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Abstract—A driver’s health state serves as a determinant
factor in driving behavioral regulation. Subtle deviations from
normalcy can lead to operational anomalies, posing risks to
public transportation safety. While prior efforts have developed
detection mechanisms for functionally-driven temporary anomalies
such as drowsiness and distraction, limited research has ad-
dressed pathologically-triggered deviations, especially those stem-
ming from chronic medical conditions. To bridge this gap, we in-
vestigate the driving behavior of Parkinson’s disease patients and
propose SAFE-D, a novel framework for detecting Parkinson-
related behavioral anomalies to enhance driving safety. Our
methodology starts by performing analysis of Parkinson’s disease
symptomatology, focusing on primary motor impairments, and
establishes causal links to degraded driving performance. To
represent the subclinical behavioral variations of early-stage
Parkinson’s disease, our framework integrates data from multiple
vehicle control components to build a behavioral profile. We
then design an attention-based network that adaptively priori-
tizes spatiotemporal features, enabling robust anomaly detection
under physiological variability. Finally, we validate SAFE-D on
the Logitech G29 platform and CARLA simulator, using data
from three road maps to emulate real-world driving. Our results
show SAFE-D achieves 96.8% average accuracy in distinguishing
normal and Parkinson-affected driving patterns.

Index Terms—Abnormal driving behavior, Parkinson’s disease,
detection framework, public safety.

I. INTRODUCTION

The health states of a driver exert a deterministic influence
on driving behaviors, serving as a pivotal determinant of road
safety. Behavioral anomalies that arise from health state devia-
tions increase the potential risk of a traffic accident occurrence,
thus compromising driving safety. Current research primarily
targets at the detection of abnormal driving behaviors linked to
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temporary functional impairments, notably drowsiness and ex-
ternal distractions. For example, in-vehicle monitoring systems
track behaviors such as blink frequency [1, 2] and head pose
dynamics [3–5] to assess these transient states. In contrast,
behavioral deviations originating from chronic pathological
states remain underexplored. To address this issue, our study
investigates the influence of Parkinson’s disease (PD) [6] on
driving safety, a prevalent clinically defined neurodegenerative
disorder characterized by motor symptoms such as tremors
and bradykinesia. Notably, prior research has reported that ap-
proximately 82% of individuals with PD hold a valid driver’s
license, with 60% actively engaged in driving [7]. Therefore,
our study aims to elucidate how PD-driven motor dysfunction
manifests, thereby establishing detection frameworks for such
pathology-specific abnormal driving behaviors.

Current PD diagnostic research focuses mainly on iden-
tifying pathological markers in static clinical settings, such
as computed tomography scans [8], pharmacological chal-
lenges [9], and neurophysiological evaluations [10]. While
these methods provide clinical validity, their reliance on pro-
fessional facility-based assessments limits continuous disease
monitoring. Recent advances in home-based ambulatory sens-
ing address this gap through approaches such as smartphone
interaction tremor analysis [11–13], gait kinematics through
trajectory imaging [14, 15], and nocturnal respiratory pat-
tern tracking [16]. However, both clinical and home-based
paradigms remain confined to static environments, failing to
capture PD’s behavioral manifestations in dynamic driving
contexts. Moreover, although preliminary medical studies [17–
19] have discussed the physiological impact of PD on drivers,
they lack granular analysis of symptom-behavior causality,
specifically, how cardinal PD motor deficits translate to ve-
hicular control anomalies. Therefore, systematic research on
the driving behaviors of PD patients remain relatively limited.
This critical knowledge gap underscores the necessity for
investigations linking PD pathophysiology to operationally
defined driving behaviors.

Given the limitations of existing approaches, we present
SAFE-D, a novel framework designed to detect PD-related
abnormal behaviors in driving environments, with architectural
details illustrated in Fig. 1. The framework integrates the
sensing data from multiple vehicle-mounted sensors to charac-
terize PD-related behavioral deviations, thereby elucidating the
mechanistic link between neurodegeneration and driving per-
formance degradation. Specifically, PD-induced neurodegener-
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Fig. 1: Application scenario of our detection framework:
leveraging sensing data from in-vehicle control components to
identify abnormal driving behaviors and develop a detection
model.

ation compromises patients’ motor functions (e.g., tremors and
bradykinesia), which are manifested as anomalies in vehicu-
lar control. Such behavioral signatures are captured through
existing driver-vehicle interfaces, including steering wheel
torque sensors and pedal pressure transducers. The acquired
driving behavior data is processed by our detection model to
identify PD-correlated operational patterns. Critically, SAFE-
D requires no auxiliary hardware, enabling plug-and-play de-
ployment through standard vehicle architectures. This design
offers open access for continuous PD monitoring, allowing
drivers to proactively assess neurological risks during routine
commutes. When potential PD-related anomalies are detected,
users receive contextualized behavioral insights to inform
clinical decision-making1. Although our proposed framework
demonstrates potential for advancing PD and related behavior
detection, significant design challenges are still ahead of us: i)
Which PD symptoms directly affect what driving behaviors?
PD manifests through heterogeneous neuromotor pathologies,
each differentially impacting driving performance. Prioritizing
symptoms with direct vehicular control implications estab-
lishes causality relationship to guide our analysis; ii) What are
the specific effects on driving behaviors? Translating clinical
symptoms into quantifiable driving behaviors, e.g., steering
angular deviation variance and acceleration patterns, enables
extraction of pathology-sensitive behavioral signatures; iii)
How can the behavioral variations induced by PD be rep-
resented accurately? Characterizing the driving behavioral
discrepancies between PD individuals and healthy drivers is
pivotal in both data analysis and the development of detection
models. By systematically comparing these differences, it
becomes possible to extract relevant features for SAFE-D,
thereby ensuring accurate detection.

