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Research on UAV Small Target Detection Algorithm Based on Improved YOLOVSs
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Abstract: [Objective] Aiming at the characteristics of various target scales, complex background and dense small
targets in aerial images of unmanned aerial vehicles,a small target detection algorithm LM-YOLO based on
YOLOVS5 is proposed. [ Method] Firstly,increase the small target detection head and K-DBSCAN clustering
algorithm is used to optimize the anchor frame ,so as to generate an anchor frame more suitable for small target
detection and improve the detection accuracy of the algorithm.Then,a more efficient MobileNetV3-CBAM is
designed as a feature extraction network to reduce the size of the network model.Finally,the large kernel selective
attention mechanism LSK is introduced into the feature fusion network to increase the resolution of the model to
similar targets. [Result] The experimental results on the public data set VisDrone2019 show that the average
detection accuracy of LM-YOLO for all targets is improved by 7.6% and the model size is reduced by 45%
compared with the benchmark model YOLOVS. [ Conclusion] Experiments show that the proposed algorithm can
reduce the model size while maintaining good detection accuracy.
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Fig.1 LM-YOLO network structure diagram
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Tab.1 anchor boxes scale assignment
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UNEE (28, 40) (61, 46) (59, 101)
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Tab.2 MobileNetV3-CBAM network structure

P HARSE AR YRR HilimiEd  CBAMIH  EuEE AN
0 640x640%3 Conv2d 16 - HS 2
1 320%320%16 Bneck, 3x3 16 8 - RE 1
2 320%320%8 Bneck, 3x3 64 16 - RE 2
3 160x160x16 Bneck, 3x3 72 16 - RE 1
4 160x160x16 Bneck, 5x5 72 16 \ RE 2
5 80x80x16 Bneck, 5x5 120 16 \ RE 1
6 80x80x16 Bneck, 5x5 120 16 \ RE 1
7 80x80x16 Bneck, 3x3 240 32 HS 2
8 40x40x32 Bneck, 3x3 400 32 HS 1
9 40x40x32 Bneck, 3x3 184 32 HS 1
10 40x40x32 Bneck, 3x3 184 32 HS 1
11 40x40x32 Bneck, 3x3 480 10 \ HS 1
12 40x40x40 Bneck, 3x3 672 40 \ HS 1
13 40x40x40 Bneck, 5x5 672 56 \ HS 2
14 40x40x56 Bneck, 5x5 960 56 \ HS 1
15 20x20%x56 Bneck, 5x5 960 56 \ HS 1
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Fig.3 Schematic diagram of LSK module structure
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Tab.3 Results of improved YOLOVSs ablation test

]t K-DBSCAN MobileNetv3 /\EERER LSKERE mAP@0.5 TERRE/MB FPS
-CBAM
A X x X x 28.7 13.4 96
B v x X X 29.0 13.4 96
C x v x x 29.1 7.3 127
D x x v x 31.6 13.7 87
E x x x v 33.0 14.1 79
F v v x x 29.2 7.3 127
G v v v x 315 10.6 93
H v v v v 36.3 12.7 54
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Tab.4 Comparison of the selected detection algorithm

Bk mAP@0.5 FPS
FasterRCNN 22.8 6
SSD 29.1 35
Swin-transformer 31.4 53
YOLOX 24.6 49
YOLOV5m 329 46
CornerNet 23.7 15
Drone-YOLO 36.5 31
TPH-YOLOV5 372 22
LM-YOLO 363 54
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Fig.4 Detection effect of LM-YOLO algorithm in complex
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(8) LM-YOLO daytime scene detection
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(d)  YOLOVS5s night scene detection shooting
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Fig.5 Comparison of detection effects between LM-YOLO
algorithm and YOLOVS5s
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