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Research on ship trajectory prediction and behavior recognition
based on multi-task Informer model

LI Shigang'*, LIU Kezhong'”*, CHEN Lijia'**, ZHOU Naigi'™"*, ZHOU Yang'>*, HUANG Jiatao'™"*
(1. School of Navigation, Wuhan University of Technology, Wuhan 430063, China;
2. Eastern Navigation Service Center, Maritime Safety Administration, People’s Republic of China,
Shanghai 200086, China; 3. Hubei Key Laboratory of Inland Shipping Technology, Wuhan University
of Technology, Wuhan 430063, China; 4. National Key Laboratory of Waterway Traffic Control,
Wuhan University of Technology, Wuhan 430063, China)

Abstract: Ship trajectory prediction and behavior recognition can help effectively assess navigational risks and provide an
important basis for decision-making in collision avoidance and traffic management. To improve the accuracy of ship
trajectory prediction and behavior recognition, this paper studies a multi-task Informer model for simultaneous trajectory
prediction and behavior recognition. Based on the Informer framework, the model incorporates a multi-task learning
approach. It addresses the issue that inaccurate ship behavior records in AIS data cannot be directly used as model inputs
by designing a multi-task loss function that jointly trains behavior recognition and trajectory prediction in parallel. During
training, an adaptive updating strategy for the loss function-based on homoscedastic uncertainty-is designed to automatically

allocate weights to the losses of the two tasks. Evaluated using real AIS data from the Taicang sector waters, the multi-task
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Informer model reduces trajectory prediction loss by 40. 2% and 14. 7% compared to LSTM and Informer models,

respectively. In behavior recognition, the multi-task model improves accuracy by 11.7% and 5.95% compared to LSTM

and Informer models, respectively. The results demonstrate that the multi-task model effectively enhances the performance

of ship trajectory prediction while achieving accurate recognition of ship behavior.

Key words: irajectory prediction; behavioral discrimination; AIS data; Informer; Multi task learning

Y HT A S 54T AR BB 32 A A
BRI 5 Y R0 E W R O B I, AR 1531
1H] , 5 TEFF A LA RE % A8 A5 $2 F0 350 52 % )
Bt 9 5a s VIR T T, T A 7E T A BN
i BB 4 L R s AR ) T S AT FE

TERU T 0 A R Y BT S R 4 B 2 R 4
( Recurrent Neural Network, RNN) Fl14& 48 #3042
2413 (Long Short-term Memory Networks, LSTM) )
VN T AR B0, — 2 3 R A ok SRR
IATE B A WL, Qe PR 32 A 25 &
AR I HLT 706 P10 22 ) 45 F1 Bi-LSTM B4 AU, 5
b 43 B AR A $ e FOUIDORG B2 o SR, X b AL T8
IGEFHBAAEAE R RO A 4 A 2 5 B AP 1
FAELIFEAT IR ) B B v S ML
0 LR B, O RS R A BIR ) e B3, B T 2 R E
ARG 8 T A B 2 WA i 1
2519 ) Fl Transformer 35 £ AR 4000 5000 A 5D 32 71
TR T RS RN SR Transformer (1 H ¥
B TP IR AFAE T 8] 52 4% B v 1) [ R

TEYIN AR 7 T8, 15 58 0 00 0 7 V5 22
W T A0 A T TR, S SO A D TR AR
AN, AIS R AR IR SR 280 B R B e &
4 i i T AT AN A T 00 P X 2
P o BEAR TN 25 SR 0 AT A5 B2 A AN (B, 4R,
Informer #5278 PR H: 2 2580 A < 5 471) T 6 7 7 A A 6
I 4532 S TE . B, BRar & SR Y C-
Informer 457038 Jof PR SR A5 R 3 58 Jmy 0 A8 1 0K
{0 T 20 2 P AT 28. 6% 5 S0P ) AL o il 5V 3
M5 Informer [ #aAETIM 7% (Sliding window-based
Informer Fishing vessel Prediction, SIFP) , i 3 Z45 T
b B AR T i I 1 R RS R M, MAE AU AE 5
LSTM $25 0. 18% . SR, WA J7ik 2 RAE R 1%
55  RBEZE BT MR 5 PR N o PR RS R
Z A% %% > (Multi-task Learning, MTL) J7 =, iE—
AR [R] I 52 O AR 08 300 55 17 S PRI 55,
TR Y 2 ] B FNA T A 2Z (] 1Y) G R AT LA v
L5 O PERE RIS SR A T 5 . 2 52 L 24T
G55 2 W EAR, 5 M0 R T AT 55 2 ) R AL, Ik
CNN 5 Bi-LSTM [ 48 3845 DL A6 Bk 50 547 43R
SUESS ABHAREE G Informer (WFRBRTE R I HLE] , BR
il TR A RE )

