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ABSTRACT This paper introduces a novel methodology for evaluating human driving behavior influenced
by shoe type and its impact on collision risk. While human factors, such as footwear, are recognized to affect
driving safety, studies quantitively assessing the effects of shoe types on safety has been limited. To address
this, we utilize an autoencoder and human-centered risk assessment algorithms to investigate human driving
behavior and collision risk. Experiments were conducted in various real-world driving scenarios, involving
two distinct types of shoes. The autoencoder extracts features from the driving data and enables us to
analyze the effects of shoe type on driving behavior. Additionally, collision risk analysis is used to verify
the validity and impact of the feature extraction results on safe driving. This study contributes to enhancing
our understanding of how footwear influences driver behavior and safety. Furthermore, this methodology
establishes a groundwork for future research on applying quantitative evaluations to other human factors

that influence driving behavior.

INDEX TERMS Autonomous driving, autoencoder, driving behavior, deep learning, risk assessment.

I. INTRODUCTION

Human factors are the application of knowledge about human
abilities, limitations, and other characteristics to the design
of equipment, tasks, and jobs [1]. In the context of driving
safety, human factors research aims to understand how drivers
perform as a system component in the safe operation of
vehicles, and how they are influenced by environmental, psy-
chological, and vehicle design factors [1]. Driving safety is a
critical issue, as it is predicted that the global death rate from
road traffic collisions will rise to 2.6 million people killed
every year by 2030 [2], and the main contributor to crashes
is the driver [2]. Therefore, it is important to investigate how
different aspects of driving behavior and performance can be
improved or impaired by various factors.

The associate editor coordinating the review of this manuscript and
approving it for publication was Chuan Li.

Driving safety is intricately influenced by human factors,
including the type of footwear worn by drivers. Despite its
importance, this area has received limited attention in existing
literature, with most studies focusing on laboratory settings or
simulators that do not reflect real-world complexities. This
study addresses this gap by employing advanced machine
learning techniques to quantitatively assess how footwear
impacts driving performance and collision risk. These find-
ings have critical implications for reducing road accidents and
inform both driver education programs and the design of safer
footwear. By bridging the gap between ergonomics and driv-
ing safety, this study aims to contribute a novel perspective to
the growing field of human-centered risk assessment.

One such factor that has received little attention in the
literature is the type of shoes worn by drivers. The relation-
ship between shoe type and driving safety and comfort is an
important but under-researched topic in human factors and
ergonomics. Shoes can affect the drivers’ ability to apply
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appropriate pedal force and feel, as well as their thermal
comfort, moisture management, and foot fatigue [3], [4].
These factors can influence the drivers’ risk assessment and
decision making in urban driving environment, where they
encounter various traffic situations and hazards. However,
most of the existing studies on the relationship between shoe
type and driving performance have been conducted in driving
simulators or laboratory settings, which may not capture the
realistic driving conditions and challenges [5]. Moreover,
there is no clear consensus on what constitutes the best or
the worst driving shoes, as different studies have suggested
different criteria and preferences [4], [5], [6]. Therefore, there
is a need for more empirical evidence and comprehensive
analysis on the effects of shoe type on driving safety and
comfort in real-world scenarios.

The analysis of driving behaviors and collision risk assess-
ment have become increasingly important due to its potential
applications in various fields such as road safety, ride com-
fort, and driver assistance. To analyze and/or recognize
driving behavior, data-driven methods such as machine learn-
ing techniques have been extensively employed. Support
vector machines (SVM) are used in driver distraction clas-
sification and in driving style classification based on vehicle
data such as speed, throttle opening, time to collision, time
to lane crossing, steering angle, lateral position, position of
the accelerator pedal and position of the brake pedal [7],
[8]. Based on vehicle data, methods to recognize driving
behavior have been proposed using Hidden Markov Mod-
els [9], [10]. Recurrent Neural Networks (RNN) are used for
driving behavior profiling based on the data collected from
an accelerometer in a smartphone [11].

In recent years, autoencoder, a deep learning architecture,
has gained popularity in various domains due to its abil-
ity to learn meaningful representations of high-dimensional
data [12], [13], [14], [15], [16]. Specifically, autoencoder
has been shown to be a useful tool for extracting and clus-
tering meaningful driving behavior with promising results.
Researchers have proposed driving behavior visualization
using autoencoder [17], [18]. In order to visualize driving
behavior, low dimensional high-level representation of driv-
ing behavior was extracted by using autoencoder from high
dimensional driving behavioral data including accelerator
opening rate, meter of speed, brake master-cylinder pressure,
steering angle, speed of wheels, engine speed, longitudinal
acceleration, transverse acceleration, yaw rate, turn signal.
Also, autoencoders have been used to model and reproduce
driving behavior of expert drivers for developing autonomous
vehicle capable of driving safely and smoothly [19], [20].
Meaningful features of driving behavior were extracted by
using autoencoder based on expert driving data such as speed,
brake, steering wheel and acceleration. The extracted features
of human expert driving behaviors can be used to create
velocity profiles allowing an autonomous driving agent to
improve ride comfort. Furthermore, detection of abnormal
driving has been studied using autoencoders. In order to
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detect abnormal driving, a stacked sparse autoencoder model
was used to learn generic driving behavior features from
throttle position, brake pressure, and vehicle speed [21].
Although the analysis of driving behavior using data-driven
methods has been a highly researched area to enhance road
safety, the investigation of driving behavior in relation to
different types of footwear has not been explored.

