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[ Abstract] When driving, drivers can predict the trajectory of the surrounding vehicles and adopt a safe behavior pattern, thus
reducing the occurrence of road accidents. With this in mind, the researchers used models based on deep learning to predict vehicle
trajectory to improve the safety of autonomous vehicles. By constantly analyzing driving data, deep learning can predict the behavior
patterns of other cars. Compared with previous schemes, deep learning schemes have advantages in trajectory prediction. In this
paper, LSTM (Long and short—term memory network) codes hidden parameters based on Transformer model to reflect the driving
intention of surrounding vehicles, and then the influence of these vehicles on predicted vehicles is obtained through Lembda layer.
Finally, the predicted trajectory is obtained through LSTM decoding. Compared with the previous schemes, the scheme using
Lembda layer has a faster calculation speed, and the experiment shows that the trajectory prediction accuracy is improved compared
with the previous schemes.

[ Key words] trajectory prediction; autonomous vehicles; deep learning; neural network

TR T 53R B T B E A LT RS (W
BUHLBIE ) FET A HIRAX 3 F, ARk, IR
S HORTE FAR TR 5 Ak 23 rb U5 1 B, B0HiE 3K 3l 1)
T2 Z N TR T A AR SC T BRI
YRS 7 3, BT S H RO A e A T B

1 MExI1E

0 35

H 2012 4F AlexNet %775 ImageNet KRR 5] b
FOHEAELIR RSk T Uk e, Hdis
VA2 o 25 (RNN) 7 J 31 350300 i) 7850 o BUAS T AR
KAYFE R | T 450 000 P00 w0 Sy —Fofr i [1] 8 47) [
VA S 000 Py [ R 308 ok 3 2467 R 4 1 A L i

[l

I AR AR PGE A SN AT B T 425
TR AR AT, T AR AT B &2 R U
I O S LA B AR R T
AR e P IBR SR I HLAT A 00 ) 255 5 48 s 4R A
S EPR A0 — 2 5 I B B9 %, AT RE S0 B bR 4
BEAT MAFAERE W, AN R HORIFFE 2 X6 2 a0 7ot
HEAT AR A R A5 . 2013 4F Lefevre 55 AP0 42

AN TR R 2~ 1) A s N ) DX ) 3
PRBLAE 7 ) GiAT B T SR, FRIT, H A
W S0l I R AR R 1) 22 HE mT R SN 45
R (RS 5 402 18] B A LS W PN 45 2R (52 5.
BRI o

Z @A) R S Jy G2 R At 2 R T 45
RIS ESCE R T R, IR S AL al

EREE T IR (1969-) , 5, %L, P BN, EEAFTOTT 0 R PUE TN ; HEIL(1994-) 5 WLOP0E RIS T5 ) K A 6l

T,
EIES . R
s EEA: 2021-08-31

Email : 826494517@ qq.com

KR L BEE L ¢ % 47T L5 & A




EERNE |

BERE, 5. T Lembda FIZEAI LSTM A9 4541508 T 85

PISEIN 2R 2 8 45 R Rk . 22 E T getk il
E ST IIESEN BN BE AR SN o oL (W id
BT — A | 22 F ] B TN 58 AT LA B Ak T
W28 FL 8 TR AR — | H 2B BB A 7R 17 X 4k
USRI T 4

P 2 [B) ) AF S M PRI, AT LA SE Sk b ) 4%
KitATEE . BT ERITIE R B2 ML
EIBHZE M 24 | attention 4577 58, L5673 $2 i vT LA
R Z 2= ERZ MM E R, G B
Z ML O MR T R B2 2R
JEIMA T B (52 R A 805 B At 2 (&
ABAE S E & /N LG ) | AT DA A A )
ERZ PR R AR, BT 2 W AT A — L
ARZAL T ERR 2 N 2 838 1 6 BUAZOR 4
DRI, DT DA m A P 0 2 1) 4 30 O R T 2 1Y
GRMEA A= T IR,

] ol 225 OH) 248 S — PR 20 ) il DR 7 58 A T
S Y G SO B AR T AT — A T s
SR TR EZ A WA BAE R A X 2
R, EE A 22 M 4% (GNNs ) 7% | J2 i e 7 51 ] fi i)
— P F TR SRV AT AR KN B, AT AR P 4=
WAt R  AsEE il E M4 (Graph Attention
network ) " XA T ABARESEAT TR0 O OBR T
GAT SRAFHEAR AR (FERE R LK ) | I (8
LSTM e 55 B [RIAH OGP, 7 T o 5 1 i 58 8
LA, BT dEE LS
B—MFEIEHZRME LR TR, HH
attention A7 ZEFE LB O B A 2250 40300 5 1) 5 K 1Y
1| VR VN (TES B P A RS S - A =]
attention "SI ML S B Z WA 5158, 16
ey =R LR S T S i = VS R R E = WA
i R R AL A Al A T — T
PRI,

2 BT
2.1 HIEHEAN

VL NGSIM 558552 R 5], 388 5o 2 S £ rh s 22
() JLAN B | P15 5000 40 53 Sy ol 2 ) 246 0 2 ) B 0
R R A,

HRAE M AT 20 (obs) , AT LAZRAS H bR 4250 10 2o
FHUE X, = Dxy,xp e RIREERAT HAR R
e BT, AP BN pred Y, = (YT,
Yoyt SR A AR AR A it
Bl X, = {x! <7, x" e [1,n] o BAIEZEHL

A X, RSB X, S0 2 R I
o, TR Y, = |V V0 L Yl
R A B M 22105 . DI —
MO 3 2 D 20 AT R AR 1%
B 1 B

’—E [ >/ == =» /
Lobst1 Lobst2 Lobstpred

o
A
| Lambda J7
* ¥
// nbrs /—#/ nbrs /—w/ nbrs }- —— /

— e s e e e s e e e s e, e e G s s

1 R EEREEY
Fig. 1 The architecture of the model
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Fig. 2 Lambda layer learns vehicles’ interaction
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Tab. 1 RMSE of Several models on NGSIM dataset

B B s CV GAIL-GRU  V-LSTM S-LSTM CS-LSTM  NLS-LSTM MATS  Lambda-LSTM
NGSIM 1 0.73 0.69 0.68 0.65 0.61 0.56 0.66 0.46
2 1.78 1.51 1.65 1.31 1.27 1.22 1.34 1.08
3 3.13 2.55 2.91 2.16 2.09 2.02 2.08 1.81
4 4.78 3.65 4.46 3.25 3.10 3.03 2.97 2.74
5 6.68 4.71 6.27 4.55 4.37 4.30 4.13 3.92
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