BRI 22K 8 P A ARAT 0 AR BOAS (R A T
D52, A SCHE T — P T 2T 552
> B KRR B0 T 5 A7 Ry TR A AT 55 [
ISR iyt 1, ol RE AR 4 i 0 P sk B e Ak B
TR S AT R Z 18] B OG FR , DT 2 T 1 990 4 e e
MAERE . R, BEALZE 4 Informer 57U 1) 22 3K AR
Mg F IR IPUE] BT R R AR SR TR
DR . BEAh , FEPR ST 8 A S T A SR B 1
B3 PN A3 R RN 2R eR AN B 1 3 N B R R e,
— Al TR RE
1 ZF AIS %k 3 o 45 A0 30 2F R AT A

A
1.1 AIS #iFm AL

TR 2 B AR @8R 5 ALS 24
T UG .y 1 W PR AL s AR AR B s
HER , W20 ZE L OO i 75 2 X0 JRL IR ALS B4l iE AT
LB
1.1.1 AIS ## %%

AIS BETEfe i R Al R SRR HIL A,
DARITR A DX ALS H54i S 5], FR AR A A0 70 445
JERRAETE 31. 45°N ~31.63°N Z [i], i 5 H- A 3 A
ZREEM ARG DL A RRRE 20 A 5 AL A0 &) 1 B
7, For ] Ta e 1 78 FRE Y S A AR 1Y) S
B, 1l 1h Szl 1 78 R 3 Bl A AR 28 B 1) S8 (Lo

120 125.0
. 124.5
100 124.0
£ 8 Z 1235
® 60 = 1230
3 122.5
& 40 €120
20 S 121.5 —_—

oi N 121.0 i

: 120.5 :

(a) Ml (b) &

B AFRIEA R
Fig. 1 Box plots of different features

M T Al LUE L FERfE T 2B S, i
AL A Il B 22 BERFAEAR B T W A 5 . A
Bl La fr7i , AEM AT 20 A o, R AR T
20 kn, fEAA AT S 100 kn, 4418 B 1) 57
WAH. M b R 2 B[R A H B Tl Y
BB S5 L, 3 2 S 5l 7 ER I T A
AT EERA TR o D T B ok 28 5 R dl , e



ZEHEN, 45 He T 2L 55 Informer BEI A AT ANBILIE S0 A7 0 PRI 5 159

Ao B K S AT B (EDGF 57 R B T Ut

FAR BRIV A JS ROCR X L& 2 fR, o
Bl 2a J2 95 VB AT AY BLE, Heo 1B 2b R TR A 1Y
Bk

(a) THYEHT
B2 AR T AT OR X

Fig.2 Box plots of different features

(b) WHEkE

WAL 2 Hra] DL 3 VR T AR 0 A A
KATIE A5 AR Z B0 o IAE R B BE FE Z 5,
EL RN TRl b AR IR B S, MTE VRS
AL AT R T 3030 v i S5 A, T LA AT b
AN TZIK I AR 590 DA AT BT AR AE
1.1.2  AIS # 3B F F 4

ALS HCHim AU L5 4 A AR 510320 e 91 A7 A T 3 1)
B AN — 350 (R R, TE vk B4 T HL e 2% S 1A,
W, AR SOR LM A 1B 1) J5 35 X Ji d ALS B4l iE 47
BISPRIE . RN (ETE S — i P A~ C 0 sk
DS TRl s (L s . O AR B A~
CL R A A B 722 A2 4 50 1, AT AT DL i B
A TR T ke TR (R R B . HLAOR
Y, o E AR R (o, y0) ATy Ly, ) S IR ATEX
PR Z AT — 88, EROMH v, AT LAE ST DL kA
{EAS A )E RN E 3 FfR o

Xy X X,

B3 Ak e

Fig.3 Linear interpolation schematic

AR M) Fs.
_ (y1 = %) _
y—yo+7(xl_xo>(x %) (1)

1.2 ARAREETUN 5 ARAAIT AR AAE X5 7
AIS Z &5 i 4 SO 17 8 % i, B e
SCY 27 AR SCE AL, DMEAS RIS B 1 ol s i 2 B
(LB FNATRE ST AR E A L, ATS 4l SCH B %
FIEHS PR, W% A 32 22 DL VHF $48 4% 4t SC ( VHF
Data-link Message, VDM ) I VHF %4 4% 7 #7545

( VHF Data-link Own vessel’s report, VDO ) J& = 7%
T, Hi B AR B A AR , 5 A B &
SRR R o OCLL 16 FEIR IR A, 0 DR Y
WERE o AR SO SR R G 15 B A i
4 o KR SRR 5 B B — 2 5640y 6 bit — ikl
T, 42 HEOGH IO A bt Sy R4 T AT st vl AR Sl A i ok
FXH I PR 5 A Ve S B A A IR 2

P A A A 7 bR A B 5 o L2, FRATTE R T
ATS icff v i DU R AT IR 285 24 491 3l 3 ZE it ( Under
way using engine) \ 5EJH (Moored ) (57 ( At anchor) |
B\ BE 17 2| FR ] ( Restricted maneuverability ) , 3
FITEMUIRZS ZER AR IR H A4 T, Bk i 2k Hah 7%
Ak, 2 B3 TN A A% B s S 0L/ T 2 s A O
TR, Bl [ s (R 5 UMM BT, S A R X i
BT 2ERE ST s BRNRE ) 2 FROVFFIRIRZS , Bl
AR B IR, W S U AT R ) B
Yt X PUFARASH G AT 4 s A e AR
155 LR G IERE.

