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Abstract

Driver models, which provide mathematical or computational representations of human
driving behavior, are crucial for intelligent driving systems by enabling stable and repeat-
able operations. However, existing models typically employ fixed weighting parameters
to simulate preview delay, failing to reflect individual driver differences and real-time
dynamic behaviors. This paper proposes a Brain-Memory Driver Model (BMDM) that
emulates human brain memory mechanisms to dynamically adjust preview weights by
integrating global path curvature, real-time vehicle speed, and steering torque. This em-
ulation involves a three-stage process: capturing data in an Instantaneous Memory (IM)
region, filtering data via a forgetting mechanism in a Short-Time Memory (STM) region
to reduce scale, and retaining data based on correlation strength in a Long-Time Memory
(LTM) region for persistent mining. By deploying a trained behavioral memory database,
the model dynamically calibrates preview weights based on the driver’s state and real-time
curvature variations under different road conditions. This enables the model to more
accurately simulate authentic preview characteristics and improves its adaptability. Simu-
lation results from an automated steering case study demonstrate that the improved model
exhibits control performance closer to the real driving process, reproducing authentic
steering behavior within the human—vehicle-road closed-loop system from an intelligent
biomimetic perspective.

Keywords: driver model; human brain memory mechanism; two-point preview; weighting
correction; modeling and simulation

1. Introduction

In recent years, human-machine cooperative driving technology has been advancing
rapidly. During its development, real driver-simulator experiments provide reliable data
support but are time-consuming and resource-intensive [1-3]. Moreover, uncertainties in
test subjects can pose intractable technical challenges. To enhance efficiency and reduce
resource demands, researchers often employ driver models to replace actual driver control
behaviors, enabling rapid offline algorithm iteration [4,5], thus significantly lowering the
human and material costs of real driver-simulator trials.

Driver models, based on modeling strategies, are categorized into control theory-based
and data mining-based types [6,7]; based on control dimensions, they include longitudinal,
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lateral, and combined longitudinal-lateral models [8,9]. Among these, lateral driver models
hold significant research value in autonomous driving and human-machine co-driving.
The first widely adopted model across various system developments was an optimal
curvature preview model predicting lateral errors [10]. Subsequently, the near-far two-
point perspective model emerged and has been extensively applied in lateral steering
strategy development [11,12]. A cognition-time delay-arm neuromuscular model, rooted in
real driver physiological traits, has also been integrated into driver models, enhancing their
naturalness and interpretability through steering torque feedback and weighted visual
studies [13].

To improve tracking performance, advanced control strategies—starting from the
initial optimal control model [14]—such as an improved PID algorithm [15], LOR-based
algorithms [16], MPC algorithms [17], adaptive control algorithms [18], and fuzzy control
algorithms [19] have been progressively incorporated into driver models. However, purely
control theory-based models often lack the ability to simulate driver preview and person-
alized characteristics. Data mining-based learning models simplify traditional physical
modeling complexity via end-to-end computation but require extensive real driving data
for training to construct predictive behavioral models. Researchers have leveraged learning
methods to address the highly nonlinear nature of driver behavior, proposing personalized
models for lane departure and lane-keeping using Gaussian mixture and hidden Markov
models. These enabled the development of online predictive algorithms for forecasting ve-
hicle trajectories and detecting lane-change intent [20]. Additionally, a personalized model
handling non-Gaussian and bounded natural driving data was proposed and applied [21],
successfully realizing a tailored driver model for haptic-shared ADAS systems via machine
learning algorithms [22].

While both strategies yield effective models reflecting real driver behavior, control
theory-based modeling struggles to capture advanced cognitive abilities arising from
uncertainty and individual driving environments, whereas data mining-based modeling
lacks clarity in the physical meaning of learned parameters. Hybrid approaches combining
these strategies are emerging [13,23]. Integrating the Brain Emotional Learning Circuit
Model (BELCM) with the two-point preview model incorporates emotional regulation,
simulating driver emotional perception and decision-making in complex traffic, yielding
a decision model closer to human behavior [24]. Trajectory prediction of driver intent
using Extended State Observers (ESO) and Long-Short Time Memory (LSTM) networks,
combined with dynamic load allocation and control weight adjustments, simulates driver
behavior across varying conditions [25].

Furthermore, another burgeoning research direction for enhancing driver model
anthropomorphism is the integration of the driver’s real-time emotional state into the
control loop, a field that has shown significant promise. Studies have systematically
evaluated how in-car feedback, using modalities like light, sound, and vibration, can help
regulate driver emotions detected via facial analysis [26]. Other advanced approaches have
even utilized non-contact physiological sensing, such as functional infrared imaging, to
assess a user’s affective state and enable an agent to adapt its behavior in real time [27].
While these emotion-centric models offer a valuable path toward more human-like systems,
the present study focuses on a complementary cognitive dimension: the role of memory
and learned experience in dynamic adaptation.

While these hybrid approaches represent a significant step forward, they often treat the
driver’s cognitive processing as a ‘black box.” They excel at learning complex input-output
relationships but do not explicitly model the underlying cognitive mechanism of how a
human driver filters vast amounts of transient sensory data to form a stable, long-term
behavioral knowledge base. Consequently, they may lack a structured framework for



Machines 2025, 13, 617

30f22

systematically distinguishing critical information from redundant data in real-time. This
leaves a gap in modeling the progressive, multi-stage process of information filtering, ab-
straction, and memory consolidation that is fundamental to human learning and adaptation
in driving.