The assessment of collision risk is a crucial task in
identifying potential collisions, and plays a significant role
in the development of collision avoidance systems and
autonomous vehicles. Driving safety involves complex inter-
action between the driver, the vehicle, and road environment.
In the development of the collision risk assessment, most
studies focused on time-to-collision models based on the
vehicle motion and traffic situation prediction using Monte
Carlo sampling [22], [23], Kalman filter and its variants
using vehicle motion models [24], [25], and Dynamical
Bayesian Network [26], [27]. However, very few studies
have addressed driver’s behavior (braking actions) and char-
acteristic (gender, age, and license type) [28], [29], [30].
Furthermore, the assessment of collision risk based on differ-
ent types of footwear has not been thoroughly investigated.

The paper presents an investigation into human driv-
ing behavior in urban roads with different types of shoes.
For evaluating the driving behavior influenced by shoe
type a methodology using an autoencoder-based clustering
approach is introduced. The driving data, vehicle dynamics
measurement data, was collected with two types of shoes,
including high heels and driving shoes, and an autoencoder
was used to train the data. The resulting clusters were ana-
lyzed in various urban driving scenarios with a preceding
vehicle to investigate the effect of shoe types on driving
safety. Additionally, the proposed clustering analysis with
probabilistic risk assessment was conducted and it demon-
strated a clear correlation between footwear choice and
driving safety.

The main contributions of our research are as follows.

1. A methodology using an autoencoder-based clustering
approach is proposed to analyze human driving behavior
influenced by different shoe types.

2. Experiments involving actual car driving are conducted
across diverse driving courses and situations.

3. Safety considerations are integrated into the analysis
by using a probabilistic risk assessment and a collision risk
plane.

The structure of our paper is as follows. In section II,
we present a brief review of evaluation of driving behavior
and a preliminary study on the relationship between braking
distance and shoe type. Also, we describe the method we used

to collect the driving dataset and assess vehicle safety.
Section III outlines the method we used to extract driving
patterns by training an autoencoder on the collected dataset
and clustering the encoded features. In section IV, we present
the results of our analysis. Finally, we conclude our paper in
section V.
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Il. BACKGROUND

This section provides a comprehensive overview of the foun-
dational studies that inform our investigation into the impact
of human factors, specifically shoe type, on driving behavior
and collision risk. First, we examine the relationship between
driving behavior and safety, focusing on how variations in
foot movements and patterns associated with different types
of footwear can influence critical driving outcomes such as
braking distance and vehicle control. Next, we delve into the
investigation of braking distance, a key metric for assessing
driving safety, by reviewing existing research on factors that
affect braking performance, and the methodologies employed
to evaluate it. Lastly, we explore the data collection processes
related to shoe types, discussing the methods and tools used
to gather relevant driving data that reflect the influence of
footwear on driving behavior. These collectively provide the
background necessary to understand the complexities of how
human-centered factors, such as shoe type, contribute to driv-
ing safety and inform the development of more effective risk
assessment algorithms.

A. IMPACT OF DRIVING BEHAVIOR ON SAFETY

Driving behavior significantly impacts road safety, particu-
larly concerning the biomechanical interactions between a
driver’s footwear and their vehicle controls. Previous studies
have shown that different types of shoes, such as high heels,
flip-flops, and sports shoes, affect the driver’s foot movement
and pedal control, subsequently influencing braking distance
and overall vehicle handling [31]. For instance, drivers wear-
ing high heels or loose-fitting shoes like flip-flops exhibit
longer braking distances and slower response times due to
reduced pedal control sensitivity and delayed foot reposi-
tioning. This alteration in driving behavior heightens the
risk of collisions, especially in scenarios that require quick
deceleration or emergency braking. Moreover, the state of
the driver, such as fatigue or discomfort caused by inap-
propriate footwear, can further impair driving performance,
leading to erratic driving patterns or delayed responses to
road hazards [32]. Such findings highlight the importance of
understanding the role of footwear in driving safety, empha-
sizing the need for quantitative evaluations of how these
factors interact with human driving behavior to enhance
safety measures and reduce collision risks.

