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Abstract

Driving simulation systems play a critical role in the “human-vehicle-road-environment”
ecosystem of road traffic, where their effectiveness is fundamental for advancing scientific
research. This study proposes a comprehensive evaluation framework for such systems,
employing a Mul-Bayes-LSTM model to analyze multidimensional data encompassing
drivers’ biopsychological and behavioral characteristics. The evaluation process integrates
Bayesian hyperparameter optimization to enhance model performance, with rank cor-
relation and R? as key indicators of model fit. The gray correlation analysis, integrated
entropy method, and CRITIC analysis are utilized for weighting these indicators, en-
suring robust assessment. The overall evaluation index is derived using entropy and
CRITIC methods to provide a comprehensive measure of simulation effectiveness. The
results from experimental validation indicate that driver-specific parameters obtained
from the test simulator closely align with behavioral variables in risk scenarios, confirm-
ing the system’s applicability for research in traffic perception. The research results can
evaluate the effectiveness of driving simulators based on the driver’s perception level,
which has certain significance for promoting the development and application of driving
simulation systems.

Keywords: driving simulation system; effectiveness; driving behavior and psychology;
coupling modeling; machine learning

1. Introduction

The vehicle driving simulation system is an experimental equipment for the sim-
ulation research and development of automobile active safety performance based on
the whole performance of a “human-vehicle-road-environment” closed-loop system
with the support of electronic computer, hydraulic pressure and control technology
(Chen, 2021) [1]. The vehicle driving simulation system can provide a safe environment
for driving research, can conveniently and economically formulate research strategies
related to driving behavior, and has the characteristics of a wide range of experimental
conditions, regulation and conversion, and online processing and classified storage of ex-
perimental data. At present, it has been widely used in the research of vehicle intelligent
control, road traffic facilities, intelligent traffic system, driver behavior characteristic
evaluation, self-driving and so on for the purpose of improving safety. For example,
Min-Wook Kang et al. utilized a driving simulator to assess the impact of auditory warn-
ing sounds on driver compliance with roadside safety signs, revealing that compliance
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significantly increased when AWS was present (Min-Wook Kang et al., 2018) [2]. Although
driving simulators are frequently used in studies, there is relatively little evidence to con-
firm their effectiveness, that is, how accurately they represent or reproduce real-world
driving (Wynne et al., 2019) [3]. The vehicle driving simulation system offers an artificial
virtual environment. In addition, if the risk conflict scenarios designed in this study were
conducted directly in real-road vehicle experiments, they could involve high safety risks
and road test approval restrictions. Therefore, this study opts to create controlled conflict
scenarios in a driving simulator, aiming to assess the simulator’s ability to replicate
drivers” human factor responses under safe, controllable, and repeatable conditions. The
experimental results may be affected by various factors, such as the scientific nature
of the experimental goal conception, the rationality of the content selection, the rep-
resentativeness of the sample (subjects) selection, the accuracy of the scenario design,
and the realism of the humanoid perception. Therefore, evaluating driving simulation
systems can provide new research ideas and directions for simulation systems. This is
crucial for enhancing the usability of driving simulation systems and promoting their
intelligent development.

To more clearly illustrate the relationship between existing research and the research
gap in this paper, the study of the effectiveness of driving simulators is summarized into
three stages: physical validity, behavioral validity, and human factor response validity.
The first stage mainly focuses on the physical validity of the simulator, with the core is-
sue being whether the simulator’s hardware system, vehicle dynamics, motion feedback,
visual display, and control interface can closely approximate real vehicles and real-road
environments. At the beginning of the development of driving simulation systems,
validity research focused on analyzing the absolute performance differences between the
simulation system and the real vehicle, i.e., basic validity (Wang et al., 2009) [4]. With
the improvement of virtual scenario technology and more accurate vehicle-dynamic
imitation operations in the model vehicle, the application of driving simulation sys-
tems gradually expanded to driving behavior and other research areas with higher
requirements for experimental testing, and validity research also focused more on rela-
tive validity, behavioral consistency and other indicators, for which statistical tests are
the main method for verifying validity (Groeger and Murphy, 2020) [5]. For example,
Groeger completed the validity calibration of a simulator in 2019 by analyzing the pa-
rameters of driving behavior characteristics such as vehicle speed, braking, reaction time,
and decision execution rate in real and virtual scenarios (Groeger and Murphy, 2020) [5].
The current validity evaluation of simulation systems is more based on the validity
evaluation of driving behavior in integrated traffic scenarios (Hussain et al., 2019) [6].
Wang Junzheng et al. [7]. proposed an acceleration control-based physical simulation
washout algorithm, which can significantly improve the dynamic fidelity of the driving
simulator. Overall, research on physical validity provides an important basis for verify-
ing the fundamental performance of driving simulators, but it mainly focuses on device
performance, motion feedback, and scene realism, while paying insufficient attention to
drivers’ behavioral responses and physiological and psychological changes in complex
risk scenarios.