Addressing these challenges, this paper proposes a BMDM for dynamic correction of
parameters in the two-point preview model. Hierarchical processing mechanisms, previ-
ously explored in structural health monitoring [28,29], are integrated here, enabling control
theory-based modeling to precisely depict driver control behavior with robust system
stability and performance guarantees. Simultaneously, it leverages data mining’s strength
in handling complex nonlinear and dynamic driving behaviors, learning and capturing
personalized driver traits from extensive data to meet diverse needs. The resulting high-
fidelity model is thus intended to serve as a robust virtual driver to streamline the offline
validation and iteration of human-machine cooperative strategies.The main contributions
of this paper are summarized as follows:

(1) A novel driver model framework, the Brain-Memory Driver Model (BMDM), is
proposed, inspired by the multi-stage processing of human memory. This structured
approach, emulating Instantaneous, Short-Time, and Long-Time Memory (IM-STM-LTM),
provides a transparent mechanism for information filtering and consolidation, overcoming
the limitations of conventional black-box models.

(2) A dynamic weighting correction mechanism for the two-point preview model is
developed. By leveraging real-time road curvature, vehicle speed, and steering torque, this
mechanism allows the model to continuously adapt to changing conditions, significantly
enhancing the personalization and biomimetic fidelity of the simulated driving behavior.

This paper is organized as follows. Section 2 presents the theoretical foundation
and overall architecture of the proposed model, including the vehicle dynamics and the
underlying two-point preview driver model. Section 3 provides a detailed explanation of
the core innovation: the implementation of the three-stage human brain memory mech-
anism. Section 4 describes the experimental validation conducted on a semi-physical
simulation platform, presenting a comparative performance analysis of the BMDM against
traditional and human-driver benchmarks. Finally, Section 5 summarizes the conclusions
and contributions of this work.

2. Theoretical Foundation and Model Construction
2.1. Qverall Model Architecture

The overall architecture of the BMDM proposed in this paper, inspired by human
brain memory mechanisms, is illustrated in Figure 1. The model comprises three core
components: the preview steering reference acquisition module, the neuromuscular system,
and the human brain memory mechanism. These components interact synergistically to
optimize the driver model’s performance.

The preview steering reference acquisition module is tasked with extracting critical
information from the traffic environment. Supported by a two-point preview model, it
captures both near and far visual cues, enabling a comprehensive assessment of upcoming
road conditions. The extraction of preview features is influenced by reaction latency,
representing the cognitive processing time required by the brain prior to executing steering
adjustments. The extracted visual data are subsequently transformed into executable
steering control inputs via a steering conversion mechanism, effectively translating the
driver’s visual perception into appropriate control actions.
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Following the steering conversion process, the neuromuscular system plays a pivotal
role in converting cognitive decisions into physical responses. This system accounts for the
biomechanical properties of human muscle activation and the feedback mechanisms of the
nervous system, ensuring smooth and adaptive steering behavior. Steering commands gen-
erated by the neuromuscular system are then transmitted to the vehicle through the steering
gear ratio, determining the precise magnitude and manner of the mechanical response.

A key innovation of this study is the introduction of a human brain memory mech-
anism, which processes and stores critical driving data through three sequential stages:
IM, STM, and LTM. The IM stage captures and retains immediate response data during
driving. The STM stage employs a forgetting mechanism to eliminate redundant infor-
mation, reducing data dimensionality and computational load. Finally, the LTM stage
preserves highly correlated data in a long-time memory repository, providing a foundation
for predicting and decision-making in subsequent driving scenarios. By comprehensively
utilizing curvature data from the global reference path, real-time vehicle speed, and steering
wheel torque, the model achieves dynamic correction of the preview module. The BMDM,
emulating human brain memory mechanisms, continuously updates its memory database
during real-time driving and adaptively adjusts weighting parameters—such as preview
time or steering gain—based on varying road conditions and driver states.

Brain-Inspired Memory Mechanism-based Driver Model

Steenng conversion Neuromuscular system|

Steering gear ratio

{}Memory—based adaptation

Human brain memory mechanism Traffic environment Intelligent Vehicle

Long time memor Short time memory. Instantaneous memory
* Causal inference] *  Forgetting * High-frequency
and storage mechanism data capture
*  Behavior pattern| * Keydata «  Immediate

database retention filtering

Figure 1. Overall architecture of the Brain-Memory Driver Model.

Through this dynamic adjustment strategy, the BMDM can more precisely simulate
the driver’s instantaneous response process, particularly in complex and dynamic driving
environments. When significant fluctuations occur, the model retrieves historical data
from the LTM repository for comparison with similar scenarios, adaptively tuning the
preview parameters. This approach enables effective adaptation to individual driver
differences to a certain extent while enhancing the stability and performance of intelligent
driving systems. By integrating the preview steering reference acquisition module, the
neuromuscular system, and the human brain memory mechanism, BMDM demonstrates
significant advantages in the accuracy and robustness of anthropomorphic driver modeling.
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2.2. Vehicle Dynamics Model

For the lateral motion problem in human-machine cooperative control, constructing
a dynamics model that accurately describes the vehicle’s position and motion state is
essential. As shown in Figure 2, this paper adopts the classical linear bicycle dynamics
model [30], which offers high precision when tire forces remain within the linear region. To
simplify the modeling process and reduce the computational burden of control algorithms,
the following assumptions are obtained based on practical conditions: the vehicle exhibits
symmetric dynamic characteristics [31]; the sideslip angles of tires on the same axle are
equal and small [32]; vehicle roll and pitch dynamics are neglected [33]; and longitudinal
speed variations are assumed to be gradual [34]. Ultimately, based on the Newton—Euler
theorem, the lateral dynamics can be expressed by the following differential equations.
moy (B + ¢) = Fypsin(dp) + Fyf cos(df) + Fyr o

L =If (Fxf sin(dr) + Fyr cos(éf)) — I, Fy

where m represents vehicle mass; x and y denote the longitudinal and lateral displacements
of the vehicle, respectively; v, is the longitudinal vehicle speed; ¢ is the vehicle heading
angle; ¢ is the yaw rate; ¢ is the yaw angular acceleration; f3 is the centroid sideslip angle;
Jr is the front wheel steering angle; [ and [, are the distances from the front and rear axles
to the centroid, respectively; Fy( is the longitudinal force on the tire; F,r and Fy, are the
lateral forces on the front and rear wheels, respectively; and I, is the moment of inertia
about the vertical axis.