TABLE 1. Driving courses and behavior for data collection.

Driving course
Course 1: straight section
Course 2: Toll gate area

Driving behavior
Acceleration
Deceleration and
then acceleration
Gentle deceleration

Course 3: Circular path

section
Course 4: straight section maintain speed
Course 5: Speed bump area Gentle deceleration
Course 6: S-shaped section maintain speed
Course 7: Right turn section maintain speed
Course 8: straight section deceleration to stop
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FIGURE 3. An example driving course for data collectionin FMTC.

B. INVESTIGATION OF BREAKING DISTANCE

By examining the braking performance of drivers wearing
different shoe types, we aim to identify any significant dif-
ferences or trends that may indicate a connection between
footwear choice and vehicle safety with braking distance.
In order to investigate the relationship between shoe type and
braking distance, emergency braking tests were conducted.
A test vehicle was initially traveling at 50 km/h, and when
it approached a stationary vehicle located 40 m ahead, the
test vehicle initiated braking, as illustrated in Fig. 1. The test
environment condition is shown in Table 2. Experiments were
conducted by two drivers with each driver operating test vehi-
cle three times while wearing driving shoes and three times
while wearing high heels. The average values of the experi-
mental results are shown in Table 3. From Table 3, we can see
that the camulative value of brake pressure has a direct impact
on braking distance and braking time, with higher cumulative
values resulting in shorter braking distance and time. When
comparing brake performance based on different types of
footwear, driving shoes showed an average of 441 psi higher
cumulative value of cylinder pressure compared to high heels.
As a result, the braking distance increased by an average of
0.92 meters and the braking time increased by 0.12 seconds
for high heels compared to driving shoes. In Table 3, while the
cumulative cylinder pressure showed a clear correlation with
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FIGURE 4. Overall methodology.

braking performance across both drivers, we observed that for
Driver 1, the differences in braking distance and time between
shoe types were less pronounced. This result suggests that
individual driving styles and physiological factors, such as
foot size and pedal pressure techniques, may mitigate the
impact of footwear. These findings highlight the need for
further investigations involving a larger participant pool to
explore how individual differences interact with footwear to
influence driving safety.

TABLE 2. Condition of test environment.

Condition Value
Friction coefficient 0.6
Temperature 2°C
Wind speed 7 m/s
Tire pressure 39.5 psi

Data Nesting N _
For Augmentation :\—| l
‘ I
nitraining set) = n(training set) x window size

FIGURE 5. Segmentation and augmentation with sliding window method.

Based on the results, it is seen that there is a significant
correlation between shoe types and braking distance. A more
in-depth analysis of the driving patterns associated with
different types of shoes would be beneficial for improving
driving safety and comfort. In the following section, we will
introduce methods for conducting a more comprehensive
analysis.

C. DATA COLLECTION: SHOE TYPE
In this study, a 2019 Hyundai Ioniq Electric is used as a test
vehicle as shown in Fig. 2. Vehicle dynamics measurement

VOLUME 13, 2025

Deep Sparse Auto-Encoder

@ualiz_ation of Driving Behav&

RGB Vector + — /

Trajectary

data including wheel speed, brake pressure, steering angle,
longitudinal acceleration, accelerator position is collected via
the vehicle controller aera network (CAN) bus at 100 Hz.
The distance to the preceding vehicle is also measured by
using a radar (Smart Radar System, Retina 4F) and computer
vision system (Mobileye 630) equipped on the test vehicle as
shown in Fig. 2. Additionally, the test vehicle is equipped with
an RTK-GPS (U-Blox, C099-f9p) and vehicle’s longitude
and latitude positions are recorded along with its driving
data.

Data collection was conducted at the Future Mobility Tech-
nology Center (FMTC) located in Siheung, South Korea.
Vehicle dynamics measurement data was collected through
actual driving with different types of footwear: driving shoes
and high heels, on various driving courses. An example driv-
ing course for the data collection is shown in Fig. 3. Also,
the vehicle driving behavior performed during the tests are
summarized in Table 1. In order to replicate driving scenarios
in urban driving environment, a lead vehicle was operated at a
maximum speed of 50 km/h and the test vehicle followed the
lead vehicle while maintaining a maximum distance of 20 m.
A total of 48 driving data were obtained from two drivers who
drove the test vehicle 12 times each, wearing different types
of footwear.

TABLE 3. Emergency braking test results with different types of footwear.