The research focus of the second stage gradually shifts from realism at the equipment
level to the effectiveness of driving behavior. This stage mainly evaluates whether drivers’
explicit behaviors are consistent in the two environments by comparing indicators such
as vehicle speed, acceleration, braking response, reaction time, lane position, trajectory
deviation, and compliance with stopping in simulated environments and real-road en-
vironments. Zoeller selected time interval parameters to evaluate the effectiveness of
the simulator by studying the braking behavior of vehicles crossing intersections under
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real and simulated conditions (Zoeller et al., 2017) [8]. Zhang Yanning et al. designed
real vehicle and driving simulation experiments to verify the effectiveness of driving
simulation techniques in a study of following speed (Zhang et al., 2020) [9]. Pawar et al.
developed a generalized linear mixture (GLM) model to explore the behavioral (abso-
lute and relative) validity of fixed-base driving simulators by conducting a comparative
analysis of different driving behaviors (Pawar et al., 2022) [10]. Llopis-Castello et al. ar-
ranged volunteers to drive through the same section built by the self-developed sim-
ulator (SE2RCO) and selected 79 curves and 52 tangents of speed data for analysis
(Llopis-Castell6 et al., 2016) [11]. The objective validity of the simulator based on the
average and working speeds was ensured by comparing the actual and simulated speeds.
Cao et al. confirmed the reliability of driving simulators for driver behavior analysis at
urban underpass entrances by continuously recording the speed of real car tests and driving
simulator test feature points using two-factor variance analysis (Cao et al., 2015) [12]. In
recent years, driving simulators have gradually been applied to studies of more complex
road and infrastructure scenarios, such as underground interchanges, rural road curves,
road markings, and traffic safety facility evaluations. Liu et al. used driving simulators
and data mining methods to analyze the impact of traffic safety facilities at underground
interchanges on driving safety and comfort; Martin-Castresana et al. [13]. investigated
the effect of different road markings on speed control on rural road curves using driv-
ing simulators; and Bosurgi et al. proposed new behavioral evaluation indicators from
the perspective of drivers’ steering behavior on curves. Tessa et al. verified the valid-
ity of a driving simulator with a mobile motion platform by comparing the analysis of
motion sickness symptoms in real and virtual driving scenarios (Talsma et al.,2023) [14].
Larue et al. monitored driver behavior at passive level crossings in the Brisbane area
of Australia for three months. They replicated the level crossing in an advanced driv-
ing simulator and established the relative effectiveness of stopping compliance and ap-
proach speed, validating the effectiveness of the driving simulator through comparison
(Larue et al., 2018) [15]. Zhao Zhiguo verified the validity of the driving simulator data
by collecting driving behavior data under different radius steering, regular lane change
and emergency collision avoidance steering conditions and clustering the data using an
improved K-means clustering method (Zhao et al., 2020) [16]. Overall, research on behav-
ioral validity can fairly well evaluate a simulator’s ability to replicate driving behaviors,
but the focus of such evaluations still mainly concentrates on observable behavior aspects
such as speed, braking, reaction time, and trajectory, making it difficult to comprehensively
reflect the driver’s psychological tension, risk perception, and physiological arousal in
risky scenarios.

The third stage begins to focus on drivers” human factor responses in risky traffic
environments. With the development of human factor engineering and intelligent trans-
portation research, merely analyzing overt driving behavior is no longer sufficient to
fully explain the internal state of drivers. Therefore, physiological and psychological
indicators have gradually been introduced into driving behavior analysis and the effective-
ness evaluation of driving simulators. Napcil et al. evaluated the validity of the driving
simulator by analyzing and comparing bicep surface EMG signals in steering behavior
(Nacpil et al., 2020, 2021) [17,18]. Healey and Picard [19] collected physiological signals
such as ECG, EMG, skin conductance, and respiration during real driving tasks to identify
levels of driving stress. Nacpil evaluated the validity of driving simulator data by analyz-
ing surface EMG signals during the steering process, In addition, Kierzkowski et al. [20].
involved eye movement and skin conductance response analysis in tram simulator studies,
reflecting the development trend of human factor data collection in simulator research.
Paliotto and Meocci [21] also developed road safety evaluation procedures from a human
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factors perspective, illustrating the importance of human factors in road safety assessment.
Ghulam et al. [22] used a driving simulator to analyze the effects of vehicle-mounted
attenuator markings on young drivers in work zones. Bella [23] validated the applicability
of driving simulators in speed-related research from the perspectives of continuous speed
profiles and speed behavior on two-lane rural roads, respectively. Liu et al. [24] combined
a driving simulator with data mining methods to evaluate driving safety at underground
interchanges, while Bosurgi et al. [25]. further extended the application of simulators
to human-machine interaction and driving behavior analysis from the perspectives of
simulator console design and steering behavior on curves. Overall, existing studies have
provided a foundation for applying driving simulators to traffic safety and driving behav-
ior analysis. However, a systematic simulator effectiveness evaluation framework that
integrates driving behavior, biopsychological responses, and comprehensive evaluation
methods is still lacking. Overall, behavioral validity research can effectively evaluate the
simulator’s ability to replicate driving behaviors, but it is difficult to fully capture the
psychological stress, risk perception, and physiological arousal processes of drivers in risky
scenarios. Existing studies mostly focus on a single physiological signal or specific driving
scenarios and still lack a systematic framework that integrates driving behavior, physi-
ological and psychological responses, machine learning modeling, and comprehensive
weighted evaluation.

Based on the comprehensive analysis of the above research results, the effectiveness
of driving simulators is mainly studied from the perspectives of absolute realism and
relative behavioral validity. However, in the “human-vehicle-road-environment” system
of road traffic, drivers play a dominant role as users of the road, operators of vehicles,
and perceivers of the external environment. The current research on the effectiveness
of simulators from the perspective of drivers is insufficient. With the development of
human-machine ergonomics, biopsychological indicators of drivers are increasingly used
to analyze driving behavior. Considering the nonlinearity and uncertainty of psychological
parameters of drivers in simulator experiments, and the good nonlinear fitting and deep
feature mining capabilities of deep learning models, this paper constructs a comprehensive
evaluation model of simulators based on the biopsychological and behavioral characteristics
of drivers using machine learning methods. The model input layer consists of variables
of vehicle, road, and environmental features of the simulator, and the output layer is a
two-dimensional feature matrix of human factors. Based on Bayesian hyperparameter
optimization to better match the human factors, reflect the actual experimental effects
of the simulator, and complete the comprehensive evaluation of the simulator based on
weighted analysis, this paper explores the comprehensive effectiveness evaluation method
of automobile driving simulators based on human factors. This paper constructs a Mul-
Bayes-LSTM evaluation model, taking vehicle, road, and conflict scene parameters as
inputs, and EDA, ECG, and EMG as outputs, aiming to extract the correlation features
between driving behavior and physiological-psychological responses, and to evaluate the
effectiveness of the driving simulator.

2. Designing Comprehensive Evaluation Experiment Scene

This chapter mainly introduces the driving simulation experimental platform, the
design of traffic conflict scenarios, data collection methods, and the selection criteria for
experimental subjects. To ensure the comparability of the experimental results, this study
constructs a standardized unsignalized intersection conflict scenario and simultaneously
collects vehicle operation parameters and drivers’ physiological and psychological data,
providing a foundation for subsequent model development.

The technical route of this paper is as shown in Figure 1.
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Figure 1. The technical route of this paper.

