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Pedestrian Trajectory Prediction Method Based on Graph Attention Interaction

LIU Hongjian, ZOU Danping and LI Ping

School of Electronics, Information and Electrical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China

Abstract Pedestrian trajectory prediction has made significant research progress in the fields of autonomous driving and intelli-
gent transportation. Due to the dual influence of individual and environmental factors, pedestrian trajectories exhibit uncertainty
and complexity. Accurately generating multimodal trajectories by leveraging the interactive features of trajectory data remains a
challenge. One of the primary challenges in this field is the accurate modeling of spatial temporal interactions among pedestrians.
To address the complexity of pedestrian spatial temporal interactions, this paper proposes a spatial temporal graph neural network
based on graph attention. The proposed method quantitatively represents the spatial interactions between pedestrians,focusing on
key interactions,and represents pedestrian trajectory information as a directed spatial temporal graph. The spatial position fea-
tures and interaction features are extracted using a graph attention mechanism, while the temporal features are obtained using a
self-attention mechanism. By integrating spatial temporal feature information, the model generates multimodal future trajectories
based on historical trajectory data and interaction information. Experiments conducted on the publicly available ETH-UCY data-
set demonstrate that the proposed method outperforms the baseline models,achieving improvements of 3.4 % and 2. 1% in ADE
and FDE, respectively. Additionally,the proposed model has a shorter inference time,ensuring real-time inference responses. Vi-
sualization results further indicate that the predicted pedestrian trajectories are plausible and socially acceptable, demonstrating
promising prospects for engineering applications.

Keywords Trajectory prediction,Spatial temporal graph,Graph neural networks, Graph attention, Spatial temporal interaction
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Fig. 1 Structure of the pedestrian trajectory prediction model

based on spatial GAT and temporal attention
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4.3 HEhIIG

ARATBEVE T — R AT il S 5 of 46 I I 46 1R Y A AT .
FE B S BT R R A T 38 PRI A AR R T 1A 32 TR
A 2T Social-STGCNNY, I £ B 7 I} i) 4 32 A4 1 &
T A8 A [ A B 1] 3 3 g 4 AT 313, e i se 0 o
430 2R FH 25 B B 18] 3 2 1AL (“w/o T-Atn™) | 25 B A5 i 4k
38 T A FH IR L L AS 8 52 0 9 OC 1] 38 B (“w/0 Directed
Edge”) JF 73 Bl L AR [F A B9 GAT . 78 ETH-UCY %t¥E %
U e R R R, LR R MK 1 i,

#1 1 ETH-UCY A FF ¥4 )il 55 5% ADE/FDE %5

Table 1 ADE/FDE results of ablation study on ETH-UCY dataset
(m)
ETH HOTEL UNIV ZARA1L ZARA2 AVG
w/o T-Attn 0.55/0. 89 0.28/0.50 0.28/0.48 0.22/0.40 0.20/0.39 0.306/0.532
w/o Directed Edge 0.54/0. 88 0.30/0.53 0.27/0. 44 0.20/0.35 0.19/0.29 0.300/0. 498
gat vl 0.47/0.78 0.25/0. 44 0.28/0.47 0.22/0.38 0.20/0.35 0.284/0. 484
gat v2 0.47/0.75 0.26/0.49 0.26/0.44 0.20/0. 36 0.19/0. 31 0.276/0.470

G5B AW 2 25 R I £ BE ) T R I A AR B AR
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IR LADA S I IR 4 B2 A9 3 5 0 AT L2 o) B AT N8 BE AT

HFGX —FRAE L I Rl B X — R AR R A R R B L R,
SEAT 1) AT N 8] 22 AR D B 65 o ifl ot 57 A2 ) 47 N =2 ) AT
BE 7 2B B4 22 22 HLT B, DA ) Wi HC A AT A2 B X A B AT R
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4.4 FEEXL
4.4.1 BEBEETL

e T — 6 5 S MR Y 5 1 R — B R 4 B T PR A 22 T 2%
BT A S S DL LB R BT 48 D7 S MR RE . 3R 2 e AT O
BT Bt Jr ik 5 H AL B AL FE ADE/FDE #8 #5 b /9 1 RE 45
BT U7 A SR RTAR AL 25 8 A iR ok 12 ity Uy AT
AR XS L A A = 7 Yk 2R T T B S A SRR AT
BRI AR 5 1R 45RO 9 A 14 U SRR AT A B

51t 275 ¥ ADE/FDE X [L45 51

Table 2 Comparison results of ADE/FDE with the previous methods

(m)

Model ETH HOTEL UNIV ZARA1 ZARA2 AVG
Social LSTMLS] 1.09/2. 35 0.79/1.76 0.67/1.40 0.47/1.00 0.56/1.17 0.72/1.54
Social GANL6J 0.87/1.62 0.67/1.37 0.76/1.52 0.35/0.68 0.42/0.84 0.61/1.21
Social-BIGAT * [22] 0.69/1.29 0.49/1.01 0.55/1.32 0.30/0. 62 0.36/0.75 0.48/1.00
PECNet[23] 0.54/0. 87 0.18/0. 24 0.35/0. 60 0.22/0.39 0.17/0.30 0.29/0. 48
Social-STGCNN * [7] 0.64/1.11 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48 0.44/0.75
SGCN # [10] 0.63/1.03 0.32/0.55 0.37/0.70 0.29/0.53 0.25/0.45 0.37/0.65
Social TAG *[11] 0.61/1.00 0.37/0.56 0.51/0.87 0.33/0.50 0.30/0.49 0.42/0. 68
DSTCNNE24] 0.53/1.08 0.19/0. 34 0.29/0.53 0.23/0.43 0.23/0.43 0.29/0.53
Our Method 0.47/0.75 0.26/0. 49 0.26/0. 44 0.20/0. 36 0.19/0. 31 0.28/0. 47

