based on spatial domain and channel domain information is combined, and the
feature mapping is passed through the hybrid attention module, so as to obtain the feature
mapping with enhanced important local features. The network first learns what features
are key features through the channel attention module, and then uses the spatial attention
module to learn where the key features are, enhancing the acquisition of discriminative
features in images. The hybrid local attention module is shown in Figure 2.
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Figure 2. Hybrid local attention module.

The spatial attention module provides varying degrees of attention to different regions
of the input image or feature image, increasing the influence of the target region and
reducing the influence of irrelevant regions. The spatial attention in CBAM proposed by
Woo [19] is to merge two H x W x 1 feature maps obtained by maximum pooling and
average pooling to obtain an H x W X 2 feature map. Then, a spatial attention weight
matrix of H X W x 1 is output by convolution and sigmoid function. In this paper, the
proposed spatial attention module replaces the maximum pooling and average pooling
operations with a two-layer 1 x 1 convolutional layer with ReLU and sigmoid activation
functions. Let X € REXWXC denote the input feature maps, where H, W, and C represent the
height, width, and number of feature maps, respectively. After the first 1 x 1 convolutional
layer, output C/r feature maps, where r represents the reduction rate of the feature maps.
The ReLU layer is then used to enhance the nonlinear relationship between the layers of
the network. After the second 1 x 1 convolution layer, the number of feature maps is
reduced to 1, and the attention maps are generated by the Sigmoid function. Thus, through
two successive 1 x 1 convolution layers, the model automatically locates the important
facial parts.

Meanwhile, in order to further enhance spatial attention module, a local attention
network, which is a two-branch spatial attention module, is proposed. It is similar to
the operation in CBAM, generating two spatial attention maps X; and Xj, but, instead of
combining them for the convolution operation, the final attention map X, is generated
by taking the maximum value of each attention map element in the two spatial attention
maps. This can guide the model to focus on feature regions that are more useful for facial
expression recognition. The specific formula is shown as follows:

Xout(w,h) = MAX{Xy(w,h), Xp(w,h)} 1 <w <W,1<h<H 1)

In Equation (1), H and W represent the height and width of the feature map, respec-
tively. Finally, X, is multiplied with the original feature map X element by element, so
that the unimportant regions in the original feature map are suppressed, and the role of
important regions in expression recognition is highlighted.

The specific structure of the local attention network is an improvement module of
spatial attention. When a feature map X with dimension H x W x C is the input to the
local attention module, the computational formula to obtain the new feature map X’ is
shown as follows:

X1 = Sigmoid(Conv(ReLU(Conv(X)))) ()
Xy = Sigmoid(Conv(ReLU(Conv(X)))) 3)
Xout = MAX(X1, X2) 4)

(

X/ = Xout®X 5)
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R represents the reduction rate of the number of channels, and the attention matrix
of H x W x 1 can be multiplied by the initial feature map to obtain the enhanced spatial
attention feature map.

For the channel attention module, the approach used in this paper is also different
from CBAM. In this paper, ECA-Net [23] is used as the channel attention module. It can
effectively explain the importance of each channel in feature extraction. At the same time,
its attention mechanism can adaptively adjust according to the input feature map, which
can better adapt to feature extraction tasks in different scenarios.

In the hybrid local attention module proposed in this paper, the input feature map
x is successively passed through the improved spatial attention module and the channel
attention module, and then obtains the hybrid local attention feature image y with the
same size as the input feature map. Each attention module has a dot product operation
between the attention matrix and the original image, so that the feature map will go to
the next module with the enhanced attention. This hybrid local attention module does not
change the dimensionality of the feature maps and is a plug-and-play attention that can be
directly integrated into the IR50 backbone network discussed previously. The network after
the hybrid attention module can obtain the significant local information of the expression
images more effectively, which is a beneficial contribution to the subsequent classification
of expression recognition.

3.3. Vision Transformer with Hybrid Local Attention

Vision Transformer learns the features of images through a global self-attention mech-
anism. The application of Vision Transformer to facial expression recognition can improve
the network’s robustness to occlusion and head pose variations in natural scenes. We
combine Vision Transformer with the proposed hybrid local attention module for facial
expression recognition, which can effectively extract local and global features of the image.
Fusion strategies is adopted to further improve the model’s expression ability.