To address these research questions, we develop the follow-
ing methodology: i) Leveraging systematic evidence synthesis
from clinical neuroscience literature [6, 11, 13, 15, 17, 21],
we decompose PD manifestations into motor and non-motor
symptoms. Motor deficits, including impaired coordination
and movement execution, directly affect a driver’s fine motor
control. In contrast, non-motor symptoms primarily influence

1As PD diagnosis necessitates multidimensional evaluation [8, 9, 20]
such as neurological examinations and biomarker analysis, SAFE-D aims to
provide complementary behavioral evidence to enhance diagnostic accuracy.
The framework serves as a bridge between clinical assessments and driving
performance detection, offering actionable items for personalized healthcare.

quality of life and indirectly affect driving. Through anal-
ysis and interviews with movement disorder specialists, we
identify three key motor symptoms (i.e., tremors, rigidity, and
bradykinesia) as most impactful on driving performance. ii)
Based on motor symptom analysis, we link these deficits to
specific impairments in driving, focusing on three core control
components: steering, acceleration, and braking. In straight-
line driving, tremors can hinder steady steering control, af-
fecting lane-keeping. In non-straight-line scenarios, greater
coordination among all controls is required; bradykinesia and
rigidity may impair smooth, synchronized actions, reduc-
ing driving stability. This decomposition enables a detection
framework connecting PD motor symptoms to observable
driving anomalies. iii) After collecting road segment data,
we apply a spatiotemporal fusion strategy with attention
mechanisms to capture PD-related motor effects on driving.
The dataset includes sensor readings from steering and pedal
operations, offering insights into driver-vehicle interaction.
To integrate heterogeneous sources and detect anomalies, we
use an attention-based model that dynamically weights global
and local spatiotemporal features, emphasizing motor control
abnormalities and linking PD pathophysiology to abnormal
driving. Our study finally integrates the Logitech G29 driving
system with the CARLA simulator to collect driver behavioral
data2. The dataset encompasses three representative daily driv-
ing scenarios: urban, rural, and mixed environments. Experi-
mental validation demonstrates that our proposed framework
achieves an average accuracy of 96.8% in distinguishing
between normal and abnormal driving behaviors.

In summary, our study makes the following key contribu-
tions.

• Within dynamic driving environments, we systematically
analyze PD’s impact on driver behaviors. We propose a
framework for detecting abnormal behaviors, aiming to
precisely identify anomalies attributed to the disease.

• We perform an extensive examination of PD motor
symptoms, emphasizing their direct influence on driving
behaviors. This analysis focuses on the specific manifes-
tations and dynamic variations of these symptoms across
both straight-line and non-straight-line driving scenarios.

• We integrate data from three in-vehicle sensors to rep-
resent driving behaviors. By employing attention mech-
anisms, we fuse spatiotemporal information to enhance
the model’s sensitivity to abnormal behaviors.

• We collect data using widely adopted driving platforms
and rigorously evaluate our proposed framework. Exper-
imental findings indicate that SAFE-D provides signifi-
cantly high accuracy in recognizing abnormal behaviors.

II. RELATED WORK

In this section, we provide a review of closely related work.

A. Abnormal Driving Behavior Monitoring
Driving safety has emerged as a critical research frontier,

particularly in abnormal driving behavior monitoring. Current

2This configuration facilitates high-fidelity driving data collection, which
has been widely employed in previous research on driver distraction [22–24]
and drowsiness [25, 26]
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investigations predominantly focus on two prevalent functional
anomalies: drowsiness [1] and distraction [27], while emerging
studies are expanding into complex behavioral activities like
affective state dynamics [28, 29]. The new developed method-
ologies typically employ computer vision techniques to ana-
lyze physiological biomarkers including eye movement [30]
and head posture patterns [25] for abnormal state assessment.
For example, during drowsiness episodes, drivers exhibit quan-
tifiable biomarkers such as increased blink rate, prolonged eye-
lid closure duration, and cephalic tilt angle deviations, which
serve as reliable drowsiness indicators. However, unimodal
approaches remain constrained by environmental interference
factors, such as ambient illumination variance and occlusions.
This limitation has driven the adoption of heterogeneous sen-
sor fusion frameworks [31, 32] that synergize visual, auditory,
and vehicular telemetry data to develop robust behavioral
analytics models. Despite methodological advancements, con-
temporary research mostly addresses functional impairments,
with limited attention to pathological mechanisms underlying
driving anomalies. For example, neurological disorders (e.g.,
Parkinsonian syndromes) can induce catastrophic behavioral
deviations, such as loss of vehicular control, that conventional
functional abnormality models cannot address.