. . Cumulative Pedal Vehicle
Braking  Braking R v
. . cylinder switching  stopped
distance time . .
pressure time time
Driver 1:
Driving 24418 m 3.59s 5094.63 psi 0.39s 398s
shoes
Driverl: =) o0¢m 3625 47172psi 0425 404s
High heels ~ : <P : :
Driver 2:
Driving 19.678 m 297s 6659.6 psi 048 s 345s
shoes
Driver2: = 5, 956m  317s  6153.Ipsi 05 3.67s
High heels : P : :
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TABLE 4. Range of chassis data in acquisition scenario.

Attribute Min Max
Steering Angle [deg] -281.0 521.5
Accel. Position [%] 0 51.764
Brake Pressure [bar] 0 2.9
‘Wheel Speed [kph] 0 32.218

IIl. DRIVING BEHAVIOR EXTRACTION AND RISK
ASSESSMENT

This section presents our methodology for clustering driving
behavior data using an autoencoder. The autoencoder was
trained using driving data collected from test driving courses
with two types of shoes, including high heels. We aim to
investigate the effect of shoe types on vehicle safety by
analyzing the resulting clusters in various urban driving sce-
narios with a preceding vehicle. By using the autoencoder to
compress the driving data, we were able to obtain a better
understanding of the underlying patterns in driving behavior.
We present the data preprocessing and the implementation of
the autoencoder for the clustering of driving behavior data.

A. WORK OVERVIEW

To conduct this research, we collect vehicle dynamics mea-
surement data using an actual car and recorded four types
of data: steering angle, accelerator position, brake pressure,
and wheel speed. We then segment and normalize the data
appropriately and use it to train an autoencoder. The goal is
to extract RGB values from the latent vectors of the encoder
and visualize the results.

The first step is to segment the vehicle dynamics mea-
surement data into appropriate sizes and normalize it. This
involves dividing the driving data into overlapping windows,
as explained earlier, and applying normalization techniques
to ensure that the data was scaled appropriately for the
autoencoder.

Next, we use the segmented and normalized driving
data to train an autoencoder. The autoencoder consists of
an encoder network that compresses the input data into
a lower-dimensional latent space and a decoder network
that reconstructed the original data from the latent vectors.
By training the autoencoder on the driving data, we are able
to learn a compressed representation of the data that captures
the most important features.

After training the autoencoder, we extract RGB values
from the latent vectors of the encoder and visualized the
results. This involved mapping the latent vectors to an RGB
color space and creating visualizations that allows us to
explore the relationships between the different driving vari-
ables. The RGB values are assigned to different segments
of the driving course, representing the clustering results.
Furthermore, we conduct a collision risk analysis to evaluate
the safety implications of the driving patterns. Overall, this
research methodology involves collecting and preprocessing
real-world driving data, training an autoencoder to learn a
compressed representation of the data, and visualizing the
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FIGURE 6. Graph of chassis data in acquisition scenario.

TABLE 5. Range of chassis data applied normalization.

Attribute Min Max
Steering Angle [deg] -2.81 5.21
Accel. Position [%] 0 5.1
Brake Pressure [bar] 0 29
‘Wheel Speed [kph] 0 3.22

results to gain insights into the driving patterns. Fig. 4 rep-
resents overall methodology.

B. DATA PREPROCESSING

Since the driving data that we collected is a time-series data,
the sliding window technique is an effective way to segment
and augment the data [32], [33]. This technique involves
dividing the time-series data into smaller segments of equal
sizes, or windows, that overlap with each other. Each window
is then treated as a separate data point, and the resulting
dataset is larger than the original data.

We used the sliding window technique to segment the
driving data that we collected into smaller windows of equal
sizes. For example, it could be chosen to segment the data
into windows of 1 second duration with 50% overlap between
consecutive windows. The overlap between consecutive win-
dows ensures that the windows capture a continuous sequence
of data and do not miss any important features.

We then use these segmented windows as separate data
points and applied normalization techniques to ensure that the
data was scaled appropriately for the autoencoder [34], [35].
This approach allows us to effectively handle the time-series
nature of the driving data and train an autoencoder on a larger
and more diverse dataset than the original driving data.

We collected vehicle dynamics measurement data that con-
sists of four types of features: steering angle, accelerator
position, brake pressure, and wheel speed. The data was
collected at a frequency of 100 Hz, which means that we have
100 observations per second.

Data Range

0 50000 350000 400000

FIGURE 7. Graph of chassis data applied normalization.
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To apply the sliding window technique, we choose a
window size of 100 observations. This means that we take
100 observations of each of the four features, which corre-
sponds to a window size of 1 second of driving data. We then
move the window by 1 observation every 0.01 seconds to
create an overlapping segment of the driving data. Fig. 5
shows the example of sliding window method.

For example, if we start with the first observation, we take
the first 100 observations of all four features, which corre-
sponds to the first second of driving data. We then move
the window to the second observation and take the next
100 observations of all four features, which corresponds to
the second of driving data, and so on.