TESN ITENUIRZS T WA A 5 AT, R 1
P ARTE B 3 2 18] (1) 152 7% 5l 1 I 9 7 32 52 A
XPREE HAR o TEFEVVIRAST , AR 3 i 1o 45 2
BUBE AR E TR Sk TR ECHA [ B b, AL
BARHRE LA R, fERTHAREST A
225 B A N B BEE XUt 7281 , iR 27—
E U N Bl 3l R BN TE RN KN 1 24 3
JESRBEDE L . TEHRINRE J) 52 B FRGDIRZS TS, A
FIFE 5 bR T S E 4R AR 2R (I A R/ (IR
TEFEAT AR M DB e I3 8 HG At 52 4 FR A ) T TG 12
I P R A o) sl o AN FE A T A TE AR N i
TR AR E I T IX RN 3l , s RN, 280 2
AR ) A3 it T oK, BO7E I L L RS
3, B4 &R 13X PURRAS A AR 2 .

Gaes

(a) BefFREIR (b) FEA
(c) BhJTefi (d) A

K4 PR TR S I P

Fig.4 Trajectories of ships in four navigation states



160 H

/[R5 A5 48 #4853 1)

Bt S M A AR AL A R P 8 255 B AR Y
AATIRZS , D DAy sk S fR 285 2 25532 ol 9 AR 4 47 Sy A
Bk

2 AR AR AL TN BAT Ay R AR A A

TERPE 7 BRI Zhad R v, th T AIS B4
RATIRZSARE 5y 52 N St i U o e s 28040 1 A
[ RELFR AN, LA A P I S bR 2 10 D i A ] RE 2
T A R B 5. B, 5 BRI T o S5 8L
AR 2 8] 1) N E DI , SR ] Z24E: 5527 ) 5 i kAT
BRI ZRRES AT RS THR MM RE
2.1 HRBVERIESRGIT

DAL 557 2] il I R R 2 S Rl 4
AMEF VOIS TUZ S8 A RAZ I 155 Z 1)
FOSCIRTE o FEMAA BT T AT g R A 55, Y
AT 55058 A [) s A —— P SR 7 4] s 93
AT 55 56T P s U £ 8 0000 R R A 8, AT AR
B 55 MIARYE 12 SRR BEA T 0 28 o A i 45 2R AN
[) ,AEL R A 55 TR A AH 1, mT DL ad s AL s B R R
FORRARTH BRI RE , W] of 78 i i i hy AT 55 R
BT o P, 3T 24 555 T B AR B
T e A7 R PO R RME SR N AT S B

[mgu | [ |

| EEEE | I Softmax = I

KIS ZATFHRIAEZ

Fig.5 Multi-task modeling framework

TERR G DI R A B0 S0 AT A PR 3K A 7 ]
I 35 70 2R [ U AT 55 AR BRY I iy 5 0 g P
gy —aBsril g Softmax JZ SZELM AT O HY 032E,
75— BB o3 A AR 2 T R — W 2 B .
BT HRECE 147 5E IR s, EZ AT 5552 )
PRI BB S X SR o B Rk S AR AT
e PR 55 B PLAL I B, o 2 7 AN R 55
AR R RO 25 5 W B o P FRUE 22 e ] E el G4t
R PR AT 55 TR A2 JEE R M, BT 1) 555 A
FEFWIABCR . TP EASFAE 55 1 5Tk, 7 2
X5 R FEAT AR AN, S 20 G R A
Loy = MLy + 4,1, (2)
A (2) W, Loy AR R BRI s L, F Ly 2350

Pty

PP AT 9 P 55 B S5 Ay A A, SR
L
2.2 ZESFFIRBFRRIT
2.2.1 AFEHAZI

Informer S 3 T T 77 ML A 14y M = ) AR
H 2 it e R A A A B 2 A e il R AP S I
S, i A5 s S B 1) T o A TR 45 R 4 ] 6
F7s o St detin A Py 91 Dy S 800 e i g i A
PSRN KA S R F A 5

it 751
CLLTTT T IS

DI 2 SR
Mg B ERE S

ELTE TN L AEEZ TN

& 6 Informer Rl
Fig.6  Informer model

IR LR 228 0o 3 B 2 B R (X)) = [y oy
x IWER A, e ¢ SR PR SR B . 7 g
R A AL D 1) 18 3 T O AR E A
ERAE AR BRAE SN G515 200 =4 A4
AT Q) (B R (K) (HRE (V).

