g16%E £ g B it E N5 & M 2026 &£7 A
Vol.16 No.7 Intelligent Computer and Applications Jul. 2026

X RIL, 2eUR1%. LEFA-ConvNeXt: 5T M ¥ 58 5 ] 2 o] MR So 06 7 B 7 B9 R IR M 25 (1] B RETHR LS B, 2026,
16(7) :10-17. DOIL: 10. 20169/]. issn. 2095-2163. 26010502

LEFA-ConvNeXt: E T ytHEigsE 5[ = S ®ER L ia
EENTHREIR A R 2K

X|RIL, BIRIE
(HMEFEAXE GEEREEIRERME, Kb 410208)

B OE. MERE I HORI R T RS IR (Facial Expression Recognition, FER) 7T AMLAZH 24 S4TSR
BT 2R, SR, 26 IRAR A e ANl 25 52 B R R A AR AR 45 TR 255 ), B0AT 7 TR AE B 22 00 B F 1R Bk BB T AR AE R
JE o A ASCHR I T — R TG BRI SR 5 RT A ) T e e T R RAF RN M 4 . 1Z 4 LD ConvNeXt o 32T 4514,
FIAT JEIRIERAI (Light Enhance Block) LA F 18 N RIS G52 B | SR AR RIAE AR I 510 B AR T I #e bk . IR it 17 7T
27 > TH B AE 9873 B J1 5 ( Learnable Facial Prior Attention) , i i AJ 2% 2] A4 T HRIEAIAL ] 51 5 W0 2 58 4 T~ S 2175 X 4 (A i
I W5 ARAE) DN S SR AR B R RAE I HERBE ST . S T i — 2Rl & el B F s B BRI & R RE N B S A T R L T3 A
77 J3#ik (Local Context Self-Attention Block) BEATH H14% [ VER S5, Se Bl 42 )5 5 Ja il A AE 09 B [ 4455 . ¥ FER-2013
ITFRRSE IR 25 SRR W, BT 42 (% LEFA-ConvNeXt 45 AU HERA R Az Ak BE 7 T X 00 T80 B3, iemi i
WiFE 2] 74. 78% , A BIE T2 M IEHE R 2O S SR T T A S 585,

KA . WERFIE NG SCIEIEGE , w2E ) EIBE IR & J1; ConvNeXt

FESES ., TP391. 41 XEkFRERD: A XEHS: 2095-2163(2026)07-0010-08

LEFA-ConvNeXt: A facial expression recognition network based on
illumination enhancement and Learnable Facial Prior Attention
LIU Ling’er, YAN Junfeng
(School of Informatics, Hunan University of Chinese Medicine, Changsha 410208, China)

Abstract: With the rapid development of deep learning techniques, Facial Expression Recognition (FER) has been widely applied
in affective computing, human - computer interaction, intelligent driving, and related fields. However, due to factors such as
illumination variations, subtle expression differences, and blurred local features, existing methods still suffer from limited
recognition performance in complex environments. To address these challenges, this paper proposes a facial expression recognition
network based on illumination enhancement and Learnable Facial Prior Attention. The proposed network adopts ConvNeXt as the
backbone and introduces an illumination enhancement module ( Light Enhance Block) to adaptively adjust image brightness, thereby
improving robustness under non—uniform illumination conditions. In addition, a Learnable Facial Prior Attention (LFPA) module is
designed to guide the network to focus on critical facial regions (e. g. , eyes and mouth corners) through a learnable facial mask
mechanism, enhancing the discriminability of fine —grained features. To further integrate local contextual information, a Local
Context Self-Attention (LCSA) Block is incorporated at the high—level feature stage to perform window —level self - attention,
enabling collaborative modeling of global and local features. Experimental results on the public FER—-2013 dataset demonstrate that
the proposed LEFA - ConvNeXt network outperforms existing mainstream methods in terms of recognition accuracy and
generalization ability, achieving a maximum accuracy of 74. 78%. These results fully validate the effectiveness and robustness of the
proposed method under complex illumination conditions and diverse facial expression scenarios.
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Fig. 3 Images before and after processing
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Fig. 6 Qualitative comparison of facial expression recognition

results by different networks
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Fig.7 Qualitative comparison of facial expression recognition results with different module combinations
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