YA

®- . . >
10, X

Figure 2. The linear bicycle model used for vehicle lateral dynamics.

Assuming d¢ is small and the lateral forces of the front and rear wheels are proportional
to their sideslip angles [35], the vehicle lateral dynamics can be further simplified as follows:

mox (B + ¢) = Fyfcosdp + Fy

N )
Izq) = lnyf — ZrFyr
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Fyp =2Crar
Fyr = 2Cyat,

3)

where Cr and C; represent the cornering stiffness of the front and rear wheels, respectively;
oy and a, are the sideslip angles of the front and rear wheels, defined as the angle between
the tire’s motion trajectory and its orientation during ground rolling, expressed as follows:

1.d
Kf = ﬂ + %) —0 f (4)
o =p— l;—f
By combining the above equations, the lateral dynamics model of the vehicle is derived
as follows:
X = Ax + Bu

®)
y=Cx

T
where the system state variable is x = [y ¢ B gb} the system input is the front wheel
steering angle, i.e., u = J; and the output is the lateral position y. The specific expressions
for the matrix A, B, and C are given below:

0 oy Uy 0 0
0 0 0 1 0 .
A=y o 24+20 224G -G L, B=| o |, C:[l 0 0 0}
Mox mog " moy
0 0 21¢Cy — 2I,C; 2z}cf + 212G, 204Gy
I Loy I

In the context of this simulation-based study, all state variables required by the model
are assumed to be directly available from the high-fidelity CarSim simulation environment.
For a real-world application, these states would be obtained through onboard sensors or by
using a state observer.

2.3. Driver Model

The comprehensive human driving process is often conceptualized in four key stages:
perception, decision-making, path planning, and control [36]. The driver model developed
in this paper focuses specifically on the path-tracking task, where ‘decision-making’ is
simplified to the intent to follow a given lane, and ‘path planning” is implicitly handled by
providing a pre-defined reference trajectory. To characterize driver operational behavior
within this framework, this paper integrates a two-point preview driver model with a
vehicle dynamics model [37]. The model’s objective is typically regarded as a path-tracking
controller, aimed at minimizing the deviation between the vehicle’s actual and target
positions. In this study, the target position is defined by the centerline of the pre-designed
test routes, which serves as the reference trajectory for calculating the lateral error.

As depicted in Figure 3, the near and far points are selected as preview points. The
near point lies on the lane centerline, while the far point is the tangent point of the lane
line at a distant turn. In the figure, L, represents the distance from the vehicle’s centroid to
the near point, L 3 denotes the distance from the vehicle’s centroid to the far point, 6, is the
angle between the vehicle’s heading direction and the line connecting the centroid to the
near point, 6 is the angle between the vehicle’s heading direction and the line connecting
the centroid to the far point, O,y,q indicates the curvature center of the far point, ¢ is
the vehicle yaw angle deviation (defined as the difference between the vehicle yaw angle
¢ and the desired road yaw angle ¢ at the near point), and ej, represents the lateral
position deviation.
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Based on the relationships illustrated in Figure 3, the two-point preview model [38]
can be expressed as follows:

oL = ¢ — Xpr
ér = Dugr + oL +y
Qn%(pL—Fe—L (6)

n

where p, represents the curvature of the current road, and R denotes the radius of curvature
of the current road.

forward view

-
\far
\
\
\
\
\
\
1
\
)
\
\
1
\
\
\

'
S~ & road

Figure 3. Schematic of the two-point preview driver model.

The driver obtains vehicle position information by previewing the near point, with 6,
representing the driver’s feedback control behavior. The driver’s control over the vehicle
involves a delayed, continuous proportional control and a relatively weak differential con-
trol [39]. Proportional-derivative control is applied to 6, to maintain the vehicle’s trajectory
near the lane centerline, serving as the input to the visual compensation module G,. By
previewing the far point, the driver acquires information about distant road conditions,
assessing the curvature ahead to prepare for the vehicle’s next steering action, with 6
representing the driver’s feedforward control behavior, serving as the input to the visual
prediction module Gp.

The expressions for G, and G, are given as follows: where the proportional gain of
the prediction module is K, the proportional gain of the compensation module is K, the
vehicle speed is v, the compensation rate is T, and the compensation bandwidth is T7.

Gy =K,
c K Tps+1 @)
T v Tis+1

The process by which the driver perceives deviations in yaw angle and lateral position
involves a reaction delay time 7;, modeled using a pure delay element e~ "°. Additionally,
the process from the brain issuing commands to eliminate deviations to their execution
by the arm introduces a neuromuscular delay time 7, represented by a first-order lag

1
element W .
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Based on the above analysis, as shown in Figure 4, the driver model primarily consists
of three components—feedforward, feedback, and neuromuscular dynamics. These com-
ponents form a closed-loop system where the vehicle’s state dynamically influences the
driver’s perceptual inputs, and the resulting steering command from the driver model acts
as the control input for the vehicle model.

