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Multi-object tracking for multi-drone systems integrating multi-view
projection and spatiotemporal topology

Dang Zhaoyang, Sun Xiaoyong ,Guo Runze ,Zhou Peida,Sun Bei
(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410072, China)

Abstract ;. To enhance the persistent tracking capability of drones for moving objects and overcome the limitations of single-drone systems,
this paper proposes a multi-drone multi-object tracking method that leverages collaborative perception. The approach integrates multi-
view projection and the spatiotemporal topology of objects. By utilizing the positional and attitude data of the drones and their onboard
photoelectric pods—without relying on image features—rapid projection between views is achieved through a consistency constraint
between drone pose and object height. This enables preliminary object association under dynamic, complementary perspectives from
multiple drones. Furthermore, bidirectional association matching is performed using the spatiotemporal topological features of objects
from different viewpoints. Spatial and temporal cues refine the initial associations, improving cross-view object matching accuracy and
enhancing tracking robustness in occluded scenarios. Focusing on occlusions during various drone maneuvers such as climbing,
descending, circling, and rapid motion, a dedicated multi-drone multi-object tracking dataset (DP-MDMT) incorporating pose data was
constructed. Experiments in real-task scenarios show that the proposed method achieves recall, precision, and multi-device association
(MDA) score of 60.2% , 85.6% , and 47. 1% , respectively, on the DP-MDMT dataset, representing improvements of 6. 4% , 13. 1% ,
and 7.4% over the MIA-Net algorithm. The tracking metrics, including the multiple object tracking accuracy (MOTA) and ID F1-score
(IDF1) reach 80. 1% and 85. 1% , respectively, with an average processing efficiency of 29.7 fps, meeting the real-time requirements
for multi-drone ground object tracking.
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Table 2 Comparison of object correlation performance
of different methods

LIGIE Jrk Recall Precision MDA FPS
Re-ID 24.3 39.6 13.7 11.3
TTS 26.5 53.1 15.2 33.5
DP-MDMT

MIA-Net 53.8 72.5 40.5 23.6
&3 60. 2 85.6 47.1 29.7
Re-ID 27.6 41.5 18.5 11.5
TTS 26.8 53.7 16. 1 33.6

MDMT
MIA-Net 55.3 74. 1 42.3 23.5
&L 57.4 80.7 43.8 23.9

f£ DP-MDMT $d84E b, A SCH RS T 60. 2% 1Y
BI85, 6% WIHEHRT R LA K 47. 1% B9 2% 4 KBk 1543
MDA, Jf HAC B FEALR F TTS ik T 29. 7 fps, LI T
KRR sErtrt . 78 MDMT $¥E4E b A SCfifi FH LightGlue
FIEBR T AN Z A P s e, i W JC AL
FOFRAN A 22 SR, R FH 28 TR AIE 5 64T AS [ 400 £ T) 7
I DT P BE AR X 22 R, PRI H bR S 156 B 5 Ak 1 55k
WA T RE

%3 R T ARRIITETE DP-MDMT %34 A )37 5
JFF Y MDA 15 4y, #£ DP-MDMT %k #i5 48 | )3 %
SEQ_01 JTE AML ®AT S EEAL i, H AR 431 4% 4 Hiz 8l i
P U A Bk B2k . 741 SEQ_05 Tt AHLAAH% AL
FARFL AR, T ANUEERER T R B LL S e S is 8l 7
F1 SEQ_10 WA & W] 37 5%, MR 43 HE SRR 5 A i 22 Wk
SOHPIRTEANL ATE R, 2Rk, mE3
A5 TR A E ZR BRSO AL T AR B
PRA B bR S B RN A - vk

£3 ARE7FAIETE DP-MDMT HiEERREF 5 H
MDA &%
Table 3 The MDA scores of different methods in different
sequences of DP-MDMT datasets

ik J¥%1 SEQ_O01 F¥31 SEQ_07 J¥31 SEQ_10
Re-ID 2.53 3.45 10. 4
TTS 8.67 9.42 12.5
MIA-Net 31.30 30. 50 40.9
A3 38.20 46.30 48.2

(2) 2T AWLL BArERE P REI

h T HIEZ TE AL E B bR IR EE R IE A 5L
FpETe AHLZ B AR IR EE B A HEAT T g, IR MOTA
FIDF1 S0 BTN, 4 28 77 W5 76 DP-MDMT 4 46
R Z H AR BR B RE X LSS RN 4 Bk, ATLLE
W ASCHT R S 2 08 A HLZ B bR R B A9 MOTA
5 IDF1 05080 0 T Hofth 2008 A WL H A B 055 8325 DL K
ETF Re-1D WZTANLZL H bR ERES B, SCBL T 451
HArREEPERE, 2T RelD 19 £ JE AMLZ H br BB
B T HAE T AN S0 B 90 A B bR e
REANAE, B2 45 1 G TRV L TD A5 4] 4 45 ) 21, fifi
15 HARBREPERE TR, T 4R 153 19 MOTA LA & IDF1 404K
R TFHEL L,

2) Ak R

h T S BAIE B A SO v T A B Y A A R
PE AN FE B RY H AR nT AL 25 SR A& 10 TR, o i
RELEHE A SRR OR 7R 1 S AL o i B
A AR AR RS o LB A SO, T AE 2 S5 e AL
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Table 4 Comparison of multi-object tracking performance of different methods on DP-MDMT datasets

15T 2 SN Hefk
Btk MDA
MOTA IDF1 MOTA IDF1 MOTA IDF1
DeepSORT ! 73.8 80. 2 71.3 77.6 72.6 78.9
UAVMOT!?! 76.2 81.7 73.5 79.3 74.9 80.5
ByteTrack "’ 78.3 84. 1 76.6 81.8 71.5 83.0
BoTSORT!3!] 75.9 80.9 72.8 78.5 74. 4 79.7
OMCTrack 79.6 85.2 77.3 82.7 78.5 84.0
Re-ID+OMCtrack 68.3 73.7 68. 1 72.5 68.2 73.1 11.3
3L +OMCTrack 80.9 85.8 79.2 84.3 80.1 85.1 47.1

Fig. 10 Visualization of occlusion Object replenishment
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Fig. 12 Comparison of object status and tracking results

from each perspective
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(1) SALHA BT
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RS5 RN REBREE RS
Table 5 Algorithm performance analysis when adding

different modules

Lk RPT BST 1 ST AN 2 ST AN

Jrik B #ik MOTA  IDFI MOTA  IDFI Mo
vV 79.6 852 71.3 827 -
vV 2 80.1 853 77.9 83.2 40.3

vV Vv Vv 80.9 858 79.2 84.3 47.1
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Fig. 15 Comparison of performance of multi-view fast

projection methods for UAV
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