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Application of Spatial-Temporal Graph Attention Networks in Trajectory Prediction for Vehicles
at Intersections

ZENG Wei-liang, CHEN Yi-hao, YAO Ruo-yu, LIAO Rui-xiang and SUN Wei-jun

School of Automation, Guangdong University of Technology.Guangzhou 510006 ,China

Abstract With the rapid development of artificial intelligence and big data technology,the application of deep learning to trajec-
tory prediction on autonomous driving has become a hot topic in recent years. The premise of keeping the safety of navigation and
efficient path planning in autonomous driving is to make trajectory predictions of motor and non-motor vehicles accurate, especial-
ly in mixed traffic scenes. Aiming at tackling the problem related to path planning when interactions happen among different re-
search objects at an intersection,a modelling scheme based on graph attention networks is proposed. The model applied combines
spatial and temporal interactions among traffic-agents to improve the accuracy of trajectory predictions for motor and non-motor
vehicles. In addition, the proposed model can be applied to path planning of autonomous driving,ensuring that motor and non-mo-
tor vehicles are capable of passing the interactions safely and efficiently in complex traffic scenes. In the case of simple interac-
tions, the average displacement error and final displacement error of the trajectories derived from the model reach relatively small.
And in the case of complex interactions, the future paths provided by the model are more reasonable than the future ground
truths,

Keywords Autonomous driving, Trajectory prediction,Deep learning,Graph Attention Networks
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AAFAEE T EHAIR G B IMAR . A L8l 42l i S5 AL S
Al AR A S X AN E R T H BB AT 0K T LR
5y R A B, CIRL A 2R B I T T B R R A B R
M5 i I BRBE . 9 A Sh B B i St Bl ok T AR Z K. 4
JE 138 Sl 4 9 R 2 B 2 B8 0 R AR Kz 8l Jr 2R S
PEAR WL 4 5 AE HL 3 42 B4 47 B B3 L R 3 0™ TR
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1288 7 AT AT R 855 R PRI Wt B B TR 4 i
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2.1 FIWhESRE

B % 22 T8 45038 T A 030 T IR R, B2 R AT R T
ZW L B Ay A 1) L4 F1 (Social Force) , ¥ i
X R P Z IR A AR B AR A AL WS 3 RR T, 4R ) R
FAIX ST & ST ST FE X 423z 3h ™ 5 2) = 75 B (Gaussian
Process) , 3 i 7 S 480 (i A1 38 25 (6] ) 1 Bl AT A% 4t 9 6 5, 5030
IS G2 0 3 J8E ek R Ll R AR SR 5 3) R R 2 B
(Kalman Filter) , 7K € i il #5% 75 100 a3 B 30 X g 50 903
FrER AR 0 F SR/ Ny 254831007

A 2 Ly X T 0 A 28 A 6 4 ) D T ) A T
ERTTMk, o A3l 2 S R 25 i 1 R AT A SR AL . (F R 2
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X ECT RIS N MR 2E L RIS T TR A A B L A
BOR S =00 3 5o R BRAE X T 43 B 0 1 [ A
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A B B HLAE s, TR % I8 T A8 BE B8 B X g 5 H A i AT
6 & AE 1 38 B, 6 R SR SR A5 B 5 B0 AR | 40,
2.2 FF3I-FF 5 AR B

FEXAR GE T B BN R, — S 2 3 T G 3 1 R IR B 2
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4, St R4 (38 Sh L E AT O, 1) Ak 2 K )0 Ho AR
(Social LSTM) : 5% JI T 78 5 51 S 1 BL% Hh i K A 00942
[ 2% BT AE LSTMs W — LA T Ak 2 4 7 245 il
T XoF 5 1) 408 F ™ 1 e 0B 285 Do AR A I AR 2 A B 1 —
W T L R T 24P 28 LSTMs Z 8] JC i i
e P Ay 52 BAY IR AEE Y, 2) 4 A B X T R 4% (Social-
GAN) 854 T B F T FLLAE 5250 531 5 by A 28 1) 28 et
B2 4 4 Jr) B 0T G2 A5 BN A JEIT 1T b Ak, SR 2R I
RIS XTPT— A8 VA F ) 2 AT A BRI AT B R Bl . it At
HH B B9 312k BB L Variety Loss W] A2 il £ 45 W 47 A0 %
PRI 3) SoPhie: 85 4 T Ak 2y i B 3 AL AN B R D AL
il o DA J B 6 G v 48 B R B L AR R L AR K A Ok AR
50 7 i o B I R S D W < R o AR SR (1 2 N
4)Multi-Agent Tensor Fusion: ¥ £ 4~ 5 e K i) 1 25 Bk A1 3%
FofE B g ok i, B H B AL A il 3RS s x4 0 22 L W] B
PR ER T35 sh i G g S 1) A 18] K S 25 4 L 35 R SR A G M 4
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2.4 EME