__________________________________________________________ ] N

Mechanism of brain—inspired memory | \
__________________________________________________________ / \
V N |
------------------------------------------------- \ |
A .
E I Steering system | |
1 : |

g 1 VT 1 1

—T15 + d 1
e o+l [0 2|87+ Bs | :
__________________________ Neuromuseular system " R
___________________________________________________ o R, i ]
B AR ;|
Road r Vehicle dynamic Vi Semmmmmmmmmee ’ l
l /

Feedback system ) /
o -
Figure 4. Control structure of the BMDM.
The target steering wheel angle d5,, can be formulated as follows:
. _ Kc(Trs+1)
bsw = € [ KpBp(s) — ————2 8
sw pf() U(Tls—i—l) n() 8

Typically, the value of 1 is much less than 1 s. To enhance the model’s generality, a
first-order Taylor approximation is applied as follows:

e a1 — 15 )

This can be further simplified as follows:

— %(971 + (T — Ts)6) (10)

Tlgsw + st =Ky (9f — Tléf)
In the above equation, 6 Iz 6, is the input, derived from Equation (6). It is also assumed

that the near preview distance D,, and far preview distance D maintain a fixed proportional
relationship, and the driver’s preview time T), is defined as follows:

D, = 04Dy
_— Dy (11)
p - .
X

By adjusting the preview time, delay time, and steering proportional gain, the driver
model in Equation (10) can simulate human drivers with varying steering characteristics.
Furthermore, 85, and sy, can be used to represent the driver’s operational and psychologi-
cal workload, respectively.

The driver’s intent, conveyed through the target steering wheel angle 85w, is transmit-
ted to the Neuromuscular System (NMS) [40], where it is further converted into torque
output T;. As shown in Figure 4, the neuromuscular dynamics component Gy; serves as a
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feedforward torque module, reflecting the internalized stiffness from angle to torque and
characterizing the dynamic properties of the steering system, where K; is the proportion-
ality coefficient between torque and angle, and v is the vehicle’s longitudinal speed. The
feedback steering module Gyy compensates for steering wheel disturbance torques caused
by external factors (e.g., uneven road surfaces) by continuously acting on the difference
between by, and sy, where K; is the proportionality factor for steering angle deviation.

{GNa = Kr -0 (12)

Gnr = Kt

In this paper, the NMS is simplified as an arm dynamics model, effectively simulating
the mechanical behavior of the driver during steering operations. The proposed driver
model assumes that the driver controls vehicle steering by applying torque T; to the
steering wheel. The model incorporates self-aligning torque T; to enhance the stability
and responsiveness of the steering system, with dynamic adjustments made based on
longitudinal speed to accommodate steering demands and vehicle dynamics characteristics
at different velocities.

The torque output from the NMS acts on the vehicle’s steering column, a critical
component linking the steering wheel to the steering mechanism. When the steering wheel
is subjected to the driver’s input torque T; and the self-aligning torque Ts—which is the
restoring torque from the tires that is primarily dependent on vehicle speed and lateral
forces—the steering system produces the actual steering wheel angle 5, [41]. Neglecting
nonlinear effects such as friction torque and backlash, the dynamic equation of the steering
system is approximated as follows:

]55570 + Bsssw = Td + T (13)

where J; and B; represent the inertia and damping parameters of the steering system,
respectively. Assuming the steering system’s gear ratio is Ry, the final steering angle
applied to the front wheels is J s = Rgdsw-

3. Human Brain Memory Mechanism
3.1. Mechanism Overview

The human brain’s memory mechanism is a multi-stage dynamic process for handling
external information, characterized by progressive filtering and abstraction over time, with
distinct storage functions at each stage. Based on the memory decay pattern revealed by
the Ebbinghaus forgetting curve [42], the retention of memory can be expressed by the
following equation:

t
5

R=e" (14)

This exponential form is adopted as it is the standard mathematical representation of
the Ebbinghaus forgetting curve, a foundational principle in the psychology of memory. It
effectively models the nonlinear manner in which memory retention strength diminishes
over time. Where R represents memory retention, s is the memory decay coefficient, and
t is the time variable. The forgetting model indicates that memory strength decreases
exponentially with time, though the temporal trends vary significantly across different
memory types [43]. As shown in Figure 5, this pattern divides human memory processing
into three regions: IM, STM, and LTM. The IM region captures immediate environmental
information, with an extremely brief storage duration on the order of milliseconds; most
data decay rapidly or are forgotten, with only information significantly deviating from
a threshold or exhibiting high correlation being transferred to the STM region. In the
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STM region, data undergo further processing, where a forgetting mechanism filters out
redundant information, retaining only high-value data to reduce storage and processing
demands. The duration of STM is typically longer than that of IM, gradually transitioning
to LTM over time. The LTM region is responsible for storing highly correlated, filtered
information, which is abstracted into conceptual knowledge upon entry, enabling long-time

retention for future use.

‘ _ o
[Curvature] [ Speed ] [ Torque ] [ Prelv1ew ] Y
time
L
IM Real-time
l:> capture

[

[

o Identify Low - "
\ informative data orgetting
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) —

I 1 |

LTMt>: [ Reason ][ Reason ]... [ Reason ]
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!
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1 \ 4

) N degree A4

'STM

Figure 5. The three-stage memory mechanism inspiring the BMDM: (a) the Ebbinghaus forgetting
curve, (b) conceptual memory stages, (c) the model’s data processing flowchart.

