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Abstract

In order to maintain pedestrian safety in vehicle collisions and enhance collision safety,
this paper proposes a rapid prediction method of head injuries for pedestrian protection
based on deep learning, which could be used to design and optimize pedestrian protection
performance during the vehicle design stage. However, traditional finite element simula-
tion methods involve a large computational effort and long calculation time, and multiple
computations are required to obtain the corresponding pedestrian head injury results for
engine hood structural optimization. Therefore, to accelerate the design process and save
time costs, this paper proposes a deep learning-based method for the rapid prediction of
pedestrian head injuries. Compared with traditional finite element simulation techniques,
this method will greatly improve the efficiency of obtaining head injury results, and its
core lies in establishing a prediction model for pedestrian head injury results. The sample
data for establishing the prediction model is defined initially, in which the head injury
criterion (HIC) and vehicle structure serve as the output and input of the prediction model,
respectively. The voxelization method is used to digitally express the car body structure.
Convolutional neural networks (CNNSs) such as ResNet50, MobileNet, SqueezeNet, and
ShuffleNet are used to train the model. After adjusting the dataset and model hyperpa-
rameters, the prediction model with the smallest error is obtained. The cross-validation
method was used to verify the robustness and generalization ability of the model. The
average error rate of the obtained prediction model for predicting head injuries was 14.28%,
which proved the accuracy and applicability of the prediction model.

Keywords: pedestrian protection; CNN; injury prediction; deep learning

1. Introduction

To enhance safety performance in pedestrian protection, the European Union took a
groundbreaking step in 2003 by implementing regulations specifically addressing pedes-
trian protection. Moreover, the concept of star-rated vehicles was proposed for the first
time in 2009 [1]. Following this lead, countries such as Japan and Australia, among others,
have developed their own regulations on pedestrian protection, and pedestrian safety is
regarded as one of the important standards for vehicle safety. Figure 1 illustrates the impact
points of a pedestrian head impact test alongside relevant regulations.
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Figure 1. Division of impact points in pedestrian head impact tests.

Due to regulatory requirements for pedestrian protection, relevant performance must
be considered during the vehicle design stage. During the pedestrian protection tests, a
large number of impact points need to be verified according to the relevant regulations,
which consumes a lot of costs and delays the improvement design process. In recent years,
the widespread application of finite element simulations in the automotive field has greatly
reduced the consumption of manpower and cost caused by actual vehicle testing. However,
finite element simulation requires a lot of time to calculate. Especially in pedestrian head
protection verification, efficient verification of a large number of impact points is still a
problem that needs to be solved.

In order to reduce the cost of pedestrian head verification, researchers have conducted
continuous research. Y. Pei et al. [2] used mathematical and theoretical methods and es-
tablished six representative acceleration pulse and function models based on pedestrian
protection tests, which simplified the head injury standard into function coefficients. Wim-
mer P et al. [3] developed a surrogate model for rapid calculation of pedestrian head
injuries by considering specific local characteristics such as vehicle geometry and stiff-
ness, as well as external parameters of pedestrian impact such as location and velocity.
Lee Y et al. [4] used the experimental design method when designing engine covers and
pedestrian airbags and could quickly obtain the head injury value corresponding to each
variable combination by interpolating and regression fitting the design variables. Tianci
Zhang et al. [5] rapidly predicted the corresponding head injury values through the specific
structural variable parameters of the engine hood.

With the development of machine learning theory, its application domains have rapidly
expanded [6-8]. In recent years, many studies have applied machine learning to various
relevant fields [9-11]. For example, Guanyu Sun [12] used machine learning methods to
predict the stiffness distribution of aircraft thin-walled structures. Yang L et al. [13] used
neural networks to predict the energy absorption and average collision force of thin-walled
beams and analyzed and optimized the structural crashworthiness of super-hexagonal
aluminum honeycomb. Baykasoglu A et al. [14] established an artificial neural network
model to predict the peak collision force and specific energy of circular tubes with gradient
thickness and used genetic algorithms to perform multi-objective optimization. Machine
learning methods have been widely used in the field of structural engineering. Compared
with traditional prediction methods, machine learning methods have a higher accuracy
and wider scope of use.

