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Abstract Interpreting chest X-ray images can be challenging, leading to an increasing reliance on computational
methods by physicians to improve diagnostic accuracy and disease monitoring. Among these methods, machine
learning models—particularly those in computer vision, such as Convolutional Neural Networks (CNNs)—have
shown strong performance in image classification tasks. Recently, Kolmogorov-Arnold Networks (KANs) have
emerged as an alternative framework that redefines how connections and activations are computed within neural
architectures. This study aims to develop a classification system using a dataset of 5,000 chest X-ray images
categorized as Normal, Pneumonia, or Tuberculosis. Two KAN-based algorithms, Efficient KAN (EKAN) and
Fast KAN (FKAN), were implemented and compared with a CNN baseline. Experimental results show that the
FKAN model achieved performance comparable to CNN with approximately 96% accuracy in test cases, but with a
reduced computational cost of approximately 96.18%. The results suggest that the FKAN and EKAN algorithms are

a practical and efficient approach for medical image classification.
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1 Introduction

According to a 2021 publication by the World Health Or-
ganization (WHO), five of the ten leading causes of death
worldwide are respiratory diseases: COVID-19, Chronic Ob-
structive Pulmonary Disease (COPD), Acute Lower Respira-
tory Infections, Cancer (Trachea, Bronchus, and Lung), and
Tuberculosis (WHO [2023]). Among the various diseases
affecting the respiratory system—a major challenge in the
health field—pneumonia (infection of the pulmonary alve-
oli) and tuberculosis (infection of alveolar macrophages) are
among the leading causes of death globally, as reported by
the (WHO [2023]; Patel et al. [2024]; ul Haque et al. [2024];
Lai et al. [2024]).

Among the various methods used to diagnose lung dis-
eases, chest X-rays stand out due to their simplicity, cost-
effectiveness, and efficiency. Computed tomography (CT)
is also used, producing more detailed images through higher
radiation levels combined with computer processing. To in-
terpret these images, healthcare professionals use machine
learning techniques to assist in diagnosis and patient monitor-
ing (Anthimopoulos et al. [2016]; Fernandez-Miranda et al.
[2024]; Hasan et al. [2024]; Kieu et al. [2018]).

Among the various machine learning techniques, those in
the field of computer vision are particularly notable, such as
Convolutional Neural Networks (CNNs). CNNs are based
on the Universal Approximation Theorem, which states that
any continuous function can be approximated provided the
activation function is continuous and non-linear. This tech-
nique enables image analysis by generating new feature maps
through convolutional operations (Hornik et al. [1989]; Jiao
and Zhao [2019]; LeCun ef al. [1998]).

On the other hand, Kolmogorov-Arnold Networks (KANs)
are described by their creators as a promising alternative to
traditional Artificial Neural Network (ANN) techniques. This
model is based on the Kolmogorov-Arnold Representation
Theorem, where any continuous, multivariate function can
be represented by the sum of composite one-dimensional
functions. Unlike the architecture of Artificial Neural Net-
works—where activation functions are fixed in artificial neu-
rons and connections are linear—in this new approach, ar-
tificial neurons only perform summation operations, while
activation functions are adjusted within the connections (Kol-
mogorov [1957]; Liu et al. [2024b]).

Therefore, the objective of this study is to develop an im-
age classification system using CNN, Efficient KAN (EKAN)
(Blealtan [2024]) and Fast KAN (FKAN) (Li [2024]) algo-
rithms, applied to chest X-rays to assist in the diagnosis of
pulmonary diseases such as Pneumonia and Tuberculosis. To
the best knowlodge of the authors, it is the first time FKAN
and EKAN is being applied in these type images/diseases.
Data augmentation techniques were employed to simulate
different conditions that may occur during image capture and
to prevent overfitting.

The remainder of this paper is organized as follows: Sec-
tion 2 presents related work using machine learning for lung
disease classification and studies utilizing the KAN architec-
ture. Section 3 details the methodology, including dataset
construction, hardware, programming language, and model
implementation. Section 4 discusses the results. Finally, Sec-
tion 5 presents the conclusions and a comparative analysis of
the results.
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2 Related works

Considering the vast literature in the health field focused on
classification using machine learning, this section presents
references where authors have used CNN models for the detec-
tion of lung diseases through X-ray images, studies involving
the KAN architecture for specific problems, and KAN models
for solving problems that are part of the scope of lung disease
classification using X-ray images.

