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Attention-guided local feature joint learning for facial

expression recognition
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Abstract: Objective When communicating face to face, people use various methods to convey their inner emotions, such
as conversational tone, body movements, and facial expressions. Among these methods, facial expression is the most
direct means of observing human emotions. People can convey their thoughts and feelings through facial expression, and
they can also use it to recognize others’ attitudes and inner world. Therefore, facial expression recognition belongs to one

of the research directions in the field of affective computing. It can obviously be applied to many fields, such as fatigue
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driving detection, human—computer interaction, students’ listening state analysis, and intelligent medical services. How-
ever, in complex natural situations, facial expression recognition suffers from direct occlusion issues such as masks, sun-
glasses, gestures, hairstyles, or beards, as well as indirect occlusion issues such as different lighting, complex back-
grounds, and pose variation. All these concerns can pose great challenges to facial expression recognition in natural
scenes, where extracting discriminative features is difficult. Thus, the final recognition results are poor. Therefore, we
propose an attention-guided joint learning method for local features in facial expression recognition to reduce the interfer-
ence of occlusion and pose variation problems. Method Our method is composed of a global feature extraction module, a
global feature enhancement module, and a joint learning module for local features. First, we use ResNet-50 as the back-
bone network and initialize the network parameters using the MS-Celeb-1M face recognition dataset. We think that the rich
information available in the face recognition model can be used to complement the contextual information needed for facial
expression recognition, especially the middle layer features such as eyes, nose, and mouth. Thus, the global feature
extraction module is used to extract the global features of the middle layer, which consists of a 2D convolutional layer and
three bottleneck residual convolutional blocks. Second, most of the facial expression features are concentrated in localized
key regions such as eyes, nose, and mouth. Accordingly, the overall face information can be ignored and the expression
categories can be directly recognized correctly with the help of local key information. Given that face recognition requires
overall facial information, the face recognition pretraining model introduces some unimportant features for expression recog-
nition. Therefore, we utilize a global feature enhancement module to suppress the redundant features (e. g. , features in
the nose region) brought by the pretrained model for face recognition and enhance the semantic information of global face
image that is most relevant to the emotion. This module is implemented by the effcient channel attention (ECA) attention
mechanism, which strengthens the channel features that contribute to the classification and weakens the weights of the
channel features that are detrimental to the classification through cross-channel interactions between high-level semantic
channel features. Finally, we divide the output features of the global feature enhancement module into four non-overlapping
local regions uniformly in terms of spatial dimensions. This method exactly distributes the eye and mouth regions in most of
the face images in four sub-image blocks. The global facial expression analysis problem is split into multiple local regions
for calculation. Then, the fine-grained salient features of different localized regions of the face are learned through the
mixed-attention mechanism. The local feature joint learning module learns information from complementary contexts,
which reduces the negative effects of occlusion and pose variations. Considering that our method integrates four classifiers
for local feature learning, a decision-level fusion strategy is used for the final prediction. That is, after summing the output
probability results of the four classifiers, the category corresponding to the maximum probability is the model prediction cat-
egory. Result Relevant experimental validation was performed on two in-the-wild expression datasets, namely, real-world
affective faces database (RAF-DB) and face expression recognition plus (FERPlus) datasets. The results of the ablation
experiments show that the gains of our method compared with the base model on the two datasets are 1. 89% and 2. 47%,
respectively. In the RAF-DB dataset, the recognition accuracy is 89.24%, which has a performance improvement of
0. 84% compared with global multi-scale and local attention network (MA-Net). In the FERPlus dataset, the recognition
accuracy is 90. 04%, which is comparable to the performance of FER framework with two attention mechanisms (FER-
VT). Therefore, our method has good robustness. We test the model trained on the RAF-DB dataset by incorporating it
with the FED-RO dataset with real occlusion and achieved an accuracy of 67. 60%. We also use Grad-CAM++ to visualize
the attention heatmap of the proposed model for demonstrating the effectiveness of the proposed method more intuitively.
The visualization of the joint learning module for local features illustrates that the module can direct the overall model to
focus on the features in each individual local image block that are useful for classification. Conclusion In general, the pro-
posed method is guided by the attention mechanism, which enhances the global features first and then learns the salient fea-
tures in the local region. This approach effectively reduces the interference of the local occlusion problem through the learn-
ing sequence of global enhancement followed by local refinement. Experiments on two natural scene datasets and the occlu-
sion test set prove that the model is simple, effective, and robust.
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Fig. 1  The proposed network structure
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Table 1 Structure of the global feature extraction module
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FHIEZS AR, RS 2/ — R o ma s A
¥ & J1 . HPMI (height performance module imple-
ment) (Yao %5 ,2022) $2 tH — i i 1 e A e (P 3L
IR PGB ENE MRS SR s WALVIN (D &1 i SRR NS IT
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Table 3 Comparison with other methods on the
RAF-DB dataset

itk HER /%
gACNN 85.07
RAN 86.90
MA-Net 88.40
PyConv-Attention 87.34
VTFF 88.14
FER-VT 88.26
HPMI 88.44
AR 89.24

T« L SRR el 4

7E FERPlus 045 48 I A9 S 56 X5 L W36 4 i o
LSGB (Su &% , 2023) fifi FH Jy ¥ 5¢ & 8k (local rela-
tion, LR) . [ {4 & 1 B B A4 J5 3 38 1 Bk (self-
and global-attention, SG) 5 It #i 14 — fL 155 B (batch
normalization, BN) 44, $li SRAEAS 51 22 X 35l - 4
T4 Ry B IR IE o AR SO 3R1% T 5 FER-VT 4
M e, MER R N 90.04%. 5 RAN. VTFF Al
LSGB A FL R A5 T 1. 49% . 1. 23% Fi1 1. 24% (1) P g
27t

] 4 > B AL A A RAF-DB I FERPlus 3 4
TR E AR, AT LAE O R PRAR T SRR
AP " 1 LARRAE B B A R IR R, e H
JEXT PR I AU MER R A B T 95% LA b5 T
XF e “RMET PO AR A B A A TR
AR, R [ T IH I =S 200, &5 5 IR A
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&4 FEFERPlus¥IEE LS H MG EMNLE

Table 4 Comparison with other methods on the

FERPlus dataset
Trik HER /%
RAN 88.55
VTFF 88.81
FER-VT 90.04
LSGB 88.80
AL 90.04
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16 RAF-DB B4 Il 2t iR Al 21) B A
SEER Y FED-RO Bdli 48 F #4704, 52 96 45 2R 4
PSR AR COTIERAS T 67. 60% MERG R . H
gACNN F1 RAN fif Ff] 1) J& RAF-DB il AffectNet (Mol-
lahosseini 4 ,2019) (Y& I A2 SR JE 4711 45, FRAE
FED-RO BHE 45 F b AT, AR SO R AE I 2Rk
P F & GO TS T 5T S EGE. Ul
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SRy YO UMl R R A S AR AR L A AR
B TINA 05 W B ( Grad-CAM++ ) ( Chattopadhay 4%,
2018) 2 A AL A SCRE R A s 240 0 b i T
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Table 5 Comparison with other methods on the
FED-RO dataset

T HER /%
VGG-16 60.15
ResNet-18 64.25
gACNN 66.50
RAN 67.89
MA-Net 70.00
A3 67.60
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Fig. 4 Confusion matrixs of the best model on the RAF-DB and FERPlus datasets ((a) RAF-DB; (b) FERPlus)
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