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Target detect algorithm of lightweight in aerial images
based on multi-scale feature fusion

Dang Hongshe Gao Wanrong Meng Raochen Zhang Xuande

(College of Electrical and Control Engineering. Shanxi University of Science and Technology,Xi'an 710021, China)

Abstract: Aiming at the problem of target misdetection and missing detection caused by large size changes and mutual
occlusion in UAV aerial images, a lightweight target detection algorithm based on YOLOv8s is proposed by integrating
multi-scale features. In the backbone network, lightweight multi-scale convolutional EMSC is used to replace
Bottleneck in C2f module, which enhances the expression ability of multi-scale features. The lightweight upsampling
operator Dysample is introduced into the neck network to capture the fine features of the image. Task Aligned Assigner
hyperparameters are optimized to solve the problem of sample imbalance during training. Finally, the system of visual
interface is designed, and the object of aerial photography is detected by visual interface. The simulation on the data set
VisDrone2019 shows that the accuracy and recall rate of the algorithm are improved by 2.4% and 3. 3% respectively
compared with the benchmark algorithm, and mAP, ; is improved by 3.5%, effectively improving the effect of aerial

photography target detection. The model generalization experiment is carried out on UAVDT data set, and the effect is

better than other classical algorithms.
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Fig. 1 Overall flow of algorithm
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Fig. 2 Overall framework of algorithm
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SERRE R/
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B 12 G
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3B 25
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Table 2 Comparative experiments to replace different
number of EMSC
mAP, 5/ Params/

gl y GFLOPs FPS

0
YOLOv8s 40.3  11.12 28.5  113.4
YOLOv8s+1EMSC 41.4  11.06 27.7  112.9
YOLOv8s+2EMSC  41.3  10. 82 26.9  115.0
YOLOv8s+3EMSC  40.5  10.35 26.7  115.2
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R3I BSEXMIEIE

Table 3 Comparative experiments of hyperparameters

P/ R/ MAP(),S/ mAP()Aszz».ﬂs/

TAL Para

% % % %
topK=10,a=0.5,
52.1 38.9 40. 3 24.0
p=6.0
topK =13.a=0.5,
51.6 38.4 40.0 23.7
B=6.0
topK =7.,a=0.5,
51.4 39.8 40.9 24.1
p=6.0
topK=>5.a=0.5,
52.9 40.0 41.3 24.3
B=6.0
topK=>5.a=0.75.
52.2 39.6 40.9 23.9
B=6.0
topK=>5.a=1.0,
53.8 39.8 41.8 24. 4
p=6.0
topK =5.a=1.0,
52.6 39.9 41. 2 24.2
B=5.0
topK=>5.a=1.0,
51.8 39.6 41.0 24.0
B=14.0
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L HE SR

2EMSC N N N,

Dysample N NG

HZH J
P/% 52. 10 52. 50 53. 20 54.50
R/% 38. 90 40. 60 41.50 42.20
mAP /%  40.30 41. 30 42. 50 43. 80
Params/M ~ 11.12 10. 82 10. 85 10. 85
GFLOPs 28. 50 26. 90 26. 90 26. 90
FPS 113.4 115.00  111.70  111.50
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Table 5 Performance comparison of different algorithms

Params/ mAP,.;/

W) 4% &5 14 GFLOPs FPS

M %
Faster-RCNN 41.19 33.8 206.73 15.2
SSD 24.50 26.5 87.90 40. 3
RetinaNet 19. 80 21.9 93.70 23.95
YOLOV5s 7. 20 34.2 16. 50 105.0
YOLOv7-tiny 6.03 36. 2 13. 10 90.5
YOLOv8s 11.12 40. 3 28.50 113. 4
Ours 10. 85 43.8 26.90 111.5
3) LIRS BT

ST BRI A ST B Bk 7E ST PR b B P s SR 1R R
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TEE bR, J7 HE 7R IR AS 1 PIAE /R iR K. FE5H 1 4
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Fig. 6 Comparison of detection effects in different scenarios
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) 28 235 ) Params/M ~— mAP, /% FPS
YOLOv5s 7. 30 21.3 103. 4
YOLOv7-tiny 6. 05 23.2 89. 2
YOLOv8s 11.13 27.2 111.9
Ours 10. 86 30.9 110. 2
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Fig. 7 Interface of detection
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