By segmenting the driving data into windows, we can cre-
ate a larger and more diverse dataset to train our autoencoder.
We then use normalization techniques to ensure that the data
is scaled appropriately for the autoencoder. Finally, we extract
the latent vector from the encoder and map it to an RGB color
to visualize the driving data.

After this process, we normalize the segmented data. Nor-
malization is a common technique used in machine learning
and data analysis. By scaling the data to a fixed range, we can
ensure that all the features are equally weighted during the
training process. This is important because features with
larger ranges may dominate the training process and produce
biased models.

If we do not normalize the data, it can cause several prob-
lems during the training process. One problem is that features
with larger ranges can dominate the training process, leading
to biased models. Another problem is that the optimization
algorithm used to train the model may converge slowly or not
converge at all, especially if the features have different scales.
Fig. 6 and Table 4 shows the range of collected data before
normalization.

Normalization helps to alleviate these problems by scaling
the features to a fixed range, ensuring that they are all equally
weighted during training. This can lead to faster convergence
and better performance of the model.
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In our study, we normalize the driving data to single digit
after segmenting it using the sliding window technique. This
allows us to ensure that the features were scaled appropriately
for the autoencoder, which can lead to better performance and
more accurate results. Fig. 7 and Table 5 shows the range of
data after normalization.

C. MODEL ARCHITECTURE: AUTOENCODER

We trained an autoencoder using the preprocessed data. The
autoencoder has 400 input neurons, corresponding to 4 types
of data (steering angle, accel position, brake pressure, wheel
speed), each with 100 features. The encoder consists of
4 layers, which progressively reduce the dimensionality of
the input data. To determine the optimal structure of the
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autoencoder, we experimented with the number of hidden
layers, starting with a single layer and gradually increasing
the depth. During this process, each layer was designed with
fewer neurons than the previous layer, ensuring the dimen-
sionality was reduced below the input size. The final layer of
the encoder produces a latent vector of 3 dimensions, which is
used to generate the RGB values. To calculate the reconstruc-
tion error, we employed Mean Squared Error (MSE) as the
loss function, which allowed us to gauge the autoencoder’s
performance effectively. Fig. 8 shows the architecture of the
Autoencoder.

During training, the autoencoder learns to recon-
struct the input data from the latent vector, while minimizing
the reconstruction error. The decoder, which is symmetric to
the encoder, maps the latent vector back to the original input
space. The autoencoder is trained to minimize the difference
between the input data and the reconstructed data using
backpropagation and stochastic gradient descent. To optimize
the hyperparameters, we used grid search, and the selected
hyperparameters are presented in Table 6.

After training, the encoder can be used to extract the latent
vector from new input data, which can be used to generate
the corresponding RGB values. This allows us to visualize
the input data in a low-dimensional color space, which can
reveal patterns and structures that may be difficult to detect
in the original high-dimensional space.
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TABLE 6. Hyper-parameters for model optimization.

Hyper-parameter  Values Tested Optimal Value
Learning Rate [0.001, 0.01, 0.1] 0.001
Number of Layers [1,2,3,4,5] 4
Size of Window [5, 10, 20] 10
TABLE 7. Risk management and driving phase.
Driving Phase Risk Management
Phase 0 Normal Driving
Phase 1 Collision Risk Increase
Phase 2 Safety Control
Re-entering to Safety Zone
Phase 3 (Safety Spacing)

D. DRIVING BEHABIOR CLUSTERING

Spectral clustering and k-means clustering are both unsuper-
vised learning techniques used to group similar data points
together. However, they differ in their approach to clustering.
K-means clustering tries to partition the data into k clusters
by minimizing the sum of squared distances between the data
points and their assigned cluster centers [36], [37]. It itera-
tively updates the cluster centers until convergence. On the
other hand, spectral clustering is a graph-based clustering
technique that uses the spectral decomposition of the simi-
larity matrix to cluster the data [38], [39].

In other words, spectral clustering looks at the relation-
ships between data points, rather than their distance in the
feature space. It constructs a similarity matrix that captures
the pairwise similarities between data points, and uses the
eigenvectors of this matrix to find a low-dimensional repre-
sentation of the data. This low-dimensional representation is
then used as input to a clustering algorithm (e.g., k-means) to
partition the data into clusters.

Compared to k-means clustering, spectral clustering can
be more effective when dealing with non-linearly separable
data and can uncover more complex structures in the data.
However, it can be computationally expensive and requires
tuning of the hyperparameters, such as the number of clusters
and the similarity matrix construction method.

In our case, we used spectral clustering to group the data
points in the low-dimensional space obtained from the latent
vectors produced by the autoencoder. The similarity function
used was the RBF kernel, and the Laplacian matrix was com-
puted using the normalized graph Laplacian. The resulting
clusters represent groups of data points that are similar to each
other in terms of their features.

