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Adaptive Group Masked Graph Convolution Network for Pedestrian
Trajectory Prediction

CHEN Wangxing, SANG Haifeng', LIU Qing
(School of Information Science and Engineering, Shenyang University of Technology, Shenyang, Liaoning 110870, China)

Abstract: Pedestrian trajectory prediction is crucial for improving the decision-making capabilities of autonomous
vehicles and service robots, as well as mitigating potential future collision risks. However, due to the differences and com-
plexity of social interactions within and outside pedestrian groups, existing studies often fail to explicitly distinguish and in-
dependently model interactions within and outside groups. This leads to confusion of different types of interaction features
during model learning, making it difficult to accurately depict the real motion patterns of pedestrians in complex scenarios,
thus restricting further improvement in model prediction performance. Therefore, this paper proposes a pedestrian trajectory
prediction model based on an adaptive group masked graph convolution network (AGMGCN). By independently modeling
in-group and out-group interactions, the accuracy of model trajectory prediction is improved. The model first constructs a
social graph and processes it using a self-attention mechanism to obtain an attention matrix that initially represents the inter-
actions between pedestrians. Subsequently, a time-frequency domain convolution module is designed to further process the
attention matrix in both the time and frequency domains, generating a time-frequency interaction matrix to characterize the
spatial-temporal interactions of pedestrians, thus achieving a more accurate portrayal of complex dynamic interactions. To
effectively distinguish and independently model in-group and out-group interactions, an adaptive group masking module is
designed. This module adaptively determines a threshold based on the feature similarity between pedestrians and generates

in-group and out-group masking matrices through threshold processing, providing support for the subsequent independent
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modeling of in-group and out-group interactions. Building upon this foundation, the time-frequency interaction matrix is
combined with out-group and in-group masking matrices, and graph convolution is applied to respectively capture in-group
and out-group interaction features, thereby achieving independent modeling of pedestrian in-group and out-group interac-
tion relationships. Finally, a feature fusion module is designed to dynamically weight and fuse in-group and out-group inter-
action features and then temporal convolution networks are used to predict the future trajectory of pedestrians. Experimental
results on the ETH, UCY and SDD datasets demonstrate that, with only 23.9 K model parameters, the proposed method re-
duces the average displacement error by 12% and the final displacement error by 20% compared to DSTIGCN, validating

the advantages of the proposed method in terms of prediction accuracy and computational cost.
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Figure 2 Overall architecture diagram of the trajectory prediction model based on adaptive group masked graph convolution network
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Figure 3 Architecture of the adaptive group masking module
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Figure 4  Architecture of the time-frequency domain convolution module
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Table I Comparison of ADE/FDE metrics (in meters) for AGMGCN and existing methods on the ETH and UCY datasets
Ay ETH HOTEL UNIV ZARAI ZARA2 SEHME
Social GAN"! 2018 0.81/1.52 0.72/1.61 0.60/1.26 0.34/0.69 0.42/0.84 0.58/1.18
SR-LSTM' 2019 0.63/1.25 0.37/0.74 0.51/1.10 0.41/0.90 0.32/0.70 0.45/0.94
STGAT™ 2019 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" 2020 0.36/0.65 0.17/0.36 0.31/0.62 0.26/0.55 0.22/0.46 0.26/0.53
Social-STGCNN! 2020 0.64/1.11 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48 0.44/0.75
TF 2021 0.61/1.12 0.18/0.30 0.35/0.65 0.22/0.38 0.17/0.32 0.31/0.55
SGCN!' 2021 0.63/1.03 0.32/0.55 0.37/0.70 0.29/0.53 0.25/0.45 0.37/0.65
GCHGAT™ 2022 0.63/1.10 0.38/0.73 0.55/1.16 0.33/0.66 0.30/0.64 0.44/0.86
GroupNet™! 2022 0.46/0.73 0.15/0.25 0.26/0.49 0.21/0.39 0.17/0.33 0.25/0.44
RDGCN! 2023 0.58/0.94 0.30/0.45 0.35/0.65 0.28/0.48 0.25/0.44 0.35/0.59
IMGCN!'® 2024 0.61/0.82 0.31/0.45 0.37/0.67 0.29/0.51 0.24/0.42 0.36/0.57
WTGCN!™! 2024 0.60/0.95 0.25/0.37 0.36/0.65 0.27/0.46 0.23/0.39 0.34/0.56
DynGroupNet!! 2024 0.42/0.66 0.13/0.20 0.24/0.44 0.19/0.34 0.15/0.28 0.23/0.38
DSTIGCN!" 2025 0.43/0.70 0.22/0.41 0.25/0.45 0.20/0.37 0.17/0.32 0.25/0.45
AGMGCN — 0.41/0.63 0.16/0.26 0.22/0.40 0.17/0.30 0.13/0.23 0.22/0.36
TE (A BT, e HE LOHLIA s
%2 AGMGCN5EmBFHETE SDD H#E S L ADE/FDE $88R(AK A B fL)
Table 2 Comparison of ADE/FDE metrics (in meters) for AGMGCN and existing methods on the SDD datasets
STGAT!" DAG-Net®' SGCN!™! Social-Implicit™ WTGCN!" DSTIGCN!"! AGMGCN
ADE 0.58 0.53 0.46 0.47 0.43 0.37 0.31
FDE 1.11 1.04 0.75 0.89 0.72 0.61 0.52
TE A U, de HEA DO R
) AGMGCN RE % 73 5l 4l S A E A4 N 55 28 A 4 58 KBRS R3 ARIREEIRE SHAEIRR X H
Ei Mi 9[‘ ﬁ? IAHEE ﬂl"ﬂ , E Il ljj % E ;Q % % ':P ﬁ, }\?i /i\ 5 Table 3 Comparison of model parameters and inference
.5 H 5T GNN J7 % DSTIGCN 4 H, . AGMGCN time for different models
1€ ADE Fl FDE ¥4 5 b5 123 51 S BL T 16% Fl 15% #i L R BURZHUK | RS
TP e B T SR-LSTM'"® RNN 64.9 0.0708
SRS T HE B SRR R, A SCtERR SRR Sl CANT | RN 463 00551
SN ] L 5 BT T 7 T TR b, H S IR | Mranfomer | 330828 00532
RIPUR. RINIA I EO RIS | Tralomer oL DL
FRES T AT, HOP BN ) A 2 O g et | HONN = noLe
R » . RDGCN™ GNN 28.0 0.0025
iﬁ{‘a‘ m%3ﬂ§§u,$xi&%\tﬂ ) AGMGCN 7E A5 7 244 F—— . 10 C0i1e
AHE B[R] B A T X O s . 5 5T RNN 19 SR- e . o, 00023

