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Abstract

Micro-expressions, characterized by their extremely short duration, low intensity, and highly local-
ized facial movements, constitute a crucial research direction in affective computing and pattern
recognition, with broad application value in fields such as security monitoring, clinical diagnosis,
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and human-computer interaction. However, existing micro-expression recognition methods still face
two major challenges: first, difficulty in precisely localizing key motion regions across both temporal
and spatial dimensions; second, weak model recognition performance under conditions of small sam-
ple sizes and class imbalance. To address these issues, this paper proposes an image-sequence-based
micro-expression recognition method named AD-Net. The method adopts DenseNet121 as the back-
bone network and incorporates a coordinate attention mechanism to enhance feature extraction of
key micro-expression regions across channel and spatial dimensions. Furthermore, a projected gra-
dient descent adversarial training strategy is integrated to improve the model’s robustness against
disturbances such as noise and illumination variation, thereby mitigating overfitting issues in small-
sample scenarios. Additionally, a class weight matrix is introduced into the loss function to alleviate
the negative impact of class imbalance on model performance. Ablation and comparative experi-
ments conducted on two mainstream datasets, CASME2 and SAMM, demonstrate that AD-Net signif-
icantly outperforms existing baseline methods across key performance metrics (such as accuracy
and recall), thereby fully validating the effectiveness of the proposed modules and strategies.
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Figure 1. Original image alignment and cropping process diagram
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Figure 2. AD-Net structure diagram
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Figure 3. Coordinate attention mechanism structure diagram
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Table 1. Model training and testing environment configuration parameters
= 1 EEIZGFNR B ESH

Fic, & 44 7K SH A
GPU NVIDIA GeForce RTX 4060 GPU
WIH BT 16 GB/8 GB
TRBE 5 ST HESE Pytorch 2.4.1
Python/CUDA 3.9/12.4
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Accurary M FEFE L ERT PP — DN R R B AR, AHEXT TREAAR I i #dE4E, Accuracy A HIE
HYENVEH, MRS, Fl-score BB E AR, KA RRG % H Bl & AU .
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Table 2. Ablation results (%) of each component on the CASME?2 database
F 2. FUAMHTE CASME2 HUEEE _ERYHRLLE R (%)

it Accuary F1-score
Dense 81.35 78.98
Dense + PGD 84.67 82.56
Dense + CA 87.98 84.30
Dense + PGD + CA (AD-Net) 90.45 84.94
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Table 3. Ablation results (%) of each component on the SAMM database
< 3. BAME SAMM iR FE _ERYIERLZE R (%)

et Accuary F1-score
Dense 78.96 70.42
Dense + PGD 80.21 72.08
Dense + CA 82.10 74.10
Dense + PGD + CA (AD-Net) 87.46 80.03
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Ui UIZRREEE — e R L 3 s A X S R AR AL i B e . i — Db, R MR A 5] N Ak
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Ft, R CA BHUA B T B T A Rt a2 48 2o K T RHE S B &%, MUFER 5]\ PGD il CA fiith
5 AD-Net AL, HIAZE CASME2 ¥ 55 EINAS [ et rEfe, HAERHZRAN Fl-score 43 llik 3 90.45%
1 84.94%, FE—USAE T PP G SRS R B A ) B AME R R
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Figure 4. Confusion matrix on the CASME?2 dataset
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Figure 5. Confusion matrix on the SAMM dataset
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Table 4. Performance comparison (%) with other models on the CASME2 database
4. SHMERIAE CASME2 $iEE A sEXTEE (%)

Fi: 25 Accuary Fl-score
OFF-ApexNet [9] 3 88.28 86.97
STSTNet [10] 3 86.86 83.82
SLSTT [11] 3 75.81 75.30
AMB3F-FlowNet [12] 3 84. 52 82.88
MMNet [13] 3 88. 60 86.90
AD-Net (ours) 3 90.45 84.94
DOI: 10.12677/airr.2026.152057 600 R F AR YN


https://doi.org/10.12677/airr.2026.152057

A F

Table 5. Performance comparison (%) with other models on the SAMM database
F# 5. SHMERAE SAMM IR E LRI sExTEE (%)

7% eyl Accuary F1-score
OFF-ApexNet [9] 3 68.18 54.23
STSTNet [10] 3 68.10 65.88
SLSTT [11] 3 72.38 64.00
AM3F-FlowNet [12] 3 66.18 54.10
MMNet [13] 3 80.10 72.90
AD-Net (ours) 3 87.46 80.03

7f CASME2 %454 I, AD-Net HUf8 T 90.45%[1 R, T 25t thJrik, Lt OFF-ApexNet il
MMNet 737 $& F+4 2.17%H1 1.85%. 7E Fl-score fE#r b, AD-Net 5% 84.94%, BAKL T8 mKY, *
WA 7 VAR ARAIE R i 2 SR R I R, AT e 4k R AR 2 IR FI I 8 7

76 SAMM R 4E |, AD-Net (114 GEFR T 5 NI &5, HLHERG R IA F] 87.46%, FHEL T REE AL MMNet
T4 7.36%, Fl-score 2T 80.03%. %45 RKM, (EFFAMMBIE /N KA EAIM N E 4
501, AD-Net A5 B A B & FR Az AL e

4, g5ig

ARSCHEH T — PR AL BRI 7 I HL 5 5 I 2R SRS (1 1R B 2 ST B AD-Net. J8 ot AL bRt 2 7 Ak
B AR R I I S OSBRI R A 52 HCRE 7T, I 455 PGD MLl 2R3 FHE R AE TN IR 5T T I B 4
PE, BRENH T AR . /£ CASME2 Fl SAMM %48 b (78 Ak sz ie 5 %F Eh sz i % B, AD-Net 76 %
TN FEbR EIIR TG 757, FEARAEREAS B /N . S50 A AT SAMM iz 82 EAD IRIFE =
MR RE, BEERIZ Tk B RIFIENME SZRE . SR, SO0t R AR “ R 2851 Bl
B RART TS, SRR SIS IR S . P BRSSP e . BRI, AR
H 5 RS IR BIR AL T — R R B AR, XS B s B B — e Eg s
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