2.1. Experiment Equipment and Scene Design

The simulator used for the experiments is shown in Figure 2. It adopts a split-type
three-screen display device and is equipped with the VehicleModel2.0 vehicle dynamics
model. The construction of the virtual road environment scene is realized through the
laboratory’s self-developed software VS-Design. This article uses lab-developed interactive
visualization scene generation software. The system uses OpenGL for real-time interac-
tion and is programmed with Visual C 6.0, solving the issue of real-time interaction in
virtual scenes while allowing quick generation and modification of virtual scenes. The
VehicleModel2.0 allows this simulator to provide living driving experience and related data.
The simulator cockpit has two types: a real car driving cabin and a self-built one. Using
them for driving simulator effectiveness experiments has a certain representativeness.

Figure 2. Driving simulator for testing: true car cab (a), self-built cockpit (b).

The driver’s biopsychological data was collected through an ErgoLAB physiological
instrument as shown in Figure 3. The ErgoLAB EXG is a wearable wireless human factor
physiological recording device. It’s the second-generation physiological recording device
independently developed by Beijing Jinfatai Technology Co., Ltd. in Beijing, China. The
experimental data include: main vehicle speed and displacement, acceleration, brake pedal
depth and other operational characteristic data, as well as the speed and displacement
data of the conflict vehicle; and ErgoLAB-physiological-instrument-collected electrodermal
activity (EDA), electromyography (EMG), electrocardiogram (ECG) and other physiological
characteristic data.
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a.  EDA sensor C. EMG sensor

b ECG sensor

Figure 3. Diagram of driver wearing wireless EDA, ECG, and EMG sensors. Note: The driver’s
wireless sensor kit has three ECG leads on the chest in red, blue, and black; the EMG on the arm
holding the steering wheel only uses red and black, no blue needed.

The experiment used the self-developed VS-Design software to design and construct
virtual 3D experimental scenes, to highlight the psychological characteristics of drivers and
study their driving behavior in conflict situations. The experimental scenes were designed
as shown in Figure 4, including head-on collisions between motor vehicles at unsignalized
intersections with no obstruction, with obstruction, with low traffic flow, and with heavy
traffic flow. According to the Chinese urban road and intersection design specifications,
the lane width of the experimental scene was designed to be 3.5 m, and external factors
such as weather were excluded to minimize their impact on driving behavior. The traffic
conflict was triggered by setting a trigger zone. The main vehicle traveled from south to
north through the intersection, while the conflicting vehicle A traveled from east to west
at a speed of 40 km/h and collided with the main vehicle perpendicularly. If there was a
conflicting vehicle B, it entered the intersection from the west and turned right at a speed
of 30 km/h. All these scenarios were simulated in the driving simulator.

Main road . Main road Main road
P K ,2’ ~
Conflict Conflict Contlict
Accessroad [ opicjas L & Access road yehicles Access road vehicles
| o |, e | N A
A 7 u » e 4 L 7 +
D € ) 4--‘:- --------- . ] 4...5. ........ € )
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' '
: : @) ey
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{ M e vl
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H L L] e
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a- = Test vehicle T Testvehicle 4= Test vehicle
(a) (b)
Main road
-
Conflict
Access road vehicles
a——
um P o DA 1

e

p=—Test vehicle

e

(e)

Figure 4. Experimental dynamic and static scene diagram: (a) no signal and no occlusion conflict
port, (b) no signal and occlusion conflict port, (¢) no signal and low flow conflict port, (d) no signal
and heavy flow conflict port, (e) dynamic virtual scene.
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The speed parameters of conflicting vehicles mainly refer to the relevant require-
ments for urban road and intersection operating speeds in the “Urban Road Design Code”
(CJJ 37-2012) and the “Urban Road Intersection Design Specifications” (CJJ 152-2010), and
are set in conjunction with the unsignalized intersection conflict scenarios constructed in
this study. A fixed speed is used herein primarily to ensure that different participants are
exposed to consistent experimental stimuli, thereby improving experimental repeatability
and data comparability. In subsequent studies, the speed of conflicting vehicles can be set
to dynamic variations such as acceleration, deceleration, or random disturbances according
to the research objectives.

2.2. Experimental Participants

To avoid interference from other factors, drivers with skilled driving skills and more
than three years of driving experience with a mileage exceeding 20,000 km were selected
as testers. The tester’s physical health did not include any diseases that would affect
the driver’s biopsychology, and the driver had experience in simulator operation. The
experiment brought together 27 testers, including nine female participants. The age range
of the test subjects was 21-56 years, with an average age of 34.74 years and a standard
deviation of 9.65 years, covering drivers from youth to middle age. For details on the
subjects’” gender, driving experience, driving mileage, accident history, and violations,
see Table 1.

Table 1. Driver detailed information.

Accident in the Past Traffic Violation in the

Driver No. Gender Driving Experience/Mileage Age Three Years (Y/N) Past Three Years (Y/N)
1 Female 9 years/50,000-60,000 km 35 N N
2 Male 24 years /250,000 km 56 N Y
3 Male 9 years/100,000 km 38 N Y
4 Male 9 years/100,000 km 38 N N
5 Male 10 years /80,000 km 43 N Y
6 Male 4 years /30,000 km 28 N Y
7 Male 8 years/140,000 km 41 Y Y
8 Female 7 years/10,000 km 41 N N
9 Female 10 years /50,000 km 38 N N

10 Male 24 years /200,000 km 46 N Y
11 Female 8 years /70,000 km 39 N Y
12 Female 6 years/50,000 km 48 N Y
13 Female 12 years /100,000 km 39 N Y
14 Female 5 years /50,000 km 32 N N
15 Female 14 years /60,000 km 33 N Y
16 Female 14 years /60,000 km 38 N Y
17 Male 15 years /150,000 km 37 N Y
18 Male 5 years /60,000 km 24 N N
19 Male 4 years /100,000 km 23 N N
20 Male 3 years/10,000 km 23 N N
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Table 1. Cont.

Accident in the Past Traffic Violation in the

Driver No. Gender Driving Experience/Mileage Age Three Years (Y/N) Past Three Years (Y/N)
21 Male 20 years/300,000 km 51 N N
22 Male 3 years/50,000 km 33 N N
23 Male 4 years /50,000 km 23 N Y
24 Male 3 years/20,000 km 24 N N
25 Male 3 years /20,000 km 24 N N
26 Male 4 years /80,000 km 22 N N
27 Male 3 years /20,000 km 21 N N

The design time of the experiment is about 25 s from driving into the conflict section
to driving out of the conflict intersection completely. To ensure that the human factor
parameters can be identified in a timely and efficient manner, the statistical interval of the
experiment data is set to 0.2 s. At the same time, to avoid interference caused by driving
fatigue caused by complex scenes, the experiment time is set to about 10 min, and the
experimental mileage is set to about 10 km.

