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Abstract: Driver distraction can have severe safety consequences, particularly in public
transportation. This paper presents a novel approach for detecting bus driver actions,
such as mobile phone usage and interactions with passengers, using Kolmogorov–Arnold
networks (KANs). The adversarial FGSM attack method was applied to assess the robust-
ness of KANs in extreme driving conditions, like adverse weather, high-traffic situations,
and bad visibility conditions. In this research, a custom dataset was used in collaboration
with a partner company in the field of public transportation. This allows the efficiency of
Kolmogorov–Arnold network solutions to be verified using real data. The results suggest
that KANs can enhance driver distraction detection under challenging conditions, with
improved resilience against adversarial attacks, particularly in low-complexity networks.

Keywords: driver monitoring system; road safety; artificial intelligence; neural network;
Kolmogorov–Arnold networks (KANs); driver distraction detection

1. Introduction
The evolving nature of transportation is marked by increasing traffic, highlighting

the need for safer transport methods. Despite the integration of advanced driver assis-
tance systems (ADAS), such as emergency braking technologies, drivers remain a crucial
component within this framework [1]. A longitudinal analysis of passenger kilometers
traveled by passenger cars demonstrates a generally increasing trend from 2012 to 2019,
peaking at approximately 4298.8 billion passenger-kilometers (pkms) in 2019 (Table 1).
The advent of the COVID-19 pandemic precipitated a significant reduction in 2020, which
was followed by a gradual recovery in 2021 and a further rise in 2022 to 4099.6 billion [2].
This pattern illustrates the profound yet ephemeral impact of the pandemic on mobility
behaviors. In contrast, while experiencing an initial decrease in usage, bus and coach
services have shown resilience with a notable recovery. Passenger kilometers for buses and
coaches dipped to 292 billion in 2020 but rebounded to 330.8 billion in 2021 and reached
406.2 billion in 2022.
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Table 1. Road fatalities with passenger cars, buses, and coaches in EU-27 countries [2,3].

Metrics Transportation 2012 2019 2020 2021 2022 2023

Passenger
kilometers

(billion pkm)

Passenger cars 3904.5 4298.8 3488.3 3869.3 4099.6 ND

Bus and coach 482.2 486.2 292 330.8 406.2 ND

Road crashes All 936,542 937,146 749,227 821,489 890,858 900,861

Road
fatalities

All 26,500 22,756 18,833 19,913 20,655 20,384

Bus and coach 94 109 47 118 78 90

The statistics on road safety reflect a complex interplay between increased transport
volumes and enhanced safety measures. Fatalities involving buses and coaches showed
variability, decreasing to a low of 47 in 2020, then increasing in 2021, and stabilizing at
90 in 2023 [3]. These fluctuations underscore the ongoing challenges in road safety and
the critical need for continued advancements in vehicle safety features. As shown in
Figure 1, fatalities involving buses and coaches are more common in urban areas than those
involving car occupants, highlighting the prominent role of buses in city transport. Unlike
car occupant fatalities, which are mainly concentrated on rural roads, bus-related fatalities
are more evenly spread across all road types.
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Figure 1. Distribution of fatalities by road type and transport mode (own formatting based on [3]).

The relationship between mobile phone usage and traffic accidents also warrants
attention. A Finnish study involving 15 thousand working-age participants found that
males and younger individuals reported more accidents and near-miss incidents related to
mobile phone use [4]. Employment status correlated with higher incidences, and there was
a noticeable increase in reports from individuals experiencing sleep disturbances or minor
aches. In California, the expansion of 3G coverage between 2009 and 2013 was linked to
an approximate 2.9% increase in traffic accident rates, a figure comparable to impacts seen
from other risk factors like higher minimum wages and increased alcohol consumption [5].
These findings underscore the necessity for stringent regulations and robust enforcement
to curtail the risks associated with smartphone use while driving.

Recent advancements in vehicle sensor technology have significantly enhanced the
detection of driving patterns and behaviors. Analyzing vehicle sensor data during ma-
neuvers such as a single turn reveals distinct driving patterns [6]. Applying deep learning
frameworks to CAN-BUS data has proven effective in distinguishing various driving be-
haviors [7]. Furthermore, monitoring systems that employ principal component analysis
are adept at tracking real-time metrics such as fuel consumption, emissions, driving styles,
and driver health [8] (Campos-Ferreira et al., 2023). The optimization of energy efficiency
in rail vehicles also involves detecting energy losses [9].
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Behavioral assessments using tools like the Driver Behavior Questionnaire indicate that
although professional drivers generally adhere to safer driving practices, their prolonged
driving hours elevate their accident risk [10]. Driver comfort levels have been shown to
influence driving performance significantly [11]. Extensive psychometric evaluations of
bus drivers through instruments such as the Multidimensional Driving Style Inventory
and Driver Anger Scale highlight the critical need to distinguish between safe and unsafe
driving behaviors [12].

