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Abstract: Classifying and locating objects of interest in Thangka images can help people understand the
rich semantic information of Thangka and promote cultural inheritance. To address the problems of insuffi-
cient Thangka image samples, the complex background, the occlusion of detection targets, and the low
detection accuracy, this paper proposes a few-shot object detection algorithm for Thangka images that
combines multi-scale context information and dual attention guidance. First, a new multi-scale feature pyr-
amid is constructed to learn the multi-level features and contextual information of Thangka images and im-
prove the ability of the model to discriminate multi-scale targets. Second, a dual attention guidance mod-
ule 1s added at the end of the feature pyramid to improve the ability of the model to represent key features

while reducing the impact of noise. Finally, Rank&.Sort Loss is used to replace the cross-entropy classifi-
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cation loss, which simplifies the model training process and increases the detection accuracy. Experimental

results indicate that the proposed method achieved a mean average precision of 19.7% and 11.2% in 10-

shot experiments using a Thangka dataset and the COCO dataset, respectively.

Key words: thangka; few-shot object detection; contextual information; multi-scale feature; dual atten-

tion mechanism
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Fig.2 Contextual feature extraction module
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Tab.2 Detection results of different categories

shot methods sumeruSeat padmasana nature solemnInstrument chignon coronet
FSCE 11.7 10.0 17.6 14.2 31.0 35.8

. FSMC 17.3 14.6 18.5 19.3 32.1 37.1
FSCE 13.9 13.6 22.4 19.2 33.1 36.3

20 FSMC 21.4 18.1 22.5 25.5 33.5 36.5

() FSCEJ7 VAR 25 3
(a) Experimental results of FSCE

(b) FSMCJ7 2 (R 45 5
(b) Experimental results of FSMC

ESS Rl &

Fig. 8 Experimental results
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Tab.3 Comparison of detection results of COCO dataset

Shot Methods AP50 AP75 mAP
FSCE 10. 4 7.2 8.9

10
FSMC 12.1 10.6 11.2
FSCE 12.5 12.7 11.5

20

FSMC 15.6 14.4 14.9
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Table 4 Ablation experiment results on Thangka dataset
Parameters/  Average detec-
Shot Methods APS0 AP75 mAP o
10°(M) tion time/s
FSCE 29.6 18.0 16.7 1.12 0.050
FSCE+CFM 32.6 18.2 18.0 — —
10
FSCE+CFM-+DAM 33.9 19.1 19.4 — —
FSCE+CFM+DAM-+RSLoss (FSMC) 34.6 19.6 19.7 1.17 0.093

TSR M BB 0 TTK o 7E X — 3 4 T AR R
CFM .DAM 5 RSLoss, 7£ A [a] % 4 £ #0150 % %
BT LB B A B AR T 06 TR A5 B R
AT 3 25 Rk 4 B .
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PR T A P fg . b, i A CFM JE AP5S0,
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X B R CFM 78 R¢AF 42 Bt 72 v 2Rk A
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W AAE R o GO SR T4 A T A I 4 R 2 Y R
TIE7E 9 265 TR 2 B 52 F 3l 2o RRAE il 1 O X 78 4
Hu R T ORURL B 5 AR R AR 2 1) A HORME L
CORE AR AR B Y R N SOfE B B AR T
Xt H AR 5 7 F o2 me ) BRI B 5] AT — 2
JC I BAR 18 DT 52 ) TS 2 A DORS BE L AR
TR APLH DAM J5 , K45 548 & 17 1.3%,
0.9%,1.4%, it WEE S5 S, K% %
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