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Abstract: In modern automotive industries, accurate simulation of vehicle dynamic behavior is crucial for
product design and performance optimization. However, with the increasing complexity of vehicles, ensuring
the accuracy and reliability of simulation models has become an urgent issue to address. Currently, the
verification of automotive simulation models primarily focuses on establishing reasonable verification metrics
and validating model effectiveness through data consistency checks. Despite these efforts, existing
verification methods still face limitations when dealing with high-dimensional complex systems, especially in
handling uncertain and variable data sources. This paper proposes a method for the generalization of
automotive active and passive simulation models based on Physics-Informed Neural Networks (PINNs). By
constructing a secondary network to learn the implicit physical relationships between inputs and outputs
under independent collision scenarios, this network is embedded into the primary network used for predicting
experimental data under AEB+crash (Automatic Emergency Braking and crash) scenarios. The secondary
network is utilized to refine the predictions of the primary network, thereby achieving accurate predictions of
AEB+crash experimental data. Experimental results demonstrate that this method exhibits superior predictive
accuracy and effectiveness, significantly enhancing the accuracy and reliability of the models. The approach
utilizing PINNs not only addresses situations with scarce data but also leverages known physical laws to
enhance the generalization capabilities of models, providing a new perspective for addressing the verification
and generalization challenges of automotive simulation models.

Keywords: Active and passive safety; Model validation, Model generalization; Physics-informed neural
networks
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Figure 1. Schematic Diagram of Test Setup
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Figure 2. Frontal Impact Simulation Model of Occupant
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Figure 3. Three Degrees of Freedom of the Occupant
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Figure 4. Model generalization process based on physical neural network
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Figure 5. Comparison curve between test and simulation under collision conditions
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Table 1. EEARTH score under collision conditions

3 LEHET R T EEARTH ¥E5

Wi 7 AL R ZE VP4 WEE VR 2 VP53 TEARRZ W0 EEARTH ¥4
JR 71 95.02% 92.19% 65.21% 84.14%
[ 73 95.02% 90.68% 64.01% 83.24%
Sk BN 94.03% 91.09% 82.69% 89.60%
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MAA4E b, B RMSE N 0.0785, R*N 0.8951, fion i R UFHTiimlae Az bRe /1. AEB+crash HRL s
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Figure 6. Prediction accuracy of the model
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Figure 7. Prediction results of physical neural network
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Table 2. Comprehensive EEARTH score for testing and simulation under AEB+crash conditions

% 2. AEB+crash TR AR S{58 EEARTH £&&1F5

LIvA= ML IR ZE VP57 MR B R 22 VP43 TEAR R ZE VIS EEARTH ¥4}
JA 1 89.58% 95.15% 71.92% 85.55%
[T 71 89.58% 95.12% 78.94% 87.88%
Sk A I 89.58% 94.32% 65.99% 83.30%
A4 89.58% 68.49% 75.57% 76.51%
JI69 3 40 82.59% 98.09% 71.86% 85.70%
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Table 3. EEARTH comprehensive score for prediction and simulation under AEB+crash conditions
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Figure 8. Comparison of predicted and actual scores of collision response under AEB action
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