A robust correlation exists between in-vehicle data and physiological driver signals,
which highly indicate driver behavior [13]. High-quality cameras and eye-tracking systems
measure cognitive load by analyzing fixation frequency, pupil diameter, and blink rates [14].
Experienced drivers exhibit unique fixation patterns that differ markedly from those of
novice drivers [15]. Furthermore, variations in pupil size during driving tasks can reflect
attention levels and are influenced by the complexity of the tasks and the type of user
interfaces employed, such as touchscreens [16].

Driver fatigue and distraction are commonly assessed through biometric signals,
steering patterns, and facial monitoring techniques [17]. An elevated heart rate often
suggests engagement in complex tasks [18], and heart rate variability, supported by elec-
troencephalography data, helps detect driver drowsiness [19]. Wearable devices that
measure galvanic skin responses have been proven to detect driver distraction accurately
under real-world conditions [20]. Innovations in single-channel EEG systems utilize brief
time windows and single-feature analysis, which are ideal for integrating into embedded
systems with minimal processing and storage requirements [21]. Additionally, electromyo-
grams (EMGs) are employed to monitor muscle fatigue, thus aiding in predicting driver
alertness [22].

Enhancing machine learning algorithms through feature selection significantly im-
proves accuracy and efficiency in driver behavior classification, focusing on behaviors like
normal, aggressive, and drowsy driving [23]. Another study developed a driver inattention
detection system using multi-task cascaded convolutional networks (MTCNN), which
outperformed other algorithms like HOG and Haar features in various conditions such
as lighting and head movements, effectively detecting inattention and drowsiness [24].
Additionally, a cost-effective and adaptive model that combines computer vision with
time series analysis was proposed to monitor driver states like distraction and fatigue,
aligning with safety standards and using advanced algorithms for real-time assessments of
driver attentiveness [25]. These studies underscore the potential of machine learning and
computer vision to enhance road safety by improving driver monitoring technologies.

Recent studies have explored the application of the Kolmogorov–Arnold represen-
tation theorem to construct deep ReLU networks, presenting new KA representations
that optimize neural network parameters for enhanced approximation of smooth func-
tions [26]. Similarly, the utilization of the Kolmogorov superposition theorem has been
investigated for its potential to break the curse of dimensionality in high-dimensional
function approximations [27]. In this context, Liu et al. introduced Kolmogorov–Arnold
networks (KANs) as a novel alternative to traditional multi-layer perceptrons (MLPs) [28].
These networks distinguish themselves by having learnable activation functions on the
edges and employing univariate functions parametrized as splines, enhancing both the
accuracy and interpretability of function-fitting tasks and facilitating user interaction in
scientific explorations.

Moreover, DropKAN, a specific regularization technique for KANs, addresses the
unpredictability seen with traditional dropout methods by applying dropout directly to
activations within KAN layers, demonstrating improved generalization across multiple
datasets [29]. Furthermore, developing convolutional KANs integrates spline-based activa-
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tions into convolutional layers, offering a promising alternative to standard convolutional
neural networks by potentially reducing parameter count while maintaining competitive
accuracy [30].

The Chebyshev Kolmogorov–Arnold network (Chebyshev KAN) represents another
advancement in this area, utilizing Chebyshev’s polynomials for function approximation
along the network’s edges [31]. This approach enhances parameter efficiency and improves
interpretability, showing promising results in tasks like digit classification and synthetic
function approximation. Despite these innovations, a comprehensive comparison of KANs
and MLPs across various domains, including machine learning, computer vision, and
audio processing show that while MLPs generally outperform KANs, the latter excel in
symbolic formula representation due to their unique activation functions [32]. This study
also notes that KANs face more significant challenges in continual learning settings than
MLPs, which retain better performance across tasks.

2. Materials and Methods
2.1. Kolmogorov–Arnold Network Theory

The Kolmogorov–Arnold representation theorem provides a powerful theoretical
foundation for functional approximation. It states that any multivariate continuous function

f : [0, 1]n → R (1)

can be represented as a finite sum of continuous univariate functions applied to linear
combinations of the input. Expressly, the theorem guarantees the existence of continuous
functions ϕq and ψpq such that

f (x1, x2, . . . , xn) =
2n+1

∑
q=1

ϕq

(
n

∑
p=1

ψpq
(
xp
))

(2)

This decomposition highlights that complex multivariate functions can be constructed
entirely from compositions and additions of univariate functions—an idea that underpins
the architecture of Kolmogorov–Arnold networks (KANs).