3.2. Implementation of Human Brain Memory Mechanism

To accurately simulate the multi-stage memory processing of the human brain within
the BMDM, this section elaborates on the specific implementation mechanisms of the
three regions. By integrating neuroscience theories on memory encoding, maintenance,
and retrieval, the model is designed to efficiently capture, filter, and store complex dy-
namic information generated during driving. The IM region handles real-time capture
of high-frequency data, ensuring immediate responses to environmental changes; the
STM region employs forgetting curves and correlation evaluation to effectively filter and
compress redundant information; and the LTM region establishes a stable knowledge
base, storing highly correlated data to support long-time behavior prediction and model
parameter optimization.

3.2.1. IM Data Capture

The IM region is responsible for real-time capture and temporary storage of high-
frequency dynamic data generated during driving, providing timely and high-quality
inputs for the subsequent STM stage. Inspired by the human sensory system’s immediate
response to external stimuli, the IM stage ensures the driver model can rapidly acquire
and process instantaneous features of environmental changes and driving behavior. A
high-sampling-frequency data capture mechanism is adopted at this stage, achieving
millisecond-level temporal resolution to precisely detect transient variations in key driving
variables such as road curvature x, vehicle speed v, steering torque M, and preview time
Ty. Here, the steering torque M represents the operational torque applied by the driver,
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corresponding to the driver’s torque output T; from the neuromuscular system model in
Section 2.3.

Captured data are organized into a multidimensional matrix, with each row
corresponding to a timestamp and each column representing a key variable value,
expressed as follows:

Dim=|. : : : : (15)
th x(tn) o(tn) Ml(ty) Tp(tn)

where t; denotes the data acquisition timestamp, x(#;) is the road curvature, v(t;) is the
vehicle speed, M(t;) is the steering torque, and Ty (t;) is the preview time.

The core mechanism of the IM stage involves detecting the rate of change in preview
time and calculating Shannon information entropy to identify and filter data with high
information content. When the rate of change in preview time % exceeds a predefined
threshold @y, the system records the vehicle speed, road curvature, and steering torque
at that moment and computes the information entropy of these variables. This threshold
serves to trigger deeper analysis only during significant shifts in driver intention, thus
conserving computational resources. Its value was determined empirically from the training
data to best capture these events. The detection of the preview time change rate is performed
using the following equation:

T, _ Ty(t+At) — T,(t)

~ 1
dt At (16)
When the condition is as follows:
T,(t+ At) — T, (¢t
A ZDO] g, (17)

At

is satisfied, the system records the current values of «(;), v(t;), and M(t;), and calculates
their information entropy. Shannon information entropy is defined as follows:

H(X) = — Y plx) log p(x,) a8)

i=1

where H(X) represents the information entropy of a variable (e.g., x, v, or M), and p(x;)
is the probability distribution of the variable X taking the value x;. By computing the
information entropy of each key variable, the information content at the current moment
can be quantified.
For each recorded data point, a comprehensive information metric I(t) is defined
as follows:
I(t) = aH(x(t)) + BH(o(t)) + YH(M(t)) (19)

The use of Shannon information entropy is grounded in information theory and
provides a principled method for quantifying signal novelty or surprise. In this context, it
serves as a robust computational proxy for the brain’s pre-attentive filtering mechanisms,
which prioritize unexpected and informative stimuli for further cognitive processing.
Where «, B, and -y are weighting coefficients used to balance the contributions of each
variable to the comprehensive information metric. These coefficients balance the relative
importance of road curvature, vehicle speed, and steering torque in defining an informative
event. Their values were set based on a parameter sensitivity analysis to reflect the stronger
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influence of curvature and torque on driver preview behavior compared to speed. The
calculation of I(t) comprehensively accounts for variations in road curvature, vehicle speed,
and steering torque, ensuring a thorough assessment of information content.

When the comprehensive information metric I(f) exceeds a predefined threshold
@, the function of @y, is to filter out low-information data at the initial stage. It was
calibrated through preliminary testing to achieve a balance between data reduction and the
preservation of critical driving events. The current data segment is deemed high-priority
and requires further processing;:

High ifI(t) > &
Priority(1(1)) = 4 g 1) = Py 20)
Low otherwise

This entropy-based prioritization method enhances the accuracy of data filtering,
ensuring that data segments with high information content are preferentially transferred to
the STM region, thereby optimizing resource allocation for subsequent memory processing.
The IM stage segments and caches data using fixed time windows, treating each 10-ms
interval as an independent window to process continuous data into discrete blocks. This
segmentation strategy preserves the temporal sequence of the data while significantly
improving processing efficiency and real-time performance.

3.2.2. STM Data Filtering

The STM region in the BMDM is responsible for filtering and compressing real-time
dynamic data transferred from the IM region. The STM stage is designed to emulate
the human brain’s short-time memory capability for preliminary information processing
and filtering. Its primary objective is to employ a forgetting mechanism and correlation
assessment to retain only high-value data closely relevant to the current driving task,
providing high-quality inputs for the LTM region. This process effectively reduces the data
processing burden, enhancing the model’s responsiveness, accuracy, and adaptability to
critical driving behaviors.

The core mechanism of the STM stage is based on the memory curve in Equation (14),
incorporating a time-decay model to simulate the natural decay of information in human
short-time memory over time. In this equation, determines the rate of memory decay,
with a smaller indicating a shorter retention duration in STM, consistent with the limited
capacity of human short-time memory.