Although the current sample size is sufficient to support preliminary validation of
the proposed Mul-Bayes-LSTM framework under controlled simulator conditions, it may
still limit the model’s generalizability to a broader driver population. Differences in age,
driving experience, risk preference, and driving style may result in varying behaviors and
psychophysiological responses. To mitigate the impact of the limited sample size, this
study employed standardized experimental scenarios, unified data collection procedures,
and K-fold cross-validation. Future work will further expand the participant sample
and include a more diverse group of drivers to enhance the external applicability of the
proposed framework.

3. Constructing Comprehensive Evaluation Model of Simulator Based on
Behavior and Psychology

This chapter constructs a Mul-Bayes-LSTM evaluation model based on the coupling
of driving behavior and physiological-psychological responses. The model takes vehicle
operation parameters, road environment parameters, and conflict scenario parameters as
inputs, and EDA, ECG, and EMG as outputs. It extracts attribute correlations and temporal
dynamic features through CNN-LSTM, and uses Bayesian optimization to improve the
efficiency of model parameter selection.

3.1. LSTM-Based Evaluation Model of Simulator Efficiency

Traditional recurrent neural networks can handle time series data, but when deal-
ing with longer time spans and complex sequence data, they are prone to issues such as
insufficient capture of long-term dependencies, vanishing gradients, or exploding gradi-
ents. In driving simulation experiments, drivers’ behavioral responses and physiological—-
psychological responses exhibit obvious continuity and temporal dependence. The driving
response at a certain moment is influenced not only by the current traffic conflict stimulus
but also possibly by previous changes in speed, steering operations, braking behavior,
and psychological arousal states. Therefore, it is necessary to use models with stronger
temporal memory capabilities to model driving behavior and physiological-psychological
data. The LSTM model has good performance for multi-attribute data processing; for
example, Li Siteng et al. proposed three hybrid deep learning models combining multi-
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factor external and internal features to predict online car-hailing (OCH) demand, and long
short-term memory (LSTM), bidirectional LSTM (BiLSTM), gated recurrent unit (GRU),
and convolutional LSTM (ConvLSTM) were selected to extract features (Li et al., 2023) [26].
Therefore, this paper proposes an ensemble machine learning method based on the LSTM
model, which is better suited for evaluating high-dimensional and multi-attribute driving
simulators. To collect and process the full range of “human-vehicle-road-environment”
data, a two-dimensional feature matrix containing time-state information is constructed.
This matrix is then input into the model to extract matching human factor features, and the
model’s evaluation effect is obtained. The comprehensive evaluation model is formed by
applying the entropy weight method and gray correlation theory to analyze the evaluation
results with comprehensive weights. The method process is illustrated in Figure 5.
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Figure 5. The schematic flow of the evaluation model.

3.2. CNN-LSTM Feature Extraction and Tuning Hyperparameters with Bayesian
3.2.1. Construct Characteristic Matrix

Given the time-varying traffic flow in the experimental scenario, and the fact that
the evaluation index of the experiment is the operational effectiveness of the simulator,
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this paper constructs a two-dimensional feature matrix that contains spatio-temporal
“parameter-evaluation” information. The matrix is represented by Formula (1):

veh veh Road Road Cir ,Cir

hxt,l xé,z Y1 ) Yip ) “Zy1 Zi2
ve ve, Roa Roa Cir Cir
X1 Y12 - Ye11 Yer12 o401 e (1)

veh veh Road Road Cir Cir
Xirpa Yerp2 o Yirp1 Yerp2 = Zipl Zihg2

In the formula, x%¢" and x%¢! represent the parameters of the first and second types

of vehicles collected at different times, yR¢% and yR9* represent the road characteristic

parameters of the first and second types, and z&i" and z&l represent the environmental
characteristic parameters of the first and second types.
CNNs are mainly composed of convolutional layers, pooling layers, and fully con-

nected layers, with the descriptions of the three layers shown in Formulas (2) and (3):
Crj =Y x_1wy;+b )

Xj41,j = pool (xl,]-) (©)

In the equation, x;_1 ; is the input of the convolutional layer; x;_1 ; is the output of
the convolutional layer, which is the input of the activation layer; x; ; is the output of the
activation layer; wy ;; is the weight between the I-th layer’s nth unit and the i-th unit of
the previous layer; b is the bias term; ¢, is a nonlinear activation function; and pool(x)
is the pooling function. Simulator data has characteristics such as randomness and time-
variability. After constructing the feature matrix, the feature matrix is input into the CNN
to successively extract the attribute features of the data, that is, horizontally traversing
the two-dimensional feature matrix. After using CNN to extract data attribute features,
it is necessary to extract temporal features; the paper uses an LSTM network to capture
temporal features, that is, vertically traversing the two-dimensional feature matrix.

Simulator data exhibits randomness and temporal variability. Therefore, the feature
matrix is constructed and input into a Convolutional Neural Network (CNN) to sequentially
extract attribute characteristics of the data. This involves traversing the two-dimensional
feature matrix horizontally. After extracting data attribute features using CNN, time
features are extracted using an LSTM network. This involves longitudinally traversing
the two-dimensional feature matrix. The obtained data are then reduced using stepwise
regression. Next, 80% of the sample data is randomly selected as the training set, while 20%
is used as the test set and input into the simulator evaluation model. The test set is used
only for final evaluation and does not participate in model training or hyperparameter
selection. Considering the relatively limited sample size, this paper further uses the K-fold
cross-validation method to perform supplementary testing of model stability, in order to
reduce the impact of a single random split on the model evaluation results.