KANs operationalize this insight by replacing the standard linear transformation
in neural networks with a structure where each connection (edge) learns a univariate
nonlinear function, rather than a fixed scalar weight. In contrast to traditional linear layers,
which compute

y = Wx (3)

where x is the input and W is the learnable weight matrix, a KAN layer computes the
output as

yi = ∑
j

ϕij
(
xj
)

(4)

Here ϕij is a learnable univariate function that replaces the static weight wij in con-
ventional layers. These functions are typically parameterized using low-order splines or
polynomials, making them both expressive and computationally tractable.

This formulation allows a KAN layer to serve as a drop-in replacement for fully
connected (linear) layers in standard neural networks. The main difference lies in the
representational flexibility: While a linear layer can only scale and sum input dimensions, a
KAN layer can learn rich nonlinear transformations along each edge, effectively embedding
functional composition directly into the architecture.
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2.2. Models

The densely connected convolutional network (DenseNet), introduced by Huang
et al., employs a novel architecture where each layer is connected to every other layer in a
feed-forward fashion [33]. This design creates extremely deep networks that alleviate the
vanishing gradient problem, strengthen feature propagation, encourage feature reuse, and
substantially reduce the number of parameters. The DenseNet architecture is especially
effective in maintaining the flow of information and gradients throughout the network,
making it suitable for tasks where feature extraction from complex visual data is crucial.

The deep residual network (ResNet), developed by He et al., utilizes skip or shortcut
connections that allow gradients to flow through the network directly [34]. By enabling
each set of layers to learn residual functions regarding the layer inputs, ResNet facilitates
the training of much deeper networks than previously possible. This approach addresses
the degradation problem typically faced with increased network depth, enhancing the
network’s ability to learn and perform effectively on deep learning tasks without suffering
from training difficulties due to added depth.

The very deep convolutional network (VGG), crafted by Simonyan and Zisserman,
focuses on significantly deep networks that use very small (3 × 3) convolution filters [35].
This model has demonstrated that increasing the depth of the network while maintaining a
simple architectural approach can lead to substantial improvements in accuracy on large-
scale image recognition tasks. The VGG’s straightforward architecture, which stacks small
convolution filters to build depth, simplifies the model while capturing complex features,
making it highly effective for image-based applications.

Each of these models brings a unique perspective to handling the complexities of
neural networks, particularly in the context of visual recognition tasks required in bus driver
monitoring systems. DenseNet’s feature reuse capabilities, ResNet’s ease of training for very
deep networks, and the VGG’s depth with simple configurations provide robust options
for developing accurate and efficient monitoring solutions. These architectural innovations
underline the importance of depth and connectivity in improving the performance of
convolutional neural networks in practical applications.

2.3. Dataset

In this work, the driver-action image classification dataset, which was executed in
partnership with a public transport company, is presented. The dataset comprises 9 different
real bus drivers performing 5 distinct actions while driving a bus: calling, drowsy, normal,
talking, and texting. The recordings featured real bus drivers in actual traffic situations,
captured on urban and suburban routes in Hungary, Europe. The images were captured
over several days, but not in different seasons, resulting in only minor environmental
variations such as cloudy or sunny conditions at different times. Ethnic diversity could not
be included in the dataset due to local circumstances. The same camera setup was used in
the driver’s cab, pointing at the driver. Each sample is captured as an RGB image with a
resolution of 96 × 96 pixels, where every image has the driver’s face in the middle. The
dataset is split into training and validation subsets, with 9325 images in the training set
and 2340 images in the validation set, for a total of 11, 665 images. Figure 2 shows some
sample images from the dataset for each class.
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In the training subset, the talking action contains the most images (3228), while the
drowsy action has the fewest (655). The texting class also has a low number of elements
(1126). The number of elements in the calling and normal classes is similar (2034 and 2282)
but less than the number of samples in the talking class. The structure of the validation set
is very similar. In the design of the two subsets, images were randomly assigned to each
set, where each sample was assigned to the training set with a probability of 0.8 and to the
validation set with a probability of 0.2. Therefore, the number of samples belonging to the
drowsy class is the lowest in the validation set (168), followed by texting (280). The next in
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line is the calling class (505) and then the normal class (613). Finally, talking samples are
the most numerous in the dataset (774).

Figure 4 shows the number of samples for the 9 bus drivers included in the study.
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There is a considerable variation in the number of samples for each driver. The lowest
number of recordings was for bus driver #3 (229). He is followed by #8 (1076), then #5
(1226), #6 (1249), and #9 (1268) in roughly similar proportions. Next in line is driver #1
(1437). This driver is followed by #4 (1642) and #7 (1711) with a minimal margin. Finally,
participant #2 closes the row with the most samples (1827).