B. Parkinson’s Disease-related Anomaly Detection

Addressing the research gap in driver pathological state
analysis, this study explores the impact of PD-induced abnor-
malities on vehicular control. As a progressive neurodegen-
erative disorder, PD displays cardinal motor and non-motor
symptoms that significantly impair daily activities and pose
substantial risks to driving safety. Current PD-induced patho-
logical changes and abnormal states primarily rely on static
detection paradigms. A comprehensive evaluation protocol,
which includes neurological examinations, neuroimaging, and
standardized motor assessments, serves as the foundation for
detecting pathological abnormalities associated with PD and
guides therapeutic interventions such as pharmacotherapy and
neuromodulation techniques [9, 10]. Complementing clinical
practice, smart health monitoring systems employ wearable
sensors [13, 33–35] and contactless sensing technologies [15]
to continuously track abnormal motor fluctuations, autonomic
responses, and medication efficacy, thereby detecting PD-
induced abnormal behaviors for personalized care. However,
these detection approaches exhibit limited effectiveness in
dynamic driving contexts, where environmental variability
interacts with PD pathophysiology. Although notable detection
precision for PD-induced abnormalities has been achieved in
clinical settings, there remains a significant need for detection
frameworks that integrate clinical insights with driving dynam-
ics. SAFE-D bridges this gap by transferring validated PD-
induced abnormality detection methodologies to comprehen-
sive pathological behavior monitoring in driving conditions.

III. BACKGROUND AND PRELIMINARIES

In this section, we present an analysis of PD symptoms and
their impacts on driving behaviors, followed by the rational
assumptions that underpin our study.

A. Symptoms of Parkinson’s Disease

PD is a prevalent neurodegenerative disorder characterized
by the progressive degeneration of dopaminergic neurons
in the substantia nigra, leading to dopamine depletion and
resulting in motor dysfunction [6]. Clinically, PD manifests
through motor impairments such as tremors, bradykinesia,
rigidity, postural instability, and gait abnormalities, alongside
non-motor comorbidities, including cognitive & psychiatric
issues, sleep disorders, and autonomic dysfunction. We present
the details of these symptoms in TABLE I. Supported by
empirical evidence [17–19, 21], our study focuses on tremors,
bradykinesia, and rigidity, as these symptoms most directly
impact driving performance. Tremors typically manifest as
muscle shaking when gripping the steering wheel, significantly
destabilizing steering control and vehicle handling precision.
Bradykinesia leads to delayed reaction times, while rigidity
restricts the range of motion, particularly when operating the
steering wheel and pedals, resulting in instability in vehicle
control. By examining these three primary motor symptoms,
our research aims to explore how their manifestations can be
used to identify abnormal driving behaviors.

B. The Impact of Motor Symptoms

In real-world driving environments, road conditions are in-
herently diverse, leading to corresponding variations in driving
behaviors that PD may manifest. To facilitate analysis and
identification of abnormal behaviors, we classify road seg-
ments into two fundamental categories: straight-line and non-
straight-line segments. For the former one, the primary driving
task is to maintain the vehicle’s linear trajectory with minimal
steering adjustments. However, in this relatively static driving
condition, the tremor symptoms of PD patients become partic-
ularly pronounced. Tremors, typically occurring at a frequency
of 4 to 6 Hz [21], introduce involuntary muscle movements
that directly affect steering control. As a result, these tremors
cause instability in sensory data, manifesting as continuous
fluctuations in wheel and pedal control behaviors, as illustrated
in Fig. 2(a). In contrast, non-straight road segments, such
as right turns and other complex maneuvers, require precise
and coordinated control of three control components. For
drivers with PD, the presence of rigidity and bradykinesia
significantly impairs their ability to execute these movements
stably. Rigidity restricts motion flexibility, while bradykinesia
slows down response times, leading to an overall reduction
in stable control. Consequently, these impairments result in
instability across three key sensory data streams, manifesting
as sudden variations in driving actions. For example, during
a right turn, affected drivers often exhibit a lack of smooth
continuity in their movements, leading to abrupt changes in
steering and pedal control. These sudden variations shown in
Fig. 2(b), reflect the driver’s struggle to maintain fluid control
over the vehicle. While PD can contribute to a wide range of
abnormal driving behaviors, this study primarily characterizes
these abnormalities through two key indicators: continuous
fluctuations during straight-line driving and sudden variations
during non-straight driving. These features directly capture the
impact of PD-related motor impairments on driving operations.
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TABLE I: Basic information of Parkinson’s symptoms and its impact on driving behaviors

Type Name Symptom Impact on Driv-
ing

Motor

Tremor Affecting the fingers or legs, characterized by continuous tremor,
especially during resting periods

Direct

Rigidity Increased muscle tone leading to stiffness in the limbs and trunk,
restricting movement

Direct

Bradykinesia Slowed movements and difficulty initiating actions, making daily
activities harder to perform

Direct

Postural Instability Reduced balance, leading to frequent falls, particularly when
walking or changing positions

Indirect

Gait Abnormalities Short, shuffling steps with reduced arm swinging, often resulting
in a dragging gait