2.1 CNNs applied to X-ray images

Arias-Londofio et al. [2020] used a CNN architecture for the
automatic detection of COVID-19 through chest X-ray im-
ages. The objective was to evaluate how image pre-processing
techniques affect results and potentially compromise the sys-
tem by simulating different image conditions. As a result,
a precision of 91.5% and an average recall of 87.4% were
achieved.

Muiioz-Aseguinolaza et al. [2023] utilized a CNN archi-
tecture for 3D medical image analysis to detect lung cancer,
extracting relevant information from three-dimensional data.
This approach achieved an accuracy of 76.44%.

Ausawalaithong et al. [2018] employed the DenseNet-121
model, based on CNN architecture, to identify lung cancer
in chest X-rays. They achieved an average accuracy of 70%,
demonstrating the effectiveness of this approach on a dataset
with limited samples.

Hamal ef al. [2024] tested various machine learning mod-
els for COVID-19 detection from chest X-rays. Notably,
the VGG-19 model (based on CNN architecture) stood out,
achieving a precision of 99% in training and 98% in test-
ing—specifically 90% for COVID-19, 90% for normal cases,
and 100% for pneumonia—proving the effectiveness of this
approach in classifying lung diseases.

Alshmrani et al. [2023] also used the VGG-19 model
for classifying Pneumonia, Lung Cancer, Tuberculosis, Pul-
monary Opacity, and COVID-19 using chest X-rays. After
image preprocessing, the proposed methodology achieved
96.48% accuracy, 93.75% recall, 97.56% precision, 95.62%
F1 score, and 99.82% ROC-AUC, demonstrating high perfor-
mance for effective diagnosis.

Al-Sheikh et al. [2023] proposed an automatic system for
detecting Pneumonia and COVID-19 using chest X-rays and
CT images, employing the k-symbol Lerch transcendental
function model for image enhancement, a custom CNN archi-
tecture, and two pre-trained deep learning models (AlexNet
and VGG-16). For the chest X-ray dataset, they achieved
98.60% accuracy, 98.40% sensitivity, and 98.50% specificity.
For the CT dataset, they reached 98.80% accuracy, 98.50%
sensitivity, and 98.40% specificity, highlighting the advan-
tages of using image enhancement models in initial processing
steps.

2.2 General implementations of the KAN

According to a systematic review on the fundamentals and
applications of KAN architecture by Somvanshi et al. [2024],
significant algorithmic advancements include Temporal-
KAN (Xu et al. [2024b]), Fast KAN (Li [2024]), and Partial
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Differential Equation-KAN. These models have shown im-
provements and adaptations for solving complex problems.
Furthermore, KAN can be integrated with CNN (Abd Elaziz
et al. [2024]; Bodner et al. [2024]; Igali and Shamoi [2024];
Drokin [2024]), RNN (Genet and Inzirillo [2024]) and Trans-
formers (Xie et al. [2024]), due to its versatility in hybrid
architectures.

Liu et al. [2024a] mention that several studies have aimed
to develop KAN applications in other fields. Concluding re-
marks highlight the effectiveness of this technique compared
to traditional ANNS in areas such as graph learning (Kiamari
et al. [2024]; Bresson et al. [2024]; De Carlo et al. [2024]),
computer vision (Cheon [2024]; Firsov et al. [2024]), time
series analysis (Vaca-Rubio et al. [2024]), and usage with
other one-dimensional functions like Wavelet (Bozorgasl and
Chen [2024]), Fourier (Xu et al. [2024a]) and Jacobi (Aghaei
[2025)).

2.3 KAN:s applied to X-ray images

Qezelbash-Chamak et al. [2025] presented KANBalance, a
framework developed to mitigate class imbalance in med-
ical images by combining Kolmogorov-Arnold Networks
with the Focal Loss cost function, which focuses learning on
correcting difficult-to-classify examples. Validated on imbal-
anced datasets, KANBalance outperformed traditional resam-
pling techniques such as SMOTE and ADASYN, achieving
96.22% accuracy in detecting pneumonia in pediatric X-rays
and 96.05% accuracy in identifying brain tumors.

