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Few-shot remote sensing image object detection method based on dual

perceptual attention and feature metric collaboration
Zhou Jianjun, Chen Shaobo"

(College of Electronics and Information Engineering, South-Central Minzu University, Wuhan 430074, Hubei China)

Abstract Remote sensing image object detection has broad application prospects in many fields. However, under the
background of few-shot, it faces challenges such as insufficient feature extraction, poor positioning accuracy, and prone to
classification errors. To address these issues, firstly, a dualperceptual attention module is constructed. Its background
attenuation attention effectively suppresses background interference, and the spatial perceptual attention guides the
network to focus on the key information for target positioning, helping the Region Proposal Network (RPN) generate better
region proposal boxes, reducing the probability of target omission, and improving the performance of few-shot target
positioning. At the same time, introspective metric learning is introduced, it prompts the model to deeply explore the
similarities and differences between samples during training, strengthening feature learning and understanding, and
improving classification accuracy. Finally, a few-shot object detection model based on fine-tuning transfer learning is
designed and verified on the remote sensing dataset NWPU VHR-10. Experimental results show that compared with the
benchmark algorithm, the proposed algorithm achieves significant improvements in average precision.
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Fig. 1 The overall structure of the network
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Fig. 4 Illustration of comparison of the proposed uncertain-aware images
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Tab. 1 Performance of the NWPU VHR-10 dataset on the new category

TR Novel Set 1 1-shot  3-shot 5-shot  10-shot
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mean 0.29 0.51 0.59 0.76
Novel Set 2 I-shot  3-shot 5-shot  10-shot
ship 0.12 0.52 0.62 0.73
storage tank 0.51 0.80 0.79 0.85
ResNet101
vehicle 0.10 0.14 0.17 0.21
mean 0.24 0.49 0.53 0.60

Novel Set 3 1-shot  3-shot 5-shot  10-shot

basketball court ~ 0.20 0.25 0.37 0.52
ground track field 0.18 0.53 0.41 0.59
harbor 0.17 0.02 0.07 0.30

mean 0.18 0.27 0.28 0.47
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Tab.2 Comparative experiment results of various methods on the

NWPU VHR-10 dataset
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ResNet101 ~ Meta-YOLO 0.07 0.13 0.26 0.37
ResNet101 TFA 0.09 0.16 0.26 0.43
DarkNet53 FSODM 0.21 0.32 0.53 0.65
ResNet101 DeFRCN 0.19 0.37 0.57 0.67
ResNet101 AT 0.29 0.51 0.59 0.76
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Fig. 6 Detection results on the NWPU VHR-10 dataset
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Tab. 3  The effect of different modules on the experimental results

MR N R mAP
R 223 )5k 1-shot 3-shot 5-shot 10-shot
0.17 0.40 0.54 0.64
N 0.23 0.45 0.57 0.71
N 0.22 0.43 0.55 0.70
N N 0.29 0.51 0.59 0.76

PR | AR BT I BIS | BERLAE 1-shot 2
10-shot 373 5= T X 37 25 51l B9 mAP 48 45 43 5l $2 7+ &
0.23.0.45.0.57.0.71, JHAEARFEA (1) 1-shot 37 5t
TR R Ak 35.3%. R 7, 6 E R R AT AL
2 EIHR B RRAE Z R 5 A B, AN R 7 22 TE] )

g B

25 SR/ s AT RE S AR B o 3 3
5, TR AR I | S AR RRAE Y X 4t B
i, 33 e WA H b XA 0 4 AR SR AR i T O
. SCBG T X L B RO R TR
TCRFFIER T, 54k T H AR XU RRIE RS
MBI PN A4S B 2 2] J AR L AR R A
1-shot 2 10-shot 35 T #1255 mAP 43 5l $2 F+ &2
0.22.0.43.0.55.0.70, 3 H 7 & 8 () nf Ak 45 S v,
FERBABE Y TFA 187 25 501 5 JE Al 28 31 7 B A A W I
TS, PRI W5 Bk A W BR 37 2 4], T A SR 7
IR AL, SBT3 AR B S R B R A
W52 AR T T 20 R AT X o3Pk

7 FERRRET T A (Z6) FIAR SCRER () RFAE SR IR AR X L

Fig. 7 Visualization comparison of feature extraction of the basic model TFA (left) and the model proposed in this paper(right)
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Fig. 8 Comparison of target category classification between the basic model TFA (left) and the model proposed in this paper(right)
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