This paper proposes a deep learning-based method for rapidly predicting pedestrian
head injuries, the core of which is to establish a prediction model for the pedestrian head
protection performance of vehicles. Since pedestrian injury severity is often quantified by
the head injury criterion (HIC), this study builds a pedestrian head protection performance
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prediction model by predicting the HIC values of multiple vehicles. Compared with using
specific structural parameters as input, the proposed model fully utilizes the complete
three-dimensional structural information of the vehicle body as the input, enabling rapid
evaluation of HIC values and making it applicable to a wider range of vehicle structures.
Furthermore, with the support of the model’s rapid performance prediction capability,
the optimization and iterative design process of engine hood inner panel structures based
on pedestrian injury performance can be significantly accelerated, thereby effectively
improving design and computational efficiency during the early vehicle development stage.

The remaining sections of this paper are organized as follows: Section 2 introduces
the overall method in this paper. Section 3 proposes the sample acquisition and structural
characterization methods. Section 4 establishes the head injury prediction model. Finally,
the last section is a summary of the full paper.

2. Methodology

In order to quickly obtain the pedestrian head protection performance of automobiles
and save the time and cost involved in the simulation calculations using finite element
methods during the design and optimization phases, a method for rapid prediction of
pedestrian head protection performance based on deep learning is proposed in this paper.
Figure 2 illustrates the specific framework of this method, which consists of four main
components (i.e., finite element model construction, acquisition and characterization of
sample data, prediction model construction, and comparison and analysis). The steps of
the method are described below.

Step1. Finite element model construction Step3. Prediction model construction
Vehicle finite element model | / [=——— \
LDatasetJ'
i == Step4. Comparison and analysis
l impactor ~i) P p y
[ I ohet |
o e ee || | I— --|----+ Data | Label | -

| Head injury criteria—HIC | piE2 sty Datasets of different
l specifications

Step2. Acquisition and characterization | Training set | | Test set | Comparison and

of sample data analysis of results

Vehicle information around | geeploarnnojmote! |

the impact point Train
Prediction model

Optimal result

l Voxelize

Samples of deep learning j K /

Figure 2. Research framework.

Step 1: Based on the full-vehicle finite element model and the pedestrian head impact
conditions specified by C-NCAP, the simulation results are obtained, and the corresponding
HIC value is calculated according to the standard HIC formula defined in the regulations.

Step 2: Vehicle information around the head collision points is extracted and digitally
expressed using voxelization.

Step 3: The HIC values obtained in Step 1, together with the voxelized local vehicle
structural information corresponding to each impact point obtained in Step 2, are combined
to form the dataset. The dataset is then preprocessed and divided into a training set and a
test set. Using the training set and an appropriate deep learning model, a prediction model
for obtaining HIC is constructed, and the performance of the model is validated using the
test set.

Step 4: Considering the impact of the voxelization parameters in Step 2 on the final
prediction performance, datasets of different specifications are generated according to
different parameter combinations. For each specification, the training and evaluation
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process of Step 3 is repeated, and the model performance metrics on a unified test set
are compared. Finally, the data specification with the optimal accuracy and efficiency
is selected.

3. Sample Acquisition and Structural Characterization
3.1. Response Data Acquisition Based on Finite Element Method

In establishing the prediction model for pedestrian head injuries, this paper utilizes
collision points on the engine hood as sample data. A child head impactor is used for
injury simulation in the finite element model to meet C-NCAP requirements, as shown in
Figure 3.

= /— End Plate

Accelerometer

Sphere
Skin

Figure 3. Finite element model of a child’s head.

During the establishment of the simulation conditions for head collision, according to
relevant regulations, the centerline of the head model should pass through the target point
of impact, the collision angle of the head model should form a 50° angle with the ground
reference plane, and the velocity should be 40 km/h. In the simulation, the initial position
of the head is fixed at an appropriate location, the entire collision simulation time is set to
0.06 s, and the head is given an initial velocity of 40 km/h and makes contact with the front
hood position. Gravity is applied throughout the simulation, with gravity acceleration
set to 10 m/s?>. When creating control cards, the time step is set to 5 x 10~7 s. The final
simulation model is depicted in Figure 4, followed by the simulation computation.

Figure 4. Finite element model establishment for head collision scenario.

The simulation computations are conducted using LS-DYNA (R11.1) simulation soft-
ware [15], which primarily employs explicit solving methods and is utilized in various
fields such as nonlinear dynamic analysis. In terms of computational hardware, an Intel
i9-14900K CPU is utilized for the simulation process.