AP LR = AR, R (3) Pk

Q=X-W,
K=X-W, (3)
V=X-W,

X (3) X A AL FE], W, , W, W, =4
Xof g ) U ZRFELRE .

IR 2 OB REARTT O AR SR A TR P
fd P st Ta) 52 2 B i R AT TR B 0T, OF B
T 2% JEH] Q K A5 18] 5 2%, X ik 42 e 00 fiE
IR FERERT . MR Informer B 125 ) ML O HE
O3 AT B TETE R B 4 R A, TEASE AL rp (R R
i B 1E & /1 (ProbSparse self-attention ) {0 7154
1) B P

0-K V)
VD(K)

K (4)H:Q B Q WM R B L5 15 5] ; Softmax Hy
WO BREG D (K) Sy K [ 4E

(4)

Attention = Softmax(



ZEHEN, 45 He T 2L 55 Informer BEI A AT ANBILIE S0 A7 0 PRI 5 161

Informer A5 7R3 1o 2 % A% — A % 45 A4 52 B &
B P H TN o 4 ) i R FHE - A it 1 32 58 0 L
i, 2 KL HRE G 0% g o sk B8 8 1)l R R 3
RN, F 83 2 2 25 WAL (B R + 3t
e+ BRI ) By B BE D, i i o HOG B
AL e as LR RS e B S A2 A ARy
B, it 5 38 5 2 ) e — AR B s 58 S R R 7R 0
JE BRI, e 8 8 e i 0 S HE PO 45 2R . it
5 A A iR R T 4 B P ) A, SR T
JFA B RR SR
2.2.2 FRHBBT

X TR0 T ANAT S B AR S,
Bk o AN ER S o — R e A T IR B
T 5 75— ST R 00 20 X A 20l A%
FI 0K BRECHEA T 1 1), e A 5 I 2 JURE A 45
KR JE L S A AT PR fE

1) AR AT 55 50K R 4K

24 AT A AR U TN P, 2 BE R R Y A Ak
AESER, PO HER 1 25 £ 28 B AN 26 B2 PR Y
BRI o DRI, T o 22 45 B e 4 D e B
ARES T AT R 22 , JUH IS A8 1 B 75 3E 1 B IX
N T FOMRIX — A1, SO 40t 5k R RSO i 225 i R
TR H R o AR SO 2L T8 22 B B A48 K pR A
B GER I TT TR ZE 40 , 3 3 R 22 B B VA
J e TSI AT AR 7 B P9 158 2 , 2 T 08 A TR A9 16
BN R, IR SRR N R AL A e
F T B — AN MU BR AR, TG 34 FH 17 B 1 B R B
BT BR b A AR, DL Haversine 23y
AR pREL, TR IR E YA B 2 [ B
B (5) BRt .

h = havsin(g; - ¢,) +

cos @;cos @ havsin(A; - A;)

havsin( ) = sinz(g) (5)

wersin = 2Raresin Vh
X (5) R Ny EREAR, BUEH 6 371 km; o, Fl ¢
SR R AR R B (OND) A, A, 4300k i
Hj HAYELE , BNL(E) |, Ly BN @ FT 7 52 10]
(BRI o

2) MEARAT R O3 AT 55 0 2K R AR

MERAAT SR 43 28 AT 55 W) 2R FH A2 3L 408 2% pR %K
(Cross Entropy loss) #4704k , 3¢ U4 2% pR AT LA
iy AT AL T () S A 38 3 A 5 SE BRI 2 o A 2
(B A — B, TN (6) Fs .

Ly =~ Zlycln(pc) (6)
K(6) L, A A, C RN B

y. RERAR RIS, AR S T 250 ¢,
NN 00 p, Fn BRI A (EL R T2 /Y
R
223 ATRFEZRAHEIHGH LI AER
# R

H1 T 245527 > B R B B5CRARRSE 458 2K oA
HBCE , XA R TR R AR Ak BRI U
PRI 55 I A S A R, 5 B4 45 DL
JrRE T b N E PR G, T AR 55 AT
TR A4 IR AR BB SR

DU - S8 R R TR JBE = ~F v B AN T 2 1 20 D
P — Il TR B s ik = A 5D i S U
I E N, 75— 22 o a1 [T A e 7 5[ ke
MEAATENE . TEMEAAHENE T, ZAEF5HR
HA R BRI AT 55 0 BE — 13 B, A T 55 1A
JSERIANTifG 5 PR 451 5 o 0, AT 6 6 50 A A0 B
B TS I BN o TR 7 2 ANEE PR ZAT:
CEUEEAE

I 1 1

full = 2 Lhavcrsin + 2 L
207 20,

K)o Floy PIAESS MR FS 45155 ok K0 1 3 1
BB R g fee /M2 A0 Ok eR R A, AR RO B 3
JEHBE ST HR Ly T Lo VR AU, RE IR TS o
VEN ATAC S AR Srad R P AN W ST, Tl 22
155 W 4% 1385 1 M > 460 2 R AW AU, 4 55 A
B RE R R BRI/, AN S P/ N A LR O, Ui
ooy WK AT S5 — MR 2 A, (HL I 7 1
K22 2 WK, P H s 8 8UR)s — 30 In o0,
e Mg E AL A%