Indirect

Non-motor

Cognitive & Psychiatric Issues Declining memory, difficulty concentrating, and impaired
decision-making, which may progress to dementia

Indirect

Sleep Disorders Includes insomnia, frequent awakenings at night, sleep behavior
disorder, and excessive daytime sleepiness

Indirect

Autonomic Dysfunction Issues like low blood pressure, constipation, frequent urination,
and excessive salivation

Indirect

C. Assumptions

To construct our detection framework, we establish founda-
tional assumptions consistent with established methodologies
in driver behavior analysis [1, 2, 4, 5, 36, 37] and transport
traffic research [38–40]:

• Drivers are instructed to maintain their natural driving
patterns during the experimental trials, avoiding inten-
tional modifications that could introduce measurement
artifacts. This protocol ensures data fidelity by minimiz-
ing contamination from volitional influences, thereby pre-
serving the authenticity of the captured driving patterns.

• Participants are presumed to be experienced drivers with
sufficient proficiency to sustain stable and consistent
driving behaviors. Novice drivers, due to their lack of
expertise, may exhibit irregularities that resemble disease-
induced anomalies, potentially confounding the analysis.

• Based on traffic flow information, we can obtain the
natural driving data of the driver and exclude abnormal
data segments caused by external factors such as vehicle
breakdown and accidents.

In summary, given the progressive nature of PD, the detection
mechanism is assumed to operate through continuous mon-
itoring. Longitudinal data analysis, supplemented by expert
evaluation, facilitates the differentiation between pathological
abnormalities and variations arising from unfamiliar environ-
ments or external influences.

IV. SYSTEM DESIGN

A. System Overview

We present the design of SAFE-D in Fig. 3, which leverages
data from in-vehicle sensors to identify PD-related abnormal
driving behaviors. The process begins with data preprocessing,
where we standardize raw multi-channel inputs to maintain a
uniform format, ensuring smooth integration into the subse-
quent network pipeline. During the information fusion phase,
we incorporate spatiotemporal data to capture both global
and local features, effectively representing individual driving
actions. To enhance feature integration, we utilize multi-
attention modules, enabling channel-aware and frame-aware

Healthy:

Diseased:

(a) Straight-line

Healthy:

Diseased:

(b) Non-straight-line

Fig. 2: Illustration of driving behavior difference between
health and diseased drivers in (a) straight-line and (b) non-
straight-line driving cases.
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Data Fusion

Multilayer Perceptron Network-based 

Detection Model
Abnormal or Normal

Fig. 3: Design of SAFE-D, including three main modules: data
preprocessing, information fusion, and detection model.

fusion of relevant behavior information. Finally, we implement
a detection module based on a multilayer perceptron network,
harnessing the fused features to recognize abnormal samples.

B. Data Preprocessing

This study introduces a preprocessing pipeline for time-
series data collected from three channels: the steering wheel,
accelerator pedal, and brake pedal. To enhance the stability
of our detection model training process, we first apply tai-
lored data normalization strategies according to the physical
characteristics of each channel. Specifically, the steering wheel
angle range is transformed to [-1, 1], while the pedals travel
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percentages ranging from 0-100% are normalized to [0, 1].
Following this, we address the issue of synchronizing multi-
source data with differing sampling frequencies, we employ
the nearest neighbor interpolation to align the data in the
time domain. This operation makes the sampling rate of all
channels to 30 Hz. In the segmentation phase, we apply fixed-
length time windows to segment various driving scenarios
(e.g., straight driving and turning), and a base analysis window
of 4 seconds with a 1-second overlap. The effectiveness of
this configuration is validated through our experiments, as
presented in Section VI.

C. Spatiotemporal Information Fusion

The definition of detection model. Driver behavior de-
tection using in-vehicle sensor data is fundamentally a clas-
sification task of multi-dimensional time series. In our study,
the preprocessed data is denoted as X = {X1, ..., XT }, where
T represents the total number of segmented samples. Each
Xt ∈ RC×M captures the data for a specific driving action,
with C being the number of data channels and M the number
of ordered elements in each channel. Given the detection
model fθ(·), our objective is to minimize a loss function as
described as follows:

min ℓ(fθ(Xt), yt) (1)

In this context, the function ℓ(·) represents the cross-entropy
loss, quantifying the discrepancy between predicted and actual
behavior labels. Subsequently, we delineate the architecture
and computing methodology of the model fθ(·). The tri-
channel data encompasses substantial spatiotemporal informa-
tion, each channel manifesting the evolving driving dynamics
over time. Moreover, individual data samples encapsulate com-
plete driving actions (e.g., turning left and lane change), while
more granular data frames reveal detailed local anomalies.
Therefore, our framework concurrently leverages both global
and local information, enhancing the model’s ability to identify
deviations in driving patterns at two distinct levels.

