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Parallel LSTM-FCN model applied to vessel trajectory prediction
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Abstract: Trajectory prediction is very important to navigation safety, marine traffic control and surface vessels search.
In order to improve the accuracy of vessel trajectory prediciton and according to the multi-dimensional characteristics
of vessel trajectory features, a new model named parallel LSTM-FCN (PLSTM-FCN) is proposed. The model can exact
features and trend from multi-dimensional vessel trajectory, because of combining with the LSTM which has advanced
to predict time series trend and the fully convolutional networks (FCN) which is adept in exacting detail features of
time series. Simultaneously, the training efficiency of the PLSTM-FCN which has more parameters is the same as the
LSTM-FCN, because of the concurrent design. In order to improve the learning efficiency, a preprocessing method based
on the dynamic time warping algorithm and the Laida criterion is proposed. The simulation experiment is carried out
based on the data of automatic identification systems (AIS). Experimental results show that the PLSTM-FCN is more
accurate than the typical RNN in vessel trajectory prediction.

Keywords: vessel trajectory prediction; deep learning; long short-term memory networks; fully convolutional networks;

automatic identification system
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R AE 2 BB BUAE 3, S B A ARTCZE F) 7 05 1 5 T
.
1 75 RAR
1.1 BHRHEMLE

& Bt 4 ) 2% (convolutional neural network,
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Yt JRE— e FEE Lpibd A S EEE T RS

xR E37%
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HUZ B 4 G B A% 32 2. FON Befg 42 2 A1 2 R
1 EEAE i N, BT BLFCN & T ok BUEAE o
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PR B 4 G 23 ()5 B Al X IR 4 R H% 18 =
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T, I PP U T DT =T A BEAE N, £ FCN
J& e OR BE B 22 (1) 7 S B R A
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W 26 FR 22 B I AR 245 5 — N 2%, TX PR PR A
Hoo] DU A 7 71 £, (H 0 0T B 5 il 26 VE 1S
{90 1% HE BT A A T PRV R R R R .
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23 I &%, i R T B TED Y 0 B5CHE ) [ U Ay 2R 1TI8
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short-term memory

gr = tanh(Wylhi—1, 2] + by), 1)
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¢t = frhi—1 4 11e,
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RUATLIZE R LG P 25 S Lol s A s AR R B L B
FANZ KR L.
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LSTM-FCN BE15 R fift Wit 43 288 vl 8, A S0 H
HEAT O3 S5 AT T AR vk 8 AR 1 5 A A 0 328 T
T a) . B4k S ) LSTM-FCN RS 40 [ 1 i 7, 4544
FAREFE 1A LSTM #EEL AT 1 4~ FCN # 8k, LSTM #
Pt 53 5% ST 18] 7 51 H 0 i 4 A 35 FON B £
T U] JE I P B AT R AR L TR T
I 358 5 R W) 4%, i T 47 4 2 1 B 00 10 SR RS
B LSTM #5L 5 FCN #8240 4 )5, BERE 2% =] 21 7
HHE A AR A 35, SCRBHR I HE I 3 s 1 A0 A
TR
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|

|
convld
BN+ReLU| ‘ LSTM
dropout

[ convid linear q
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dropout l
| [ linear h
l |
[ convld !