During the construction of the finite element model, sensors are embedded in the child
head model to output the acceleration—-time response of the sensors as the response result
of the head collision process. The head injury criterion (HIC) value is used to evaluate
pedestrian head injuries caused by vehicle collisions, assessing the severity of head injuries
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during the collision process. The calculation of the HIC follows the standard formula
specified by C-NCAP, which is defined as follows:

1 tr g 2.5
HIC15 = max (tz - tl) |:t2 — tl/t §dt:| (1)
1

where a represents the acceleration response value of the head during the collision process;

g denotes the gravitational acceleration; and t; and t, represent two moments during the
collision process, with the maximum time interval not exceeding 15 ms. This means that
within a time interval ¢; to f; no greater than 15 ms, the maximum value of the HIC formula
is obtained for that specific time interval.

3.2. Extraction and Representation of Structural Data

After acquiring the sample data, the next step is to determine the input format for
the prediction model. Vehicle structural data needs to be transformed into a format that
the model can recognize and accept as input for integration with deep learning models.
Considering the complexity of three-dimensional structures, their information cannot
be adequately expressed using simple parameters. Therefore, it is necessary to perform
uniform structural transformation and representation of vehicle structural data.

When extracting structural data, the extracted content is structural information around
the collision point. In order to ensure that each collision point can have complete structural
information corresponding to it, this article defines the method of extracting structural
information from each collision point as follows: taking the collision point as the bench-
mark and extracting it from the entire vehicle structure. Figure 5 shows the structure
extraction process.

Figure 5. Schematic diagram of structural extraction corresponding to collision points.

For each collision point, all structures within a square range of size L centered around
it are considered as representative structural information for this collision point. This
representation method not only distinguishes the structures of all collision points but also
ensures the complete recording of the structures in this area, preserving all potential factors
that affect the head injury results. After determining the form of structural extraction,
further characterization of the structural information will be conducted.

Voxelization is an important concept in computer graphics, which not only includes
surface information of voxelized objects but also expresses internal attributes of models.
Considering the characteristics of voxel structures, this paper adopts voxelization [15,16] to
digitize the structural information of the vehicle finite element model. The basic principle
is to transform the structures surrounding the collision points into a three-dimensional
discrete space Ny x Ny X N; based on a three-dimensional Cartesian coordinate system.
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The size of the three-dimensional discrete space corresponds to the specified extraction
range in each direction, achieving an envelope of structural data. The definition of the

discrete space is as follows:
L

Nyyz = P Nyy. € N+ (2)
where L represents the range value for structural extraction and r represents the resolution
of the structural voxels. A larger r results in higher spatial discretization, leading to a
more detailed representation of the structure; conversely, a smaller r leads to lower spatial
discretization and a coarser representation of the structure.

For the extracted finite element structure information, the coordinate information of
all its nodes is defined as point set P, then each voxel in the discrete space is expressed by
the index v(m, 1, n), and the index is defined as:

1 ( P(n)x - mein

m= (Ny — , m € N+ 3
(N meax_pxmin) )
Py — Pymi
= (N, — M)/ le N+ 4)
Pymax_Pym'm
Pz — Pomi
n=(Ns—1)(20Wz T30y e Ny G)

Pymax — Pzmin

where Pyyin, Pymin and Py, represent the minimum values in the x, y, and z directions,
respectively, of point set P and Pxyuax, Pymax and Pyyax represent the maximum values in
the x, y and z directions, respectively, of point set P using the indexing method. The voxels
occupied by the nodes receive a value of 1, while the voxels not occupied have a value of 0.
This method defines the structural information surrounding the collision points. Figure 6
illustrates the voxelization results of the structural information surrounding the collision
points at different resolutions.

Finite element structure Voxel structure

L =200 mm =5 mm =10 mm r=20 mm

Figure 6. Comparison of voxelization results of finite element structures at different resolutions.

4. Establishing the Pedestrian Head Injury Prediction Model
4.1. Defining the Prediction Model Dataset

In the initial stage of establishing the prediction model, it is necessary to define the
format of the dataset to select appropriate machine learning models for training. When
extracting and voxelizing structures, the primary parameters include voxel resolution r and
structural extraction range L. Considering the integrity of structural representation and the
structures that may affect the head impact location, as shown in Figure 6, when r = 5 mm,
the structural representation is more complete. Therefore, the input specifications of the
dataset are preliminarily defined as shown in Table 1.
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Table 1. Dataset specifications.

Range L/mm Ny x Ny X N
Resolution r/mm 5
200 40 x 40 x 40

In related studies [17,18], it has been shown that the main factor affecting head collision
injuries is the engine hood assembly. To highlight its weight in model prediction, additional
dataset definitions are made. The outer and inner structures of the engine hood are
separately extracted and designated as the second and third channels, respectively. To
maintain consistency with the previous data format, zero matrices are added in the second
and third channels. The input form of the dataset is shown in Table 2.

