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Small Target Detection Algorithm for Lightweight UAV Aerial
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Abstract: A lightweight unmanned aerial vehicle (UAV) aerial photography small target detection algorithm GA-
YOLO based on YOLOVS is proposed to address the problem of small target feature size, complex background,
and dense distribution in images from the perspective of UAV aerial photography. This algorithm improves the
Mosaic data augmentation method and overall network structure, and adds a small object detection head. At the
same time, a lightweight global attention module and a parallel spatial channel attention mechanism module are
designed to enhance the network's global feature extraction ability and the competition and cooperation between
convolutional channels during the training process. Based on the 4.0 version of YOLOvVSs, experiments were
conducted on the publicly available drone aerial photography dataset VisDrone2019-DET. The results showed that
the improved model reduced the number of parameters by 48% and the computational complexity by 26%
compared to the original model, and mAP@Q0.5 improved by 4.9 percentage points, mAP@0.5 0.95 increased by
3.3 percentage points, effectively enhancing the detection capability of unmanned aerial vehicles for dense small

targets from an aerial perspective.
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Table 4 Ablation experiment
R SM S-B DH RC SViT #HE/MB Z¥&EM iHHE/GFLOPS mAP@0.5/% mAP@0.5:0.95/%  FPS
YOLOVS5s 14.4 7.08 16.6 313 16.1 137
Bieiia| x/ 14.4 7.08 16.6 325 17.0 137
2 y \ 5.8 2.63 10.2 335 18.0 96
i3 v J J 5.8 2.63 10.2 34.6 18.3 96
itk V J J V 5.8 2.63 10.2 35.5 19.0 93
kS \ J J V J 8.1 3.68 12.2 36.4 19.6 82
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62.8% MR AN R [£59.7% 1 [F I, mAP@0.582 7+
T220NE 5 L, mAP@0.5:0.9542 T T 1.9 H 40 44,
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I PRAEAS FE I $E T o il 378 et 2 (3 il . ok JiR
A [)MosaicE P51 5 7 7% % 4 N a-Mosaic /712, AHLE
BT Sk 2B, SO 3TE I AR SR TR
ANARE T, mAP@O.542 7w 7 1.1/ H 2 4,
mAP@0.5:0.95%2 % 1 0.3 F 75 £, 3 EH T -
MosaicH 8 38 772 1A RN o oo 42 78 o 3 11
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A SCHEH I Shuffle ViT A it & I, AR 1R
FH 25 R s X 4 6 1 < HMERG I H AR R ~F /s
AN BT ) ARSI 8 77, AR T gk 4, 503k S AR TE
PR A T, (HEmAP@O.542 1 T0.940H
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ShuffleViTR] DASE 4 H 52 = 45528 (1) 14 B A1 S
242 3FHEIEBRSHT
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Table 5 Comparison experiment

R LI AF/MB ZHE/M 115 #/GFLOPS mAP@0.5/% mAP@0.5:0.95/% FPS
YOLOV5s(4.0) 640%640 14.4 7.08 16.6 313 16.1 117
YOLOV4-Tiny 640%640 46.33 6.02 16.5 17 9.2 168
YOLOV3-Tiny 640%640 17.5 8.69 13.0 16.4 7.09 156
SSD(VGG-16) 512x512 197 60.30 23.0 26.6 9.33 37

Faster-RCN(ResNet50) 640%640 316 38.2 39.3 29.7 16.3 9
RetinaNet (ResNet50) 640%640 140 39 211 13.9 6.86 31
CenterNet 640%640 14.1 11.26 20.6 26.2 17.9 27

Our 640%640 8.1 3.68 12.2 36.4 19.6 82
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HE AR T, (HTE AR LR AR 38 KR
456 « EmAP@0.5HImAP@0.5:0.95 B i 45 b5 |, A
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20F110.4.12.514 1 43 1 o A EL B T I 2R Bk, A
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F& tH I A a-Mosaic U 38 58 /77  Shuffle ViTAl
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Fig.9 The detection performance of the algorithm in this article
on the test set
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Fig.10 Comparison between YOLOVS5s and this algorithm
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