Global feature extraction. The architecture of the two-
type feature extraction network is illustrated in Fig. 4. To
extract global features from a single-sample input, Xt (i.e.,
Xt,:,:) is first passed through a non-linear feature extraction
module. During this process, data from all three channels are
concatenated, allowing subsequent (ResNet) [41] blocks to

automatically capture interaction relationships across different
channels and further refine non-linear information extraction.
Using skip connections, the ResNet module effectively alle-
viates the problem of vanishing gradients in deep networks,
ensuring smooth propagation of information across multiple
layers. As illustrated in Fig. 5, the ResNet architecture com-
prises three multilayer perceptron (MLP) [42] units. Each MLP
incorporates a linear layer, a BatchNorm layer, and a Leaky
ReLU activation function, working synergistically to extract
spatiotemporal features in a progressive manner. The final
output of this module is three-feature matrices (corresponding
to three channels) with the size of 64 × 90, denoted as
{XGFUS

t,1,: , XGFUS
t,2,: , XGFUS

t,3,: }. Subsequently, these matrices are
fed to the channel-aware multihead attention (MHA) [43]
module, where deeper feature refinement and enhanced cross-
channel interactions occur. In the process of utilizing MHA for
feature fusion, we begin by performing pairwise interactions
between the matrices of the three channels, then compute
the correlation between different channels and dynamically
adjust their respective weights to facilitate efficient feature
integration. For any selected two matrices (making the first two
as an example) originating from distinct channels, they initially
projected into query (Q), key (K), and value (V) subspaces
through the following transformations:

Q1 = XGFUS
t,1,: WQ,

K2 = XGFUS
t,2,: WK ,

V2 = XGFUS
t,2,: WV .

(2)

where WQ, WK , WV are trainable projection matrices that
transform the input into new feature subspaces. To compute
inter-channel feature correlations, we employ the scaled dot-
product attention mechanism, which is formulated as follows:

H12 = softmax
(
Q1K

T
2√

dk

)
V2 (3)

where Q1K
T
2 computes the similarity of the dot product to

measure the feature alignment between two channels. The
factor 1√

dk
serves as a scaling term to avoid excessively

large dot-product values. The following softmax operation
redistributes attention weights to amplify critical signals and
attenuate noise. By applying attention weights to the value
matrix V2, the model synthesizes the output as a channel-
aware information combination of its components. Finally, we
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Concat
MLP-based 
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Fig. 4: Attention-based local and global spatiotemporal feature fusion network for driving behavior detection.
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Fig. 5: Architecture of ResNet blocks.

simultaneously assign the feature interaction results to both
involved channels, which is described as follows:

ν1 = concat(H12, H13), (4)
ν2 = concat(H12, H23), (5)
ν3 = concat(H13, H23) (6)

where νc represents the concatenated features obtained by
performing attention fusion between the c-th channel and the
other channels. The computation of H13 and H23 follows
the same method as H12, with the only difference being the
replacement of the input channel data. Finally, to dynamically
calibrate channel contributions in the fused representation,
we implement adaptive per-channel weighting parameters,
computed via:

FGlo = GAP

(
3∑

c=1

αcνc

)
(7)

where αc is trainable weighting parameters that reflect the
relative importance of different channels. GAP (·) is the global
average pooling operation, which decreases the parameter
count and mitigates overfitting risks. In general, our MHA
module enables cross-channel information interaction and
feature integration, while the trainable weighting parameters
further refine the fusion strategy.

Local feature extraction. We hereby segment each sample
into smaller frames to extract information at a finer resolu-
tion, to capture local anomaly features of driving behaviors.
Specifically, each sample is divided into 1-second frames, with
a sliding step size of 0.5 seconds. As illustrated in Fig. 4,
the process of extracting local features closely mirrors that
of global versions, with the key difference being how each
frame is processed. During local feature extraction, multi-
channel data from a frame are concatenated and then fed to the
temporal convolutional network (TCN) [44, 45]. As depicted
in Fig. 6, the TCN architecture employs causal convolutions
(to enforce temporal causality by masking future information)
and dilated convolutions (to exponentially expand receptive
fields without increasing kernel size). This dual mechanism
enables multi-scale temporal pattern extraction while strictly
preserving chronological order, a pivotal design for isolating
localized anomalies in time-series data. Within the TCN ar-
chitecture, all input frames are processed in parallel through
stacked 1D convolutional layers to model multi-scale temporal
dependencies. After passing through this module, the local
nonlinear features of multiple frames of a single sample are
output, denoted as {XLFUS,1

t,:,: ,XLFUS,2
t,:,: , ...,XLFUS,R

t,:,: }. R denote
the total number of segmented temporal frames. During the
MHA based fusion stage, all R frame-wise feature matrices
are adaptively paired through learnable query-key associations.
The final output is the fused feature vector FLoc with a size
of 1× 64.

1 Output Layer

32 Hidden Layers

Input Data

R Frames

Dilation=1

Dilation=2

Dilation=4

32 Hidden Layers

Kernel_size=2 Stride=1 Padding=Dilation value

Dilated Causal 

Convolution

MLP

TCN 

Module

Fig. 6: Structure of our TCN-based feature fusion module.

D. Behavior Detection Module

In the driving behavior detection module, the input vector
is derived by element-wise addition of FGlo and FLoc. The
detection module comprises two fully connected layers, with
the hidden and output layers having dimensions of 16 and 2,
respectively. Finally, the model performs binary classification
based on the output probabilities.