The specific operation is to expand the feature map sequence x extracted from the back-
bone IR50 into a linear sequence by flattening operation and inputting it into the multilayer
Transformer encoder. The dimension of the feature map sequence x is 256 x 14 x 14, where
14 x 14 is the feature map space size and 256 is the channel size. The 2D feature map needs
to be flattened into a 1D visual embedding sequence, so the model reshapes the feature
map x into a flat sequence and feeds it into a linear projection to obtain a 196 x 768 feature
vector. In ViT, it is also necessary to append classification tokens (cls) to the beginning of
the input sequence of the final prediction. In addition, a one-dimensional learnable position
embedding is added to the feature embedding to obtain the position information of the
image blocks. The multi-layer Transformer encoder consists of a sequence of L attention
modules, where the size of L in this paper is 8. Each sequence consists of a multi-headed
self-attention (MHSA) module and a multilayer perceptron (MLP), where the number of
self-attention heads is set to 12. The MLP consists of two fully connected feature projec-
tion layers and a GELU for nonlinearity. Finally, a classification head implemented by a
single-layer MLP is used for the classification output.

Two traditional fusion methods are feature-level fusion and decision-level fusion
when choosing a fusion strategy. Feature-level fusion directly combines the feature maps
of two streams into a joint feature vector, and then trains the classifier, while decision-level
fusion combines the classification results of these two streams. Safont et al. [24] proposed
a separated score integration method based on alpha integrals, and experimental results
show that this method performs better than the considered single classifier and classical
fusion techniques. Salazar et al. [25] studied the decision-level fusion method and proposed
two new graph-based regularization methods, and the experimental results proved the
superiority of the method. In HLA-ViT, the hybrid local features extracted by the network
and the global contextual features extracted by the multi-layer Transformer encoder are
complementary at the feature level, constituting global-local fusion attention. Therefore,
the network model in this paper adopts a decision-level fusion strategy.
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Decision-level fusion is the highest level of fusion, which requires modeling emo-
tional information separately for each channel, and then merging the recognition results
of all channels. The advantage of decision-level fusion is its ability to parallelly combine
multiple classifiers, independently integrating each classifier. This allows them to work
autonomously, enabling each sub-classifier result to contribute to the final classification
decision through a rational approach. When combining multiple classifiers in a parallel
manner, the results of each sub-classifier can be in the form of classification probabilities,
classification distances, actual classification results, or relevance metrics for different infor-
mation classes. Typically, in practical expression recognition systems, they are designed
as classification results. Because each sub-classifier works independently in a parallel
combination, the output information of each classifier does not affect others.

The local and global features obtained through the previous method are, respectively,
input into the corresponding branch networks for emotional category prediction. The loss
functions used in both streams are cross-entropy loss functions, which can be expressed

as follows:
(k)T (k)

(k)
Loss: — 1 Nfllog Wi Ui thy; ©)
1= Zi=o T k()
N Z](-:z_ol ewj vf+b;

where N is the number of samples, C is the number of categories for classification, W® and
b®) are the weight matrix and offset of the fully connected layer, respectively, v, is the ith
input of the fully connected layer, y; is the category label, and i€{local, global}.

The final model loss function is shown as follows:

Loss = A1LosSipcar + A2L0SSg10pal (7)

where A1 and A; are hyperparameters to balance the two streams. A; represents the weight
proportion of the recognition rate obtained using the HLA module, while A, represents
the weight proportion of the recognition rate obtained using the ViT module. During the
model training process, parameters are updated based on the loss values, and multiple
iterative training steps are performed to minimize the loss function.

4. Experimental Results
4.1. Implementation Details

The input batch image data are cropped to a fixed size, 224 x 224, and randomly
flipped horizontally to avoid overfitting. At the same time, the data enhancement method
RandomErasing is used to further improve the performance of the model. In this paper,
the basic network IR50 pre-trained on the MS1MV3 [26] face recognition dataset is used
as the feature extraction network. Face features are extracted from the third convolution
stage of IR50. The depth of the Transformer encoders is set to 8 in this experiment, and
the MLP ratio and drop path are set to 2 and 0.01, respectively. The training batch size is
set to 128 and the learning rate is initialized to 4 x 10~° using the ExponentialLR learning
rate decay. The entire network is optimized using the Adam optimizer. Using the Adam
optimizer allows the network to converge faster and makes tuning the parameters more
convenient. Use the standard label smoothing cross-entropy loss to supervise the model,
which has better generalization for expression recognition. The method is implemented
using the Pytorch 1.11.0 toolbox, with the initial momentum coefficient of the network set
to 0.9 and trained on a single NVIDIA RTX 3090 GPU (NVIDIA, Santa Clara, CA, USA).