MK E T2 )7 16 ADE fl FDE #7588 7 o,
& T Social-STGCNNU!, Jif 38 J5 % 78 ADE E B % T
36. 4% 3% & i T H AR d 5 A 1 AT AR, B K RE S 2 T
S ERG 9 7 (0] 22 HRAE . AT SGCNT, T 48 5 ¥k 7E ADE
FERR I MERE LR T 24, 3% X SRR HOR A T M EEA 1)
B8 2ok R BRAT N Z I8 09 04 28 B, BB BT 4F 1 2% I 17 A
2 1R] 1458 T AN 0 B SE R . A T SGCNMYT, BT 48 5
P:AF FDE BYMERGE 3T T 27 %0, 31X 15 25 T A5 A 3G 7 1) )
A B2 A BOHE W] DUSR L TEORE 0 R R T m R, 5 — g
09 A AT A L, 9T 42 5 1 76 ADE Al FDE 48 45 LT AR,
AH HG T o B P B W B9 PECNet™ ), T #7148 ADE 4 B J7 i
27T 3.4% .76 FDE ¥EgE w27+ T 2. 1%,

4.4.2 AR Fe A SR D Ak

& 3 %t FT AR Uy vk HAL Y Ik A HE S A () A S B R AT T

.

23 A T7 U Y HE E I A A2 BRI L
Table 3 Inference time and parameter size comparison of each
method

Model Generator Inference Speed/s Parameters

Social GANLS] GAN 0.0968 4.63%x10*
PECNet! 23] VAE 0.4357 2.1x106
Social-STGCNNL7) TCN 0.0020 7.6X10°
SGCNEH! TCN 0.0042 2.53X10*
DSTCNNE24] TCN 0.0013 14,1103
Our Method TCN 0.0058 3.32X10*

ME AT LI B A R 3T TON A B 7 ik e 5
0 R A T 1) b B ARG, KR TR IR AR . X T
A T BE R AT 5 B IS B AR T LR A A, B
RS R0 A B B T 4 B 0 3 ML R s T R T R
ML e . EAROR B, BT 48 05 3 1 PECNet' ™ 76 i 5 o4 35 b
T LT A R R R S B /N R A B () Oy T O O
WS FL TR TS PECNed ™ ML T 98. 4%,

5 Social-GAN' J7 i M Hisi /0 T 28. 3% . i J&: IR 4 BT 42 5 3
A A B, BRI AR T — 2B B, 41 Social- STGC-
NNUUHT DSTCNNPY B $2 7 3 (1 2 BO8CiE R K B h B Ji)
FEEAEGGEE T EE CNN EL S5, SRS, T
J7 W A HE B P RO T R /N 2Z (RSB T — 2 1P A
4.5 TEMSHF

PR P 5 S e TIEA A R R (M — 8 b . SE A AR Y
FE ST o 38 H A BT b DA A R A S B L B RE S A R
BRI AL . B 2 JBOR T LA AR ST AT Al 4
A1 R X000 1 5k 2 43 P i 2 3, oA ol B S Jph s P S0 4k
™) o R AR R 2 B B0 1 O vk R A UL 1Y A% 2 A
it (Kernel Density Estimation, KDE) & , Bl & # R £ 8 17 AR
A H R T R S B sl B AN &, B T SR AR A 5 8 B
FE P 20 B 04 W b 0 10E T 36 Social-STGCNNE il SGCNHY 3k
P77 X B, 3 W R O ik 2 DL PR 45 0 R R AT B B . R
NGFRR TN AT ERN RO, RN G50h, P4
T NIFHEE 88 A e h R AT AT R B s, T LA
WLEEE] T 7 vkl A IS R AT A I C R RAR T
TG AT AR S, kR B O g ST A 1 BT DL L R £
AR ZE . NTEAT A9 5 W 3 45 & B B . e P
Y5 R T AT AR AT 2 0 B . AR % I, A5 A N 2 151 U
WA AT NERAEX . REE =G5 h i A& T4
T AR TN 0 A e 030 34 6 ) T 3k T ) O, i 42 D7 vk AR 4 b
ST X — LU T AR, ML TR
PIAAT NSHAH R 5 w47 7 o 9T 48 O 12 S SO % oy b 3503000 17
BEAAT N2 S B, 78 BE A IF HEAT AE 19 AR 3R Sk B30 T
77 I T — 30, R T A 0 MR P L Ot R R R AR T IR RE S
iRt WA 1 R 1 Bl M G = e i T sl D d - S U B
ST A RMETR PP . R T R 5 vk BE 6 AR R 7 s B3 B
PUT N MATE S AU TR B 2 S BRI — 2 AR %
Al 0% 38 N X — 55,
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Fig. 2 Qualitative analysis of our method
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Fig. 3 Visualization of the interaction after spatial attention

processing
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