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Abstract; The meta-learning method for few-shot object detection can quickly adapt to a small
number of training samples, better solve the problems that the existing conventional detection model
has weak generalization ability ,slow adaptation to new tasks,and poor model robustness. The meth-
od has high practical application value,but it has insufficient ability to utilize the features of the
support set,and the detection accuracy is not high. In this case, from the view of background attenu-
ation of the support set and enhancement of target features and based on the support set feature en-
hancement, Meta Faster R-CNN, a meta-learning SOTA algorithm is improved to weaken the back-
ground information that has nothing to do with the target to be queried and to strengthen the con-
nection between features within the support set. In this way,a few-shot object detection algorithm
with a higher detection performance is constructed. The experimental results show that in the meta-
testing stage on the PASCAL VOC Novel Set dataset,the mean average precision( mAP@0.5) of
the improved algorithm in I-shot, 2-shot, 3-shot, 5-shot and 10-shot is improved by 0.066% ,
12.038% ,12.289% ,10. 073% and 9. 539% ,respectively;in the testing stage after meta-fine-tun-
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ing,the mAP@ 0. 5 of the improved algorithm in this paper also improves or is basically the same

as that of the original algorithm ;the enhancement of the support set feature can effectively improve

the few-shot object detection accuracy.

Key words: few-shot object detection ; meta-learning ; Meta Faster R-CNN ; background attenuation ;

feature enhancement
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Table 1 Comparisons of experimental results based on few-shot object detection algorithm
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T fE I B B
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UNpL!0) 43.7 58.3 59.8 63.7 64.2
FsDetView w/cos!'?] 26.9 35.7 42.3 48.9 57.8
FsDetView w/fc!'?] 24.2 35.3 4.2 49.1 57.4
FSSP! 1! 41.6 — 49.1 54.2 56.5
DMNet! 4] 34.7 50.7 54.0 58.8 62.5
TeSNet! '3 35.6 42.7 44. 1 54.4 57.8
BC-YOLO!'®! — — — 50. 4 57.6
Meta Faster R-CNN[® 43.0 54.5 60. 6 66. 1 65.4
AP Meta Faster R-CNN 46.991 58.430 62.265 65. 541 66.701
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Table 2 Ablation experiment results of improved algorithm in this paper
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