To simulate the progressive data filtering process, the STM stage defines a time win-
dow [t1,ts], where f; is the starting time of the STM phase, and t; is the transition point
from short-time to long-time memory. The memory retention within this time window is
calculated using the following formula:

(t—t7)

RSTM = e_ 51 (21)

In this model, the short-time memory decay coefficient s; is set to be positively corre-
lated with the comprehensive information metric I(t) of the corresponding data segment,
ensuring that information deemed more significant by the IM stage is forgotten more slowly.
To determine whether data should be retained, the STM stage establishes a retention thresh-
old, denoted as ®gtps. This threshold directly controls the rate of data compression and was
empirically tuned to achieve a significant but reasonable level of data reduction, ensuring
that only data with high relevance survives for long-term storage. The specific data reduc-
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tion performance achieved by this tuning is quantitatively detailed in the experimental
analysis in Section 4.3. The value of ®gr)s is computed as follows:

(ts—t1)

Dstyy=e 1 = ts—t1 = ATstm = —s1In D7 (22)

When the memory retention Rgry for a given time segment exceeds the threshold
Dg7y, the data are classified as high-priority and retained; otherwise, they are deemed
low-priority and discarded. The filtered high-priority data are stored in a structured multi-
dimensional matrix, significantly reducing the volume of data for subsequent processing
while preserving high relevance and value.

The STM'’s filtering and retention mechanism integrates closely with information
management and the LTM region, forming a synergistic memory processing system. The
IM region captures high-frequency data, while the STM region efficiently reduces data
volume through forgetting and correlation-based filtering, ensuring that inputs to the LTM
region are both highly relevant and non-redundant. This enhances the overall model’s
processing efficiency and decision-making accuracy.

3.2.3. LTM Data Storage

LTM region in the BMDM stores highly correlated data filtered by the STM stage,
supporting subsequent driver behavior modeling and parameter correction. Inspired by the
human brain’s capacity for persistent storage and complex association, this stage constructs
a stable, efficient knowledge base for historical data extraction, analysis, and correlation.

In the LTM stage, modeling aims to establish plausible causal associations, with the
correlation between road curvature, vehicle speed, steering torque, and preview time
as the core of data storage. The cause event set C = {cy,¢cp,...,cy4} and effect event
set Z = {z1,23,...,2n } are defined, where C; includes variables like road curvature «(t),
vehicle speed v(t), and steering torque M(t), while Z; includes dynamic changes in preview
time T),(t). A correlation between cause event C; and effect event Z; is denoted as C; — Z;.
To quantify this association, a causal association index 0;; is defined as follows:

£ t; —t R
aijzkl/tqe’édt—i—kth h+k3 h (23)

h g~ tp r(tn)
Here, k1, ky, and k3 are coefficients adjusting term weights. These coefficients are
critical for tuning the causality model. k; weighs the influence of stimulus duration, kp
weighs temporal proximity, and k3 weighs direct activity correlation. Their values were
determined empirically to ensure the model’s output best matched the causal relationships
observed in the human driver training data. t, and t; are the start and end times of the
cause event; s is the forgetting parameter controlling time decay; R;, is the memory retention
of Z;; and r(t;,) is the memory retention of C; at time t;,, 7(t;,) given by the following:

_h e _t
r(ty) = e ~k1/t e sdt (24)
h

The first term captures the time accumulation of C; on Z;, the second reflects time
overlap, and the third measures activity correlation between Z; and C;. By integrating
time decay, overlap, and activity ratio, 0;; accurately reflects the overall impact of C; on
Z;. This formulation serves as a heuristic model designed to synthesize key principles of
associative learning into a single, quantifiable metric. It moves beyond simple correlation
by integrating the influence of stimulus duration, the principle of temporal contiguity, and
direct activity correlation, providing a more holistic and cognitively plausible measure of

the association’s strength.
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The knowledge base stored in the LTM is actively utilized to dynamically optimize
the driver model. Specifically, key parameters at both the cognitive and neuromuscular
levels are adaptively calibrated. At the cognitive level, the model adjusts the preview
time T, and the predictive gain K, to adapt the driver’s visual-predictive strategy to
different road conditions. At the neuromuscular level, the steering feedback gain K; from
Equation (12) is modulated to reflect changes in the driver’s physical response, such as
arm stiffness. The update mechanism operates as follows: when the model encounters
a new driving state, defined by the real-time vector of [x(t), v(t), M(t)], it queries the
LTM to find stored antecedent events C; that are most similar to the current state. The
new parameter values are then calculated as a weighted average of the parameter values
associated with these retrieved historical scenarios. The weights used in this average are
determined by the strength of the stored causal associations ¢, giving greater influence to
past scenarios with stronger, more reliable learned relationships. This inference process
allows the model to continuously leverage its stored experience to adapt its behavior to the
current driving environment.

It should be noted that while the architecture of the memory mechanism is conceptually
grounded in cognitive science, all operational parameters and thresholds throughout the
IM, STM, and LTM stages were determined empirically through data-driven tuning. This
process ensures the model’s behavior is calibrated to optimally reflect the characteristics
observed in the collected human driver data.

4. Experimental and Discussion
4.1. Experimental Background

As shown in Figure 6, the experimental setup utilizes a laboratory-designed semi-
physical driving simulation platform, comprising a driving simulator, torque sensor, and PC
host. The driving simulator, equipped with a steering wheel, accelerator, and brake pedal,
controls the simulated vehicle. The torque sensor collects steering torque data to analyze
driver behavior and response characteristics. The PC host, running Simulink, Carsim, and
real-time scene simulation software, serves as the central unit for signal interaction between
the simulator and sensor.