3.2.2. Model Optimization

The training process utilizes the Adam iterative optimization algorithm to dynamically
adjust the learning rate of each parameter by estimating the first-order and second-order
moments of the gradient. L2 regularization is applied to optimize the weight parameters
of the LSTM model and prevent overfitting. Due to the lengthy training time of LSTM,
manually setting the training parameters can significantly impact prediction performance.
Currently, commonly used hyperparameter tuning methods such as grid search involve
a global search with a large search range and small step size, which is computationally
intensive. Random search can easily lead to local optima. Bayesian optimization, which uses
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a Gaussian process to consider previous parameter information and has the characteristics
of fewer iterations and faster operation, can effectively search the hyperparameter space.
Therefore, this thesis adopts Bayesian optimization for hyperparameter tuning of LSTM
models. The Bayesian hyperparameter optimization algorithm consists of a probabilistic
agent model and a collection function, as shown in Figure 6. The flow is as follows:

r ________________________________________ -~
: [Input layer(characteristic sequence of driving simulator)] :
| & |
I
g S |
: hyper-parameter optimization CNN Layer D I
| 10, w S0 @ J—b 4 ? ? ? ? I N |
i < 0 e o
| )Y e N I
I \ " ZnimE . [ acquisition | |
A4 — 3 < |
I W — . | function | |
I Iy '» I I
I I | I
| | Bayesian Network Structure | ! prbeibl isile I A , |
S ! surrogate [« Hidden layer |
| Optimization ! ! I
| I model I | I
I P Hyperparameter selection: :
: S\ 7\ 1terat10n.t1rn.es, initial learning rate, L2 |
e — regularization, number of learners-** |
| . 2 |
I . ..
| [ Output layer(Effect evaluation of human factor characteristics) ] |
\ I

Figure 6. Bayesian hyperparameter optimization algorithm.

i. In probability-based agent models, Gaussian processes are used as prior functions,
which can be represented as:

f o~ gp(m(x) k(x,x')) @)

In the formula, m(x) is the mean velocity function, and k(x, x") is the velocity covari-
ance function. Taking the normalized electromyography (EMG) parameters as an example,
assuming the sample points of EMG dataas D = (xlzt, ylzy), and its covariance matrix is
denoted as:

k(x1,x1) k(x1,x2)... k(x1,x¢)

K — k(xp,x1) k(xg,x2)... k(x2, x¢) 5)
k(xe, x1) k(xt, x2)... k(xe, x¢)

With the addition of new EMG data sample D, the covariance matrix is updated as

K kT
k= (k k(xt+lrxt+1)> ©

where the posterior probability distribution of k = [k(x;41,x1), k(xX¢41,%2), ..., k(x¢ 41, x¢)] is

shown in formula:

calculated from the previous t EMG data samples as shown in the formula:

P(ft+1]D1t, xp41) ~ N (;1, 02) 7)
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0% = k(xp41,x141) — KTK 'k 8)
n=kK"fi ©

According to the above formula, the normal distribution that follows at any value can
be estimated, so the sampling function can be used to locate the next most “promising”
sample point.

ii.  Using the classical EI criterion as the acquisition function, which is shown in Formulas:

EI(x) — {V(x) ~f (x+)<1>0(z()7 (4;)(7(<x2)¢(Z) o(x) > 0 w0
_ p(x) — f(xT)
=T an

where ®(Z) is the probability density function of the standard normal distribution, and
¢(Z) is the distribution function of the standard normal distribution.

To improve the efficiency and stability of LSTM model hyperparameter selection, this
paper employs Bayesian optimization to search for the model’s key parameters. Unlike
grid search and random search, Bayesian optimization can leverage existing parameter
combinations and their model error results, continuously update the surrogate model, and
guide the next round of parameter selection.

Let the historical sample set that has been evaluated before the t-th iteration be:

Dy = {(6:, L(6;)) }i_; (12)

Here, 6; represents the i-th combination of hyperparameters, and L(6;) represents
the model loss value or validation error corresponding to that set of parameters. The
hyperparameters in this paper mainly include the number of LSTM hidden layer units,
initial learning rate, L2 regularization coefficient, number of training iterations, and so on.
The model optimization objective can be expressed as:

= j 1
Ox = arg min L(6) (13)

Here, () represents the hyperparameter search space, and 0 represents the optimal
hyperparameter combination that minimizes the model error.

In each iteration, Bayesian optimization first builds or updates a Gaussian process
surrogate model based on the historical sample set Dy:

£(8) ~ GP(m(6),k(6,0')) (14)

Here, m(0) is the mean function, and k(6, 0') is the covariance function. This surro-
gate model is used to estimate the posterior distribution of the objective function values
corresponding to different combinations of hyperparameters. Subsequently, the next set of
candidate hyperparameters is selected using the expected improvement function:

EI(6) = E[max(fbest — f(6), O)] (15)
Or1 = arg max EI(0) (16)

Here, f,,o5; represents the optimal objective function value obtained from the current
historical samples.
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It can be seen that Bayesian optimization can use previous parameter combinations
and their model errors as prior information, balancing the use of already good parameter
regions and exploring uncertain parameter regions, thereby improving the efficiency of
hyperparameter search.

During the model training process, the test set is only used for the final model per-
formance evaluation and does not participate in hyperparameter selection. If a separate
validation set is used, the validation set error is taken as L9; if the sample size is limited,
the internal cross-validation error of the training set is used as L6, to reduce the impact of a
single data split on optimization results. When the objective function value no longer de-
creases significantly after several consecutive iterations, the Bayesian optimization process
is considered basically converged, and the currently optimal hyperparameter combination
is taken as the final model parameters.

4. Evaluation Model Performance Analysis

This chapter analyzes the prediction performance and optimization effect of the Mul-
Bayes-LSTM model. This paper selects indicators such as (RZ), rank correlation, MSE,
RMSE, NRMSE, ErrorMean, and ErrorStd to evaluate the model’s performance from the
perspectives of fitting degree, correlation, and error distribution, and further explains the
differences in EDA, ECG, and EMG results.

4.1. Model Effect Analysis

R? and rank correlation are used as indicators to judge the fitting degree of the
intersection of predicted values and original values; Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), Normalized Root Mean Squared Error (NRMSE), Mean
Absolute Error (ErrorMean), and Standard Deviation of Absolute Error (ErrorStD) are used
as measurement indicators to judge the matching degree of the model. The statistical results
of the model operation are shown in Table 1, and the model’s R?, error comparison, rank
correlation, and mean deviation are shown in Table 2.

Table 2. The fitting value at the intersection of predicted value and original value.

