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Vehicle Behavior Prediction Based on GAT and Transformers
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Abstract ; Vehicle behavior prediction can assist autonomous driving systems in making decisions, thereby enhancing the safety and ef-
ficiency of autonomous driving. However,in different road scenarios,dynamic changes among surrounding traffic participants,such as
cars, bicycles, and pedestrians, can lead to significant errors in predicting vehicle position information. This may prevent autonomous
vehicles from taking timely evasive or emergency braking actions. This paper aims to construct dynamic spatiotemporal graphs of inter-
actions among traffic participants for structured and unstructured road scenarios. It utilizes deep learning techniques to design a GAN
model based on GAT ( Graph Attention Network ) and Transformer for vehicle behavior prediction. GAT is employed to learn the corre-
lations and interaction patterns among different participants, while Transformer is used to extract temporal features of traffic partici-
pants’ motion states. Simulation experiments are conducted on the NGSIM and ApolloScape datasets. The results demonstrate that our
model] exhibits higher accuracy in long-term predictions while maintaining a more lightweight profile.
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Fig.1 Framework for predicting target vehicle behavior based on GAT and Transformers
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Fig.3 Interactive impact in structured roads
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Table 1 Main hyperparameter settings of generator

Z ¥ SNV ERE
GAT P& 2 1 in_channels =5, out_channels =5 , heads =8
GAT P42 2 in_channels =40 , out_channels = 16 ,heads =8
BOE R ReLU()
Transformer P48 2 Q_K_V_size =32,heads =8, Z¥ =2

x2 HAFSTEESHERE
Table 2 Main hyperparameter settings of discriminator
Z ¥ BNV EE
Transformer P48 2 Q_K_V_size =32 ,heads =8, Z¥ =2
FE R LeakReLU( ) , Sigmoid( )
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Table 3 Hyperparameter setting for model training

Z2 & SNV RE
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ke Adam
IR 0.001
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Table 4 MAE and RMSE of each model in the
ApolloScape dataset

TRt AR DGlInet VectorNet GRIP

/% (MAE/RMSE) ( MAE/RMSE ) (MAE/RMSE) ( MAE/RMSE)
1 0.107/0.119 0.113/0.124 0.143/0.178 0.188/0.216
2 0.122/0.141 0.144/0.162 0.185/0.226 0.248/0.261
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Table 5 MAE and RMSE of each model in the NGSIM dataset

TRt AR DGlInet VectorNet GRIP

/% (MAE/RMSE) ( MAE/RMSE ) (MAE/RMSE) ( MAE/RMSE)
1 0.088/0.104 0.095/0.109 0.102/0.112 0.134/0. 145
2 0.137/0.148 0.159/0.196 0.185/0.261 0.229/0.312
3 0.254/0.261 0.293/0.304 0.287/0.296 0.343/0.371
4 0.296/0.307 0.334/0.342 0.374/0.387 0.422/0.431
5 0.325/0.336 0.376/0.398 0.439/0.451 0.489/0.513
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Fig. 10 Time cost of completing test set prediction in
the time domain of 1 to 5 seconds in NGSIM
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Fig.11 Time cost of completing test set prediction in
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MAE considering the interaction effects of adjacent
vehicles in different ranges
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Fig.13 RMSE considering the interaction effects of adjacent
vehicles within different ranges
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Fig.14 MAE and RMSE considering the interaction effects of
other types of participants within different ranges
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Fig. 15 MAE and RMSE considering the impact of vehicle
interaction within different ranges
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Fig. 16 Attention weights of source and adjacent nodes in NGSIM
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Fig. 17 Influence weights of historical information on predictive information in different prediction time domains
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Fig.20 Comparison between predicted location information

and actual location information
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