linear
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‘ output ‘

1 LSTM-FCN %5#

FCN 2 t H 3 /> i) J¥ 4 X (temporal  convolu-
tional) B HLZH B, B I 7 B RIS A0 45 14> —4E
12 . 11 batch normalization /2 (J5# 1> ReLU 4
75 B AT 1S dropout )2 (FFF N 0.5) 28 k. R4
REATZE S A B, W B AR 1B AR Z I 4 N\ I8 T
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2 B N B TE A 32, i H s TE O 64, B AR RN
9 35 5 3R B NGB IE 25O 64, it d TE HC
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(AR AR 20 B RN 2 B HAT AE DG E, 520 1 4SS 28 TR0 A
. X6F i, AR SO 4 SR [19-20] A SEAR (FE A 2 H AR
IS AT RERLIN g B AR AE J7 ) b A7 B A A LA AR X
M7 AE), B ik () LSTM-FCN #5 7 fi% Ji5 4= 3% 42 2
A 1 4E, 2 LSTM-FCN 47 #J i PLSTM-
FCN LAY, 43 53 Tt U s AEAE 07 1m) b (A B, T2
THMKS 56 . 53 4h, PLSTM-FCN [ 4 /> # B 1] LI gk
SEA 2, E 32 75 B> LSTM-FCN i s 5 % 4 700 A
JIREIOREE T YRR
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M5 AA 8 31 iR A & 48 (automatic  identification
system, AIS) & —F H T 5 M. A5 5 LA 5
2 [HEAE B3 B Bh A R 4521, AR 22 %8 AIS W& ),
SER AN AMPISESE B (EBEATEEE. 4
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Rk AR AR B R b 2 R AR AF T TR T ERE B R
DRI, [E) IS ATS £S04 vh ] B2t I AR v 22 1) IR
V) 7 51 4, T R FL AT HOHs AL B AT aZs K Ak
H9r 355 1) S BRI RS 2) WU AR UL i ik ; 3) 2t
AT AR 53 B

5| I TG 25 1 A i 0 45 T A 7 T : 9 B A
I3 R AE U 9 2 BT I8 pi 540 0 530 B 350 43 e AiE A
T H S PR AR Y PR () AT E R R . AR S AL E I A
F100 265 5 A IS B I [— 90°, 90°] ) ¥ [, 28 2 AN I i it
[— 180°, 180°] ¥u [, E it ) e K AT AN i 40 57/
B, L 1) AN B R [0, 360°] 1 Fil. 0 A IURF A1E A8
LT ALY L DU o 2 A e B

B A5 I 8] JU % (dynamic time wrapping, DTW) £
5 TR B BEAR S b g e 5 S AN 58 (1) 1) (8] 2 41
S AR T B0 i 0220 PR gbb, AR S 32 AR AR P 9
DL A . 8 ot DA 580 d 22 (M e A Dy ik
THEATLIZE; 28 J5 K F DTW S vt AR 5 22 AR

J3E, 25 BSAACLISE Py 51 308 5 i R FH AL A THE )23
B AR AL ARL 7 5 PO A2 s

L 7 B PR R 0 A A 328 2 TR R I T T R
5, RO B 2 AT 5 R — IR e R A 1] ]
SR, 2R P MR 32 1 DU e 0 2565 14 1) o I [) St 5
K SR AU NAZ AT 5373 B, DIZ AT s A D 2
AR 5ot B J, 2 BT T 246 252 A ) A4 a2k 1 D 42 21 56

283 i A B S SRR K T R e, B
A S LTI PN PP AR A D) R 1) R R it 2 5091 2%,
Rt a2 2 1) BA — 52 BARABLRE, TR A A1 Sk 1 A
NG TR
2.2.3 HERARIT

AL DA A B (1) FE A0 A 328 5 A S ot A 2
(% N . A TR 5N

VTS = {VTy,VTs, ..., VTy}. (5)

&l 2 BT, & seq_len S B IR B N LAY (1) )T 4
K PZ, 4% seq_len +1 K& L VT 15 7 T 46
BT M A7, B 3RS total_size 2H Fi N\ B s X Al
B YL R BN B X IR 4E FE O (total_size,
seq_len, 8), % HH B dE 1) 4E & N (total_size, 1, 2).

