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Object detection in Unmanned Aerial Vehicle scenes based on YOLOvS5s
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(1 Engineering Research Center of Broadband Wireless Communication Technology, Ministry of Education, Nanjing University
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Abstract: To address the issue of low accuracy in object detection caused by significant variations in object size, complex
backgrounds, and a large number of targets with limited pixels in aerial scenes captured by Unmanned Aerial Vehicles (UAVs) , an
improved object detection algorithm based on YOLOVSs is proposed. Firstly, a C3R module is introduced to extract multi—scale
features and reduce the number of parameters, thereby improving detection accuracy while reducing parameters. Secondly, an ASFF
module is employed to adaptively learn the optimal fusion for enhanced detection of challenging objects. Lastly, the multi—scale
fusion and detection components are improved to enhance the feature representation of small objects. Experimental results on the
VisDrone2019 dataset demonstrate a 6. 5% improvement in mean Average Precision (mAP,,/% ) , highlighting the superiority of the
improved model.
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Table 1 Amounts of various labels in VisDrone2019 dataset

eyl Kkt
pedestrian 79 055
people 26 962
bicycle 10 389
car 144 620
van 24 899
trunk 12 875
tricycle 4812
awning—tricycle 3245
bus 5917
motor 29 618
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Table 2 Comparative trial of C3R

fi8/)7 mAPsy/ % mAPs o5/ % SHE T
Original 34.2 18.8 7 037 095 15.8
2 34.5 19.0 7 034 805 15.7
4 33.5 18.5 7 018 539 15.6
6 34.2 18.8 6 925 051 15.5
8 34.6 19.1 6 887 231 15.7
2.4 33.6 18.6 7 016 249 15.5
2.6 33.9 18.7 6 922 761 15.4
2.8 34.6 18.8 6 884 941 15.6
4.6 33.8 18.6 6 906 495 15.2
4.8 34.2 18.7 6 868 675 15.5
6.8 34.5 18.8 6 775 187 15.4
2.4.6 33.6 18.4 6 904 205 15.1
2.4.8 34.2 18.6 6 866 385 15.4
2.6.8 34.5 18.9 6 772 897 15.2
4.6.8 34.1 18.8 6 756 631 15.1
2.4.6.8 33.9 18.5 6 754 341 15.0
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Table 3 Results of ablation experiment

Wik mAPsy/ % mAPs.o5/ %
YOLOvSs 34.2 18.8
YOLOv5s+C3R 34.6 19.1
YOLOv5s+C3R+ASFF 35.0 19.4
YOLOv5s+C3R+ASFF+4detector 40.7 23.2

B AEMH T C3R BERJS , mAPs/ % #2751 0. 4%,
mAPsy o/ % $EF+ T 0. 3%, AT UL 45 H (R BB 1) A7 3%
P TR EEAL E 51 A ASFF BT  mAP /% $27+ T
0. 4% ,mAPs, o5/ % $ET+ T 0.3% ,iE T 5] A ASFF
Y A Rt B s ik 2 ROEE Rl G 5 8 0,
mAP s/ % $&Tt 5. 1% ,mAPy, o5/ % #TV 3. 8%, kW]
TG 22 RS R 5 e TR R R B A AL . B
LRt 5 AR R LY AR mAP, /% $2TF T 6.5%,
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Table 4 Comparison of results

el JEAR AL AP UHERIAL AP
pedestrian 39.1 47.5
people 31.1 36.4
bicycle 12.2 16.4
car 71.5 79.3
van 36.0 43.6
trunk 32.7 38.2
tricycle 21.5 29.3
awning—tricycle 12.5 14.8
bus 45.7 55.2
motor 39.3 46.2
All 34.2 40.7

P SC B ALY 5 VisDrone2019 455 28 | 4%
SE A —SEBRE K A 2 Mt F AR A I B 7 5k A T %)
HLEPRILE S,

%5 AREELIE VisDrone2019 43R5 A4 45 R L3
Table 5 Comparison of detection results of different algorithms in

VisDrone2019 dataset

Tk mAPs,/ %
YOLOv5s 34.20
RetinaNet 28.70

PP-YOLOE+ 34.63
DRONE-YOLO 36. 14
CBNetv2 36.98
Drone-DINO 37.14
Faster—RCNN 33.20
TPH-YOLOv5 41.50
Deformable DETR 43.10
AR SRR 40.70
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