[ 4 25 ) 2% ( Graph Neural Network, GNN) /& — # 1 £
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PEWL 25 #EAT I 2 B B S A
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o, T, AT RO A 21 ,0C « ) R Z ZIRAHLEE M, A T
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Lerioy =min(&) || Y, =YY" || QL))

oY R HLEN A 5 A BLEN T AR UL Y R LA
FEDLB 4= 09 o ofe B B L B S K £ 45 10 A A HP 7 AR
T 45 19 790 e B JRODR 285 ey R 7 154 AL JBUARE K

4 HEEMFE

4.1 HIEBERE

ABFSE MM B R, CPU: AMD Ryzen 7 3750H,
2132 MHz(21. 333X 100), NVIDIA i JH 47118 284 CU-
DA A :10.0. PIFF:16GB. & K :NVIDIA GTX 1650, &
N 4GB, BAEZRS : Ubuntu 18. 04 LTS, 4iftifw :Py-
thon, ANy 3.7, WEES 2 HESE : Pytorch, A 1.0,
4.2 HEE

W 3 s A5 R o RS T B 32 LT AE 2016 4F
11 A 10 B B4 7 0 52 43 3 8 I 23 434 Wa 45 W40 3 47 40 7 o
DL T 28 U B2 R T g 5t 4L R 4R 1140 WA ML)
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A B ZE3E AT I, B R SE  RAFTE 10~15km/h Z 8], K2y
AT AATE R (4~5km/h) ) 2~3 fiF. Bk, 78 R H 5 )
R FE L AR B 0. 16 s 4 g SR A B4 (1] 18] B L 76 £ 3IF
PR RAEE A 78 RS BLT AR B AR T 5 B,

TEI Sk By B, 485 0 3L 28 5 400 W 3% 4R, Bl Number of
Epochs 2} 400 ; — R I 25 i % B A BE A 0 Batch Size i 64 ;%
FHHEHC A 16 1 B MR 7S SR DA I O IR 2k s T
LeakyRelLU pREUE A 3K 28 1 #3% pR %X Activation Function;
o 1R Z R 2% 9 U 25, SR AL 4 3 — 4k Batch Normaliza-
tion 55 Adam 1 1k £58 ; % [& F| Dropout F ik 54t & H — 1k
Batch Normalization 22 8] it AS 3fe 25 M50, 8 O 2% ik 3ol 81 45 BT
BT Dropout &% B R 0; 4% %% 2] % Learning Rate & & N
0. 003, F7E 250 WL AR S5 B9 U 2k 51 A B T 48 58 JiF A5 2
REs BB b BEE N 20 W 31308 25 %8 Observed Length iy
8, T 328 15 AL Predicted Length 24 12 % F 4 Hdi 4k,
YR AR e Tk 4R 19 L 1l 3200 6 :2 22,

4.4 TEfhARE

HEE Y T A BTN 0030 1) O 0 BE Pl T 38 LA 1R 25 (Average
Displacement Error, ADE) } fix & i #% 1% 22 (Final Displace-
ment Error, FDE) #4734k .
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PR AR IR B 58 25 AR AW .

ApE=L$ LS

N pred =1 1
JUrt o O A SR L 4 ) e AR T Y 2 L 1
BB
FDE AR R 7R O 22 40 18 5 2419 1000 7 8 5 4 I A B 52

A 2 6] - 2 BOL BLAS B B iR 22 i AT .

pred

Gi—a) Qi — D2 s

FDE=-LY /(&

i Ni i
n i pred 71’;»(«1 )Z+(y’pred 7yrpre )’ (16)

d



338

Computer Science T MBI Vol. 48, No. 6A ., June 2021

S R, A

S WL B A
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4.5.1 #BEIRHSHALS
25 0 24 0 22 bR 8 T 8