3. Results
In the current study, a total of 38 different neural networks were created. Each

solution was trained and validated with the dataset created and presented in Section 2.3.
In this study, the tolerance of the networks was tested using the FGSM attack method,
which requires strong resilience per se [36]. This method is a widely used adversarial
attack technique introduced to evaluate the robustness of neural networks. It generates
adversarial examples by making a single-step perturbation in the direction of the gradient
of the loss function concerning the input. Given a clean input x, model parameters θ, the
true label y, and the loss function L(θ, x, y), the adversarial example xadv is computed
as follows:

xadv = x + ϵ × sign(∇xL(θ, x, y)) (5)

where ϵ controls the perturbation size. In this research, all training was performed with
ϵ = 8

255 for maximum perturbation. For all 38 solutions, two training phases were per-
formed: the first without applying any adversarial attack method, and in the second case,
using the FGSM attack method. In each case, the training was done over 35 epochs using
the Adam optimization algorithm [37], and the cross entropy loss function was used to
calculate the loss during the training. We trained our neural networks using a learning rate
of 0.0001 and a batch size of 32; a fixed random seed of 42 was used for data splitting into
training and validation sets, as well as for shuffling the data to ensure reproducibility.

In this work, six minimal complexity networks were made to test the efficiency of
KAN layers for simple architectures. The first is LinNet, which consists of only linear
layers. The second is LinKAN, which consists of both linear and KAN layers. The next is
KANNet1, which consists of only one KAN layer, and KANNet2, which consists of two
KAN layers. For these, the authors want to investigate how the LinKAN, KANNet1, and
KANNet2 solutions improve the performance compared to the baseline LinNet solution.
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Figure 5 summarizes the training process. The first case shows the accuracy and loss values
during the training process without using an adversarial attack, followed by the FGSM
attack method.
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Figure 5. The result of the training for low-complexity networks without convolution, without
adversarial attack (left columns) and with FGSM attack (right column).

KANNet1 appears to balance high clean-data performance with the strongest resilience
to FGSM, while LinKAN offers a significant jump in clean accuracy over LinNet but
pays a notable penalty in adversarial robustness. KANNet1 and KANNet2 exceed 0.93
final accuracy on clean data, with KANNet1 slightly higher. Under FGSM, KANNet1
outperforms KANNet2, making KANNet1 the strongest adversarial performer in this case.

The fifth and sixth solutions of the minimal complexity networks include a convolution
layer. The ConvNet solution uses a linear layer after convolution, while the ConvNet+KAN
network uses a KAN layer instead of a linear layer. The results measured during training
for these are shown in Figure 6. ConvNet+KAN outperforms the baseline ConvNet on both
clean data and FGSM tests. Overall, incorporating KAN substantially boosts both standard
accuracy and adversarial attack in this architecture.

The study’s second phase was based on state-of-the-art architectures of high complex-
ity, using different versions of the ResNet, DenseNet, and VGG models. A KAN-based
equivalent was created for each model, where KAN layers of the same size replaced the
linear layers. A minimum-size counterpart was created and modified for each of the three
architectures. These are called ResNet_s, DenseNet_s, and VGG_s and their KAN-based
counterparts are ResNet_s+KAN, DenseNet_s+KAN, and VGG_s+KAN networks.



Computers 2025, 14, 184 9 of 25
Computers 2025, 14, x FOR PEER REVIEW 9 of 25 
 

Figure 6. The result of the training for low-complexity convolutional based networks, without ad-
versarial attack (left columns) and with FGSM attack (right column). 

In the case of ResNet, using KAN generally boosts adversarial robustness across all 
tested ResNet architectures without substantially compromising clean-data performance. 
In fact, ResNet101+KAN stands out for maintaining the highest final accuracy under nor-
mal (without attack) conditions, whereas ResNet18+KAN shows the greatest resilience 
under FGSM attacks. While exact improvements vary by model, the overall trend indi-
cates that KAN effectively offsets adversarial vulnerabilities and, in some cases, can even 
enhance performance in benign environments. Figures 7 and 8 summarize the results of 
ResNet during the training process: in the first case, without adversarial attack, while in 
the second case, when the FGSM attack method is applied. 

The results for the DenseNet family of models are as follows. DenseNet201+KAN 
demonstrates the most consistently strong performance, achieving the highest final accu-
racy without attack and also showing the best robustness under the FGSM attack method. 
However, DenseNet169 provided the best peak accuracy. While the KAN layer’s effect on 
clean-data results varies by architecture—e.g., it sometimes yields anomalously high 
peaks or smaller final improvements—it generally brings clear gains in adversarial resili-
ence. In practice, this suggests that the KAN is a valuable enhancement for DenseNet 
models that must contend with adversarial threats while maintaining competitive perfor-
mance on benign data. The results are summarized in Figures 9 and 10. 

