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SPP-STGCN : Spatio-Temporal Graph Convolutional Network for Pedestrian Trajectory Prediction
with Scene-Perdestrian-Perdestrain Interactions

HONG Mingjun and JI Qingge

School of Computer Science and Engineering,Sun Yat-sen University, Guangzhou 510006, China

Abstract Pedestrian trajectory prediction is a fundamental and critical task in autonomous driving and intelligent surveillance
systems. The constraints of the scene are one of the important factors affecting pedestrian movement trajectories. Despite existing
research efforts to incorporate scene factors into trajectory prediction, these methods often fall short in integrating scene informa-
tion, particularly in terms of comprehensive scene fusion. To overcome these limitations, this study proposes a new pedestrian
trajectory prediction model,namely SPP-STGCN. The SPP-STGCN model adopts a two-stage architecture to enhance prediction
accuracy. In the first stage,the model integrates trajectory and scene data. Through the Scene Adjacency Fusion Block (SAFB),
the model fuses these two types of features to construct a spatio-temporal graph adjacency matrix that incorporates scene fea-
tures,thereby providing rich contextual information for prediction. Concurrently, the model operates in parallel along the temporal
and spatial dimensions,constructing pedestrian trajectory spatio-temporal graphs that describe temporal and spatial correlations
based on trajectory information. In the second stage,scene-graph convolutional networks extract features from the temporal and
spatial spatio-temporal graphs. The extracted features are then fused and processed through a temporal pyramid extrapolation
convolution to obtain the two-dimensional Gaussian distribution of the pedestrian’s future trajectory. Finally, SPP-STGCN uses
this distribution as a probabilistic model for predicting pedestrian trajectories, generating future trajectories through sampling.
Comparative experimental results on the ETH and UCY public datasets show that the SPP-STGCN model has achieved the cur-
rent state-of-the-art performance in comparison experiments with nine mainstream models. Ablation experiments and qualitative
analysis further confirm the effectiveness and rationality of the proposed model. The SPP-STGCN model significantly enhances
pedestrian trajectory prediction performance by effectively integrating scene features.

Keywords Pedestrian trajectory prediction,Scene-pedestrian-pedestrian interaction, Spatio-temporal graph convolution, Adjacen-

cy matrix generation, Attention mechanism
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SCHR Y ) AR ORI A S A S TAETE R AR L EAT AR
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AR HG 3 T PyTorch HE 4298 47 (4, F: 48 Nvidia
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epoch, fL i K/NH 64,25 3 R E K 0. 001,

B SEEE N T . 2L B EENPRIEZEN
K/NF 64, S Bi% B R 43 SAFB iy 1 X 1 5B R E K/
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IR o8 B LA S A W B R D 2, X RIE B Ty
PR T ARIEAT N Z 8] 4 28 B¢ 25 3 B8 iR A7 7= 4 O k.
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A SR 3 43 ] 2 o RO B 9. 706 RN 25. 1%,

e I R 2K 45 S DA IR A A AR R R 30T 43 A AR
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ETH f1 UCY L#FAT T mSC i, SEm &5 B an sk 1 fr g, K
ML SA BRI AR M M Al SAFB BUIR L SG FR R B E

 S-GCN Eidk ,RN £ /R 7E TEP 1 5] Aff) Rev-IN ik,
TR R 45 T R AE 5 B 2 LAY ADE/FDE,

F1 HMLERESR
Table 1 Ablation experiment results
SA SG RN ETH HOTEL UNIV ZARA1 ZARA2 AVG
0.74/0. 95 0.33/0. 42 0.42/0. 74 0.30/0. 46 0.26/0.45 0.41/0. 60
N 0.60/0.83 0.33/0.58 0.40/0.74 0.29/0.47 0.25/0.42 0.37/0.61
N N 0.58/0. 87 0.32/0.45 0.39/0.71 0.29/0. 46 0.25/0. 44 0.37/0.59
N NG NG 0.55/0.85 0.28/0.42 0.40/0. 74 0.28/0. 44 0.23/0. 40 0.35/0.57

A LU H . SAFB B8 TR M RE 4R FHER B T |k
BVE AU iz AR e, f K ETH #0445 19 ADE M 0. 74
27BN T 0. 60, 2 TFFIE BN T 18. 9%, W HH#F-¥ ADE $5 4%
0. 4T RIFET 0. 37 B FFHIKR T 9.6%.,