R? MSE RMSE NRMSE Rank Correlation  Error Mean Error Std
EMG 0.7122 212.2497 14.5688 —0.9109 0.7792 —1.8282 14.4826
ECG 0.9739 358.0546 18.9223 —0.3277 0.9054 —1.8729 18.8672
EDA 0.9662 0.0013 0.0360 0.0033 0.9775 —0.0046 0.0358

According to Figures 7 and 8 the specific prediction results of the model are as follows:
the R? value of EDA is 0.9662, the R* value of ECG is 0.9739, and the R? value of EMG is
0.7122. The specific features in the graph are: the intersection of the predicted values of EDA
and ECG with the original values (blue circles) is relatively concentrated, so the degree of fit
is high; the intersection of the predicted values of EMG with the original values (blue circles)
is more discrete, resulting in a relatively low degree of fit. In contrast, the EDA predicted
values have the smallest error values with respect to the original values. The distribution of
EDA single-sample errors is the most stable and concentrated, with large error fluctuations
mainly around the 210th-220th samples; meanwhile the ECG single-sample errors are more
volatile than the EDA single-sample errors, resulting in larger overall errors; the EMG
single-sample error distribution is relatively discrete, and the overall errors are relatively
large. Comprehensive analysis of the above indicators found that the overall effect of the
model is good and has a good fit.
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Figure 7. Comparation of R2: (a) EMG, (b) ECG, (c) EDA.
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Figure 8. Error comparison diagram: (a) EMG, (b) ECG, (c) EDA.

According to Figure 9 shows the time-series fitting curves of the target measured value
and the model predicted output value under three different feature dimensions. It can be
seen that the proposed Mul-Bayes-LSTM model can well track the fluctuation trend of the
original human factor driving data, and only slight deviation exists at individual extreme
mutation points, which preliminarily verifies the strong time-series feature learning ability
of the model. According to Figure 10 The model prediction results show that the fitting
performance of EDA and ECG is better than that of EMG, which is mainly related to the
stability and sensitive characteristics of different physiological signals. EDA is closely
related to emotional arousal, psychological tension, and risk perception, and changes
more noticeably in traffic conflict scenarios; ECG can reflect cardiovascular responses
under psychological load and driving stress, with an overall relatively stable trend. In
comparison, EMG is more easily affected by factors such as grip strength on the steering
wheel, arm posture, pedal operation, sensor attachment position, and individual driving
habits, leading to greater short-term fluctuations and noise, and therefore the model fitting
effect is relatively weak. This indicates that EMG is more suitable as an auxiliary indicator
in the evaluation of driving simulator effectiveness.
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Figure 9. Comparation of rank correlation: (a) EMG, (b) ECG, (c) EDA.
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Figure 10. Comparison of mean deviation: (a) EMG, (b) ECG, (c) EDA.

4.2. Optimization Effect Analysis

As shown in Figure 11, when the Bayesian superparametric optimizer iterates to the
fourth, second and second times respectively for EDA, ECG and HEV data, the prediction
error is sharply reduced by about 8%, 11%, and 53%; when iterating to the ninth, 36th and
35th times, the minimum error and the best point super parameter are obtained. At this
time, the model converges, indicating that Bayesian optimization can be used in the task of
high-cost evaluation of objective function. If the super parameter can converge rapidly in
the iteration, it can be effectively applied to the evaluation of driving simulation scenarios.
To further verify the adaptability of the simulator data, a K-fold cross-validation method is
adopted to evaluate the effectiveness of the model. Each subsample participates in training
and testing, which can reduce the generalization error. Figure 11. Bayesian hyperparameter
optimization iteration curves of three groups of feature datasets. The hollow square line
represents the minimum estimated classification error (orange in subgraph (a), green in
subgraph (b), blue in subgraph (c)), and the hollow circle dashed line denotes the minimum
observed classification error (black in subgraph (a), red in subgraph (b), yellow in subgraph
(c)). The fuchsia solid dot marks the iteration with the minimum error, and the hollow
square indicates the optimal hyperparameter point.
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Figure 11. Optimization effect comparison: (a) EMG (b) ECG (c) EDA.

To further verify the adaptability of the Mul-Bayes-LSTM model to driving simulator
data, this study sets K = 2 to K = 10 for cross-validation and calculates the R? values under
different folds to analyze model stability and overfitting risk. As shown in Figure 12, the
driving simulation dataset is divided into two to 10 folds, and the R? value for each fold is
calculated to prevent overfitting. The results indicate that when K = 6, the model achieves
a relatively high and stable R? value, suggesting that the model has good stability and
generalization performance on the current driving simulator dataset.

https://doi.org/10.3390/infrastructures11070220


https://doi.org/10.3390/infrastructures11070220

Infrastructures 2026, 11, 220

16 of 23

0.88

0.86 |
% 084 |
082 |

0.8IIIIIIII
2 3 4 5 6 7 8 9 10

k-Fold

Figure 12. Two- to 10-fold cross-validation R2.

5. Comprehensive Evaluation of Simulation Systems

Based on the model evaluation results, this chapter conducts a comprehensive assess-
ment of the validity of the driving simulator. Considering the differences in information
content, variability, and indicator contribution of EDA, ECG, and EMG, this study uses
the CRITIC method, entropy weight method, and gray relational analysis to determine the
indicator weights and form a comprehensive evaluation index.

5.1. Evaluation Parameter Weighting Based on CRITIC Method

The CRITIC weighting method is an objective weighting method, which uses the vari-
ability of evaluation indicators and the conflicts between evaluation indicators as criteria
to calculate CRITIC weights. The comparison intensity is represented by the standard
deviation, the conflict is measured by the correlation coefficient between indicators, and
the information amount is calculated by multiplying the comparison intensity and conflict
indicators, and normalized to obtain the final weight. The specific steps for calculating the
weight are as follows:

i. Data standardization. For the EDA, ECG, and EMG indicators of the driver’s
biopsychology, the change value of the indicators can better reflect the driver’s
life biopsychology characteristics. Therefore, when standardizing the indicators,
the data should be uniformly standardized on the basis of data interpolation and
matching. The standardization process specifically includes:

The positive indicator is shown in Formula (17):

xij — min{xij} (17)

ij = max{x;;} — min{x;}
The negative indicator is shown in Formula (18):