The third and last family of state-of-the-art and complex structured networks to be 
examined is the VGG. These results indicate that VGG11 finishes with the highest clean-
data accuracy, while VGG13 exhibits the best overall robustness against the FGSM attack 
method. Although the KAN boosts certain architectures at specific epochs, it does not uni-
versally guarantee top final accuracies under adversarial conditions. Only in the case of 
the VGG_s architecture does VGG_s+KAN initially perform better, achieving good effi-
ciency sooner. However, based on the results of the last epoch, it does not perform better; 

0
0.2
0.4
0.6
0.8

1

1 4 7 10 13 16 19 22 25 28 31 34
A

cc
ur

ac
y 

[%
]

Epochs

ConvNet ConvNet+KAN

0
0.2
0.4
0.6
0.8

1

1 4 7 10 13 16 19 22 25 28 31 34

A
cc

ur
ac

y 
[%

]

Epochs

ConvNet ConvNet+KAN

0

0.5

1

1 4 7 10 13 16 19 22 25 28 31 34

Lo
ss

Epochs

ConvNet ConvNet+KAN

0

0.5

1

1 4 7 10 13 16 19 22 25 28 31 34

Lo
ss

Epochs

ConvNet ConvNet+KAN

Figure 6. The result of the training for low-complexity convolutional based networks, without
adversarial attack (left columns) and with FGSM attack (right column).

In the case of ResNet, using KAN generally boosts adversarial robustness across all
tested ResNet architectures without substantially compromising clean-data performance. In
fact, ResNet101+KAN stands out for maintaining the highest final accuracy under normal
(without attack) conditions, whereas ResNet18+KAN shows the greatest resilience under
FGSM attacks. While exact improvements vary by model, the overall trend indicates that
KAN effectively offsets adversarial vulnerabilities and, in some cases, can even enhance
performance in benign environments. Figures 7 and 8 summarize the results of ResNet
during the training process: in the first case, without adversarial attack, while in the second
case, when the FGSM attack method is applied.

The results for the DenseNet family of models are as follows. DenseNet201+KAN
demonstrates the most consistently strong performance, achieving the highest final accuracy
without attack and also showing the best robustness under the FGSM attack method.
However, DenseNet169 provided the best peak accuracy. While the KAN layer’s effect on
clean-data results varies by architecture—e.g., it sometimes yields anomalously high peaks
or smaller final improvements—it generally brings clear gains in adversarial resilience.
In practice, this suggests that the KAN is a valuable enhancement for DenseNet models
that must contend with adversarial threats while maintaining competitive performance on
benign data. The results are summarized in Figures 9 and 10.

The third and last family of state-of-the-art and complex structured networks to be
examined is the VGG. These results indicate that VGG11 finishes with the highest clean-
data accuracy, while VGG13 exhibits the best overall robustness against the FGSM attack
method. Although the KAN boosts certain architectures at specific epochs, it does not
universally guarantee top final accuracies under adversarial conditions. Only in the case
of the VGG_s architecture does VGG_s+KAN initially perform better, achieving good
efficiency sooner. However, based on the results of the last epoch, it does not perform
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better; only the best-achieved performance became more efficient. The training results for
the VGG models are summarized in Figures 11 and 12.
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Figure 7. Results of the training for ResNet-based networks, without adversarial attack.
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Figure 8. Results of the training for ResNet-based networks, with FGSM attack.
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Figure 9. Results of the training for DenseNet-based networks, without adversarial attack.
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Figure 10. Results of the training for DenseNet-based networks, with FGSM attack.
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Figure 11. Results of the training for VGG-based networks, without adversarial attack.
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Figure 12. Results of the training for VGG-based networks, with FGSM attack.

Tables 2–9 summarize the best results obtained during the training process and the
results obtained in the last iteration of training for all 38 neural networks without using
any adversarial attack method and after using the FGSM attack technique. The tables also
show that the KAN-based solution of each variant performed better than its counterpart
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with a linear layer. Figures 13–16 show the confusion matrices in both cases. Each matrix
represents the performance of a different classification model on a multi-class task involving
five classes: calling, drowsy, normal, talking, and texting. These matrices visually present
how well the model predicted the actual class of each activity. The rows represent the actual
(true) labels, and the columns represent the predicted labels. The diagonal values indicate
correct classifications, while off-diagonal values represent misclassifications.

Table 2. Best and last accuracy result for low-complexity networks without adversarial attack. The
best results are highlighted in bold text.

Best Acc. Last Acc. Best Acc. Increased? Last Acc. Increased?

LinNet 0.79188 0.78205
LinKAN 0.93034 0.91880 yes yes
KANNet1 0.95085 0.94145 yes yes
KANNet2 0.94359 0.93889 yes yes

ConvNet 0.91325 0.90726 yes yes
ConvNet+KAN 0.94615 0.94615

Accuracy increased by the KAN layer: 100.00% 100.00%

Table 3. Best and last accuracy result for low-complexity networks with FGSM attack. The best results
are highlighted in bold text.

Best Acc. Last Acc. Best Acc. Increased? Last Acc. Increased?