The experiments are evaluated on three different commonly used expression datasets
in a natural scene. The RAF-DB dataset contains samples of neutral expressions and six
basic expression categories labeled with 12,271 images for training and 3068 images for
testing. The FERPlus database contains 28,709 training images and 3555 test images, and,
in addition to the neutral expressions and six basic expressions, the labels also contain
the contempt category. The AffectNet dataset includes six basic expressions and neutral
expressions. The training and test sets contain 283,901 and 3500 images, respectively.
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The experimental analysis on the RAF-DB dataset of the depth of the Transformer
encoder used in HLA-ViT is shown in Figure 3. The experiment shows that the best results
are achieved when using ViT with a depth of 8.

90.45
90.5
9025 =~ 9021  90.24
90.04 = Te—*

2 4 6 8 10 12
Depth

Figure 3. Evaluation of different numbers of transformer encoder on RAF-DB.

In order to explore the effect of the two hyperparameters A; and A; in the loss function
on the HLA-ViT performance, the different recognition results on the RAF-DB dataset
with different values from 0.1 to 0.9 are experimentally investigated. As shown in Table 1,
when the two branches are fused at the decision level with a local loss weight of 0.4 and
a global loss weight of 0.6, the facial expression recognition accuracy can reach 90.45%.
This indicates that the importance of the ViT stream is slightly higher than that of the local
attention stream. Subsequent ablation experiments will confirm that using only ViT or
HLA for facial expression recognition does not achieve the same level of accuracy as when
the two are fused. This indicates that the proposed method of fusing hybrid local features
and global features can further enhance information complementarity and improve the
recognition performance of the network.

Table 1. Evaluation of A; and A, on RAF-DB.

}\1 7\2 Acc. (0/0)
0.1 0.9 87.83
0.2 0.8 89.93
0.3 0.7 90.21
0.4 0.6 90.45
0.5 0.5 89.03
0.6 0.4 88.71
0.7 0.3 88.53
0.8 0.2 88.84
09 0.1 88.66

The results in Table 1 show that the importance of the ViT stream is slightly higher
than that of the local attention stream for A; = 0.4 and A; = 0.6, when a good recognition
performance is obtained.

4.2. Comparison with State-of-the-Art Methods

Results on RAF-DB: Table 2 evaluates HLA-ViT with the state-of-the-art methods
on the RAF-DB dataset. We compare our method with the lately published approaches
including SCN [27], PSR [28], RAN [29], DMUE [30], FDRL [31], FER-VT [32], Meta-
Face2Exp [33], SPWFA-SE [34], and RCL-Net [35]. The experimental results demonstrate
that the method proposed in this paper achieved a recognition rate of 90.45%, which
is 0.98% better than the second-best method (FDRL [29]). Table 3 shows the class-wise
accuracy on RAF-DB. As shown in Table 3, our method achieves the best results in most
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categories including Angry, Disgust, Fear, Happy, and Neutral expressions. The RCL-
Net [33] achieves higher accuracies in Sad (86%) and Surprise (88%), but its performances
in Disgust (57%) and Fear (57%) are far from satisfactory.

Table 2. Comparison results with SOTA methods on RAF-DB, FERPLUS, and AffectNet.

Methods Year RAF-DB FERPlus AffectNet
SCN [27] CVPR 2020 87.03 89.39 -
PSR [28] CVPR 2020 88.98 - 63.77
RAN [29] TIP 2020 86.90 89.16 -
DMUE [30] CVPR 2021 89.42 - 63.11
FDRL [31] CVPR 2021 89.47 - -
FER-VT [32] 2021 90.04
Meta-Face2Exp [33] CVPR 2022 88.54 88.54 64.23
SPWFA-SE [34] IEEE Trans 2023 86.31 - 59.23
RCL-Net [35] 2023 88.2 89.53 -
Ours - 90.45 90.13 65.07

Table 3. Class-wise accuracy on RAF-DB, FERPLUS, and AffectNet datasets. Green, blue, and red
mark the highest value of single category in RAF-DB, FERPLUS, and AffectNet, respectively.