Fatema et al. [2025] focused on clinical environments with
scarce data and limited computational resources, introducing
three KAN models: SBTAYLOR-KAN (B-splines with Tay-
lor series), SBRBF-KAN (B-splines with Radial Basis Func-
tions), and SBWAVELET-KAN (B-splines within Morlet
wavelet transforms). The SBTAYLOR-KAN model achieved
the best performance when processing raw medical images,
reaching a maximum accuracy of 98.93% in tuberculosis X-
rays and 86% accuracy using 30% of the original training
data. The main difference highlighted by the authors lies in
its structural efficiency, since the model achieved these results
using 2872 trainable parameters, which represents a reduction
in computational cost compared to traditional convolutional
architectures that require millions of parameters.

Pan and Wang [2026] proposed MedVK, integrating
Kolmogorov-Arnold Networks with Transformers to decou-
ple spatial and channel modeling. The model was evaluated
on various datasets, such as chest X-ray images (Pneumoni-
aMNIST and CPN X-ray). The results showed that MedVK
outperformed traditional architectures such as ResNet50 and
MedViTV2, achieving better overall accuracy and AUC in
the classification of these images, requiring up to 20 times
less processing (GFLOPs).

He et al. [2026] developed the VKT hybrid model, which
combines local extraction via parallel KAN operations (Con-
vKan) with a Local-Global Attention (LG) branch. In tests
conducted on seven datasets, including the use of X-ray im-
ages for COVID-19 and pneumonia diagnosis (CPN X-Ray),
VKT outperformed state-of-the-art models with accuracy
gains of 0.2% to 4.1%. The architecture proved highly accu-
rate for X-ray analysis, operating efficiently with only 14.16
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million parameters.

Wang et al. [2025] introduced MedK AFormer, which incor-
porates the Kolmogorov-Arnold theorem into the ViT stages
to mitigate the high parameter cost. The model was tested on
14 datasets, such as chest X-ray image sets (CPN X-ray and
PneumoniaMNIST). The results demonstrated a reduction in
parameters (85.61% compared to ViT-Base), while the repre-
sentation quality was improved, evidenced by a notable 6.2%
increase in the AUC metric specifically in the CPN X-ray
dataset.

Yang et al. [2025] presented MedK AN, replacing fixed
activation functions with learnable nonlinear transformations
(RBFs) in two extraction fronts: local and global. The model
validation encompassed nine sets of medical images, includ-
ing the analysis of pediatric chest X-ray images (Pneumo-
niaMNIST). The results demonstrated that the model main-
tained high efficiency, with the MedK AN-B variant achieving
high accuracy in radiographs compared to CNN and Trans-
former models of equivalent size.

Riechie et al. [2025] evaluated the Convolutional
Kolmogorov-Arnold Network (CKAN) model for pneumonia
detection, focusing on the analysis of pediatric chest X-ray
images. The architecture extends the principles of KAN net-
works to the convolutional domain, replacing fixed weights
with learnable nonlinear spline-based functions, which im-
proves the ability to capture complex relationships in radio-
graphs. The results demonstrated that the proposed model
outperformed baseline CNN networks: the best-performing
variant (CKAN Medium) achieved an accuracy of 83.49%,
precision of 79.96%, and recall of 98.21% in detecting the
disease via X-ray, compared to 81.00% accuracy for the best
CNN. In addition to demonstrating superior performance in
disease screening, the CKAN architecture showed better gen-
eralization capabilities and proved to be more robust in han-
dling data imbalances, significantly minimizing false nega-
tives for diagnosis.

Although the reported works have used Transformers in
their respective scopes, this being one of the most widely used
techniques today, there is a need for experimentation with
simple and customized models based on the KAN architecture,
not only due to the lack of articles in the literature, but also
in contexts of scarce computational resources.

3 Methodology

This section presents the theoretical foundation of the KAN
architecture, as well as the Efficient KAN and Fast KAN
algorithms proposed by Blealtan [2024] and Li [2024], re-
spectively. Subsequently, the dataset creation and the imple-
mentation methodology for these algorithms are described.

3.1 Kolmogorov-Arnold networks

As mentioned in Section 1, the core calculation for the KAN
architecture involves summing one-dimensional composite
functions, as shown in Equation 1 (Liu et al. [2024b]).