. _ max{x;j} — x;;
Yij = max{x;;} — min{x;;} (18)

Here, x;j represents the original value of the j-th indicator for the i-th evaluation
object, and X{j represents the standardized value of the indicator. In this study, R? and
rank correlation are considered positive indicators, while MSE, RMSE, NRMSE, ErrorMean,
and ErrorStd are considered negative indicators. After standardization, all indicators are
converted into a unified direction where “the larger the value, the better the evaluation
performance,” providing a basis for subsequent CRITIC weighting and comprehensive
evaluation calculations.

ii.  Calculate the contrast strength as shown in Formula V] = % j=12,.,ml9:
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0j|.
Vj == 1,2,..,m (19)
X

where V; is the coefficient of variation in the j-th indicator, also known as the standard
deviation coefficient; 0j is the standard deviation of the j-th item; and X; is the j-th
directional mean.

iii. Calculate correlation coefficients and quantify conflict indicators. The correlation
coefficient between the ith and jth indicators is shown in Formula (20):

- Yo (xXni — %) (xh]- — yj)
ij =
\/ZZ_l (i = %)y (xhj - 7]')

where x; and xj; are the value of the i-th indicator and the j-th indicator of the h-

_|i # j (20)

th evaluation object, and X; and ¥; are the mean value of the i-th indicator and the
j-th indicator.
The conflicting quantitative indicator values for the j-th indicator and the other indica-

tors are:
n

Y (L)l # ] (21)
i=1
iv.  Calculate the amount of indicator information. The objective weight of each indicator
is measured in a combination of contrast intensity and conflict. Let denote the amount
of information contained in the j-th evaluation index, which can be expressed as:

1=

Ci=VY (1-r)|i#jj=12.,m (22)

1

I
—

v.  The calculation of indicator weights is shown in Formula (16):

W= = i=1,2,..,m (23)
TR T

where the larger Cj is, the more information the j-th evaluation index contains, and the

greater the relative importance of the index, i.e., the greater the weight. According to the

calculation method, the CRITIC weight calculation results are obtained by substituting the

model data as shown in Table 3.

Table 3. Weight calculation results of CRITIC.

Items Variability of Indicators Conflict of Indicators Information Content Weight
MMS_ECG 0.108 1.976 0.213 14.51%
MMS_EDA 0.470 1.998 0.939 64.06%
MMS_EMG 0.153 2.048 0.314 21.43%

5.2. Evaluation Parameter Weighting Based on Entropy Method

The entropy method measures the information content of indicator data through
their degree of dispersion and determines the weights of the indicators accordingly. The
greater the difference in indicators, the higher the information content and the larger the
weight; the smaller the difference in indicators, the weaker the distinguishing ability and
the smaller the weight.
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(1) Data standardization. Suppose there are n evaluation subjects and m evaluation
indicators. First, standardize the positive and negative indicators.

(2) The calculation of the entropy value of the i-th evaluation index at level j in the
simulator test evaluation is shown in the formula below:

n

H; :qz pZ]lnpl]|1: 1,2,...m0< H; <1 (24)
=1
1

=—1— 25
1 Inn 25)
In the formula p;; = 72'-’”{ —, pij represents the probability of the i-th indicator at the

j=1"ij

j-th level, and n represents the number of states of a single indicator.

(38) The entropy calculation of the weight of the i-th indicator is shown in the formula:

1— H;
— LI 26
W= 26)
According to the properties of entropy, it can be obtained that: 0 < w; <1, Y/" ; w; = 1.
Finally, the set of evaluation indicator weights can be obtained: w = (w1, wo, ..., wm)z.
According to the calculation method, substituting the model data yields the entropy

method weight calculation results shown in Table 4:

Table 4. Entropy weight calculation results.

Evaluation Item  Entropy Valuee Difference Coefficientd Entropy Weight w

MMS_ECG 0.9321 0.0679 0.2353
MMS_EDA 0.8510 0.1490 0.5166
MMS_EMG 0.9285 0.0715 0.2481

The weights of MMS_ECG, MMS_EDA, and MMS_EMG were calculated using the
entropy method, and their weight values are 0.235, 0.517, and 0.248, respectively. The
weights among the items are about 0.333, which is relatively uniform.

5.3. Analysis of Evaluation Parameters Based on Gray Relational Method

Gray system theory is a theory used to study and deal with complex systems. The
theory begins by acknowledging the incompleteness of information and processes informa-
tion mathematically at a certain level of the system, rather than analyzing it based on the
specific laws within the system. This approach allows for a higher-level understanding of
the trend of change and interrelationships within the system. To evaluate the automotive
simulation system, the gray correlation theory analysis method can be applied, assuming
that the biopsychological evaluation index of the simulation system is incomplete. This
method considers the evaluation index of the simulation system as a gray system, and the
specific steps of the evaluation are as follows:

i. Determine the evaluation indicators and collate the indicator values to obtain the
matrix to be evaluated;

ii. Determine the reference series, the value of which consists of the best value among
the indicators;

iii. Dimensionless processing of evaluation index values.
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Calculate the correlation coefficient and index score of the comparison sequence and
the reference sequence as shown in Formula (27):
£(i) = max;min|Xo(j) — Xi(j)| + pmaxmax;| Xo(j) — Xi(j)|
Z 1Xo(j) = Xi(j)| + pmaximax;| Xo(j) — Xi(j)|

27)

Calculate the gray correlation (total indicator score). The indicator scores are weighted
with the indicator weights to obtain the indicator scores corresponding to the total indicator
layer as shown in Formula (28):

vn =Y _siwjlh =1,2,3,4 (28)

According to the calculation method, the correlation results were obtained by substi-
tuting the model data as shown in Table 5.

Table 5. Correlation result.

Appraisal Items Correlation Degree Rank
MMS_ECG 0.669 3
MMS_EDA 0.870 1
MMS_EMG 0.737 2

Based on the table above, gray correlation analysis was conducted on three evaluation
items (MMS_ECG, MMS_EDA, and MMS_EMG) and the corresponding biopsychological
data from the standard field experiment. As no “reference value” was provided, the maxi-
mum value of each evaluation item was used as the default “reference value” for the analysis.
The discrimination coefficient used in the gray correlation analysis was 0.5, and the final cor-
relation value ranged from 0 to 1. A higher correlation value indicates a stronger correlation
with the “reference value” (parent series), which in turn indicates a higher evaluation. The
table above indicates that MMS_EDA received the highest overall rating (correlation: 0.870)
among the three evaluations, followed by MMS_EMG (correlation: 0.737). This finding is
consistent with the overall pattern of weights derived from CRITIC and the entropy value
method, which confirms the reliability of the above assignment from another perspective.