3 R AT

3.1 RBHIEFRR

KEKIIETaE 7 PR,

BT ] LU, R AUEA T RITS
sl Ab R A ATAARAL, RIHE E NN 5 5
KITHNRTIACIEAE 55 o i T DO LR A2
S L LR, PR B o LR A AT K b,
IRBORSCRRE %, R s AT VR TR o B
PRSI . IR DX - B s LA™ A
A S5y , AT BT SRR T , 1 — 2P T S B
BEf SN ISR T T AR 1 XU o R K I
S IR SR DU X 7K L 0 Rk Sl By e 5

+Inoo, (7)

cross



162 hoOE A W

55 48 55 3 )

Fig.7 Taicang Watershed Environment

W I S 7 TR ) T ARCOR PR . TEIX AR R PR o
THIRBGE N 517 A U AR G FE M UE 9T, BB AT
R IR SR 0 S PR 5 A 350 o

PRIt 6 328 BB A AU B K ) L S
ALS B4 E AT BEARL (0N 25 5 00 k. BRiE
8 000 ZH 45 AR A BLIE , He P AE T 5200 B A A
ERYNRE 752 2 R ] ) S A B K 2% 5 U gy 22—
BRI 40 ANBU S AL AL, FE AT 25 AN AN
YRR AR 3 SR8, J5 15 AN 5 A A AR T30
SR, o, 70% BB N ZRde T
R 2 2] SR T B R AR AR 2 1 B O R L 5 Bl
BAVMBASEL:20% B VE e , TR Y
RSB OCFIERE PEAh , B DRASE R A A DL AR A b Y
ZALRE J1, B k3 A, 10% B EE/E it 42,
TP AL Y EL SR BE , AP S B 0 b Y 2R
B, PR B N bRy m e
3.2 REIMERITFMNIERR

I K 7E Python3. 8 T I %5, >k H] Adam i1k
e, e M R E RN 1e3, 3t K/ K 64, Dropout 22
Bl 0. 1 BB 4 Al 25 A SR8 P 51,
HE A TR ) 1S A A AR P 5 R AR T O 08 53 28 5
R EECR 2, RS2 2 H0 2, R T B0 4,
IR AJZAEE A 2565

P A0 T 4 A B S RO AR AR B A
P AN LS00 A TR A R B 1R 22, T ad i =K (4) 3t
CXCHIE

FERARAT R A PRAN FE R AL A5 HE R 3 (A) R
WA (P) HBIZ(R)FIF, 738 (F, Score) .

HERR R R 70 R IERR R AS 5 SR AN By
LA«
_ Py + N;

P, + P, + Ny + N;

A (8)

FE T 25 kg LA Y000 49 L 9185 o il Ay 1 48] e A
() B8], 2 PP Ak A TR A it 1 51 L5 T BB T A H8 A -
P,
P = P, + P, (9)
13 51358 5y TE Aff T 1 18 o S o 1 48] S B
Fo ], e PP Al A R AR A RE ) A FE A -
P,
P, + N,
F\ S ECR RS ARG [ 00 8 R348, Rt
T —NEEEH R AR b .
P xR
P +R (11)

H(8) ~ (11) Hr, Py g IE A T B 1 ) K ik, e
FARLERG U3 ) B AR T A S B8 Pe ol
BTN (4 1 B N, FER BB AR M E H AR
13 AR SR N B AR T
3.3 WM RIW

J T BIE 2 AT 45 2% 2] Informer R (1) 4 S0P,
ARG L 5 1% G0 1Y BAAT: 552 > B R0 0 £ % B3
By BAAT S5 B3 0 <7 I 2RI T A AT AR 50
145, & Z %A LA AR AE 2R .
XF H 2 AT 55 A 70 5 AT S5 AR TR S Jl I T 547y
PR A HERR B R 50 AT 55 ST B AE R B UIN 2R T
RE 75 A S i BT 55 1 o
3.3.1  HuiE R R M

14 24155 1) Informer 557 PN 4 s 1) 40
0TI 25 5K 5 Bk ¢ B B0 % LSTM | Informer
BRI A P A 2 B0 S X L o

1) AS[R) B () I T AR X b o = A A 7R
A i 2 KA R, L Informer RETRY ) 244
T B AR SRR — 5, AR (S T A A 2t
FEoR PR B 40 1 M 2 B8, LSTM A5 281 [ %
FHBE B C ,  LAash U5 7 283000 A >f B[] o5 9 A
B, LR 2 T B 256, RECK 2, % X B
Batch Size ¥ B S5AR ORI — 50, =AY ) Fr ¢
L RuN MR R = W VNN EN-E i N OB Y Awe R
e 8 iR

