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Abstract: Facial expression recognition (FER) aims at determining the types of facial expressions for given facial
images, which has a broad application prospect in psychological diagnosis, human-computer interaction, etc. In
practical tasks, various databases tend to have imbalanced data distributions among basic facial expressions. Such
an issue has caused imbalanced feature distribution and' inconsistent-classifier optimization for various facial
expressions, seriously affecting the performance of expression recognition models. To solve-this issue, this paper
proposes a class-balanced modulation mechanism for facial expression recognition (CBM-Net), which attempts to
address the imbalanced data distribution problem by. modulating the FER model<in feature learning and classifier
optimization stages. CBM-Net includes two modules of feature modulation and gradient modulation. The feature
modulation module struggles to balance feature distributions for all facial expressions by increasing the separability

JEGI H VL8 1 ARFHF R4 (BK20192004B) .
This work was supported by the Natural Science Foundation of Jiangsu Province (BK20192004B).
WoRS 11199:2022-10-19 &Ml [ 1] : 2023-01-04



3030 Journal of Frontiers of Computer Science and Technology & B2 5iF&

2023, 17(12)

between classes and the tightness within classes in the feature direction. The gradient modulation module uses
the statistical information of batch training samples to reversely adjust the optimization gradient of each
classifier to ensure that the convergence speed of each classifier is consistent, so that the performance of each
classifier can be optimal at the same time. Qualitative and quantitative experiments on four popular datasets
show that CBM-Net is effective in class-balanced modulation, and its effect is quite good compared with many

advanced methods.
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Table 2 Class average accuracy of each module on RAF-DB dataset %

& BASE RAE SEEH PRI cOMTEL
a=0.1 a=0.3 a=0.5 a=0.7 a=0.9 a =0.5
Surprise 1290 89.66 88.45 82.37 85.54 88.45 84.33 91.48 89.22
Fear 281 56.75 58.81 58.11 61.25 60.81 59.42 63.51 60.88
Disgust 717 60.00 66.36 61.88 66.47 68.13 72.34 71.25 68.34
Happy 4772 94.00 94.52 94.68 94.87 93.84 92.45 90.38 94.68
Sad 1982 85.56 86.28 86.82 88.87 88.28 86.42 83.05 86.21
Angry 705 78.40 80.12 79.01 79.67 79.92 79.48 79.63 80.21
Neutral 2524 87.21 87.00 84.85 84.19 85.00 83.21 77.50 87.32
MY 1753 78.80 80.22 78.25 80.12 80.63 79.66 79.55 80.98
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Fig.4 Diagram of feature modulation effect visualization
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Fig.5 Diagram of gradient modulation effect visualization
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Table 3 Comparison between CBM-Net and conventional
class balance methods
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Table 4 Precision comparison-with state-of-the-art methods

RAF-DB SFEW CAER-S
Ik HEWR 1% WIR7S HERH %1% Tk THERT /%
SCN® 88.14 DANE? 50.92*/58.50 CAER-Net®™ 73.51
EfficientFace®™” 88.36 Island loss®™ 52.52 DANF™ 84.48*
RUL® 88.98 Icept-ResV 1% 51.90 Res2Net-18"" 85.28
ADDL™ 89.34 RAN® 56.40 Res2Net-50"" 85.35*
DAN®! 89.37* DMEU®" 58.34 EfficientFace®” 85.87
CBM-Net 89.31 CBM-Net 60.32 CBM-Net 86.52
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45  AffectNet-7 Bl 45 b 19 e Sk i Ji 0 Lk
Table 5 Comparison with state-of-the-art methods
on AffectNet-7 dataset

Ik HET %1%
DMEU™ 63.11
EfficientFace®” 63.70
KTN™ 63.97
DANE? 64.83*
CBM-Net 64.62
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Table 6 Comparison with state-of-the-art methods
on AffectNet-8 dataset
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