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A multi-UAYV collaborative system and federated learning for

target detection and tracking based on federated learning

PEI Jiaming'?, KONG Weili’, YU Changdong*, WANG Lukun?
(1. School of Computer Science, The University of Sydney, Sydney 2006, Australia; 2. Department of Intelligent Equipment, Shan-
dong University of Science and Technology, Taian 271019, China; 3. College of Information and Communication Engineering, Har-
bin Engineering University, Harbin 150001, China; 4. College of Artificial Intelligence, Dalian Maritime University, Dalian 116026,
China)

Abstract: This paper presents a multi-UAV collaborative system designed to achieve efficient and reliable target detec-
tion and tracking. The system employs and federated learning techniques to ensure balanced task allocation across dif-
ferent operational environments with high coverage rate, low redundancy and high efficiency. Extensive simulations and
real-world experiments were conducted to evaluate the system's performance in various scenarios, including open fields
and complex urban areas under challenging conditions such as nighttime and rainy weather. Key metrics such as cover-
age rate, redundancy rate, task allocation balance, response time, and tracking continuity were used to assess the system’s
effectiveness. The results demonstrate that while the system excels in simpler environments, it maintains robust perform-
ance in more demanding conditions, highlighting areas for further optimization. The paper concludes with discussions
on deployment strategies and future research directions, particularly focusing on enhancing system adaptability in dy-
namic and GPS-denied environments.

Keywords: unmanned aerial vehicle; federated learning; target detection; communication; collaborative multi-UAV sys-
tem; target tracking; cooperative system; coordination algorithm; neural network
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Table 1 Comparison of detection and tracking algorithms on different datasets

Hlmge  KAURM WITEEm B RIKE/%  BREAEE/%  AEWAC B A /ms  WUER/(WYs)  EAEITFAS/MB
UAVDT 58I 10 ARSI 92.5 88.7 25 40 15
UAVDT =il 10 YOLOV3 90.3 85.4 28 36 20
UAVDT i 10 SSD 88.7 82.6 30 33 22
UAVDT i 10 YOLOv11 91.2 87.1 29 38 18
UAVDT  FiK 10 A7 85.3 81.4 30 33 18
UAVDT  FiK 10 YOLOV3 82.1 77.8 32 31 24
UAVDT R 10 SSD 80.5 75.2 34 29 26
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DOTA =il 20 A7 94.8 91.2 22 45 12
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Fig. 3 Comparison of object tracking in an urban area under different lighting conditions
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Table 2 Performance evaluation of the proposed algorithm in real-world experiments

W &0 RATEEmM KBRIERRR Y% SRR BEZ/Y% Wb E/ms  Wige/(i/s)  EETTFEY/MB

TriEs A 10 93.4 89.6 91.2 28 42 12
Frig = 10 91.2 87.1 89.5 30 40 14
AR TN 10 89.8 85.3 87.9 32 38 16
IRTTHLIX AR 15 92.5 88.2 90.8 29 41 13
WX Z= 15 89.9 86.7 88.4 31 39 15
WX 7 15 89.4 85.0 87.6 34 36 18
WATHLIX. TR 15 88.0 83.2 85.9 35 35 19
WX % 20 86.5 82.4 84.3 36 34 20
RBIX i 20 91.7 87.4 89.9 30 40 15
R A 20 90.2 86.1 88.7 32 38 16
RBIK 20 88.9 84.6 86.8 34 36 17
X WK 20 87.5 83.1 85.4 35 34 19
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MR REAS I 238 7 A A AT, EL by 0 L E
% BZ DG BA B2 2 R R, T A6 22 4 4 15 0 B O
o X R T B R e T RAE AN RDE IR
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rh A s DU TR I %) Pk AR, 35 52 5 v i £ T
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ERERERY E KR . BN, 7E 55 5 5 T 4%
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XUEPk R, R GRS A A GE 1T, (0 T4
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Table 3 Performance metrics of the Multi-UAYV collaborative system

Wi RSt ls BEE Y% TURFE % AERSSECTAEY%  WRNEE/ms  BRERESE Y%

TF i 300 95.2 5.8 87.5 150 98.7
Wb IX. 420 88.7 12.4 80.3 200 93.4
RBIX 350 92.5 8.3 84.7 180 96.2
T i Hhn (PR ) 310 94.1 6.5 86.2 155 97.5
T b X (TR ) 440 86.3 14.7 78.4 220 91.7
RBIX (W) 370 90.6 9.1 82.1 190 94.8
FEiEH (TR ) 330 93.4 7.2 85.5 165 96.8
WX (R R ) 460 85.1 15.8 713 230 90.1
RBIX (FRK ) 380 89.2 103 81.5 200 93.6

TUREY% ZIebr KR 258 T AP [ o, % R G BRI R AR E WY AT 55 43 TC R I o 2

— HARBIA R . FEZS W) B T4 R,
H5.8%, A KIEHES RN R, £
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ARG INF] 15.8%, F 0 oy T 5 46 00177 o] L
AT .

EESHEFE/% ZiEhafia T EAIZ
(455 S FL 38 500 o FE2S 0 i 3 L, P-4 5
87.5%, RWIE 5 /3 A4y 5), v L m ais 7. 78
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