V. IMPLEMENTATION

In this section, we provide descriptions of the basic ex-
perimental setup, including data collection, detection model
training, baseline models, and evaluation metrics.

A. Data Collection

Our data collection takes place in a controlled laboratory
setting, integrating the Logitech G29 driving platform with
the CARLA simulation environment to ensure high-fidelity
data acquisition. CARLA, an open-source autonomous driving
simulation platform with high-precision capabilities, enhanc-
ing both experimental repeatability and scalability. The inte-
gration of the G29 driving platform further improves realism
by enabling naturalistic driver interactions. As illustrated in
Fig. 7, we select three maps that encompass both urban, rural,
and mixed driving scenarios to capture a diverse range of road
conditions. These maps include straight roads, sharp turns, in-
tersections, and slopes, effectively replicating real-world driv-
ing complexity. This diversity ensures the creation of a com-
prehensive dataset that reflects various driving environments.
During the experiment, drivers follow pre-established routes
and execute essential driving maneuvers, such as straight-line
driving and U-turns. Key control inputs, including steering
wheel angle, throttle position, and brake pedal travel, are
recorded to ensure precise tracking of driving behaviors. To
simulate Parkinsonian impairments in driving, three hallmark
symptoms (i.e., tremor, bradykinesia, and rigidity) as described
in Section III-B are integrated by modifying the control inputs
to exhibit both continuous and sudden fluctuations. According
to existing research [6, 11, 12, 21], in straight-line driving
scenarios, the frequency of continuous fluctuations ranges
from 4 to 6 Hz, with amplitude variations adjusted based on
the range observed in healthy driving data. In non-straight-
line driving scenarios, the primary impact of motor symptoms
on driving control is instability, which can lead to sudden
fluctuations. To replicate these sudden fluctuations [18], we
introduce various types of noise (e.g., Spike noise [46] and
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Data collection device

Urban map

Rural map

Mixed map

Fig. 7: Illustration of our data collection environment and three
driving maps.

Brownian noise [47]) with different amplitudes and durations
into the normal data, thereby providing a realistic simulation of
driving abnormalities. Ultimately, our dataset comprises 7822
healthy and 6351 abnormal driving samples. All data analysis
and processing work is carried out on a desktop equipped with
a 13th-generation Intel(R) Core(TM) i7-13620H processor, an
NVIDIA(R) GeForce(R) RTX 4060 graphics card, and 16GB
LPDDR5 memory.

B. Detection Model Training

The dataset is partitioned into training and test sets using
a default split ratio of 85%:15% to evaluate the model’s
generalization capability. During the training phase, we use
the Adam optimizer with an initial learning rate of 0.0001.
Additionally, we integrate a learning rate scheduling mecha-
nism that reduces the learning rate to 0.1 times its original
value at the seventieth epoch, balancing rapid convergence
with training stability. The cross-entropy loss function is
adopted due to its inherent suitability for binary classification
objectives. Training is conducted over 100 epochs with a
batch size of 32. To strengthen generalization performance,
a Dropout layer is strategically integrated into the network
architecture, effectively diminishing dependence on individual
training samples while enhancing model robustness. System-
atic hyperparameter optimization via grid search ensures the
identification of optimal training configurations.

C. Baseline Models

Through a thorough review of the literature, we find no prior
research that directly corresponds to the driving-specific ap-
plication of our proposed detection mechanism. Consequently,
we select three existing studies [33–35] that focus on detecting
PD-related abnormal behaviors within home environments.
These methods rely on wearable devices to collect data,
leveraging smartphone usage patterns and daily gait activity
to distinguish between healthy and abnormal behaviors. To
establish a comparative baseline, we replicate the detection
models employed in these studies, including support vector
machines (SVM), random forests (RF), AdaBoost, and a CNN-
Transformer-based neural network (CT), then adapt them to
our dataset to ensure compatibility. Finally, to assess the
effectiveness of our proposed model, we compare SAFE-D’s
accuracy against these existing approaches under identical
experimental conditions.

D. Evaluation Metrics

Identification of normal and pathological abnormal driving
behaviors constitutes a binary classification task, where normal
driving behavior is assigned a label of 0, while pathological
abnormal anomaly is labeled 1. In this study, we leverage
accuracy as the primary evaluation metric to assess the perfor-
mance of the model, as it quantifies the proportion of correctly
classified samples. To further evaluate the effectiveness of
the model in distinguishing between the two classes, we use
a confusion matrix to provide a detailed representation of
the classification results. The confusion matrix presents the
distribution of true and predicted labels in both categories,
offering a comprehensive insight into the accuracy of the
model’s classification.

VI. EXPERIMENT RESULTS

In this section, we evaluate the performance of SAFE-
D under different settings and compare it with existing works.

