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W E RAEMAERHAR, RANG B RARRA 2, FRRANGAEEDERIRRA LSRR, RFHEHR AL E
AT MG B30, B T2 A LR KFREF S 5@ TH. A B I LAIP R Marker & 3% 5] R £ 7 69 1
Mo ATHEX—FMA LT YOLOvS Bt 69 B AR 0 H ik EAP-YOLOvVS, vA# & Marker SR A\ 4wl 69 e o8 &, &
L ERTHRSMAENHABEZE AIH MAP-ECA,HBA LN AZEARE REX DL AR T DB AFGAEMNRE A R
R AR A kol ah EAVR B Rk B AR RR AU R AT 09 4 k D-SASFF, Al A % RE @& kiR B AR ARS8 5%
J& 3 T Bk H K PloUv3, @it At dmbe T AR M SLiR JE 4 & T/ B AR M 4L . A B84E EAP-YOLOvVS ka9 A &0tk , £
B EEEHFTER.EREW . EAP-YOLOVS H % £ mAP@0. 5 e mAP@0.5:0.95 L4 #1257 96.5% 4 50.2% .44
THEALEARERIT, A b @344 % 8 MREIF & ByteTrack 2 R 5 7 Marker S 69E 3R E, R, A
ATHYESE MOTI6 Lt i B 50, £ R AW, T REA E HOTA, MOTA, MOTP L& 324 # % 5 5% 3] T 37.60%,
25.64%,80. 76 % MR T H WA EAEFRA ABLE FIARANAMERIZRLET AR,

K& . EAP-YOLOvVS; L AHLA M) s Marker & ;4 B AR4& 0 ; $ B 4718 37 ; ByteTrack

FESES TP391

Integrate ByteTrack’s EAP-YOLOv8 UAV Marker Point Detection and Tracking

TANG Xinliang' , PAN Xiaorun' s WANG Jianchao' and SU He*
1 School of Information Science and Engineering, Hebei University of Science and Technology, Shijiazhuang 050018 ,China

2 Electrical Engineering, Hebei University of Technology, Tianjin 300401, China

Abstract With the development of science and technology,drones are more and more widely used,and the realization of accurate
motion capture of drones has become its core technology. When the optical motion capture system detects and tracks the UAV,
due to the interference of complex environment, flight speed and other aspects,the Marker point pasted by the UAV will be inac-
curate. In order to solve this problem,an improved object detection algorithm EAP-YOLOvS8 based on YOLOvVS is proposed to
improve the accuracy of Marker point recognition detection. Firstly.a new channel attention mechanism MAP-ECA is constructed
in the backbone part, which enhances the global perspective information and the characteristics of different scales,and improves
the detection ability of small targets. Secondly,on the basis of the original detection head, the multi-level adaptive feature fusion is
used to form a new detection head,D-SASFF,and the multi-scale fusion is used to strengthen the feature information of small tar-
gets. Finally, the loss function PIoUv3 is designed,which accelerates the convergence speed of the model and improves the detec-
tion ability of small targets. In order to verify the effectiveness of the EAP-YOLOvS algorithm, experiments are carried out on the
self-made dataset,and the results show that the EAP-YOLOWVS algorithm reaches 96. 5% and 50. 2% on mAP@0.5 and mAP@
0.5:0. 95, respectively, which is significantly improved compared with other algorithms. On this basis, the tracking accuracy of
Marker points is significantly improved by combining the multi-target tracking algorithm ByteTrack,and the tracking experiments
are carried out on the public dataset MOT16,and the results show that the new model reaches 37. 60% ,25. 64% and 80.76% on
HOTA,MOTA and MOTP,respectively, which is significantly improved compared with the current algorithms, providing an ef-
fective way for the subsequent accurate tracking of UAVs.