k

\ Algorithm

‘\\ I\ MRSy

Figure 6. The laboratory-designed semi-physical driving simulation platform.
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Figure 7 illustrates the platform’s schematic, highlighting the synergy among the
driving simulator, torque sensor, and PC host. The simulator transmits driver inputs
via the steering wheel, accelerator, and brake pedal to the control system in real time,
while the torque sensor captures steering torque data for behavioral analysis. The PC
host, as the core control unit, integrates simulator and sensor data with vehicle dynamics
models using MATLAB R2023b/Simulink and Carsim 2021, executing control strategies to
accurately simulate and optimize driving behavior.This setup operates as a co-simulation
platform where the roles are clearly defined: the proposed BMDM is implemented in
MATLAB R2023b/Simulink, while the high-fidelity, nonlinear vehicle dynamics and road
environment are provided by CarSim. Consequently, the simplified linear model introduced
in Section 2.2 is confined to the theoretical derivation of the control strategy and is not
used in this validation loop. This ensures that the BMDM is tested against a realistic
plant model, with its performance evaluated using accurate feedback signals from the
high-fidelity simulation.
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Figure 7. Schematic of the co-simulation platform.

4.2. Database Construction and Training

To enable dynamic preview weighting correction in the BMDM, a diverse driver
behavior memory database was constructed. This database includes operational data
collected from a cohort of 11 licensed drivers with diverse backgrounds across multiple
road conditions, encompassing vehicle speed, road curvature, steering torque, and steering
angle. Regarding vehicle speed, it should be noted that the trials were not conducted
at a strictly fixed speed. Instead, speed varied gradually, a condition consistent with
the foundational assumption of our vehicle model, thus validating its use for analyzing
the driver’s lateral control behavior. Data were collected via the semi-physical driving
simulation platform, preprocessed, and used to train the model.

As shown in Figure 8, to encompass a range of road conditions from simple to complex
in the simulation environment, four distinct test routes were selected: Figure 8a a flat route
without continuous curves; Figure 8b a route with moderate continuous curves; Figure 8c
a route with sharp bends, demanding higher reaction speed and steering precision; and
Figure 8d a highly complex route with near-continuous curves requiring sustained steering.
Data collected from these routes enable the BMDM to learn diverse driving styles and
operational patterns, facilitating dynamic preview weighting adjustments across varied
conditions and providing a robust basis for training and testing.
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(d)

Figure 8. Schematics of the four test routes, ordered by increasing complexity from (a—d).

4.3. Data Volume Analysis

To assess the data compression efficacy of the brain-inspired memory mechanism,
this section quantitatively analyzes the dimensionality reduction across IM, STM, and
LTM stages for the four test routes described in Section 4.2. Figure 9 illustrates data
volumes at each memory stage, while Table 1 lists the percentage reductions per stage and
total reduction.
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Figure 9. Data volume reduction across the memory stages for the four distinct test paths from (a—d).
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Table 1. Percentage of data volume reduction achieved by the memory mechanism for each test path.

Path IM ST™M LTM Total
1 21.86% 9.09% 11.60% 42.55%
2 20.79% 10.11% 9.27% 40.17%
3 16.83% 9.42% 9.15% 35.40%
4 15.39% 8.46% 7.96% 31.81%

Figure analysis reveals that, compared to raw data, the IM, STM, and LTM stages
effectively reduce data volume with progressive reductions. For Path 1, IM decreases data
by 21.86%, STM by 9.09%, and LTM by 11.60%, yielding a total reduction of 42.55%. Path 2
follows a similar trend with a 40.17% reduction. In contrast, Path 3 and Path 4 show lower
reductions of 35.40% and 31.81%, respectively. Simpler routes with repetitive or redundant
data allow multi-stage processing to eliminate more similar features, achieving higher
reductions, whereas complex, curve-intensive routes retain more uncertain, high-value
data, resulting in lower reductions.

This pattern aligns with the complexity descriptions in Section 4.2. Path 1, lacking con-
tinuous curves, exhibits repetitive operations; Path 2 has moderate curves with increased
frequency; Path 3 includes sharp bends; and Path 4 features constant curves, demanding
frequent steering. Greater complexity increases data novelty, reducing redundancy remov-
able by IM and STM, elevating LTM storage, and lowering total reduction compared to
simpler scenarios, where multi-stage filtering eliminates more similar data, significantly
enhancing reduction.

The brain-inspired memory mechanism efficiently compresses large-scale raw data
across route types, retaining more high-value data as complexity rises, demonstrating the
adaptive nature of IM-STM-LTM processing. This approach substantially reduces data
burdens for subsequent modeling and analysis while preserving critical information for
complex driving behavior modeling, providing a solid foundation for performance evalua-
tion and anthropomorphic control strategy research in Section 4.4. This inherent efficiency
resulting from significant data compression allowed the BMDM algorithm to operate well
within real-time constraints on the simulation platform during all experimental trials.

4.4. Comparative Performance Analysis

Following the construction and training of the behavioral memory database, a compar-
ative analysis was conducted to evaluate the performance of the proposed Brain-Memory
Driver Model (BMDM). The BMDM was benchmarked against two models on the four
test routes depicted in Figure 8, a conventional Preview Driver Model (PDM) and the
Human Driver Model (HDM). The PDM refers to the classical two-point preview model
detailed in Section 2.3, which forms the direct foundation of our proposed model. This
baseline was specifically chosen to isolate and rigorously evaluate the performance gains
attributable to the brain-inspired memory mechanism. The HDM in this context does not
refer to a computational model but represents the ground-truth driving data collected from
human participants in the experiments described in Section 4.1, serving as the benchmark
for anthropomorphism. To establish a single, representative baseline for comparison, the
data collected from all participants were averaged for each test route. The lateral error
performance of these models is presented in Figure 10 and analyzed below in conjunction
with route characteristics.