LSTM #il Social GAN #l lt , AGMGCN 15 25 F H: 451l
YREE ) e MEREEE R B MR TRT
Transformer &) TF 1 STAR , AGMGCN K Wi [ A% 1 455 154
SRR I 45 T HEE R . 5 BT HGNN 1
GroupNet # [t , A SCH2 19 AGMGCN RE 9% LL 5 /b 1)
TR A SRR A B A RO L . kA, BT
GNN A RDGCN Il WTGCN #H [t , AGMGCN A X Bt 5
TREAL R TP fE R REA TE D AR A S ) S
PR HE R R, X L SRR REXT H A5 SRR B, AR SR
HB 8 T 9% B 08 E TR 52 4% R RS AR T Ik g 2 i) S
BN SR SRR T
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37 IV A TR PN S LR RN A A8 AR AR sl A7 T 2R
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B ek FH A i 0E— A AR Y 49 F1 5% 1) ADE Al FDE
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Table 4 Model component ablation experiments

ETH HOTEL UNIV ZARA1 ZARA2 SFH(H
w/o AGM 0.45/0.70 0.17/0.28 0.23/0.42 0.19/0.34 0.14/0.25 0.24/0.40
w/o TFC 0.45/0.69 0.17/0.28 0.23/0.42 0.19/0.33 0.14/0.24 0.24/0.39
w/o FFM 0.43/0.68 0.17/0.27 0.23/0.42 0.17/0.31 0.14/0.24 0.23/0.38
AGMGCN 0.41/0.63 0.16/0.26 0.22/0.40 0.17/0.30 0.13/0.23 0.22/0.36
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Table 5 Ablation study of the adaptive group masking module

ETH HOTEL UNIV ZARA1 ZARA2 M
wlo IM 0.43/0.70 0.17/0.27 0.22/0.40 0.18/0.33 0.13/0.24 0.23/0.39
w/o OM 0.42/0.64 0.17/0.27 0.23/0.42 0.18/0.30 0.13/0.24 0.23/0.37

w/o V 0.42/0.68 0.18/0.30 0.22/0.40 0.18/0.31 0.13/0.23 0.23/0.38
w/o P 0.42/0.68 0.17/0.27 0.23/0.41 0.17/0.30 0.13/0.23 0.22/0.38
AGMGCN 0.41/0.63 0.16/0.26 0.22/0.40 0.17/0.30 0.13/0.23 0.22/0.36
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Table 6  Ablation study of the time—frequency domain convolution module
ETH HOTEL UNIV ZARAL1 ZARA2 SEHIE
w/o TC 0.43/0.67 0.17/0.28 0.22/0.40 0.18/0.31 0.14/0.24 0.23/0.38
wlo FC 0.41/0.66 0.16/0.27 0.23/0.41 0.18/0.31 0.13/0.23 0.22/0.38
wlo AC 0.43/0.68 0.16/0.28 0.23/0.42 0.18/0.31 0.13/0.22 0.23/0.38
w/o 3DC 0.43/0.67 0.17/0.28 0.23/0.41 0.17/0.30 0.13/0.23 0.23/0.38
AGMGCN 0.41/0.63 0.16/0.26 0.22/0.40 0.17/0.30 0.13/0.23 0.22/0.36
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Figure 6 Trajectory prediction visualization using different methods
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Figure 7 Visualization of in-group and out-group masking matrices
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