5 Scene-STGCN' Hh iy 3 Ll A B VR 2SR SCHR T
S-GON #ige , HAE AL M L R h Al & T Y st W &R . s
FEARSCRE AR p ) 2 ZERCR R B AE UNIV 4 4 L, ADE A
FDE 4358 T+ 7 2. 5% Ml 4%, Rev-IN & — /4~ #L 35 1L AY 5
B, H A AR A B AR R (AR TR RR A R — A R M 4R
FHEAIMERE . T LG B AL EFE ¥ ADE #1°F 3 FDE -
SEANERTET 5. 7Y 3.5% . (HIZBL AR UNIV %dli4E 3%
A2, TTREJE UNIV SR & 47 A% B i = F oAb J LA %K
WA I BARZ LT # 1L AT AME 8 T S BOZ 8R4 1
SRR A 4 A 25 R, DT (A A AR i B A LR T
W, BT . SAFB BB Ml SSGCN # 3 1 5| A B 52 g 42 T)
R 1) S B P E
4.4 TEESW

PR I 4% 382 3R Sk 540 2E 47 7™ 7 19 20 08 L X 2% 5 BOBOHE A

SPP-STGCN -5 H b 35 = P 59 45 (14 452 R4 30 47 % L, 245 3%+
[ 13 75 77 P 4% 19 Sophiet™ Fil STGAT 5 5 T & 5 FIM 4% 1Y
STAR™, Social STGCNE, SGCN', Causal-STGCNY™ ,
PTP-STGCN?, Scene-STGCNI?, STIGCNH?

Xt SC g 4 g 2 Bra . R E L A T H A 9 b
TE] I 25 A5 3, A S 07 1% (9 - B M R Ak B T B I Y dee p K -
AR SR ADE 48 b5 5 AR L AL AL STIGCN #5571 78
FDE 75 i , AR SCHE AL 8¢ STIGCN #2747 3. 4% . B AR R 44
Bl 4 HE BT L B R STIGCN, & UK %L 78 ETH, HO-
TEL.ZARAL Fl ZARA2 8958 EA — & M 75t 5 1+
L TR B AE ETH & . ADE #8478 F+ T 5. 2% . FDE
FARIETE T 11.5% . 78 UNIV $0dE 4 b3 A 3-8 R 45 5%
J PR AT R R 2 BOHE 4R 1 37 s AR R S Y IR, ELAT AN
K. FEXFGET, G5 HE R T A0S E /N T17
NZ I8 38 RS . 78 A LA B0l 55 il g &l 5
R0 Ll K, B8O 5 R 5T IZ SR 4R R R F)
TTHAEM. AR, A SCRIT NG SRS K
T 5 B — a2 B S8 P AT A 030 000 7 A B AR 0 1R L 4R AT A

FIBAS . AEX R ET 42 . A SO ETH Rl UCY Bl 46 Hok% B3 O AR AL (47 S g .
#* 2 ETH M UCY BddE L ioxy Lo se g 45 51
Table 2 Comparative experiment results on ETH and UCY datasets

methods ETH HOTEL UNIV ZARA1 ZARA2 AVG
Sophie 0.70/1.43 0.76/1.67 0.54/1. 24 0.30/0.65 0.38/0.78 0.54/1.15
STGAT 0.65/1.12 0.35/0.66 0.52/1.10 0.34/0.69 0.29/0.60 0.43/0.83
STAR 0.56/1.11 0.26/0.50 0.52/1.15 0.41/0.90 0.31/0.71 0.41/0.87
Social-STGCN 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 0.63/1.03 0.32/0.55 0.37/0.70 0.29/0.53 0.25/0.45 0.37/0.65
Causal-STGCN 0.64/1.00 0.38/0.45 0.49/0.81 0.34/0.53 0.32/0.49 0.43/0.66
PTP-STGCN 0.63/1.04 0.34/0.45 0.48/0.87 0.37/0.61 0.30/0.46 0.42/0.68
Scene-STGCN 0.58/0.77 0.38/0.57 0.40/0.73 0.29/0.47 0.26/0. 44 0.38/0.60
STIGCN 0.58/0.96 0.30/0. 44 0.38/0.67 0.28/0.47 0.23/0.42 0.35/0.59
SPP-STGCN(Ours) 0.55/0.85 0.28/0. 42 0.40/0.74 0.28/0. 44 0.23/0.40 0.35/0.57
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A% SPP-STGCN Ay MR GE kA7 2 A, B 7
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Fig.7 Comparison results of trajectory generated by SPP-

STGCN under different motion modes
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