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Multi-modal vehicle trajectory prediction based on hierarchical
feature fusion and endpoint induction

Chen Xiyuan,Nie Shuhan,Liu Weiyan, Jing Weiming

(School of Instrument Science and Engineerning , Southeast University, Nanjing 210096, China)

Abstract : Multi-modal vehicle trajectory prediction, as a bridge between perception and decision planning, plays an important role in
autonomous driving systems. Aiming at the problems of insufficient feature fusion and difficulty in balancing the prediction accuracy and
efficiency of existing methods, a vehicle multimodal trajectory prediction model based on Hierarchical Feature Fusion and End-point
Induction (HFF-EI) is proposed. Firstly, One-dimensional residual convolution and a feature pyramid network ( FPN) are used to
encode the vehicle historical trajectory information, thereby fully extracting the relevant features. Then a hierarchical feature fusion
structure is constructed, and local feature fusion is carried out for the vehicle and the map, followed by global feature fusion, achieving
efficient and comprehensive fusion of scene features across all elements. Secondly, a multi-layer perceptron ( MLP) based on the
dynamic weight model is introduced for trajectory endpoint prediction, enhancing the adaptive ability of the model under different traffic
scenes. Finally, an endpoint refinement module based on endpoint information interaction is proposed, which uses the attention
mechanism to interact trajectory information in a longer spatial and temporal ranges. Ablation and comparative experiments were
conducted on the public dataset Argoversel. Results of the ablation experiments show that the three modules of the HFF-EI model
effectively improve the performance of trajectory prediction, and reduce the minimum average displacement error, minimum final
displacement error, loss rate and minimum final displacement error with penalty by 8.87%, 13.52%, 31.07%, and 8.93%,
respectively. On the test set, the minimum final displacement error is 1. 134 m, the minimum final displacement error with penalty term

is 1. 773 m and the inference time is 10. 22 ms, which proves the effectiveness of the proposed model by its comprehensive performance
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advantages compared with the 10 benchmark models.

Keywords : trajectory prediction; attention mechanism; endpoint prediction; feature fusion
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Fig. 1 Overall framework of the model
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Fig.2  Vehicle track encoder
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Fig. 8 Loss variation curve
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Table 1 Ablation experiments on the argoversel

prediction dataset ( validation set)

JE AJR 25 %5 minADEg/ minFDE,/ MR/ b-minFDE,/

A ma i 4nfk m m % m
x  x X X 0. 706 1.043  10.3  1.680
vV ox x 0. 685 0. 996 9.0  1.613
x x vV VvV 0665 0.952 8.0 1. 566
A2 VAR VAR 0. 654 0.937 7.6 1.557
x V. VvV VvV 0651 0.942 7.5 1.544
2 VoV 0.658 0. 947 7.7 1. 556
VoV VoV 0644 0. 902 7.1 1.530
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fERRG 2 AN g 404k 3 MUY AR T T £
RS T Y P B, 4045 43 2 e A Rl B e v 11 Jy 7
FRAE LA A4 R E RS

S JZFEAE Fl A B H B P BE AR T K, 7R R R
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FROERG L RE HE— 25 5 H A S50 () HE A 7, 78 5 2Rk %
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Table 2 Comparative experiments on the argoversel

prediction dataset ( test set)

#*3 SHEMNHEIERES b-minFDE, KX &
Table 3 Relationship between b-minFDE; and the number

of parameters and inference time

LT minADE;/m minFDE,/m  MR¢/%  b-minFDE/m LT b-minFDE SHECE/M HEFRR ]/ ms
HivT!" 0.774 1. 169 12.7 1.842 HivT!" 1.842 2.5 64. 45
DenseTNT! 2! 0. 882 1.282 12.6 1.976 DenseTNT! '] 1.976 1.1 444. 66
mmTrans| ™ 0. 844 1.338 15.4 2.033 mmTrans' "’ 2.033 2.6 7. 66

ADAPT!1S) 0. 786 1. 169 12.2 1.796 SIMPL ' 1.809 1.8 -

SIMPL 2/ 0.793 1.179 12.3 1. 809 LaneGCN > 2.054 3.7 38.37
LaneGCN'Z! 0.870 1.362 16.2 2.054 SceneTrans ' ** 1. 887 15.3 -
THOMAS'®!  0.942 1.439 10.4 1.974 HEF-EL 1. 79 2.0 10.22

TPCN!?! 0. 815 1.244 13.3 1.929

GANet!?”! 0. 806 1. 160 11.8 1.790 L8 HZAE b-minFDE, LREMRT 9. 219% , 4215 1 413k Bl
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Fig. 13 Visualisation of scene 10031
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Table 4 Evaluation metrics for scene 10031 ablation
experiments

ik 4) 2N 25 minADE,/ minFDE;/ MR,/ b-minFDE//
Bl B W gifk m m % m

X X X X 0. 890 1.452 0.0 2.094

VoV ox o x 1.082 1.075 0.0 1.523
x x VvV vV 0703 1.023 0.0 1.617
AYZR VAR VAR 0.753 1.012 0.0 1.538
x V. VvV VvV 0683 1.015 0.0 1.351
vVox VoV 0,695 1.020 0.0 1. 446
VoV vV Vo 0.436 0.339 0.0 0. 789

F5 10219 FHEHBSIIENIER
Table 5 Evaluation metrics for scene 10219 ablation
experiments

8 AJR 25 %5 minADE,/ minFDE,/ MR/ b-minFDE¢/

G mbG B 4ndk m m % m
x  x X X 0. 854 2.825 100.0  3.571
vV ox x 0.775 2.281  100.0  3.133
x x VvV VvV 1550 1.957 0.0 2.374
A2 VAR VAR 1.658 1.653 0.0 2.363
x V. VvV VvV 138 1.678 0.0 2.129
Voox o VooV L4 1.790 0.0 2.334
vovoVvVovV 075 1.249 0.0 1.814
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Table 6 Evaluation metrics for scene 10220 ablation

experiments

JRE )R &S 25 minADEg/ minFDE;/ MR¢/ b-minFDEg/
A EG T 4ndk m m % m

X X X X 1.591 3.833  100.0 4.313

AV VAR x 0.677 1.913 0.0  2.394

x x VvV VvV 0473 0. 962 0.0 1.872
A2 VAR VAR 1. 069 2,726  100.0  3.476
x V. VvV VvV 0338 0. 878 0.0 1.332
vVoox VoV 0452 0.922 0.0 1.545
vV VvVo VvV 0.053 0. 084 0.0 0.771
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Fig. 16  Visualisation of failure scenarios
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Table 7 Evaluation metrics for failure scenarios

%45 %% minADE,/m minFDE,/m MRy/%  b-minFDE,/m
1002 1.647 1.573 0.0 2.150
10014 0.677 1.913 0.0 2.394
10019 0.941 0. 889 0.0 1.569
10080 1.355 2.613  100.0 3.160
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