Overall performance. This experiment aims to assess the
overall performance of our framework in detecting abnormal
driving behaviors. SAFE-D classifies healthy and abnormal
driving behaviors across three different map environments to
evaluate the system’s detection capabilities. As illustrated in
Fig. 8, we count the classification accuracy for each map
and give the corresponding confusion matrices. The system
achieves an average classification accuracy of 96.8% across all
maps, with only 3.6% variation between environments. These
results indicate that the system effectively distinguishes two-
typed drivers, showing a low misclassification rate and strong
discriminative power. Furthermore, the minimal fluctuation of
accuracy in different environments suggests the robustness and
adaptability of the system under varying driving conditions. In
summary, our findings validate the feasibility of the detection
of PD-related abnormal driving behaviors, demonstrating both
high classification accuracy and environmental stability. This
study provides empirical support for the integration of driving-
based health monitoring systems and offers a novel approach
to PD early detection in driving.

The impact of sensing channel count. SAFE-D utilizes
sensing data from three independent driving components to
comprehensively characterize driving behaviors, thereby en-
hancing the classification capability for distinguishing between
healthy and PD drivers. The primary objective of this exper-
iment is to assess whether multi-channel information fusion
yields information gain and contributes to improve detection
performance. To this end, we modify the input configuration
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Fig. 9: Driving behavioral detection performance when using
different numbers of channel data in three maps.

of the model, using 1-channel, 2-channel, and 3-channel data
for model training and evaluation. This approach enables a
quantitative analysis of how varying input modalities impact
classification accuracy. As depicted in Fig. 9, the experimen-
tal results show a progressive improvement in classification
accuracy as the number of channels increases from 1 to 3,
with a 21.6% increase in the three driving maps. This trend
underscores the effectiveness of multi-channel data fusion in
augmenting the model’s capacity to capture driving behav-
ioral features, thereby facilitating more precise differentiation
between healthy and PD driver driving patterns. Within the
context of our study, using multi-channel data for behavioral
representation emerges as a critical strategy for improving the
performance of abnormal driving pattern detection.

The impact of attention module. As described in Sec-
tion IV-C, this study leverages an attention mechanism to
integrate sensing data across different time frames and chan-
nels, enabling a unified representation of driving behaviors.
To evaluate the effectiveness of the attention module in our
detection framework, we design a comparative experiment in
which the model is trained and evaluated under two conditions:
one with the attention mechanism enabled and the other
with fixed data weights. This approach allows us to quantify
its impact on classification performance. As illustrated in
Fig. 10, when the attention mechanism is not utilized, the
model’s classification accuracy decreased by an average of
4.7%, indicating a diminished ability to integrate information.
This result further validates the significance of the attention
mechanism, as it dynamically adjusts the weights of different
input features, enabling the model to more accurately capture
key driving behavioral patterns and improve classification
outcomes. Therefore, using an attention mechanism in the
fusion of multi-channel data across time frames is an effective
strategy.

The impact of data frame count. In our study, driving data
is segmented into independent time frames, which serve as the
fundamental input units for the model. Since the detection of
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Fig. 10: Driving behavioral detection performance without and
with the attention module in three maps.

PD behaviors depends on temporal dependencies, it is crucial
to incorporate multiple consecutive time frames to effectively
capture the dynamic nature of driving patterns. The number
of input time frames directly impacts the amount of avail-
able information, which may influence detection performance
to varying degrees. To systematically investigate the effect
of time frame count on classification accuracy, we conduct
experiments across three maps, varying the number of input
frames and analyzing the resulting accuracy trends. As shown
in Fig. 11, the average accuracy stabilizes when the number of
time frames reaches 4, beyond which further increases result
in only minimal performance variations. Therefore, in SAFE-
D, we set the default number of input frames to 4, striking
a balance between detection performance and computational
efficiency, ultimately optimizing the model’s overall effective-
ness and practicality.

The impact of feature types. Each sample consists of con-
tinuous time frames of 1 second, designed to comprehensively
capture driving behavioral characteristics. At a temporal scale,
an individual time frame provides fine-grained local driving
information, such as instantaneous steering wheel angle and
accelerator pedal variations. In contrast, the aggregation of
multiple consecutive frames facilitates the extraction of global
temporal patterns, such as the execution of a complete right
turn. To effectively leverage both micro-scale and macro-scale
driving information, our proposed detection model employs
an architecture that integrates local and global feature repre-
sentations, thereby establishing a coherent link between fine-
grained driving behaviors and overarching driving trends to
enhance classification performance. To systematically assess
the efficacy of this feature fusion strategy, we conduct compar-
ative experiments under three conditions: i) utilizing only local
features, ii) utilizing only global features, and iii) incorporating
both feature types simultaneously. As illustrated in Fig. 12,
experimental results demonstrate that the integration of two-
typed features improves average classification accuracy by
22.4% compared to models relying solely on either feature
type. These findings underscore the complementary nature
of two-typed features in driving behavioral analysis. Conse-
quently, our proposed feature fusion strategy is instrumental
in enhancing the accuracy of PD-related driving behavioral
detection.