3L J

VTI P|A| PLz P1.3 Pm PLS Pl,ﬁ Pl,?\';
VTZ Pz.l P:.z Pz.3 Pz,4 PzAs Pz.o Pz,.Vz
VT; —> P3.| Ps.z P3.3 P3,4 P3A5 Ps.o Ps..wu
VTM PM.I Pw.z P.w.3 PMA P,’lLS P.w,o PM.,Vm
. ~ J‘Hg
NGNS 1
»
B

PI,! Pl,z P1.3 Pl.s latl.x\l IOHM 1
Pl,z P1.3 P|,4 Pl,,\-+l 1at1‘\-+2 lonlm+2
Pz,l Pz.z Pz.s Pz,; latz.,‘-ﬂ 10n2.,\+1
P P 3 P2.4 Pz 1 latz 2 lonz,wz
PM,! PM,E P‘w_z PM.s lat.\l‘ﬁl lon.w_.wl
PM.z PM.} PMA PM,\+] latw,wz 10nMJ+2
HNEHE i S HH

2 B TR R SR

3 SEIRIE
3.1 SEIIMERIEAE
A 5286 3 T Python 15 5 1 ) PyTorch HE 42 i3k
A7, I A B A SR A B BAARAE BN 1 .
SE G #5085 5k H https://marinecadastre.gov T %%
20194 1 H B AIS $udi, i #% 1 46/ AE 15° ~ 31°Z
6], 2 FETE — 98° ~ — T70° Y 1l P (58 V6 B i) 1
itk 283 U B A B S, — RS T 552 SR M

16730 26 F70325 . 927 730 /ML 5 4.

®1 IWIFETIE

RIS Intel(R)Core(TM) i7-9750 H, 2.60 GHz
[GEESTS: MAE 16GB
5% NVIDIA GeForce GTX 1650,4 GB
BIERSR Windows 10(64 137.)
) RWIEES Python 3.7
PIFREE s e PyTorch 1.3
L Spyder 3.3.6




% 8

3 JF F. —AFH 4T LSTM-FCN A2 A 75 A5 FAA7 3 F0) oF 64 2 B

1959

L8 5 RFEMNFRE

¥ B3R 16730 2502k 4% 7 ¢ 31 LL Bl BE ML 2 A 2
Y, A 11711 A NN R B, 5 019 264 vl 4L
W BB BN YK E N S, B ML 44 2.2.3 75 (1) J5 2
4> 93 P T PLSTM-FCN #5 8 ft 5 N\ fn vE B0dis . %
B VK FE (batch size) v 32, BEFE I 25 TR A3 (4N
g L1 K PR B AL 32 4L HEAT I 2, L rb e N B8
YEE N (32,5, 8), T HH B 48 2 0 (32, 1,2), — LI 5
10 %8 (epoch). 15 B YIIZ5fs FH 35 77 % % (MSE) 1 945
Kk EL A

3.2

MSELoss = (6)

1,
M Z G-y
i=1
Forb MO B UG SR RE AR 2 88, g 9 P i) A e A7
B,y NESEHIARRAL B
3.3 XfLEsKIE

W 3 T PLSTM-FCN A5 284 {1 5 A A 328 T30 5
T PRI PR A 2 X 4% 1004755 EL SIZ T, DA IE AR SCRR Y f)
HE.
331 AFEERON SR

K FH B ST RTIA 7 24 B I G S R i B al
43 5% PLSTM-FCN. LSTM-FCN. LSTM-RNN #5754
BEAT N SR AR, BE ML DR AR rh i S H 5 2% Tk,
A5 FH 3 AN Sl AR 2R 3R A7 TR0, oF b 2% 028 o
) T AR 0 FH 35 T 1R 22

3 AR I 25 s 7R W 4 1) MSE 25 R i 5% 2
JJf 7. LSTM-FCN Et LSTM-RNN # 5 (1) f7 B F5 00 45
T FE A — € $2 FF, B4 i B2 AN K, T AR SCHE HH 1
PLSTM-FCN £ 2 7F % AN i 14 1) T30 MSE {8 %2 B
EAF LSTM-FCN I LSTM-RNN #5724,