By applying spectral clustering to the feature extraction
results, we were able to identify groups of features that are
closely related to each other, which can help in understanding
the underlying patterns and structures in the data.

E. COLLISION RISK ASSESSMENT
According to [24], incorporating human-centered risk assess-
ment techniques can lead to a notable improvement in
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threat assessment performance. “The human-centered risk
assessment algorithm actively intervenes to control safety by
monitoring risk and determining intervention points based
on collision probability. Real-road test driving data is used
to compute the threat of the vehicle ahead by analyzing the
human driver’s driving pattern using collision probability.
[24]. The probability of a collision between the host and
remote vehicle can be calculated by dividing the number of
possible collision cases by the total number of cases where the
two vehicles randomly exist within an uncertainty boundary.
A collision is counted when two vehicles occupy the same
space, as illustrated in Fig. 9—(c). The joint probability den-
sity function can be used to model the uncertainty boundary
shown in Fig. 9-(a) as stated in [35]. In Fig. 9-(a), the grey
shaded ellipsoidal area around the vehicle represents the
boundary that describes the reachable area. The probability
density function is constructed based on the gaussian dis-
tribution using vehicle states such as vehicle position and
orientation. Then, a particle filter is used to randomly gener-
ate N state vectors (particles) based on the initial probability
density function, as shown in Fig. 9-(b). Vehicle-body-shaped
polygons for both the host and remote vehicles are generated
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for each random particle, as depicted in Fig. 9-(c). If the
polygons of the two randomly generated vehicles share the
same space, a collision is counted. The collision probability
increases as the number of space-sharing areas (collision
cases) increases, as described in (1).

Collision Case

Collision Probability =Cp = x 100(%)
N — state
(D
where
N-state = 500

The parameter “N-state” has been selected by the user
as a trade-off between computational effort and collision
probability approximation accuracy.

With the general concept of the peak(maximum) collision
probability, maxCp, and most probable (peak) predicted col-
lision time, TpmaxCp are introduced in Fig. 10 [24].

Test driving data typically includes four phases of a human
driver’s risk management pattern, as illustrated in Table 7 and
Fig. 11 [40]. Phase O represents normal driving conditions.
Phase 1 is an alert situation caused by human perception
failure, which can occur due to distractions or inattentive
driving. Phase 2 involves hazard detection and control for
collision avoidance. Phase 3 is the recovery stage where a
safe distance is maintained from the vehicle ahead.

IV. VEHICLE TESTS

This section explains the impact of different shoe types on
vehicle safety during driving by utilizing an Autoencoder
to process data collected from test drives conducted with
two distinct footwear types. After effectively training the
data, we identified driving patterns in various urban sce-
narios where a vehicle was present ahead. To assess the
safety implications of different shoe types, we confirmed the
significance and influence of these driving patterns by con-
ducting a collision risk analysis within the context of our test
results.
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FIGURE 15. Clustering results of two types of shoes.

A. FEATURE EXTRACTION RESULTS
We used Adam as our optimizer and Mean Squared Error
(MSE) as our loss function to train the autoencoder. Both
the training and validation loss decreased to below 0.1 during
training, indicating that the model converged well as shown
in Fig. 12. The accuracy also reached above 0.985 during
training as shown in Fig. 13.

Fig. 14 shows a visualization of the feature extraction
results on the driving course. The input data is mapped to a
low- dimensional color space using the trained autoencoder,
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TABLE 8. Behavior state of driving shoes.

ID Color Behavior state
1 Maintain speed with steering angle —80°
2 Gentle deceleration with brake pressure 1.8 bar

Slalom (fluctuation in steering angle)
Sharp deceleration to stop

Steady acceleration from 30km/h to 50km/h

5

6 - Steady deceleration with brake pressure 1.8 bar
7

]

Coasting from 50km/h without any input

Maintain speed with fluctuation in steering angle
Coasting: maintain speed

10 Sharp acceleration from stop to 50km/h

TABLE 9. Behavior state of high heels.

Behavior state

1 Maintain speed

2 Deceleration with brake pressure 1.8 bar
3

4

Steady deceleration with brake pressure 1.8 bar

Gentle deceleration with brake pressure 1.8 bar

5 Deceleration with brake pressure 8.5 bar
6 Sharp acceleration from stop to 50km/h
7 Maintain speed with steering angle —80°

Gentle acceleration with fluctuation in steering
angle

Sharp deceleration to stop with brake pressure
16.2 bar

where each point in the space represents data of the driving
pattern. The colors of course correspond to the RGB values
generated by the autoencoder. This visualization allows us to
observe patterns and structures in the driving data that may
be difficult to detect in the original high-dimensional space.