Table 2. Dataset format.

Channel
Dataset Format
1 2 3

I Structur.al Zero Zero

Information N. x No x No x 3

Structural Outer Panel Inner Panel x X Ny XNz X
II . . .

Information Information Information

4.2. Construction and Training of 3D Convolutional Neural Network Models

Based on the characteristics of the data, this paper employs convolutional neural
networks (CNNSs) to establish the prediction model. To enhance the predictive performance
of the model and accelerate the learning process, transfer learning is used to build the
model. The basic idea of transfer learning is to improve the learning performance of another
related task by transferring knowledge learned from one task. It can improve the training
efficiency and generalization ability of the model and is widely used in deep learning [19].
In this process, ResNet50, MobileNet, SqueezeNet, and ShuffleNet convolutional neural
network models are selected and modified into corresponding 3D convolutional neural
networks (3D CNNSs). Subsequently, training is conducted on the four convolutional neural
network models mentioned above, and their performances are compared.

Before training the 3D CNN models, it is necessary to determine the hyperparameters
for model training. Since the training methods and types of hyperparameters are the same,
only the model structures differ. The hyperparameters for model training are unified to

ensure consistency in performance comparison. The specific hyperparameters are shown
in Table 3.

Table 3. Model hyperparameter settings.

Number of . . Optimization
Design variables Iterations Learning Rate  Batch Size Algorithm
500 0.01 16 Adam [20]

This paper uses data from 37 vehicles to construct the dataset for the prediction model,
in which a total of 2828 sample points from 33 vehicles are used as the training set and
a total of 512 sample points from the remaining 4 vehicles are used as the validation set.
During the training phase, mean squared error is employed as the loss function. After the
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model training concludes, a uniform evaluation method is applied. The evaluation metric
is defined by the following formula:

N ly—y
Error = Z\litX; L‘ x 100% (6)
i=
1Y, -
MAE = ﬁl;’y =i 7)
1M ~\2
RMSE = ﬁi;(y - y) (8)

where N! represents the number of samples in the test set and y and 7 represent the true
values and predicted values, respectively. The model’s performance is evaluated based on
the above formula. The loss graph during the model training process is depicted in Figure 7.

After training, the model’s performance is evaluated using sample data from the
testing set. Figure 8 illustrates the prediction results of different models.

Based on the training results, among the four constructed prediction models, Figure 8
shows that the prediction curves of ResNet50 and SqueezeNet are obviously closer to the
true values compared with ShuffleNet and MobileNet. At the same time, in terms of error
values, as shown in Table 4, ResNet50 has the smallest error on both types of datasets and
exhibits a lower average error on Dataset II. Therefore, Dataset II and ResNet50 are selected
as the focus for further optimization and adjustment in this study.

Table 4. Training results of various 3DCNN models for Dataset I.

Dataset I Dataset I1
Model
MAE RMSE Error MAE RMSE Error
ResNet50 166.19 252.30 17.7% 140.62 217.63 15.5%

SqueezeNet 196.74 304.86 22.6% 145.18 213.42 16.4%
ShuffleNet 427.04 537.81 52.9% 242.58 319.26 29.1%
MobileNet 600.39 739.43 75.7% 464.22 581.15 57.7%

4.3. Dataset Parameter Selection and Cross-Validation

After determining the model type and dataset form, in order to further explore the
impact of dataset specifications on prediction accuracy, different combinations of datasets
are analyzed. The extraction range L of the structure and the voxel resolution r during
voxelization are decisive parameters for the form of the dataset. The extraction range
and voxel resolution are expanded and trained using the determined dataset form and
convolutional neural network model.

Based on the different parameter settings, as shown in Table 5, 12 different formats of
dataset inputs are constructed, with the output being the pedestrian head injury HIC value
corresponding to each collision point. The above 12 types of datasets select the optimal
specifications during training, and the selection of hyperparameters during the training
process is the same as above.
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Figure 7. (a) Training loss plot of Dataset I. (b) Training loss plot of Dataset II
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Figure 8. (a) Comparison of predicted and actual values for Dataset I. (b) Comparison of predicted
and actual values for Dataset IL.
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Table 5. Expansion of dataset specifications.
Rang/L 5 10 20
Resolution/r Nx X Ny x N
100 20 x 20 x 20 10 x 10 x 10 5x5x5
200 40 x 40 x 40 20 x 20 x 20 10 x 10 x 10
300 60 x 60 x 60 30 x 30 x 30 15 x 15 x 15
400 80 x 80 x 80 40 x 40 x 40 20 x 20 x 20

Figure 9 shows the relationship between resolution and error under different extraction
ranges. It can be seen that except for the case of L = 100 mm, when the voxel resolution is
fixed, the larger the extraction range L, the smaller the average error. When L = 100 mm,
there are no obvious patterns and large errors. The reason for this is that the extraction of
the structure is lower than the effective range and the large resolution causes distortion of
the structure.

