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Abstract; Unmanned aerial vehicle ( UAV) swarms have become a normalized element of modern warfare-as
exemplified by the Russia-Ukraine conflict-serving as critical assets for strikes and reconnaissance. To satisfy the
requirements of future maritime swarm operations, it is imperative to investigate dense-obstacle avoidance,
cooperative bypass of non-cooperative targets, and three-dimensional reconstruction for UAV swarms operating in
adversarial environments. To enhance autonomous perception and cooperative mapping in complex maritime
scenarios, this work proposes an integrated approach for swarm intelligence planning and 3D reconstruction tailored
to dynamic environments. Initially, in the cooperative trajectory planning stage, a leader-based UAV cooperative
tracking method is proposed. The leader UAV is responsible for real-time locking and tracking of high-value non-
cooperative targets such as warships, while the follower UAVs maintain formation stability through a formation-
keeping mechanism. Furthermore, when encountering mobile obstacles from other unmanned swarms, the swarm
avoids threats through path re-planning and maneuvering actions, and quickly resumes target tracking after safely
passing through. Ultimately, in the dynamic 3D reconstruction phase, after the UAV swarm approaches the target of
interest, a multi-UAV cooperative circumnavigation and 3D reconstruction method is designed to achieve multi-
perspective observation and dynamic 3D reconstruction of non-cooperative maneuvering targets. Sea-based
simulation experiments demonstrate that the methods proposed in this paper enable the UAV swarm to autonomously
complete real-time tracking and efficient reconstruction of warships in complex adversarial environments, balancing
mission completion rate and flight safety. This provides an effective solution for the reconnaissance, surveillance,

and intelligence gathering tasks of UAV swarms in future battlefields.

RS EE: 2025-10-14; FAEH: 2025-10-31; MEEH L HH: 2025-12 01
& B &l : hitps://link. enki. net/urlid/23. 1235. T. 20251201. 0921. 002
EEEN: £ 51979 —), B, W5 X 71981 —) 5B # ¥z -4 T
BIEEE: A, dengfang@ bit. edu. cn; KRR, zhanglele@ bit. edu. cn



F12

T4 XIS T 2T ANUPUE RS 32 = 4 - 211 -

Keywords: multi-UAV cooperation; intelligent reconnaissance; cooperative trajectory planning; dynamic 3D

reconstruction ; non-cooperative target tracking

TENALE A BRI IO S F 5 B
REETH, iz T Sem iigg i iyt 5 H AR
DI, 1250 T LA e 4 (i i S A, (H M
PLSEEA S5 AR =48 5 47y BRI 1 X B A
ZER S OCHERRIE R I T2 UM Y E
S ) B fk 2 B T T LA 55 2 TR AU 220 1, DT o805 1
BT G SRR . BAHLERE LS 5 B AR ER b
HAg e B 2 BR 58 0407 S0 WL e 4 A B
FEXHUIREE Th KR 52 s A L2 T, 2 ABL B 1)
ARG AT SEBL P S AR A S 58, 3 A L
TN EHAE 3 TUAR 5 B P B3 FH T3 A4 RO R 58
T e B = A S AE R AR

A SUAT: 55 6 e 1) S R AR AL 45 i BA BN B3
PR, LA R = st H bR R R S AR SR B
TSI ALE ] | ASOUL I AR AR

AN BRIE AT 1 XHT: 55 75 5K S B R [R5 | B AR
Frfaifs BoRAESFIAE, B, BEAED 4RI Vv F
TEBAIE | PR X6k 48 44 T i 20 "RAT BHL 7, DA 19 48 g
FE 3 Zhu 5 4R R B 36 FH 3550 %5 1) 7 36 11
I EEFSUUIEIE 3 =10 S R UM UE S & W I e A O SN
PLIEREVE ST ST h st SE [ e M2 30755 R R 7
WERFROR G T RE IR AR, e A
RS A AR FLARARAT Sy, i 2ok 43 A X I ] 428 o] 52
PR AL R AT 55 AT, AT B & 4 1 T3
SR ST S M T RO A R
PR 0 H 34 1 BB AIL” 7 A FR T A
o B AL” BRI TC AL ALY 5 %5 )
Vi, T e MBS BRI rh R A 55 R &, iRk
TER—E 55 BUS T 8P RO  BAEXT AR T B
PR R B ik R S A A 52 LA R OUL N 5 A6 BA O 45
J5 AT A AE 35 B PR AR

CRSOERI ST W WK S U 5 G WG NI
TRICAALREIE 22 A KTR HAR , B AT B 1) XU, 42 5
TEIHUE 5 A, Bl AL 3k B 45 T ]
MR L L TR AR Bk B T R L 45 i 1y 55
2 T N TR E , DL TR A2 2] iy Bk
A Ju SR MY A B AE TG AP AR R
H SR BRI TR RN AT R B E
5i, 01 HAREORIE VT Bl 5l 42 Jmy e UL % AR (B JC ik
Hir 5% a5 Karaman 2% $21 RRT”
S PR A U RTAT B AR IR R A, (H TGV 1 3

