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Small-Target Detection Network Based on Adaptive Feature Enhancement
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Abstract Small-target detection from images remains a challenge in the field of computer vision because of the limited
size, small appearance and geometric clues, and lack of large-scale small-target datasets. To solve this issue, an adaptive
feature-enhanced target detection network called YOLO-AFENet is proposed to improve the accuracy of small-target
detection. First, by introducing the feature fusion factor, an improved adaptive bidirectional feature fusion module is
designed using feature maps of various scales to improve the network’s feature expression ability. Second, combined with
the network characteristics, a spatial attention generation module is proposed to improve the network’s feature localization
ability by identifying the location information of the region of interest in the image. The experimental results of the
UAVDT dataset show that YOLO-AFENet has a 6. 3 percentage points higher average accuracy compared with YOLOv5

and is better than other target-detection networks.
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Table 1 Size Distribution of object in dataset

Small object

Medium object

Large object

Object Total
e (size<<32X<32) (32X 32<size<<96X96) (size==96<96) o
Number 494117(61.9%) 290826(36.4%) 13852(1.7%) 798795 (100%)
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Table 2 Comparison of results of different object detection algorithms on UAVDT dataset

Detector Input backbone AP /% AP, /% AP, /% APy/% AP,/% AP, /%  FPS
R-FCN™! 600< 1000 ResNet-101 7.0 17.5 3.9 4.4 14.7 12.1 9
SSD 512X 512 VGG16 9.3 21.4 6.7 7.1 17.1 12.0 22
RON"™! 5.0 15.9 1.7 2.9 12.7 11.2
FRCNN 600< 1000 VGG16 5.8 17.4 2.5 3.8 12.3 9.4 7
FRCNN+FPN ResNet50 11.0 23.4 8.4 8.1 20. 2 26.5 18
ClusDet ™’ 600< 1000 ResNet50 13.7 26.5 12.5 9.1 25.1 31.2
DMNet'*” 600X 1000 ResNet50 14.7 24.6 16.3 9.3 26. 2 35.2
YOLOv5 640X 640  CSPDarkNet53 16.7 29.3 16.7 10.2 25.5 33.0  55.65
YOLO-AFENet  640X640  CSPDarkNet53 19. 4 35.6 17.6 11.9 28.6 35,3 52.86
3 TEUAVDT F0H 45 L1 al s 56
Table 3 Ablation experiment on UAVDT dataset
ff;fl(l?; \gghplﬁ SV/Z”;N AP/%  AP,/%  AP./% AP./% APy/% AP /% FPS
NG 16.7 29.3 16.7 10. 2 25.5 33.0 55. 65
N NG 17.5 34.47 17.0 10.6 27.7 34.5 54.21
N NG NG 19. 4 35.6 17.6 11.9 28. 6 35.3 52. 86
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