F=2 MINERTUNSIIEEER
TR MSE
PLSTM-FCN 0.003317
LSTM-FCN 0.012107
LSTM-RNN 0.016731

TR 325 5 Sz s i 328 ok B P 3 R . f a1
FUIE 345 2 YA FE 3 /N Y o 5, 0 E 2 FH i aZE 5
1% A 5 388 K IR B e, 0 728 4 S A ALk [ 9 H, A 28
5F SRR N EL a2 T it 28 R0 BT A IZE ()
MSE H.77 B, 7 KA FE 3 e MM 15 5~ , LSTM-
FCN #5711 K% 1 & L LSTM-RNN 5 AL 45 — 52
T BT BN 22 (02 BUI I, H B TR A R A
U LSTM-RNN F45 8, 111 PLSTM-FCN A5 784 {7 28 5
INVKS B 5 8 A4 B 2 AR T %5 8 LSTM-FCN #1 LSTM-
RNN. JHJ5 B AT 68 A2 £ 0T i 4 B2 AR5 AiE 1 A 328 i )
iy, LSTM-FCN #5284 LA Sy il Wl f 4 A0 28 P55 A 4 2L
A AHOME, 520 7 LAY T B8 775 T PLSTM-FCN 452
RN TROI £ R A 28 5 RN 6 55 AN A 5%, R FH AT 1 45
RV, B 1 TR ff

27 — original trajectory . ; — original trajectory
o — parallel LSTM-FCN o \ — paralle]l LSTM-FCN
5 26} — LSTM-FCN 5 29l LSTM-FCN
"g — LSTM-RNN "g : LSTM-RNN
s 25y £ AN //
< < \
Sal . . 28\ .
-82 -80 -94 -92 -90
longtitude/(°) longtitude/(°)
(a) LI 1 TR 45 R L (b) FHLaZE2 T ZE R xS b
— — original trajectory — — original trajecto
o — parallel LSTM-FCN o — paralle]l LSTM-FCNN
S 28f — LSTM-FCN S 29l LSTM-FCN
"g — LSTM-RNN 'g — LSTM-RNN
£ 20 =
= = 28¢
24— : : — - -
-82 -80 -97 -96 95
longtitude/(°) longtitude/(°)

(d) L4 T EE R

(e) M5 P4 Hx bt

3 FEEFUXTEE

latitude/(°)

MSE

26— original trajectory
— paralle]l LSTM-FCN
LSTM-FCN
25— LSTM-RNN
24}
-83 -82 -81 -80
longtitude/(°)

(c) FULiE3 TR LS X L

mm parallel LSTM-FCN
LSTM-FCN
== LSTM-RNN

26

25
24

-81
trajectory indes

(f) &5 RMSE HJ5 &

-83 82 =80

3BTRSt SR 0 (1 T S B £ SR 3
. TOUWUKS B B 75 1D, A SCHE HY ) PLSTM-FCN 458 284
5 i) MSE {8 Lt LSTM-RNN R BN T 1 802 N &
G, TN AE R 77 T, oF A28 A 5B 24 1 100 AT Tl

MBI, PLSTM-FCN #5755 ~ 6 5, % 75 T LSTM-
RNN # 1) 1s ~ 2 s, i [Al /& PLSTM-FCN #5714 40, 5
B2 HRFIE SR
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x3  HBEHTNSIIE 4 RATEE FH WL IZE A5 1 4 3 8 AN RRAIE 2 4, LSTM-RNN H i A
FHEME B PLSTM-FCN Tl it /1 4F F LSTM-FCN, 4 %5 A3 i 1

0 _ Wi

UIZE RS 1153 1121 1156 1230 1014 A LSTM-FCN AL,

PLSTM-FCN 3.91e-4 5.96e-4 7.96e-4 6.47e-4 2.62¢-3
YJ5iR%  LSTM-FCN 6.80e-3 2.75e-3 9.20e-3 2.49e-3 7.36e-3

LSTM-RNN 1.0le-2 1.06e-2 6.05e-3 1.93e-2 2.06e-2
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