F1 ANEEBIHNHER
Tab.1 Predictive effects of different models

R =

(10)

F, =2 x

ETY U0 T4 2K L km
ZAT55 1Y Informer F 7Y 0.052
BAAT- 5511 Informer #5750 0.061

LSTM £ 0.087




ZEHEN, 45 He T 2L 55 Informer BEI A AT ANBILIE S0 A7 0 PRI 5 163

ZAE 5 ) Informerf&i

0.8} BAE S [ Informerfii &
£ LSTMARAY
N
E 0.6
=
=
g 0.4 r
®

021

0 5‘0 l(IJ() lé() 2(‘)0
ERIR B/ R

K8 AN[RI AL T A B

Fig.8 Iterative plot of different model predictions

S TS5 (A7 R , BT BE S 7R AL B
IERE RIS A 89 ER SCfE B A B T AR T
IR RS B R A i Y, DL A A 5 SE BRI T L
M T Al LR SR ) BARSR T OR . TERER 7
T, LSTM #5 BY f) fiz /N5 2K (B 0. 087 ke, 7 2 T
Informer 4 PR IEY F) e 2401 G AEL 73591 0. 052 km
F10.061 km , #1543 HIREAL T 40. 2% Fil14. 7% ., X
SeWk s Informer BERUAH U 5E LSTM RE B A7 2% fifi
PERIIUAI I 28, T8 1 A T = 7 AL e i 8] 7 1
T SEE A PR . ZEPIANEE T Informer AL
TEFAIRL h | 24T 55 A5 R A 450 2 AR LU AT 55 R
R T 14. 8% , W] 24T 55 B AL 3 3ok [w] i 4cb B4 30
P AR T I PUIE S5, B T RS B

2) TR XS o T8 R R R A P 5
IRy A 0 0 25 K (3 ~ 15 28 ) , 73 #r Informer
HEZR S ARAEGIRAS A FA HE A LSTM 9 2% 76 Tl 5 2
B ZERE R BRI N (12) Frs o

Lo
= (12)

A C12) W by A1 2 43501 Sk LSTM AR SCABE 7R 31
— UK A0 B A0 T 5 A E] A [ 0 2
T, w s e AR R & AN & 9 R o

4.0-
3.8+

4 6 8§ 10 12 14 16
T &
B9 s ey £
Fig.9 Predicted efficiency comparison curves
N9 el LU H, LSTM AR ) $5 00 B (7] g
ZAT45 Informer BRI 2. 77 % 3. 84 5, HKi % Ml
MBI, A8 SO AL S LSTM A5 (1) 7 RE 22 B

B Ko XKW, LSTM [0 2% 38 1 1 B 75 2 52 3
R A TIIN , B 2 T A5 A3, S0 e [ 4
ANV T 5 17 AR SCRE AL ARASE T Informer 14 42 i 2 fif
s, — UM ) 22 20 0k, PR 7 0 &0 BT
LSTM #5281

3) SEI TN BOR o B BRI A
AR B[R] A5 T 300 F0 0 B 15 22 AN T 10 I

0.20

e it

=
O

MR
11
0.10

BEBIRZ/km

0.05

0

4567809101112131415
IS

K10 P ey iR 22
Fig. 10 Predicted distance error

10 s LIt 745 ) 5 A 1 22 R
FEARAALAL N, RO AR A0 B30 A 1R 25 1 AR AE
0.05 km 245, 2= W00 F00 (A kG B I K B 45 A
i Bl ) FIRS 2y I 5 14 o Sk B . R,
LAY 1) 22 20 0 7 75 RE A% A SR A A 7E — 5 Bsf (]
Wi Sl .

3.3.2 AT AHRANER M

W 2415519 Informer B AE I AL iy i (917
AR A5 R 5 O 58 AT S RUIAT 55 1 LSTM
Informer #5RYAE MR AE ) R BLXS L

R X6 B PR AR AR X AN (R AR A T o PN RICR , A
SCAHE VA I R B A5 AR R AT o e B e
Informer #2RYFN LSTM #5071 () 5y th 251 0 iS04 5 R 1)
G328 IR LIS U B R VR O i gl = A inAT
SRS (R TR A B XS b [ 11 R, o E]
1la AL ZAE 55 1 Informer BRI TT R R 51 VA
FERE B 11D Sy RBAT 17 R0 AT 55 1Y Informer 45
RIFTREHLE , B 11e Sy LSTM BERAEAT R iR 5T
IR VEHRE

AR S4B PU AN T R I U TR 2
VR T A RO LB RS, BRI F, AR
(AT Ry TE ) B A HE 1 S8R 96. 5% .90. 55% J%
84.8% . M F HAT 55 1Y Informer FEHY | 24T 55 45
RIAE TN ERA 3 E AT T 5.95% 5 5 LSTM A5 74
PO R T T 11.7% o X —25 KRB, 24T 55
TERRANAT A 52 2% 0 7K Saf e e B L O g 9l T, DA
TESE T 3% 07 15 e 0 35 58 FH A AN A7 S 330 1Y o
T