B. DRIVING BEHAVIOR CLUSTERING RESULTS

We compare the driving patterns visualized by the trained
autoencoder using data collected while driving with driving
shoes and high heels. Fig. 15 shows the clustering results for
both types of footwear. The results indicate that the driving
patterns for each type of footwear are distinct, with different
regions of the latent space corresponding to different types of
driving behavior. This suggests that the autoencoder is able to

VOLUME 13, 2025



D. Shin et al.: Clustering and Investigation of Human Driving Behavior

IEEE Access

capture meaningful information about driving behavior, and
that it may be possible to use this information for applications
such as driver monitoring or driving style analysis.
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FIGURE 16. Visualization results of two types of shoes.
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Fig. 16 presents the visualization of the clustering results
on the driving course from Fig. 15 for different types of shoes.
The different colors on the map represent different clusters of
driving patterns. By comparing the colors of the clusters for
driving with driving shoes and high heels, we can observe that
the driving patterns for the two types of shoes are completely
different.

The visualization results reveal that different segments of
the driving course are associated with different clusters, sug-
gesting that specific driving scenarios evoke distinct driving
responses based on the type of footwear. Notably, driving
with driving shoes exhibits more dynamic changes in cluster
patterns, especially before entering speed bumps and toll-
gates. This observation implies that drivers wearing driving
shoes are more responsive to such situations, whereas drivers
wearing high heels tend to show delayed braking responses,

VOLUME 13, 2025

resulting in less cluster variation with a single clustering
result in the case of repetitive speed bump.

The visualization indicates that driving patterns can vary
depending on the driving shoes, as some segments are associ-
ated with one cluster for both types of shoes, while others are
associated with different clusters for the two types of shoes.
These findings strongly indicate that the choice of footwear
has a profound impact on driving behavior. Such insights can
be instrumental in guiding the design and development of
more suitable driving shoes for various driving conditions.

According to emergency braking tests that were conducted
in the Section II-(b), we found that the cumulative brake
pressure directly according to shoe type influences both brak-
ing distance and braking time, with higher cumulative values
leading to reduced braking distance and time. Fig. 16-(a)
and 16-(b) further substantiate these findings by examining
our driving behavior clustering results, reflecting decelera-
tion pattern differences during speed bump navigation and
tollgate approaches. The clustering results also reveal poten-
tial variations in driving behavior concerning the application
of nuanced throttle pedal force during acceleration, which
may be attributed to the type of footwear worn by the driver.
This demonstrates the potential influence of shoe type on
driving performance across various driving scenarios.

Table 8 and Table 9 represent the driver’s behavior for
each clustered segment. Each row in the tables corresponds
to a segment and displays the percentage of time the driver
spent on specific driving behaviors within that segment, such
as maintaining speed, or sharp deceleration. Table 7 shows
the behavior of drivers wearing driving shoes, while Table 8
shows the behavior of drivers wearing high heels. These
tables provide insight into how the driving behavior differs
between the two types of shoes and help to identify patterns
or tendencies in the way each group of drivers behaves while
driving.

Based on the analysis reflected in Fig. 17, it is clear that
the clustering methodology employed is effective in capturing
the distinct driving patterns associated with wearing high
heels. The comparison between the clustered segments and
the actual vehicle signals (accel position, brake pressure, and
velocity) demonstrates that the variations in signal values
across different sections of the course are accurately cap-
tured. This sensitive capturing of driving behavior variations
strongly supports the reliability and validity of the clustering
approach. The results confirm that the clustering method
accurately reflects the driving patterns, making it a depend-
able tool for analyzing the impact of different footwear on
driving behavior.

C. COLLISION RISK ANALYSIS: EFFECTS OF SHOE TYPES

In this section, we present the experimental results of our
study, which aimed to investigate the impact of shoe types
on safe driving described in Fig. 18-(a) and Fig. 19-(a). The
validity and influence of the clustering results were exam-
ined through a collision risk analysis, providing insights into
the safety effects of different footwear choices on driving
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performance. The validity and impact of the clustering results
on safe driving were verified through collision risk analysis
in order to investigate the safety effects of shoe types.

In Fig. 18, we provide evidence that the clustering results
(Cluster 6) obtained in the Fig. 15-(a) have accurately
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classified driving patterns based on the type of driving shoes.
This assertion is supported by a thorough collision risk anal-
ysis and vehicle dynamics measurement data in Fig. 18,
which together demonstrate the effectiveness of the cluster-
ing approach in differentiating the impact of various shoe
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types on driving performance. Fig. 18 presents compelling
evidence that the clustering results obtained in the Fig. 15-(b)
have effectively categorized driving patterns (Cluster 3, 4)
corresponding to the use of high heels. This claim is substan-
tiated by a comprehensive collision risk analysis and vehicle
dynamics measurement data in Fig. 18, which together
emphasize the efficacy of the clustering technique in delin-
eating the impact of high heels on driving performance.