2n+1

@1, s zn) = Z P, <Z¢q,p(mp)> ) (1)
q=1 p=1
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where = represents the input variables, n is the number of
variables, f is the continuous multivariable function, p repre-
sents the input dimensions, and ¢ corresponds to the output
dimensions. The one-dimensional continuous functions de-
pending on a single variable are represented by ® and ¢, as
shown in Equation 2 (Liu et al. [2024b]).

o(z) = w(b(x) + spline(x)), 2

where b is the base function (such as SiLU and ReLU), w is a
factor controlling the magnitude of the activation function (ini-
tialized via Xavier initialization), and spline (initialized with
values close to zero) is a linear combination of B-splines, as
shown in Equation 3 (Liu ef al. [2024b]; Gordon and Riesen-
feld [1974]).

spline(x) = Z ¢ Bi(x), 3)

where, ¢ is the adjustable vector and B is the B-spline function.
Using the recursive de Boor-Cox algorithm, the function is
calculated as follows, that, using the recursive DeBoor-Cox
algorithm, Equation 4 is calculated (Liu e a/. [2024b]; Gordon
and Riesenfeld [1974]).
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where x; is the element of the node vector, s is the evalua-
tion point, and m is the order of the B-spline, which can be
constant, linear, quadratic, or cubic (Gordon and Riesenfeld

[1974]).

3.2 Efficient KAN Algorithm

Blealtan [2024] proposed adaptations to improve efficiency
without sacrificing functionality. A primary issue with the
KAN architecture was memory consumption related to ex-
panding the input tensor to the format (batch_size, out_fea-
tures, in_features) for activation function application. To
resolve this, the input is activated by B-spline functions first,
followed by linear combinations of these activations. Previ-
ously, all linear combinations were performed before calculat-
ing the B-spline functions. Another adaptation was replacing
L1 regularization on input samples with regularization applied
to the weights.

3.3 Fast KAN Algorithm

Li [2024] used the Efficient KAN algorithm as a basis to
develop the FAST KAN algorithm, where the main differ-
ences lie in the replacement of the B-spline weight activation
function with a radial basis function (RBF) using a Gaussian
kernel and in normalization operations between the linear
layers. These adaptations aimed to speed up the model, since
each function is centered at different points in the input space,
as shown in Equation 5.
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where, NV is the total number of centers, w are the adjustable
coefficients, x represents the input data, c is the center, and ¢
is the Gaussian kernel, as shown in equation 6 (Li [2024]).

T2
o(r) = eap <—W> : (©)

where, h controls the width/dispersion of the function and r
is the radial distance (Li [2024]).

3.4 Dataset description

A dataset containing 5000 images was used, divided into three
classes: Normal (1,667 images), Pneumonia (1,667 images),
and Tuberculosis (1,666 images) (de Lima [2024]).

The dataset was aggregated from four different sources to
ensure classes do not overlap, preventing overfitting (Ker-
many et al. [2018]; Rahman et al. [2020]; Kiran and Jabeen
[2024]; Chauhan ef al. [2014]). Figure 1, Figure 2, and Figure
3 show examples of images representing Normal, Pneumonia,
and Tuberculosis classes, respectively.

Figure 1. Normal X-ray (Rahman et al. [2020]).

Figure 2. Pneumonia X-ray (Kermany et al. [2018]).

P

Figure 3. Tuberculosis X-ray (Kermany et al. [2018]).
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3.5 Materials and implementations

All implementations were performed in Python using the
PyTorch library as a basis for model development. Three
different machines were used, one for each model, and their
specifications can be seen in Table 1.

Table 1. Hardware used.

Model CPU GPU RAM
CNN | Ryzen 55600 | RTX 3060 12GB | 62GB
EKAN | Ryzen 5 5500 | RTX 2060 6GB | 31GB
FKAN 15 3470 GTX 16504GB | 16 GB

For data augmentation, the torchvision library’s transforms
module was used with the following functions, based on the
work of Baltruschat et al. [2019]; Chokchaithanakul et al.
[2022]; Arsomngern ef al. [2019]:

 Standardization of dimensions to 164x164;

* Random rotation of 10 degrees;

« Random image shifting up to 10% of its size, both hori-
zontally and vertically;

* Random scaling between 90% reduction and 110% in-
crease of the images relative to their size;

* Random shear adjustment of +-10 degrees;

+ Random brightness adjustment in a range of +£20%;

+ Random contrast adjustment in a range of +£20%;

+ Random color intensity adjustment in a range of £10%);

» Random hue adjustment in a range of +10%.