ABIEE, T R A 45 T —Fh 3 T IR R
A2 > s 2o 7 v, SE LT PO e 3R JE AALTE £ 3
BEEYIRE T 0 A EZ220, (HiRE LRI AR5
X HPR B G 0 TS5, Agirrebeitia Ap10) g
N3 39 06 A7 A8 JR) W B 10 A0 B A2 R 3 IR) A,
Falanga %" 4 142 8 8 AMUAHBLEA 10 45 1) H b7 15
PAMPC 553 2R LI PE . Sinha 451§ 1 51 S840
Fil B bR R0 50k (H SRS HORRIE T T [ e H
B, B3 S BT AT BBk

25 TS Y AT 1Y e kR AR 3 T 8 AL
Kl 8 B SR AT RE . BT TR TE
2E45 512 3 (structure from motion, SfM) R IE#
M SEAR (multi-view stereo, MVS) =20 s J T
KA (15 SIM i1 5 i 1 B 0% v 3] 3 7]
AT AEAA 1R IR F #8535t . Choi 551"
454 3D BRI A o0 A% E AR AL R — R
i S 3 L SRR YL i TE AL BN A R HESE . Wu
412178 3D Gaussian splatting (3D-GS ) B kLAY 5]
ABFTE] 4E BT 42 1 5F X 3 B BE 1Y 4D Gaussian
splatting(4D-GS) , SEHL =4 d &, AT 7 Ik TRV
s i THRHER D, UL S AE 2 TC NALIGE 3 54T
55 b il TR 22 M E AR A, TR ME DL S I 5
T B A A

BEXS BUA O A TE S A sl S PREE T sk e | AJE A
RN =4I 5 T ) R PR, AR SCER R T 2 e AHLER
[F] kR 5 28 RIE L, 345 4D Gaussian splatting
AR, IR AEAAE AR S s = e

1 #4544

ASCE AR PR 5B AN O K
iy FOB RS HE LI S B = el O ik B kA
55 BRI A R 7 B SR B T e, o AL 2 ik
FOT TENATF SB35 HARIB B

AR T 4 DB 1) ZTAHLAIRY
i RERRN I A E H AR AR i 67 B T AR A
PUEE 2) X 1y i (5 B S BT 55 3k, A
TN A RAT B e A A5 PRAT AR 3 ) LI MR
T BT B b A ALE | AR B RFERIB B, LA
BARRSE (457 4 ) — 2k e o 5 22 W0 0L
R EL 7=y (D IR O S S Y NN =
oA SRR BB I 1) = ZEROR S, 1 1RO



S

. 212 - R ub

NI %57 %

TASUE S W B R B R R S5 18], A B S
(aPS TV - iRuk kYR U ESEINUN I Z At RS
H bn B % 28O0 A 3l A ok, O R 4D
Gaussian splatting #F17 = 4EF &,

| mamm FL_

v e B F AR o
| 115 o sts | W7 T é
= 5
| ﬁﬁgﬂ | g
meEr || | & 2
v g
I 28 CH 2

saEE |

B1 ESKBRAREH

Fig. 1 Framework of key technologies for the mission
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Fig.2 UAV formation patterns in different scenarios
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Fig.3 Flowchart of the obstacle avoidance algorithm
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Fig.7 Impact of maximum sampling iterations on the success rate of the algorithm under different obstacle densities
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Tab.1 Efficiency and Success rate comparison among various planning algorithms
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P 36 R MELIE T 50% , M2 T, 2 MG e
% 25 e e R AR T e, L HAE SIS
TBg S SR E AR 56 B AT 75 B AT RE AR IE
T 2 0y e 7 2 2, DR 2 R AR TR A T

w2 ZHEEFMIER

Tab.2 Evaluation criteria for 3D reconstruction

UAV1

UAV2

XL 6 AL RS M 1 Rpy T Siere +
3D-GS — — —
UAV1
4D-GS 0.9552 36.60 0.0530
3D-GS 0.924 1 30.14 0.120 4
UAV2
4D-GS 0.938 2 33.24 0.076 7
3D-GS 0.889 5 27.51 0.160 4
UAV3
4D-GS 0.954 6 35.48 0.039 2
‘ 3D-GS — — —
Z WS
4D-GS 0.924 0 31.06 0.140 5

4 b

1) TEiE EARREREE b JE AHLAR AR A 4 BABE T
FREE ARSCHE T HRGA R G BA AN IR SE LI i
B, ASE BTG ML A 1 B I b R 5 e 7t o6
W, SEER L R W, BT it i — 5 B 4 BA 5
I P15 4 BN REAS AR08 B TE AR O B R A
RKIHRERBIR,

2) HFEhHYIS B AR shAR i X e AR A
PRI 5 AR SO RT-RRTC B FRe 59
TER S B AS AT 251 T R R i 81. 2% , J&
AR IR T 32T 2 %

3) PRI SEM H b 2 T L AR S TR OK
AR Y B PR G G BA LI 12 ] Al DR TC A LR 24 )
] HbR, SEBURG 6 LI . 7E 4D Gaussian splatting -
N RO R PSNR BT 30, 10T PEEA S o
B SRR AERR SR 1 D0 , A SOR i — 2P i
I B S AR % | DA SE IRAL G807 A AR R AIE ik
RIRSE T BT T YRR
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