HTENMRARSARE

COMPUTER TECHNOLOGY AND DEVELOPMENT

Vol.35 No.6
Jun. 2025

HF FA-ConvNeXt FlI/NEFERZ S EFR EE IR F

a AL AR B

(FAXRF BEIAEFR,TA 41 750021)

L AER RS RGBS, T ER A SRR 2 | B2 T LS 3k PR e 3R B A g AR AR T AR
U TINR A A [R)E, $2 11 T FA-ConvNeXt %%, B 56, 4 T H AT 43 28 07 WA AR AE O BE A2 28 501 20 B0 AP 46 1) 3
T R GEOR AR B85 ok Y SRR AR . T HE R R4 B0 A R MERA E, AE ConvNeXt W45 524 15| A 22 R HRAE
HsE AR (MFEB) |, {8 9 25 0 - i BRSP4 i 65 44 N S0 BEARRAIE | ] Aot 4 78 22 3 385 7 49 1 SR BB B ( MAEB ), i I 4% B fip ¢
TEAFIVERRFAE , U TG BT dlad 5200 S5 AR ¢ T A ALHEAT LU AL, 45 1R 0T, 2 i Y FA—ConvNeXt M5
JUIERR 2 IR K FLAEAM AR T 97.26% 97. 18% 96.38% SR IMEK A3 IR T1 T 7.35 1945 55 .6.94 1943 5.6, 17
H o, HIUE TR UL, 544 FA—ConvNeXt PIZ81E A R /INEEAR 2 5 11 T P 2%, 26/ NFEAR 43 54T 55 i LA
T RIFMBER .

KRR R EEERRUN BT 2 R FHER 8 ; /IMEZR 2% 2 ; ConvNeXt 4%

FE 49 2%E . TP391-41;TN911.73-34 XEkFRIRAS . A XEHS:1673-629X(2025)06-0027-07
doi;10.20165/j. cnki. ISSN1673-629X. 2025. 0022

Thangka Recognition via FA-ConvNeXt and Few-shot Learning

BAI Ke,SHI Wei,ZHAO Xin-yi, XU Jia—ming
(School of Information Engineering,Ningxia University, Yinchuan 750021, China)

Abstract; To address the issue of classification confusion in Thangka central deity image recognition due to complex textures, vibrant
colors, and similar compositional elements, we introduce the FA-ConvNeXt network. Firstly,to tackle the problem of few categories and
imbalanced quantities in current classification methods, the dataset is expanded through literature review and data augmentation
techniques. To enhance the classification accuracy of the network ,a Multi-scale Feature Enhancement Block (MFEB) is introduced on
the ConvNeXt network architecture to better extract the structural and textural features of images. Additionally , Multi— Attention feature
Extraction Block (MAEB) that integrates channel and multispectral channel attention is added to focus the network on discriminative
features, thereby reducing the interference of redundant information. Experimental results compared with mainstream models show that the
proposed FA-ConvNeXt network achieved recognition accuracy ,recall,and F1 scores of 97.26% ,97. 18% ,and 96. 38% , respectively,
which are 7. 35 percentage points,6. 94 percentage points,and 6. 17 percentage points higher than the original network and superior to the
compared models. Finally,the FA-ConvNeXt network is used as the backbone network for few—shot learning and has also achieved good
results in few—shot classification tasks.
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