After obtaining the weights of the evaluation indicators of the simulator through the
entropy method and CRITIC analysis, a comprehensive comparison was conducted, and
the comparison results are shown in Figure 13.
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Figure 13. CRITIC-entropy method weight diagram.
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According to the weighting analysis of evaluation indicators by the entropy value
method and CRITIC analysis method, the overall weight allocation ratio trend is consistent,
regardless of the variability of EDA, ECG, EMG, and the conflict between evaluation indica-
tors from the standard experimental driving biopsychological indicators of the simulator, or
the amount of effective information of EDA, ECG, and EMG, is used to assign weights. To
effectively improve the respective advantages of the entropy method and CRITIC analysis
method, the article selected a combination of the two methods to determine the weights of
the simulator evaluation indicators, and after calculating the indicator weights w; for the
entropy method and wk for the CRITIC method, the integrated weights were calculated as

shown in Formula (29):
& = Wit Wkt

- n
Y i WirWit

The comprehensive weight for obtaining the indicators of the car simulator is finally

(29)

determined. According to specific calculations, the comprehensive indicator weights of
ECG, EDA, and EMG for test driving are selected by using the error evaluation indicators
and two parameter property values obtained from the model operation to characterize
the data situation, and set as the lowest level of the evaluation hierarchy. The weights
of ECG, EDA, and EMG are assigned values of 0.5, 0.5, and 0.5, respectively. Based on
the weight allocation, the simulator’s comprehensive evaluation value is set as shown in
Formula (30) for the car simulator comprehensive evaluation model based on the driver’s
psychological state.

& = (Grwy + Gowy;) x 100 (30)

The prediction error index of the test simulator model is summarized in Table 6.
According to the parameter values in the above table, the comprehensive evaluation index
of the test simulator is obtained as 94.04, which indicates that the test simulator reaches
an intermediate to advanced effective level and can meet the demand of more complex
simulation applications in the traffic field with better robustness and applicability. It also
indicates that the designed simulator standard scenario can effectively reflect both the
actual human raw mental performance in the simulator experiment and the real traffic
characteristics of the driver in the car driving simulation experiment in a simple and
efficient way.

Table 6. Model prediction error evaluation index summary.

Item R? Rank Correlation w £

EMG 71.22% 77.92% 80.08% 12.71%
ECG 97.39% 90.54% 73.57% 8.16%
EDA 96.62% 97.75% 64.90% 79.12%

6. Conclusions

The paper utilizes the characteristics of deep learning models such as good nonlinear
fitting and deep feature mining ability to solve modeling problems such as simulator
parameters with nonlinearity and uncertainty. Considering the heterogeneity of human
factor parameters such as ECG, EMG and EDA, the standard experimental data statistical
interval is designed to be 0.2 s according to human reaction time to ensure that the model
can identify human factor parameters in a timely and efficient manner. At the same
time, to avoid interference such as driving fatigue caused by the complexity of the
scene, the experimental duration is set to about 10 min and the experimental mileage is
about 10 km.
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An integrated machine learning method based on the LSTM model is constructed to
transform the experimentally collected simulator high-dimensional multi-attribute data
into a two-dimensional matrix and then input it into the integrated machine learning
model. The integrated machine learning model is based on Bayesian optimization for
hyperparameter tuning, and reflects the experimental performance of the simulator with
the driver’s biopsychological indicators in the simulator experiment by matching the
driver’s causal characteristics. The integrated machine learning method based on the LSTM
model improves the deficiency of single-parameter prediction of the integrated machine
learning method and makes it applicable to high-dimensional multi-attribute simulator
data evaluation.

The specific prediction results of the model are as follows: Based on the entropy
value method and CRITIC analysis of the evaluation indicators for weighting analysis,
the overall trend of the proportion of weight distribution is consistent, whether it is from
the variability of EDA, EMG, ECG and the conflict between the evaluation indicators in
the simulator standard experimental driving biopsychological indicators, or the use of
the amount of effective information to assign weights. Combining the weights of both
indicators, the EDA, EMG, and ECG weights are 79.12%, 12.71%, and 8.16%, respectively.
This yields a comprehensive evaluation indicator of 94.04 for the test simulator, indicating
that it achieves a medium to high level of validity and can meet the needs of more complex
simulation applications in the traffic field. This shows that the test simulator can meet
the requirements of complex simulation applications in the traffic field, and it shows that
the standard scene designed by the paper can effectively reflect and evaluate the actual
biopsychological performance of people in the experiment, and can also simply and effec-
tively reflect the real traffic characteristics of drivers, and the model has good robustness
and applicability.

This paper has several limitations, and future research can be carried out in the
following aspects: First, this study mainly focuses on the biopsychological characteristics
of experienced drivers. Future research could increase the sample size to examine the
differences in characteristics among drivers of different genders, ages, and personality
types. Second, the driver characteristic parameter system can be further expanded. In
the future, visual perception, EEG signals, vehicle speed parameters, and other sensory
parameter data could be integrated to build a comprehensive evaluation model and
improve the overall performance of the model. Third, the results of this paper are
mainly based on controlled risk conflict scenarios in driving simulators, reflecting the
simulator’s ability to reproduce drivers’ behavioral and physiological-psychological
responses in such scenarios. Therefore, the evaluation results in this paper should
be understood as the internal validity of the simulator under controlled experimental
conditions and cannot be directly equated with the external validity under real-road
driving conditions. Future research still needs to combine real-road experiments, closed-
field experiments, or natural driving data to further compare and verify the simulator
experiment results. Finally, this paper has not yet conducted a direct comparison with
real-road or natural driving data. Future research could use closed-field tests, real-road
driving tests, or natural driving data to compare simulator data with real driving data in
terms of speed, braking behavior, reaction time, vehicle trajectory, EDA, ECG, and EMG,
in order to further verify the external validity of the evaluation framework proposed in
this paper.
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