LinNet 0.29872 0.27436
LinKAN 0.26752 0.14316 no no
KANNet1 0.39060 0.31966 yes yes
KANNet2 0.32778 0.20983 yes no

ConvNet 0.45085 0.19444 yes yes
ConvNet+KAN 0.71068 0.46239

Accuracy increased by the KAN layer: 75.00% 50.00%

Table 4. Best and last accuracy result for ResNet-based networks without adversarial attack. The best
results are highlighted in bold text.

Best Acc. Last Acc. Best Acc. Increased? Last Acc. Increased?

ResNet18 0.93675 0.92650 yes no
ResNet18+KAN 0.93761 0.92607

ResNet34 0.94274 0.91795 no yes
ResNet34+KAN 0.93462 0.92735

ResNet50 0.93932 0.92436 no no
ResNet50+KAN 0.89444 0.89188

ResNet101 0.93248 0.92009 yes yes
ResNet101+KAN 0.93333 0.93333

ResNet152 0.92607 0.90385 yes yes
ResNet152+KAN 0.93034 0.91538

ResNet_s 0.87350 0.87350 no no
ResNet_s+KAN 0.87137 0.87137

Accuracy increased by the KAN layer: 50.00% 50.00%
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Table 5. Best and last accuracy result for ResNet-based networks with FGSM attack. The best results
are highlighted in bold text.

Best Acc. Last Acc. Best Acc. Increased? Last Acc. Increased?

ResNet18 0.28205 0.23333 yes yes
ResNet18+KAN 0.59957 0.58248

ResNet34 0.30769 0.23291 yes yes
ResNet34+KAN 0.34786 0.28632

ResNet50 0.33462 0.25983 yes yes
ResNet50+KAN 0.40000 0.38504

ResNet101 0.35812 0.35299 yes no
ResNet101+KAN 0.38034 0.29017

ResNet152 0.38291 0.23077 yes yes
ResNet152+KAN 0.41368 0.37051

ResNet_s 0.47222 0.34658 no yes
ResNet_s+KAN 0.44786 0.44060

Accuracy increased by the KAN layer: 83.33% 83.33%

Table 6. Best and last accuracy result for DenseNet-based networks without adversarial attack. The
best results are highlighted in bold text.

Best Acc. Last Acc. Best Acc. Increased? Last Acc. Increased?

DenseNet121 0.97094 0.96496 no no
DenseNet121+KAN 0.95470 0.94274

DenseNet161 0.95641 0.95214 yes yes
DenseNet161+KAN 0.96709 0.96325

DenseNet169 0.97393 0.95684 no yes
DenseNet169+KAN 0.96923 0.96795

DenseNet201 0.96709 0.95256 yes yes
DenseNet201+KAN 0.97009 0.97009

DenseNet_s 0.81368 0.81068 no no
DenseNet_s+KAN 0.80684 0.80342

Accuracy increased by the KAN layer: 40.00% 60.00%

Table 7. Best and last accuracy result for DenseNet-based networks with FGSM attack. The best
results are highlighted in bold text.

Best Acc. Last Acc. Best Acc. Increased? Last Acc. Increased?

DenseNet121 0.28248 0.23632 yes yes
DenseNet121+KAN 0.36325 0.31154

DenseNet161 0.34615 0.21709 no yes
DenseNet161+KAN 0.26581 0.22179

DenseNet169 0.37521 0.22094 yes yes
DenseNet169+KAN 0.38932 0.37265

DenseNet201 0.26538 0.23120 yes yes
DenseNet201+KAN 0.39487 0.37692

DenseNet_s 0.35769 0.26667 yes yes
DenseNet_s+KAN 0.37521 0.35983

Accuracy increased by the KAN layer: 80.00% 100.00%
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Table 8. Best and last accuracy result for VGG-based networks without adversarial attack. The best
results are highlighted in bold text.

Best Acc. Last Acc. Best Acc. Increased? Last Acc. Increased?

VGG11 0.96709 0.96624 no no
VGG11+KAN 0.96453 0.96026

VGG13 0.94103 0.92692 no no
VGG13+KAN 0.93803 0.92607

VGG16 0.96111 0.94274 no yes
VGG16+KAN 0.95470 0.94701

VGG19 0.95342 0.92991 no yes
VGG19+KAN 0.94829 0.94359

VGG_s 0.90556 0.90470 yes no
VGG_s+KAN 0.93376 0.90000

Accuracy increased by the KAN layer: 20.00% 40.00%

Table 9. Best and last accuracy result for VGG-based networks with FGSM attack. The best results
are highlighted in bold text.

Best Acc. Last Acc. Best Acc. Increased? Last Acc. Increased?