As discussed in Section II-B and Section IV-B, our colli-
sion risk analysis is used to verify the validity and impact of
the clustering results on safe driving. It has been revealed that
specific clusters showed a significant difference in the risk
management performance associated with each shoe type;
driving shoes and high heels demonstrated 43% and 66%
of maximum collision probability, respectively. The results
indicated a clear correlation between footwear choice and
driving safety, with certain shoe types presenting a 23% of
higher likelihood of causing accidents compared to others.
Furthermore, the vehicle dynamics measurement data in the
Fig. 18-(c) and Fig. 19-(c) substantiated these findings, show-
casing marked differences in parameters such as position
of accelerator, relative distance, and longitudinal velocity
profiles among the distinct clusters.

The observed differences in collision risk when wearing
driving shoes or high heels can be attributed to the human
factor perspective, particularly concerning the operation of
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the accelerator pedal. When wearing high heels, drivers tend
to exhibit less precise control over the accelerator pedal com-
pared to when wearing driving shoes. This imprecision leads
to unintentional excessive pressure on the pedal while wear-
ing high heels, resulting in a more aggressive acceleration
profile.

Consequently, the distance between the driver’s vehicle
and the preceding vehicle decreases, thereby increasing the
collision risk. In contrast, drivers wearing driving shoes
demonstrate more refined control over the accelerator pedal,
ultimately contributing to a safer driving experience by
maintaining an appropriate distance from other vehicles and
reducing the likelihood of accidents.

V. CONCLUSION

In conclusion, this paper investigates the effects of shoe
type on risk assessment in an urban driving environment,
utilizing feature extraction through an autoencoder to analyze
driving patterns. We have demonstrated the importance of
examining driving patterns when wearing shoes such as high
heels, which are known to adversely affect safe driving due to
increased braking distances. To achieve this, we implemented
an autoencoder to train driving data acquired from test driving
courses with two types of shoes—driving shoes and high
heels. The successfully trained data allowed for the clustering
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of driving characteristics across various urban driving scenar-
ios when a preceding vehicle is present.

Our findings, validated through collision risk analysis,
revealed that wearing driving shoes results in a significantly
safer driving experience compared to wearing high heels.
Specifically, the maximum collision probability was reduced
by 23%, and the maximum collision time was improved
by 0.4 seconds when driving shoes were worn. This study
emphasizes the critical impact of shoe type on driving
safety and highlights the importance of choosing appropriate
footwear to reduce collision risk and promote safer driving
behaviors in urban environments.

DISCUSSION & FUTURE WORKS

Although the proposed methodology has been validated
through experiments on various driving courses and actual
driving data, it primarily focuses on single-vehicle operations
in urban scenarios and examines the effects of only two shoe
types: high-heeled shoes and driving shoes. This focused
approach provides foundational insights into how footwear
influences driving behavior and collision risk, offering a con-
trolled framework to establish clear correlations. However,
to enhance the applicability and generalizability of the find-
ings, future research should address several limitations.

Future studies will aim to incorporate multi-vehicle inter-
actions to capture more complex dynamics of real-world
driving environments. Additionally, expanding the range of
footwear types to include sneakers, flip-flops, and work boots
will provide a more comprehensive understanding of how
shoe design affects driving safety. This expansion will help
validate the current findings across diverse scenarios and sup-
port the development of adaptive safety systems that account
for various human factors.

The findings of this study have practical implications for
road safety, particularly in designing footwear optimized
for driving and in enhancing driver monitoring systems
for safety-critical scenarios. For example, integrating the
insights gained from this research into driver-assistance tech-
nologies could enable adaptive systems that adjust braking
and acceleration sensitivities based on the driver’s footwear.
Such features could significantly improve driving safety by
mitigating the risks associated with inappropriate footwear
choices.

Moreover, while this study primarily focused on validat-
ing the efficacy of our approach using autoencoders and
clustering, we have also initiated benchmarking experiments
with state-of-the-art models such as LSTM, self-attention,
and transformer-based methods shows promise for extending
the analysis. Preliminary results suggest that these advanced
techniques offer complementary perspectives on driving
behavior. The comparative findings are being organized for
publication in a separate study, where they will be presented
in greater detail. This follow-up research will offer further
validation of our methodology and extend its contributions to
the broader field of driving safety and machine learning.
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By addressing these limitations and building upon the cur-
rent findings, this research aims to advance the understanding
of human factors in driving safety and contribute to the design
of more intelligent and adaptive systems for risk mitigation.
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