164 BRSO W

55 48 55 3 )

Siat:a M 0.930 0 BTN 0 0.009 08 7N MOON 0.081 0 o
N ] 06 HAgEH L0032 MEGE o 0065 |[los  magEH L0072 XL 0.6
32 3 R 3 PR Z 3R
=i 04 =i 0.088 || [ 0-4 gt oo 0023 XA 04
0.2 0.2 02
M 0.012  0.041 B 0.046  0.067 ML 0 0076 0.104
L A WARES E dE L
TERT SZ 3 PR TERL 23R TERT SZHI PR
(a) 2451 Informer 5751 (b) Informer %Y (¢) LSTM #&i71
B 11 N [AEEERE FE XS L
Fig. 11  Comparison of Confusion Matrices for Different Models

S0 Hr MR T Informer AR PR YR ¥ AR K AT DL
TEVUR EATHYIAAT 0 ik, by TR IARE 1 32 2 BR il A9
PR C LR IR R R ™ ) TR RE A Bt 07 B A2 A, —
BN T KA . IR, AT 55 B B AL AN LA T
PO E B R R AR T AT ST PR R T 6% o X
THBAT AT R, i AR A, A 5 SN
FIEEIAMARIRIE o (A2 55 BT SOIs b T R
AE 132 BRI S5 5EA EAT Z RIARIE LR , B
R BIMER 5T T 6.9% o Xt — Ik T
ZAT 55 AT o AR B B 5 B b 58, 7EAT R
PUNAE 55 o REA AR AR AT 5 B TR X R A AN W 2 19

=— £ {F%Informer

#yReH A
SZE PR

4 HRE

Dy i e AT K S T A R M U P T
ST A PRI R ROR , AR SCHRE T R 7R U B
S ALS Bedla, AT T IS S LB AR A B T —
AT 55 14 Informer MSARLE PN . %A1 1A
Informer iy HEffi HE 20, 1) FH [ A 00 245 A6 284 £ 15 1]
SORIE TR 5l A ZAT 55 22 IRl BT e
B 5547 AT 55 A% R B # P I DI 2
BEAN A SCR R T 25 T 7] 75 2 AN 2 A PR 451 2 AL
B N ST AR R A — R A T HE SR
RS R S8 LB T 54T IR BIE 55 o ARSI
B R W], BER R A KIRE , ZAT55 Informer #ETYfE

" Informer :}/ LSTM

(b) HmlZ
K12 RN T A PUIBOR A B
Fig. 12 Comparison of Ship Behavior Recognition Effect of Different Models

ATARAT T RS R, M2 25 P e 1 0 WA R 1 2
FRARZS G A4 A 4

SRR B RGBSR A R Fy B
WP 12 PR 12 sl RUR AT R 55
AR SO R AR AT U Y 3 IR R A
BT HA PRI Y | A AR R PERERY F, 73
BT A SO 9 24T 55 1 Informer 4547
X4 AR R AT R U B T 4R T e D WA A [ A
Y T XTS5 IR AT N, 24T 55 2 13K
W, BE RS (AR BE A8 SRS A L B2 T S PR TSR

523 FR

538 1 2 > BB T -S54 A RN 55 Z 18] AR S A
SCARTEPIAMES RCR . 5 AR S5 BETUAR B, B
T 2k B AR T 14 7% AT R R BN HEAf R AR T T
5.95% , Btk 1A SO A §2 T AT 55 P RE D
AR

R SO T 3o v A L I B -5 1 o S P
F ) A, 2R 8 T S o 3t 4R T TR 9 A 20 8 o
5, IR B B Bl AR G s D4R R I A R ik
st L SR A o (RIS R T A ARAT O B TR EE A2 40
B ASHUE AL PS5 A A B RS SR I AR
B

ARAHIBIEFE AT L2 18 B A2 2 B A A S d 15 O
FbFF 5 22 IR AT S 1 D B S50 £ 4 B AT 55



ZEHEN, 45 He T 2L 55 Informer BEI A AT ANBILIE S0 A7 0 PRI 5 165

P AR THE T RZ AL RE T

[ 1]

[4]

[7]

& % X #

R, BREF-, AWM. SETF ALS R A INA T R
TESZ 98 S0 . AFEOE e SRR ]. HER(E B
i, 2021, 23(12) ¢ 2111-2127.

ZHEN R, SHAO Z P, PAN J C. Advance in character
mining and prediction of ship behavior based on AlS data
[J]. Journal of Geo-information Science, 2021, 23
(12): 2111-2127. (in Chinese)

BIERT, H4E, KHE, 55 BT IRPR 22 0 2% 1 il
AR [J]. R TSR, 2020, 42
(4) . 871-877.

HU Y K, XIA W, HU X X, et al. Vessel trajectory
prediction based on recurrent neural network [ J ].
Systems Engineering and Electronics, 2020, 42 (4) .
871-877. (iin Chinese)

B, B, Snla, 4. JET LSTM AR AR AL L
WAL [ ], R HLEL 7, 2018, 45 (3 1) 2) .
126-131.