0.8 T T T
[==— L=100mm
== L=200mm|
== L=300mm)|
—v— L=400mm|

0.0 = T T T
5 10 15 20
Resolution

Figure 9. The corresponding relationship between the error and the dataset parameters.

Table 6 shows the training results of all datasets. According to the content in the
table, it can be concluded that Scheme 12 achieves a minimum average error of 13.1%. To
further assess the robustness and generalization ability of the prediction model, K-fold
cross-validation is conducted based on the parameters of Scheme 12, as illustrated in
Figure 10. The dataset is divided into five folds, with each fold serving as the validation set
in turn while the remaining folds were used for training. The results of the cross-validation
are summarized in Table 7.

Table 6. Training results of datasets with different specifications.

No. Ny X Ny X N, Range Resolution Error
01 5x5x5 100 20 67.9%
02 10 x 10 x 10 100 10 18.4%
03 10 x 10 x 10 200 20 20.7%
04 15 x 15 x 15 300 20 21.4%
05 30 x 30 x 30 300 10 15.2%
06 60 x 60 x 60 300 5 14.8%
07 20 x 20 x 20 100 5 21.2%
08 20 x 20 x 20 200 10 17.0%
09 20 x 20 x 20 400 20 17.0%
10 40 x 40 x 40 200 5 19.0%
11 40 x 40 x 40 400 10 15.2%
12 80 x 80 x 80 400 5 13.1%
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Figure 10. Cross-validation process.

Table 7. Cross-validation results.

Training Set Validation Set Average Error
T1 Vi 19.5%
T2 V2 14.1%
T3 V3 12.5%
T4 V4 12.2%
T5 V5 13.1%

The data in Table 7 demonstrates that throughout the cross-validation process, the
results of the average error remain relatively stable, with a comprehensive average er-
ror of 14.28%. This indicates that the prediction model possesses good robustness and
generalization ability.

In order to reflect the intuitiveness of model prediction, the sample data of a random
vehicle in V4 in cross-validation is used to predict the outcome of children’s head injuries.
After sample collection and model prediction, the results are shown in Figure 11. The head
injury value prediction error is 11.8%, and the injury grade distribution is similar to the real
results. The results show that the prediction model has a considerable degree of accuracy
and applicability in predicting sample data.

Predicted HIC

et

Actual HIC [ |

3000

1500

1000

Predicted value

500

Error=11.8%

500 1000 1500 2000 2500 3000
True value

Figure 11. Pedestrian head injury value and severity level results.
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5. Conclusions

In this paper, a rapid prediction method for pedestrian head injuries based on deep
learning is proposed to save time and costs during the automotive design and production
process. Sample data for establishing the pedestrian head injury prediction model is
defined, utilizing the head injury criterion to reflect the pedestrian protection performance
of vehicles. Taking the collision point as the center, the vehicle body structure in the
surrounding cubic range is extracted to represent the structural information of the collision
point and expressed in voxels, so that the structural information can be used as the input of
the prediction model. The ResNet50, MobileNet, SqueezeNet, and ShuffleNet convolutional
neural network models were modified, and collision sample data from 37 vehicles were
selected for training the prediction model. Based on the training results, the form and
specifications of the dataset and the most suitable ResNet deep learning model were
determined. Five-fold cross-validation was performed, and the accuracy differences among
the validation sets were small, with an average error of 14.48%, indicating that the model
has strong robustness and generalization ability. The model that performed best in the
cross-validation had an average error of 12.2% on the validation sets. Furthermore, this
model was applied to a new vehicle for validation, resulting in an error of 11.8%, indicating
that the prediction model has high applicability in full-vehicle collision scenarios.

6. Limitations and Future Work

Although the proposed prediction framework demonstrates good performance, sev-
eral limitations remain. First, the current dataset is mainly from child head impact regions;
future work should include adult regions to improve applicability. Second, the dataset
only contains 37 vehicles and expanding it could further enhance prediction accuracy.
Finally, the engine hood structure is represented using voxelization, which may lose some
geometric details; future studies could explore multi-view imaging methods to improve
structural representation.
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