{ELAE D9 A it 22 78 19 i A ,ﬁ%%/\ﬁ%iﬁ;@éﬁT#E AR

a3 ) 4 R TE B R — A U

/)r ed

P IO AR B M E LR T — )2 (R )2 2K
B2, fz)z?ﬁﬁ S 2, R S R E AR R S

AZ AR —AREOCR 34 sR O O B0 R g, B A

i AE S8 TV, i T3l 5 R E 1y A fk
A R, 7 2 o AR WO R LI AR R . W
UL B30 PR BCA sigmoid s tanh, ReLU, LeakyRe LU %
Tt%%%mﬁﬁﬂ?ﬁﬁ@ﬂﬂﬂﬁ’mTqié%ﬂ?ﬁi%%EEE@%Mo
AN TR) 18 U8 Ak 25 X L 2o A () 4 R Ak T Tk 5 AR AR I I 0 A
AT P45 A 2 S B 2 B0, % Wi k48 SGD,
Adagrad, RMSProp, Adam %,
R TR AR ATy 1 A G W O R, B E Ada-
grad & N DAL %% . 2> i sigmoid, tanh, ReL U, LeakyReLU

jJ

A58 RO RR B 2% 5 EOPH 48 IO 2% 1 1 J2 A 8 IR A M AR 4, 2 )2 YR % R 8, 4 ADE J FDE #4738 45 sk 1 fr3) .
1 OGRS IR
Table 1 Activation functions and errors

Activation Dataset 1 Dataset 2 Dataset 3 Dataset 4 Average
Function ADE FDE ADE FDE ADE FDE ADE FDE ADE FDE
sigmoid 0.595 1. 304 0.548 1.226 0.708 1.507 0.654 1.275 0.627 1.328
tanh 0.574 1. 288 0.524 1.077 0.610 1.452 0.552 1.212 0.565 1.257
RelLU 0.568 1.263 0.513 1.134 0.621 1. 409 0.533 1.172 0.559 1. 245
LeakyRelLU 0.547 1.241 0.493 1.001 0.592 1.382 0.511 1. 158 0.536 1.196

W3, 8 T 905 R 5 AR SO 05 3 i A W AR Ak s, 1 2 [
tanh 1E 2} 3435 o6 %%, 2 Wl SGD, Adagrad, RMSProp Lk &

Adam 7E M1k 2% . %F ADE } FDE #
IR

it s, a5 Rk 2

*2 ikt SiRE

Table 2 Optimizers and errors
Dataset 1 Dataset 2 Dataset 3 Dataset 4 Average

Optimizer
ADE FDE ADE FDE ADE FDE ADE FDE ADE FDE
SGD 0.591 1. 311 0.542 1.101 0.623 1.473 0.569 1.241 0.581 1.282
Adagrad 0.574 1.288 0.524 1.077 0.610 1.452 0.552 1.212 0.565 1.257
RMSProp 0.547 1. 246 0.492 1. 034 0.588 1.401 0.511 1. 160 0. 1.210
Adam 0.538 1.238 0.483 0.991 0.572 1.382 0.499 1.149 0.523 1.190

PR FE BT PR OGS AR TR S50 RS B A 5 e B, 43 0 % 4 A 8K
PEEMITE . HER 1 AL M L T sigmoid, tanh UL} Re-
LU 3% R AL, Leaky ReLU $0% sRECEE 4 A 50HE 4 1 ¥ HUAE
/N ADE{§F1 FDE fl., K, E# LeakyReLU &8 #1E K

ATy 0 B G BT PR
() B, € 5% A0 Ak i X A5 760 00 RS 32 %) 5 g B, 3 X 4 A
BAREMITTE B £ 2 7 A, BT SGD, Adagrad L &
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(a) Average displacement error— Dataset 1
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(¢) Average displacement error— Dataset 3
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wALRALES
4.5.2 R E 5

Yt i vp 72 485 250 WREAR, Bl epochs 5 #] 250 Z )5 »
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(b) Average displacement error— Dataset 2
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6 UiESE FDE ik

Fig. 6
NT S5AR T ITXT L, R Social LSTM 4 & Fll So-
cial GAN J7 5% A 52 55 iy SR FH B0HE 48 A7 0 1. &85
Ji .3 MRS B 3 T,
#3 3FMHFESHEE

Table 3 Parameter configurations of three methods

% ¥ S-LSTM S-GAN KF %
Num_epochs 400 400 400
Batch_size 64 64 64
Noise_type Gaussian Gaussian Gaussian
Noise_dim 16 16 16
Activation RelLU RelLU Leaky ReLU
Dropout 0 0 0
Optimizer Adagrad Adam Adam
Batch_norm True True True
Learning_rate 0.003 0.003 0.003
k — 20 20
Obs_len 8 8 8
Pred_len 12 12 12
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Table 4 Simulation results

# % A% S-LSTM S-GAN K&
ADE 1 0.967 0.593 0.507
ADE 2 0.998 0.614 0.452
ADE 3 1.032 0.582 0.541
ADE 4 1.074 0.538 0.463
AVG — 1.018 0.582 0.491
FDE 1 1.981 1.401 1.201
FDE 2 1.971 1.456 0. 959
FDE 3 1.947 1.256 1.349
FDE 4 2.093 1.191 1.115
AVG — 1.998 1.326 1.156
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Fig. 8 Interaction cases
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