Overall, BMDM consistently achieves lower lateral errors than PDM across all routes,
closely aligning with HDM. In the simplest route (a), HDM exhibits slight lag and over-
correction at curves, while PDM shows larger, mechanical error fluctuations lacking person-
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alization. BMDM, utilizing memory-based processing of real-time curvature and speed, dy-
namically adjusts preview weights, approximating human responses even in this scenario.

As complexity increases in routes (b) with continuous curves and (c) with sharp bends,
HDM retains natural fluctuations, PDM remains stable but inflexible to abrupt changes,
and BMDM leverages STM and LTM data to adapt weights, reducing error magnitude and
mirroring HDM.

In the most complex route (d), with frequent steering demands, HDM fluctuates no-
tably, PDM exhibits rigid, high-error strategies, and BMDM, using historical curve analysis
and real-time feedback, maintains flexible steering, converging errors more smoothly than
PDM and HDM'’s over-corrections. These findings confirm BMDM'’s superior simulation of
human driving in challenging conditions.
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Figure 10. Lateral error performance of the BMDM, PDM, and HDM on the four test routes: (a) Path 1,
(b) Path 2, (¢) Path 3, and (d) Path 4.

The brain-inspired dynamic correction strategy demonstrates adaptability to road
condition variations across all four routes. In the simple scenario (a), BMDM matches
human driver performance, while in the more challenging routes (b), (c), and (d), it re-
duces steering error fluctuations through real-time preview weight adjustments, exhibiting
high anthropomorphism. Compared to HDM, BMDM offers greater automation and re-
peatability; relative to PDM, it significantly enhances simulation of complex environments
and individualized driving behavior. Thus, BMDM’s flexible, adaptive preview strategy
across diverse conditions validates its effectiveness and superiority in anthropomorphic
driver modeling.

4.5. Statistical Analysis

The evaluation of the proposed BMDM is approached from a comprehensive perspec-
tive, designed to validate not only path-tracking accuracy but also the model’s inherent
anthropomorphic characteristics. The model’s core learning mechanism in Section 3.2 is
fundamentally built upon processing real-time vehicle speed and steering torque, ground-
ing its adaptive behavior in realistic driver inputs. The architecture also incorporates a
neuromuscular system in Section 2.3 to explicitly replicate human-like steering dynamics.



Machines 2025, 13, 617

19 of 22

The resulting behaviors, such as steering flexibility, are qualitatively assessed in the perfor-
mance analysis of Section 4.4. The following statistical analysis of lateral error thus serves
as the key quantitative benchmark to verify the summative effect of these integrated anthro-
pomorphic features, providing definitive evidence of the model’s enhanced performance.

To evaluate significant differences in lateral errors, a statistical analysis was performed
on the driver models. The Kolmogorov-Smirnov test confirmed that the HDM, PDM, and
BMDM data met the normal distribution assumption. A one-way ANOVA conducted at a
significance level of 0.05 revealed significant overall differences in lateral errors among the
models. Tukey post hoc tests indicated significant differences between HDM and PDM,
and between PDM and BMDM, but no significant difference between HDM and BMDM.

This analysis highlights a notable gap between the traditional PDM and real human
drivers (HDM) in lateral error, whereas BMDM, leveraging brain-inspired dynamic correc-
tion, shows no significant deviation from HDM, indicating superior alignment with human
lateral control characteristics. Figure 11 presents boxplots of lateral errors for the three
models across routes, visually reinforcing these statistical findings.
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Figure 11. Distribution of lateral errors for the HDM, PDM, and BMDM across the four test routes
from (a—d) illustrated via boxplots.

The box represents the interquartile range of errors, the horizontal line denotes the
median, and whiskers with outliers indicate the error distribution’s range and extremes.
The figure shows that the PDM exhibits a large and consistent systematic lateral error, as
indicated by its high median value. In contrast, the median errors of both the BMDM and
HDM are significantly lower and centered close to zero. Although the BMDM shows a
wider error variance compared to the PDM, its overall performance profile, particularly its
central tendency, is much more aligned with the human driver (HDM), highlighting the
dynamic correction mechanism’s significant advantage.
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5. Conclusions

This study addressed a key limitation of conventional driver models: their reliance
on fixed weighting parameters, which fails to capture the dynamic and individual na-
ture of human driving. To overcome this, we proposed and validated a Brain-Memory
Driver Model (BMDM) that enhances a two-point preview model by dynamically adjusting
its parameters.

Inspired by human cognitive processes, the BMDM integrates real-time road cur-
vature, vehicle speed, and steering torque. It uniquely employs a multi-stage memory
framework that emulates how humans process information: capturing vast sensory data
in Instantaneous Memory (IM), filtering for relevance in Short-Time Memory (STM), and
consolidating critical experiences in Long-Time Memory (LTM). This allows the model to
continuously learn from and adapt to changing conditions.

Experimental results from a semi-physical simulation platform demonstrated the
BMDM'’s superior performance. When benchmarked against a traditional Preview Driver
Model (PDM) and real human driver data (HDM), the BMDM consistently replicated
human steering behavior with significantly higher fidelity, particularly on complex routes.
Statistical analysis confirmed that the BMDM'’s performance was not significantly different
from that of human drivers, validating its ability to produce highly realistic, anthropomor-
phic control actions.

In conclusion, this research demonstrates that a biomimetic approach grounded in
human memory mechanisms can overcome the rigidity of traditional models. By providing
a structured framework for information filtering and adaptation, the BMDM enhances
the personalization and real-time adaptability of driver simulation. This work contributes
a robust, high-fidelity virtual driver for developing and testing future human-machine
cooperative technologies and offers new methods for creating more intelligent and human-
like autonomous systems.
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