a0 A1 5 % 4 Vol. 40 No. 11
2024 4F 11 A Journal of Signal Processing Nov. 2024

NEHS: 1003-0530(2024)11-1951-21

K= — L 2 BiriRERE XA REGIR

EAE a4l EE
(hkEETAFHEFHMFER, i 100081)

7’

B OE: NSBHAR AR AEERE” AR M — AR 4 E SO [ R E R R , M T R s — R 2% T
S R R e AT 22 F AR BR R e v — S BB R B 5 1, AR 42 R U LR B . AR SCIRZM IR TR
23— AL R 245 50N 2 HARERER DA DI E I . 158, 48 1 RS — AL BS S Pp [A] 2 FARER BRI 1 o 5
B H NI TRISE ) 22 H bR BRER 6 TRUAA 2 H AR BRER AL T 2880 5 1 2 H AR ER = Jr miskid 17
S HT A FCRYEDTTE 7 vk R T IRE 9 2 H R BRERFEIE D T8, A 21 1 SR8k M 2 SR Bk il 1) 22 FLARBRER J7 3% 5
XFTRETRRL Y 2 HARERER , Je 4 T AL G 2 R ER vk, DL RTE 2P 2 280 5 T ek ik SR E T 1%
JRAS NG O T T 2SR B R A ) B AR BRES 7 T, 75X 221 I i 2 ey i A A AU R ) 2 B3 1 B il
BITEMN AR b S TR T 2 ESRE 1 2 HRIRER S . BRI T Y B AE 0 ) BRI R K R T 1)
Teie LT HLE Y34 2k TR (9 22 1 AR BRER J5 VR AR AT AN A0 [V A 5 Ao, 5 IR PRI 7 1k B 45 2 (AR R AT 5
TETT I B 2% T, 2 T 2 AL R E B RE 10 2 HARBRER t T BE 52 BUAE B A9 ELAN , BOA AR R Y 3L A 7 1] 5 L
Sb, MR R S, i T RER S 2 i BEIRANE R, 2 FARBRER R el BN EL , A ik He b i £ 22 42 [R) AU 2
I b B AR R A Bt A [ AR R o RSO0 DA A R % 23 SRl — AP Bl ) 42 1 A G B985 BRI S B L

THEEEAEESENE.
KERE: Rt —Afk; WO HARIRES; BEMLARAE; ZHAl, ZRCS(EARA
FE42ES: TP391 TEEFRINAD: A DOI: 10.12466/xhcl.2024.11.003

SR EHAM, XKEa, Boois . KR — 2 BArRE B R 2R [J]. 55 402, 2024, 40(11): 1951-
1971. DOTI: 10.12466/xhcl.2024.11.003.

Reference format: YAN Liping, LIU Hanzhao, XIA Yuanqing. Survey on space-air-ground integrated multi-target track-
ing algorithms[J]. Journal of Signal Processing, 2024, 40(11): 1951-1971. DOI: 10.12466/xhcl.2024.11.003.

Survey on Space-Air-Ground Integrated Multi-target
Tracking Algorithms

YAN Liping® LIU Hanzhao XIA Yuanqing
(School of Automation, Beijing Institute of Technology, Beijing 100081, China)

Abstract: Building a space-air-ground integrated network has become a national demand to achieve ubiquitous connec-
tivity in all time and space. Multi-target tracking based on cross domain collaborative systems under the space-air-ground
integrated network is important, having great application value in both military and civilian fields. This paper elaborates
on the research progress of multi-target tracking methods in the context of a space-air-ground integrated network. First,
the research background and significance of cross domain collaborative multi-target tracking for space-air-ground inte-
gration are introduced. Second, representative research methods are reviewed from three aspects: visual-based, model-

based, and multi-modal fusion-based multi-target tracking. In terms of vision-based multi-target tracking algorithms,
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single camera and cross camera fusion multi-target tracking are introduced. Regarding model-based multi-target track-
ing, we first introduce the single-sensor multi-target tracking method and its improvement in a variety of complex sce-
narios, and then introduce the multi-sensor fusion method. In terms of target tracking based on multimodal information
fusion, after introducing the multi-sensor spatiotemporal registration methods and representative multimodal informa-
tion fusion methods, the main algorithms of multi-target tracking based on multimodal fusion are summarized. Finally,
the existing problems and future development directions in the field of multi-target tracking are discussed. Both visual-
and model-based multi-target tracking methods have numerous problems that need to be solved, and the combination of
the two methods is worthy of in-depth research. When facing complex interference, multi-target tracking based on multi-
sensor information fusion has become the mainstream development direction owing to its ability to achieve complemen-
tary information. In addition, cross-domain collaborative systems, owing to their ability to utilize more resources and in-
formation, have great application potential in multi-target tracking problem research. Moreover, the issues of communi-
cation security and lightweight multi-target tracking models are also research-worthy. This paper is expected to be of in-
terest to researchers engaged in theoretical and technical research related to target tracking and integrated collaborative
control of space-air-ground systems.

Key words: space-air-ground integration; visual target tracking; random finite set; multimodel; multimodal informa-
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Fig. 1 Classification of space-air-ground integrated multi-target tracking algorithms
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Tab.3 Comparison of different sensors
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