VGG11 0.48590 0.46838 yes no
VGG11+KAN 0.57265 0.40342

VGG13 0.61667 0.54231 no no
VGG13+KAN 0.59231 0.39145

VGG16 0.52137 0.32094 no no
VGG16+KAN 0.48504 0.29444

VGG19 0.40556 0.39017 yes no
VGG19+KAN 0.41624 0.32607

VGG_s 0.43205 0.29145 yes yes
VGG_s+KAN 0.57607 0.46282

Accuracy increased by the KAN layer: 60.00% 20.00%
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Table 2 shows the final results for the low-complexity models when the attack method
is not used. The best result was obtained with the KANNet1 solution; however, the
ConvNet+KAN solution performed best in the last epoch accuracy. It can be seen that the
LinKAN, KANNet1, and KANNet2 methods have also been used to improve the LinNet
model. The same can be observed for convolution-based solutions. In both cases, the
ConvNet+KAN network improves over the ConvNet model.

Table 3 shows the results for low-complexity solutions using the FGSM technique.
In both cases (best accuracy and last accuracy), the ConvNet+KAN solution achieved the
best results. Regarding best accuracy, the LinKAN model did not improve on the LinNet
solution. The KANNet1 and ConvNet+KAN models improved for the last result thanks to
the KAN-based layer.

Table 4 summarizes the final results of the ResNet models without the attack method.
The ResNet34 solution performed best, while the ResNet101+KAN solution was the best for
the last epoch. Regarding best efficiency, half of the cases could be improved with the KAN
layer (ResNet18+KAN, ResNet101+KAN, and ResNet152+KAN). For the last epoch, the
situation was similar, but ResNet34+KAN was in this category instead of ResNet18+KAN.
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When using the FGSM attack method, the effect of the KAN layer is visible. This is
shown in Table 5. In both cases, the ResNet18+KAN method was the best, and in both
cases, 83.33% of the models tested improved with the KAN layer. In the case of the best
efficiency test, only ResNet_s+KAN showed no improvement, and based on the results of
the last epoch, only ResNet101+KAN did not result in better efficiency.

Table 6 shows the results of the DenseNet-based solutions, where the DenseNet169
model gave the best results. However, for the last epoch, the DenseNet201+KAN method
was the best. For the best epoch, better efficiency was achieved with the KAN layer in 40%
of the cases. The DenseNet161+KAN and DenseNet201+KAN models achieved this. For
the accuracy of the last epoch, the result is 60%, where the DenseNet169+KAN method is
added to the set of DenseNet161+KAN and DenseNet201+KAN.

Table 7 shows the training results of the DenseNet model with the FGSM attack.
The best results were obtained using the KAN method. The DenseNet201+KAN method
was the best for both the best and last epoch accuracy. For the best performance, only
DenseNet161+KAN did not yield any improvement. Thus, an improvement was achieved
in 80% of the cases. For the efficiency of the last epoch, the KAN-based method gave better
results in all cases.
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Table 8 summarizes the results for VGG-type networks without attack. Here, the least
increase in efficiency was achieved. In both cases, the VGG11 network showed the best
efficiency. For the best accuracy, only VGG_s+KAN improved efficiency (20%). For the last
epoch accuracy, efficiency improved for VGG16+KAN and VGG19+KAN (40%).

Table 9 shows the efficiencies measured for the FGSM attack on the VGG models.
In both cases, the VGG13 model provided the best accuracy. However, in the case of
the best accuracy, the appearance of the KAN-based layer improved the results in three
cases (VGG11+KAN, VGG19+KAN, and VGG_s+KAN), which means 20%. However, for
the efficiency of the last epoch, only the VGG_s+KAN method could improve the results
by 20%.

Tables 10–14 illustrate each neural network’s run times per epoch. In all cases, we see
the times measured in both traditional and KAN-based solutions. The measurements were
performed on RTX A4000 GPUs under the same conditions. For low-complexity solutions,
KAN-based networks always had shorter runtimes. This is no longer the case for more
complex networks. However, in all cases, the difference in runtimes is minimal.
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Table 10. Training time per epoch for the low-complexity networks. The best results are highlighted
in bold text.

Model Without KAN Layer With KAN Layer

LinNet 26.8723 -
LinKAN - 22.5309

KANNet1 - 21.6874
KANNet2 - 21.8343
ConvNet 22.0033 21.7347

Table 11. Training time per epoch for the ResNet-based networks. The best results are highlighted in
bold text.

Model Without KAN Layer With KAN Layer

ResNet18 22.8953 22.1056
ResNet34 21.1361 22.5326
ResNet50 23.5290 22.6036

ResNet101 22.5597 23.9279
ResNet152 29.3799 30.7860
ResNet_s 20.9873 21.4450

Table 12. Training time per epoch for the DenseNet-based networks. The best results are highlighted
in bold text.