. . Mean

Dataset Method Angry  Disgust Fear Happy Sad Surprise Neutral Class Accuracy
SPWFA-SE [34] 80 59 59 93 84 88 86 78
RAF-DB RCL-Net [35] 86 57 57 95 86 88 89 79
Ours 89 79 73 96 82 87 93 86
FERPI RCL-Net [35] 84 46 61 97 76 93 91 78
us Ours 86 56 62 96 81 89 91 80
Face2Exp [33] 57 56 64 87 66 56 62 64
AffectNet SPWFA-SE [34] 35 59 49 95 59 45 73 59
Ours 57 61 60 88 61 61 67 65

Results on FERPlus: Table 2 displays the outcomes of a comparison of this paper’s
approach using the FERPLUS dataset with other state-of-the-art techniques. The FERPlus
dataset is an enhanced version of the FER2013 dataset. Our HLA-ViT achieves the best
accuracy of 90.13% on FERPlus. In Table 3, the proposed model showed a relatively good
performance for Angry, Disgust, Fear, Sad, and Neutral expressions on the FERPlus dataset.
The best performance was achieved in recognizing Happy expressions with a 96% accuracy,
followed by Neutral, Surprised, Angry, and Sad with a 91%, 89%, 86%, and 81% accuracy,
respectively, as well as Fear and Disgust with a 56% and 62% accuracy, respectively.

Results on AffectNet: The model presented in this paper is compared to several state-
of-the-art methods in Table 2 for the AffectNet dataset. The images in AffectNet come from
different backgrounds, races, and genders and include various poses, expressions, and
lighting conditions. It focuses on real-life scenarios and captures human facial expression
changes in different environments. Our method achieves the best accuracy of 65.07%, which
is 0.84% higher than the second-best method (Meta-Face2Exp [33]). Table 3 illustrates the
detailed comparison results on AffectNet. It can be seen that our proposed method achieves
a superior performance in terms of the mean class accuracy. This indicates that our model
has a better average recognition effect on all facial expression categories. Additionally, our
method also achieves the highest accuracies for the three facial expressions (Angry, Disgust,
and Surprise) among these methods, which are 57%, 61%, and 61%, respectively.

4.3. Ablation Study

Since HLA-ViT is composed of a hybrid local attention module (HLA) and ViT module
after extracting features from the backbone, to verify the effectiveness of the modules, abla-
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tion experiments are compared for each module on the RAF-DB, FERPlus, and AffectNet
datasets, as shown in Table 4.

Table 4. Ablation study:.

Method HLA ViT RAF-DB FERPlus AffectNet
Baseline X X 87.22% 87.14% 61.02%
b X Vv 90.16% 88.14% 63.84%
C Vv X 89.93% 88.23% 62.34%
HLA-ViT Vv v 90.45% 90.13% 65.07%

IR50 is used as the baseline directly for the expression recognition task after pre-
training. We individually investigated the impact of introducing the ViT module, the HLA
module, and both on the model. These three methods correspond to method b, method c,
and HLA-ViT in Table 4, respectively. The accuracy of the model on RAF-DB, FERPlus, and
AffectNet is improved by 2.94%, 1.0%, and 2.82%, respectively, when method b is compared
with Baseline, which indicates that, after applying ViT, the model obtains the global self-
attention provided by ViT and enhances the network’s ability to extract image features.
The ViT has a strong robustness to the interference factors present in expression images
in natural scenes. Method c is compared with Baseline, and the accuracy of the model on
RAF-DB, FERPlus, and AffectNet is improved by 2.71%, 1.09%, and 1.32%, respectively,
indicating the effectiveness of the HLA module, which also indicates that extracting local
attention features is beneficial to improving the expression recognition performance. This
can be explained by the fact that the local attention feature module enhances the robustness
of the network to local occlusions and head pose changes, thus improving the performance
of expression recognition in natural scenes. HLA-ViT combining hybrid local attention
and global attention from ViT has improved the accuracy on RAF-DB, FERPlus, and
AffectNet compared with other methods, which shows the effectiveness of both modules
in this method.