Data augmentation techniques were applied to the images
after implementing 10-fold cross-validation using the scikit-
learn library, where images were randomly distributed with
reproducibility enabled. In this experimental protocol, no
data leakage or artificial performance due to overfitting sit-
uations occurred. Standardized parameters for all models
included: mini batches = 16, epochs = 200, learning rate
=0.001, random state = 42, optimizer = ADAM, loss func-
tion = Cross-entropy, activation function = ReLU, and output
function = Softmax.

The CNN algorithm was implemented using PyTorch’s
Sequential module shown in Figure 4, where the resizing
operation was implemented to ensure that the number of pixels
is reduced by half using the following parameters: Kernel size
=2, Stride = 2, and Padding = 0. The convolutional layers
were implemented using the following parameters: kernel
size = 3, stride = 1, and padding = 1.

The EKAN and FKAN algorithms were implemented us-
ing the KAN() framework from the efficient kan, with the
number of grid intervals = 5 and order of the polynomial = 3,
and fastkan, with the number of centers = 8, libraries. Table
2 presents the architecture used.

Table 2. Network architecture of the EKAN and FKAN modules.

Layer Description

Input layer 80688 artificial neurons
Hidden layer 1 | 164 artificial neurons
Hidden layer 2 | 64 artificial neurons
Hidden layer 3 | 32 artificial neurons
Output layer 3 artificial neurons
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’ Output layer (32 — 3) ‘

Figure 4. CNN architecture diagram.
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4 Results

Following the training phase using 10-fold cross-validation,
the performance of CNN, EKAN, and FKAN models was
quantitatively assessed. The analysis focuses on three main
aspects: convergence stability, classification metrics, and
computational efficiency. Figure 5 illustrates the loss values
across the 10 folds for training, while Figure 6, Figure 7,
and Figure 8 present the boxplot distributions for Accuracy,
Precision, Recall, and F1 Score.

0.20 —e— CNN
EKAN
0.18 —e— FKAN
0.16 /
2]
1%
o
— 0.4
o
£
=
‘s 012
°
=
0.10
0.08

5 6
Fold

Figure 5. Loss values of training across folds.

4.1 Convergence and Stability Analysis

As demonstrated in Figure 5, the FKAN model exhibited su-
perior convergence stability compared to the baseline models.
The loss variation for FKAN remained from the range (0.0681
- 0.1452) with an average of 0.0839 and standard deviation
of 2.21%, indicating a robust optimization path that is less
sensitive to data initialization. In contrast, the CNN model
showed significant instability, with loss values fluctuating
between 0.0739 and 0.1974 with an average of 0.1231 and
standard deviation of 3.92%. This high variance suggests
that the CNN is more prone to local minima or overfitting
depending on the specific data fold, making it less reliable
for clinical deployment without extensive tuning. The EKAN
model showed good stability (loss of approximately 0.1332
to 0.1749) and standard deviation of 1.3%, with consistently
better performance than CNN, and better convergence accu-
racy than FKAN. However, although it is the most stable, its
average loss (0.1465) ended up being the highest of the three
models (compared to 0.0839 for FKAN and 0.1231 for CNN).
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Figure 6. CNN Boxplot distribution.



Efficient and Fast Kolmogorov-Arnold Networks for Chest X-Ray
Classification of Pneumonia and Tuberculosi

100

99
98
97
2 1
£ 9% .
4 *
2 95 .
> L]
94 =
. -
93
92
91
Train Acc Test Acc Test Test Test
Precision Recall F1-Score
Metrics
Figure 7. EKAN Boxplot distribution.
100
99
L]
MR
97 P &
&
<
& 9
S
5 9 o
>
94 °
93
92
91

Train Acc Test Acc Test Test Test
Precision Recall F1-Score
Metrics

Figure 8. FKAN Boxplot distribution.
4.2 Classification Performance

Overall, all three models perform above 95% accuracy, with
the FKAN algorithm matching the average accuracy of the
CNN algorithm at 96%, but they have different profiles in
how they handle each type of image.

The CNN model presented the highest overall average ac-
curacy, at 96.60%. Despite fluctuating more during training,
as seen in Figure 5, this model delivered the highest raw
accuracy rate during cross-validation.

The FKAN model was statistically tied with the CNN,
with average accuracy in 96.38%, demonstrating excellent
generalization ability, with the benefit of having a lower and
more stable training loss, as seen in Figure 5.

The EKAN model had a slightly lower overall performance
than the other two, at 95.04%, which is consistent with the
fact that it showed the greatest average loss during training.