Keywords EAP-YOLOvVS8,Drone detection, Marker point,Small target detection, Multi-target tracking,ByteTrack
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Table 1 Comparative experiments of different attention mechanisms

mAP@ mAP@

Model 0.5/ % 0.5.0.95/% Para GFLOPs
YOLOvS8 92.6 47.4 3.0x108 8.1
YOLOv8+MSFE 94.9 49.2 3.4x108 8.4
YOLOv8+MSAM 95.7 49.1 3.0x108 8.2
YOLOv8+MAP-ECA 95.8 49. 4 3.0 108 8.1
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Table 2 Comparative tests of different detection heads

mAP@ mAP@
Model Para GFLOPs
0.5/%  0.5:0.95/%
YOLOvS 92.6 47.4 3.0x108 8.1
YOLOv8+ Dyhead 95.7 47.9 5.1x106 15
YOLOv8+ RepHead 95.2 48.7 4.0%108 8.4
YOLOv8+SASFF 95.4 49.1 4. 4108 10.3

H 2% 2 AT 50, i AR BRI 3k X YOLOvS #5114 14 g
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Table 3 Comparative experiment results of different loss functions
@ AP@
Model ':Af ; N ;" :_}; C) y Para GFLOPs
YOLOvVS 92.6 47.4 3.0x106 8.1
YOLOv8+DIoU 94. 6 48.4 3.0x106 8.1
YOLOv8+WIoU 94. 6 48.5 3.0X106 8.1
YOLOv8+PloUv3 95.6 49.1 3.0x106 8.1
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Fig. 6 Fusion process of EAP-YOLOvS and ByteTrack tracking
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Table 4 Ablation experiment results of YOLOvS8 algorithm before and after improvement

% MAP-ECA SASFF PloUv3 P/% R/% mAP@0.5/% mAP@0.5:0.95/% Para GFLOPs FPS
YOLOvS8 96. 3 86.7 92.6 47,4 3.0X106 8.1 588
YOLOv8_A N 97.7 92.0 95.8 49.4 3.0X106 8.1 667
YOLOvS_B J 97.4 92.0 95.4 49.1 4.4x106 10.3 526
YOLOvS_C Ni 97.2 91.1 95.6 49.1 3.0x106 8.1 588
YOLOv8_D Ni N4 N 98.2 94.0 96.5 50.2 4.4x106 10.3 526
YOLOv8_E N N 97.1 92.5 96. 1 50.1 4.4%108 10.3 556
YOLOv8_F N N 97.5 92.3 94.7 49.4 4.4%108 10.3 530
YOLOv8_G N N 96.7 92.0 95.3 49.7 4. 4108 10.3 530
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Table 5 Comparative experiment results of different models
) 0
Model ':Aj g N z”g”: Cj/ y  Par GFLOPs
Yolov5 87.6 40. 8 1.8x10° 1.1
Yolov7 91.3 44 3.65x107 103.2
Yolov8 92.6 47.4 3.0X108 8.1
Yolov9 95.4 48.5 60. 4108 263.9
PE-YOLO 90. 8 46.6 3,110 30.5
GOLD-YOLO 93.6 47.3 8. 1108 17.6
EAP-YOLOvS 96.5 50.2 4.38%107 10.3
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Table 6 Ablation experiment results of multi-target tracking
0

Model HOTA MOTA MOTP IDF1
YOLOv8—+ Deepsort 32.16 25.92 79. 86 35.97
EAP-YOLOv8+ Deepsort 32.68 28.80 80. 06 36. 24
YOLOv8+ ByteTrack 34.82 26.23 80.56 40. 08
EAP-YOLOv8+ ByteTrack 37.60 25.64 80.76 43.68
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Fig. 8 Ablation experiments results of multi-target tracking algorithms
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Table 7 Comparison of results of multi-target tracking with different

detection algorithms

%)

Model HOTA MOTA MOTP IDF1

YOLOv5+ ByteTrack 35. 81 23.32 80. 86 40. 99

YOLOv8+ ByteTrack 34,82 26. 23 80. 56 40. 09
BiP2+ ByteTrack30J — 24,39 75.96 —
CEML31] - 25.20 75. 80 -

EAP-YOLOv8+ ByteTrack  37.60 25. 64 80. 76 43.68
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Fig. 9 Visualization of object detection results
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