4.4. Visual Analysis

Visualization techniques in experiments are also essential, and attention visualization
enables a clearer intuitive view of the effectiveness of the local attention module and the
global self-attention in ViT.

Figure 4 shows the attention maps under occlusion conditions. The first row is the
original input images, the second row is the visualized images of the baseline method,
and the third row is the visualized images of the proposed method HLA-ViT in this paper.
The input images are the facial images selected from the dataset with occlusion. It can
be observed that the utilization of the local attention module guides the network to focus
attention on locally significant areas. These regions are crucial for the accurate recognition
of facial expression categories. Compared with the baseline, the method proposed in
this article can better focus on areas useful for facial expression recognition, such as eyes,
mouth, and nose, under occlusion. For example, in the first column, where the mouth
of the face in the original image is occluded, the baseline method concentrates attention
on the nose and cheek regions while ignoring the eye regions. In contrast, our method
directs attention to the eyes and nose, which are crucial for accurate expression recognition.
Similarly, in the fourth column, where a person’s hand covers a significant portion of the
right side of the face in the original image, the baseline method fails to capture effective
attention regions. However, our method adeptly focuses on the uncovered side of the face,
specifically the eyes, nose, and mouth regions. The attention maps in the fifth and seventh
columns also illustrate this issue. Results from the second, third, and sixth columns reveal
that the baseline method tends to treat the occluded regions as interesting regions in cases
of partial facial occlusion, leading to the introduction of useless information and, ultimately,
obtaining incorrect recognition results. The combination of the hybrid local attention
module and global attention in HLA-ViT enables the network to focus on unoccluded areas,
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aligning with human perception. This further demonstrates the robustness of HLA-ViT in
the presence of facial occlusion.

Figure 4. Attention visualization in the presence of occlusion.

Figure 5 focuses on the face images with variations in head pose, specifically selecting
images with a lateral tilt of approximately 45°. The first row presents the original images,
the second row displays results from the baseline method, and the third row shows the
attention maps obtained through visualization using the proposed HLA-ViT method. From
the images, it can be observed that, in the presence of variations in head pose, the baseline
method sometimes misses the regions of interest that require attention, as shown in the
first, third, and fourth columns. It may also overlook crucial areas for facial expression
recognition, as seen in the sixth column where the mouth and eyebrows are essential for
recognizing expressions. The baseline method neglects these areas, whereas our proposed
approach utilizes the hybrid local attention module to concentrate more attention on the
mouth and eyebrow regions. By leveraging the information conveyed by these focused
areas, the network is better equipped to recognize and classify facial expressions.

Figure 5. Attention visualization in the presence of head variation.

Compared with the original image, it can be seen that the use of the local attention
module can guide the network to focus on locally significant regions that are crucial for the
correct recognition of expression categories. In addition, for faces with occlusions, without
the local attention module, the network might focus on the occluded parts and ignore the
highlighted parts of expressions, while the hybrid local attention module and the combina-
tion of global attention in HLA-ViT enable the network to focus on the non-occluded areas,
which is consistent with human perception and demonstrates the robustness of HLA-ViT
in face occlusions. For images with variations in head pose, HLA-ViT with the addition of
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the hybrid local attention module can also focus more on important areas of the face, such
as the mouth, eyes, etc. With the expression information expressed by these focal regions,
the network is able to better classify and recognize their expressions.

5. Conclusions

This paper proposes a Vision Transformer model based on hybrid local attention,
and applies the model to the expression recognition task. The approach addresses the
expression recognition problem by converting facial images into visual text sequences
and recognizing from a global perspective, while introducing an improved local attention
module to enhance the robustness of the network to local occlusions and head pose changes.
The decision-level fusion mechanism is adopted in the fusion strategy, using the visual
Transformer to capture the robust features of the visual sequence context from a global
perspective, and then fusing the locally significant expression features obtained by the local
attention module to effectively utilize the complementary information between them and
enhance the expression recognition performance. The experimental results demonstrate
that the HLA-ViT exceeds other state-of-the-art methods on three frequently used facial
expression datasets, i.e., RAF-DB, FERPlus, and AffectNet. The experimental results also
verify that the proposed attention module in the network can effectively recognize the
important facial regions to improve network performance.
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