The impact of training dataset size. The size of the
training dataset plays a pivotal role in the development of
detection models, as it directly influences the optimization
of model parameters and, consequently, its performance. To
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empirically examine the impact of dataset size, this study in-
crementally adjusts the ratio, implementing ten different ratio
configurations (ranging from 10% to 100%, with a 10% step
size) to quantitatively explore the relationship between dataset
size and model efficacy. The experimental results (showing
in Fig. 13) demonstrate that, in the low data volume phase
(training set ratio less than 50%), model accuracy significantly
increased (+31.7%), thereby validating the positive contribu-
tion of data augmentation to feature learning. However, when
the training set ratio surpasses a threshold of 50%, model
performance is plateaued, with accuracy fluctuations stabiliz-
ing within ±3.9%. This suggests that, beyond this point, the
model’s performance improvements are diminishing, and the
effect of additional training samples progressively weakens.
These findings provide essential theoretical insight into the
optimization of behavioral detection models, emphasizing the
need for careful consideration in selecting the appropriate data
size during training. Consequently, in our context, utilizing
100% of the available data is sufficient to effectively train the
current model, as its performance has already reached stability.

Performance comparison between SAFE-D and existing
works. In addition to analyzing the impact of our proposed
model’s parameter configurations and submodules, it is crucial
to benchmark its performance against existing state-of-the-art
methods to comprehensively evaluate its effectiveness. To this
end, we conduct a comparative analysis between the SAFE-
D model and four widely used baseline approaches [33–35],
namely SVM, RF, AdaBoost, and CT. All models are trained
and tested under identical experimental settings, utilizing the
same dataset split and evaluation metrics, to ensure a fair and
consistent comparison. Specifically, detection accuracy is em-
ployed as the primary metric for performance evaluation. The
experimental results, presented in Fig. 14, reveal that SAFE-
D consistently outperforms the baseline models in three driv-
ing scenarios. SAFE-D achieves an average accuracy improve-
ment of 21.4% across four models and three maps, demonstrat-
ing its superior capability in accurately detecting abnormal
driving behaviors. Among these models, the performance of
CT is the closest to our SAFE-D, as it utilizes the stable and
advanced convolutional neural network and Transformer ar-
chitecture. Nevertheless, our model still maintains an accuracy
advantage of 2.6%. These results highlight the advantages of
our proposed multi-channel fusion framework and attention
mechanisms in capturing subtle behavioral patterns associated
with PD-related driving anomalies. Furthermore, the consistent
performance gains across multiple test conditions emphasize
the generalization ability of SAFE-D, reinforcing its practical
potential for deployment.

VII. DISCUSSIONS AND FUTURE WORKS

Integrating multiple pathological indicators for a com-
prehensive assessment. This study explores the potential of
using sensing data from in-vehicle components to detect PD-
related driving behaviors. It is important to note that abnormal
behaviors are not exclusive to PD; other neurological condi-
tions, such as essential tremor and cerebrovascular diseases,
may present similar symptoms. As such, no single diagnostic
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modality can fully capture the pathological state of a PD driver
or its impact on driving behaviors. Our proposed mechanism
aims to provide users and clinicians with an additional layer of
pathological monitoring through risk alerts, not as a standalone
clinical diagnostic tool. Clinicians are encouraged to com-
plement these alerts with additional physiological indicators,
imaging studies, and cognitive assessments for a more com-
prehensive evaluation, minimizing misdiagnosis. Furthermore,
future advanced driver-assistance systems should account for
abnormal behaviors from pathological drivers and mitigate
these effects through intelligent control systems.

Real-world driving data collection and usage. Our study,
which utilizes laboratory data generated by the Logitech G29
steering wheel and the CARLA simulation platform, examines
the potential of analyzing abnormal driving behavior patterns
induced by PD. The primary limitation in utilizing real-world
data stems from ongoing discussions with medical institutions
regarding the methodologies for data usage, with a particular
emphasis on safeguarding user privacy and ensuring traffic
safety. Given that real-world driving data inherently involves
sensitive personal information, it is crucial to adhere to strin-
gent privacy protection regulations. Future research will aim to
further strengthen collaborations with medical institutions to
identify and implement effective strategies to collect and use
real-world driving data, while maintaining robust data security
and traffic safety protocols.

Monitoring trends in individual disease progression. SAFE-
D employs driving behavioral data to preliminarily assess the
likelihood of a driver having PD. Future research aims to build
on this work by analyzing driving behaviors from confirmed
PD to dynamically evaluate disease progression. Central to this
approach is the continuous monitoring and analysis of patients’
behavioral patterns across various time instances and driving
scenarios, enabling precise tracking of disease evolution. To
achieve these objectives, future efforts will combine advanced
statistical modeling with deep learning techniques to detect
subtle anomalies in driving behaviors and develop personal-
ized models for each patient. Real-time data acquisition and
analysis support continuous monitoring of driving statuses,
providing timely feedback on disease progression to guide
clinical interventions. Overall, this research is expected to not
only promote early intervention strategies but also improve
patients’ quality of life.
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VIII. CONCLUSION

Our study has systematically studied the impact of PD on
driving behaviors in dynamic environments and developed a
comprehensive detection framework that focuses on recog-
nizing abnormal driving patterns. We have comprehensively
analyzed the manifestations and dynamic variations of motor
symptoms of PD in various driving scenarios, incorporating
data from three different types of sensors in vehicles, and
utilizing attention mechanisms to improve the model’s sen-
sitivity to abnormal behaviors. The experimental results have
indicated that our proposed framework achieves high accuracy
in the detection of abnormal driving behaviors, demonstrating
significant potential for practical applications.
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