QUAN B, YANG B C, HU K Q, et al. Prediction model
of ship trajectory based on LSTM [ J].
Science, 2018, 45(Suppl.2) : 126-131. (in Chinese)

TR, FEARNE, FRBENG, S5, B FRME TR P
f) RNN-Bi-LSTM M 0l s [ J 1. ) AR R
24, 2022, 42(5) : 102-109.

ZHAO C D, ZHUANG J H, CHENG X M, et al. Ship
RNN-Bi-LSTM  based
oncharacteristic attention mechanism [ J ]. Journal of
Guangdong Ocena University, 2022, 42(5) . 102-109.
(in Chinese)

XURTE, T30, WReg s, 4. AT LSTM 51t
BILTHI A A A0 A0 28 00 S B B 5 DT ). v I v
2021, 44(4) : 94-100.

LIU CY, QIAO W J, CHEN S Z, et al. On ship track
prediction with LSTM and attention mechanism [ J ].
Navigation of China, 2021, 44 (4). 94-100. (in
Chinese)

NIU Z, ZHONG G, YU H. A review on the attention
mechanism of deep learning [ J ].
2021, 452, 48-62.

ZHANG X, FU X, XIAO Z, et al. Vessel trajectory

prediction  in

Computer

trajectory  prediction  of

Neurocomputing,

maritime  transportation ; Current

approaches and beyond [ J ]. IEEE Transactions on
Intelligent Transportation Systems, 2022, 23 (11):
19980-19998.

LI H, JIAO H, YANG Z. Ship trajectory prediction
based on machine learning and deep learning: A
systematic review and methods analysis[ J]. Engineering
Applications of Artificial Intelligence, 2023, 126.
107062.

TrH e, 8w, Ak JET Transformer f5 71 A1

[10]

[11]

(12]

[13]

[14]

[15]

[16]

Kalman J§ 5 BUMAAAATE [T ]. P05 840,
2021, 38(5): 106-111.

XU R L, QLY S, SHI L. Predicting ship tracks based
on transformer model and Kalman filtering [ J ].
Computer Applications and Software, 2021, 38 (5):
106-111. (in Chinese)

KB, RAad, Bl f, SF. BE T ATS B B AR L
PMERE TSR], P Tl K2 2= 4Rk, 2021, 39
(1) : 119-125.

ZHANG L X, ZHU Y A, LU W, et al. Research on
ship trajectory repair method based on AIS data[J].
Journal of Northwestern Polytechnical University, 2021,
39(1): 119-125. (in Chinese)

MRk, JW9#E, 2=, 45, &7 C-Informer A5 %!
AR AR 00N 5 i [ ], SCifE B 5 %4, 2023,
41(6) : 51-60.

CHEN L J, ZHOU N Q, LI S G, et al. Ship trajectory
prediction method based on C-Informer[ J].
Transport Information and Safety, 2023, 41(6) ; 51-60.
(in Chinese)

SRR, R4 R Al T Bl R0 Informer B 45 11
R T 75 2 L) ] AL R S & g, 2025, 35
(1):148-153.

GUO Y, LI X, LI X N, et al. Fishing vessel trajectory

prediction method

Journal of

integrating  sliding window and

Informer network [ J ]. Computer Technology and
Development, 2025, 35(1); 148-153. (in Chinese)
WLL, s, XG5, BT 2L 52 T B ARAT A
PO GBI [ )] DA Ry ik ( A AR
RR), 2022, 41(4) . 1-7.

YANG H, HAN P, LIU C, et al

recognition and trajectory prediction based on multi-task

Vessel behavior

learning model [ J ].
University ( Natural Science), 2022, 41(4). 1-7. (in
Chinese)

Z=\p, fBH, KB FEET Encoder-Decoder LSTM ff]
AR Ny vk [T ], MEvEl 2y, 2024, 44(1):
21-25.

LI'Y, REN H X, ZHANG Z. Ship trajectory prediction
LST™ [ J 1.
Hydrographic Surveying and Charting, 2024, 44 (1) .
21-25. (iin Chinese)

ZHOU H, ZHANG S, PENG J, et al. Informer; beyond

efficient

Journal of Chongqing Jiaotong

method based on Encoder-Decoder

transformer for long time-series
forecasting[ C]. The 35th AAAI Conference on Artificial
Intelligence. Vancouver: AAAI, 2021.

BRAGAT, Wi, sKEUS, 4. JET S s e i 2 il
BRI SESRETM ] B ARG Ak,
2023, 47(9) : 118-128.

QIAN B Q, CHEN Q, ZHANG Z W, et al. Multi-task

transient stability assessment based on feature-level

sequence

fusion of heterogeneous data[ J]. Automation of Electric

Power Systems, 2023, 47(9) . 118-128. (in Chinese)