Regarding performance by class, the three models show
a consistent pattern of behavior: Tuberculosis is the most
easily detected category, achieving F1 scores between 97%
and 98% and 99.7% accuracy in the CNN model. The main
challenge lies between the Normal and Pneumonia classes,
where the models demonstrate an excellent ability to detect
normal cases, with recall between 98% and 99%, but with re-
duced accuracy, between 89% and 93%, indicating a tendency
to generate false positives by classifying slightly anomalous
images as healthy. Conversely, when the networks classify
an image as Pneumonia, the accuracy is 97% to 98%, but
the recall is the lowest of the set, at 90% to 93%, revealing
that the architectures end up committing false negatives by
not detecting some infections. In this scenario, FKAN stands
out as the most balanced option to minimize these errors,
while CNN excels in raw accuracy, and EKAN follows the
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same trend with slightly lower metrics. Figures 9, 10, and 11
present the average confusion matrices for the FKAN, CNN,
and EKAN models, illustrating what has been described.

160

0.6 140
Normal (0.1%)
20 g
g
5 005
® 88 155.6 24 5
o Preumenta 1 (1.8%) (31.1%) (0.5%) w0 £
=] z
S -60 &
e
8
o 2
Tuberculosis - 53 o1
©.7%) (0.0%) | 20
& @ o
£ =)
ed\‘(‘ \)@o @30
<€ &
Predicted Label
Figure 9. FKAN Confusion matrix.
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Figure 11. EKAN Confusion matrix.

4.3 Computational Cost

A comparative analysis of memory consumption reveals a
significant advantage for KAN-based models. As detailed in
Table 3, FKAN model stands out as the best overall choice,
as it maintains accuracy in the 96% range (almost identical
to CNN) with a reduction of more than 26x in computational
cost.

4.4 Future Directions

Given these promising results, future work should focus on
further validating the KAN architecture, including testing
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Table 3. Efficiency comparison: Accuracy vs. Computational Cost.

Accuracy (%) Efficiency
Model Mean + SD FLOPS (G) Gain
CNN 96.60 + 0.91 6.2675 Baseline
EKAN | 95.04 £ 1.05 0.2384 26.29x
FKAN | 96.38 £ 1.13 0.2392 26.20x

on different datasets, increasing operational resources (lay-
ers/resizing), experimenting with optimization parameters,
and testing different one-dimensional functions.

5 Conclusions

This study presented a comprehensive evaluation of CNN,
EKAN, and FKAN architectures for classifying lung dis-
eases using chest x-ray images, focusing on diagnostic ac-
curacy, convergence stability, and computational efficiency.
The quantitative analysis revealed that all evaluated mod-
els possess robust predictive capabilities, exceeding 95% in
overall average accuracy. While the standard CNN baseline
achieved the highest raw accuracy of 96.60%, the FKAN
model demonstrated a competitive and statistically compara-
ble performance of 96.38%. Furthermore, the assessment by
class highlighted a common diagnostic pattern across all net-
works. While tuberculosis is easily isolated, as demonstrated
by the Fl-score evaluation metric, the distinction between
normal cases and pneumonia remains a limitation, character-
ized by a tendency towards false-negative classifications of
pneumonia. In this context, FKAN has proven to be the most
balanced architecture for reducing these class overlap errors.

Beyond predictive performance, the operational dynamics
during the training phase favor the Kolmogorov-Arnold Net-
work (KAN) variants. The baseline CNN exhibited training
instability and high loss variance across the cross-validation
folds, indicating a vulnerability to local minima and data
initialization that could compromise its reliability in clini-
cal deployments without extensive tuning. In contrast, the
FKAN model exhibited superior convergence stability. By
maintaining the minimal variance and lowest average training
loss, at 0.0839, FKAN demonstrated a robust optimization
path that solves the training behavior observed in standard
convolutional approaches.

Finally, the greatest advantage of the evaluated KAN-based
models lies in their remarkable computational efficiency.
Both the EKAN and FKAN architectures achieved a signifi-
cant reduction in memory and processing requirements, re-
quiring more than 26 times fewer operations (GFLOPS) per
inference than the baseline CNN. Therefore, the FKAN model
stands out as the ideal architecture for this classification task.
It successfully preserves the high diagnostic standards of tra-
ditional convolutional networks while offering a more stable
training process that requires fewer computational resources,
making it a highly promising, efficient, and reliable solution
for real-world medical applications.
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