Model Without KAN Layer With KAN Layer

DenseNet121 21.2882 23.7637
DenseNet161 29.6118 32.5554
DenseNet169 28.7920 29.8330
DenseNet201 33.3522 35.1390
DenseNet_s 22.0880 22.1314

Table 13. Training time per epoch for the VGG-based networks. The best results are highlighted in
bold text.

Model Without KAN Layer With KAN Layer

VGG11 21.8018 22.3050
VGG13 22.7143 24.5558
VGG16 24.9586 26.7945
VGG19 26.9198 28.7924
VGG_s 22.4347 22.3034

Table 14. Summary of best results by network architecture from training data.

Network Type Best Performance
without Attack

Best Model without
Attack

Best Performance
with Attack

Best Model with
Attack

Low Complexity 95.09% KANNet1 71.07% ConvNet+KAN
ResNet Based 94.27% ResNet34 59.96% ResNet18+KAN

DenseNet Based 97.39% DenseNet169 39.49% DenseNet201+KAN
VGG Based 96.71% VGG11 61.67% VGG13

4. Discussion
Our study contributes to the discussion on transportation safety by utilizing advanced

machine learning models, such as KAN layers, in driver monitoring systems. It empha-
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sizes the importance of hardware (sensors and cameras) and software (machine learning
algorithms) in enhancing road safety.

The results indicated that networks incorporating KAN layers, such as KANNet1 and
ConvNet+KAN, generally outperformed their counterparts without these layers, especially
in clean-data scenarios (Table 14). For instance, KANNet1 achieved a clean-data accuracy
of 95.08%, compared to 79.19% for the basic LinNet model, demonstrating a substantial
improvement of nearly 16%. This suggests that the flexibility and adaptability of KAN
layers could make them particularly valuable in dynamic real-world applications like
driver monitoring, where conditions can vary greatly.

The study also highlights the improved adversarial robustness of models incorporat-
ing KAN layers. For example, ResNet18+KAN showed a robustness increase, maintain-
ing 59.96% accuracy under the FGSM attack compared to only 28.21% for the standard
ResNet18. This aspect is critical as it reflects the systems’ robustness against potential
cyber threats, crucial for safety-critical applications like autonomous driving. These are
not realistic efficiency values for real-world use cases; however, the attack methods used
in this study apply extreme noise levels to the input, significantly higher than what is
typically experienced in real-life situations (such as lens contamination, partial coverage, or
glare due to direct sunlight). The aim is to demonstrate performance under these extreme
conditions and to identify which method performs better in such scenarios.

The DenseNet and ResNet models have fewer parameters, with approximately 8 mil-
lion and 25 million, respectively. In the case without attacks, the improvement provided by
the KAN method is significant, reaching 40% for DenseNet and 50% for ResNet. In contrast,
the VGG model, which has around 138 million parameters, sees only a 20% improvement
with KAN.

When considering the FGSM attack scenario, the VGG model performs much better,
achieving a 60% improvement, three times higher than its performance without the FGSM
attack. The enhancements for DenseNet and ResNet in this context are more minor. For
DenseNet, the improvement with the KAN-based method rises from 40% to 80%, while for
ResNet, it increases from 50% to 83.33% compared to the traditional approach.

However, the varying performance across different architectures indicates the need
for further research. Future studies should explore different KAN layer configurations,
their resilience to other attack techniques, testing their performance in other real-world
scenarios, and their integration with various neural network types. Additionally, examining
the scalability of these solutions in larger datasets is essential for their practical application
in diverse driving environments.

Some challenges need to be addressed. While KAN layers improve model perfor-
mance in specific scenarios, they also add complexity to the network architecture. Future
studies need to balance this complexity with the computational cost, especially for real-time
applications in driver monitoring. The study’s results are promising but indicate that per-
formance can significantly vary depending on the conditions and specific tasks. Extensive
testing under different environmental conditions and driving scenarios would be crucial
to validate the general applicability of the findings. Integrating advanced ML models like
those tested in this study with existing transportation infrastructure and systems poses
practical challenges. Data compatibility, system interoperability, and user acceptance need
careful consideration.

5. Conclusions
This study highlights the potential of integrating KAN layers into neural network

architectures to enhance the accuracy and robustness of driver monitoring systems. The
improved performance of these networks, especially in terms of their resilience against ad-
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versarial attacks (specifically FGSM), demonstrates their suitability for use in safety-critical
areas of transportation. However, the KAN does not consistently outperform traditional
solutions and currently demands more resources than they do, and further research must
assess its scalability and effectiveness in various real-world scenarios. Although this re-
search concentrated on the performance of KAN-based solutions, future iterations could
incorporate feedback loops with additional models.

In summary, integrating machine learning innovations, such as KANs, into transporta-
tion safety initiatives represents a promising opportunity that could significantly enhance
the effectiveness of future driver monitoring systems.
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