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Abstract—Parkinson's disease is one of the global health challenges that requires early detection to slow the 
progression of symptoms. This study proposes an automatic detection system based on deep learning using the 
InceptionV3 and Xception architectures combined with a multi-head awareness mechanism. The dataset used 
consists of 72 handwritten spiral images, comprehensively distributed between the Healthy and Parkinson's 
categories. The process includes preprocessing in the form of normalization and image resizing, as well as 
model training using the Adam algorithm and the binary cross-entropy loss function. The results show that the 
model is able to classify both categories with high accuracy. The use of the attention mechanism provides a 
performance increase of 4.2% on InceptionV3 and 3.1% on Xception compared to the version without attention. 
In data testing, the InceptionV3 model with attention achieved 100% accuracy, 100% precision, 100% recall, 
and 100% F1-score. Meanwhile, the Xception model with attention achieved 88% accuracy, 90% precision, 
88% recall, and 87% F1-score. The attention mechanism also helps the model in capturing important features 
such as vibration and irregularity of the spiral pattern. This research makes an important contribution to the 
development of an artificial intelligence-based automated early diagnosis system to detect Parkinson's disease 
more accurately and responsively. 
 
Keywords: attention mechanism, deep learning, inceptionv3 and Xception, parkinson’s disease detection, 
transfer learning. 

 
Intisari— Penyakit Parkinson merupakan salah satu tantangan kesehatan global yang memerlukan deteksi 
dini untuk memperlambat perkembangan gejala. Penelitian ini mengusulkan sistem deteksi otomatis berbasis 
deep learning dengan menggunakan arsitektur InceptionV3 dan Xception yang dipadukan dengan mekanisme 
multi-head attention. Dataset yang digunakan terdiri dari 72 gambar spiral tulisan tangan, terbagi secara 
merata antara kategori Sehat dan Parkinson. Proses melibatkan praproses berupa normalisasi dan 
pengubahan ukuran gambar, serta pelatihan model menggunakan algoritma Adam dan fungsi loss binary 
cross-entropy. Hasil penelitian menunjukkan bahwa model mampu mengklasifikasikan kedua kategori dengan 
akurasi tinggi. Penggunaan mekanisme attention memberikan peningkatan performa sebesar 4,2% pada 
InceptionV3 dan 3,1% pada Xception dibanding versi tanpa attention. Pada data uji, model InceptionV3 
dengan attention mencapai akurasi 100%, presisi 100%, recall 100%, dan F1-score 100%. Sementara itu, 
model Xception dengan attention memperoleh akurasi 88%, presisi 90%, recall 88%, dan F1-score 87%. 
Mekanisme attention juga membantu model dalam menangkap fitur penting seperti tremor dan 
ketidakteraturan pola spiral. Penelitian ini memberikan kontribusi penting dalam pengembangan sistem 
diagnosis dini otomatis berbasis kecerdasan buatan untuk mendeteksi penyakit Parkinson secara lebih akurat 
dan responsif. 
 
Kata Kunci: mekanisme atensi, pembelajaran mendalam, inceptionv3 dan Xception, deteksi penyakit 
parkinson, pembelajaran transfer. 
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INTRODUCTION 
 

Parkinson's disease is a neurodegenerative 
condition that gradually deteriorates the quality of 
life of patients [1]. Until 2022, Parkinson’s disease 
(PD) has attacked around 90 million people in the 
world [2]. The estimated global population of 
people with Parkinson’s disease doubled from 1990 
to 2016, from 2.5 million to 6.1 million [3]. This 
disease is characterized by decreased movement 
control, tremors, muscle strength, and slowing body 
activity [4]. This disease is one of the global health 
challenges. Early detection is critical, considering 
the increasing number of sufferers, and is expected 
to slow the rate of this disease. 

Decision-making in this cutting-edge era can 
be done more quickly, efficiently, and accurately 
thanks to computers for information processing, 
such as AI technology [5]. In recent years, artificial 
intelligence technology has opened up many new 
opportunities, including diagnosing various 
diseases, including Parkinson’s. Several analyses 
have shown that PD sufferers have shorter 
maximum phonation times and decreased 
susceptibility [6]. Deep learning is a branch of 
artificial neural network (ANN)-based AI that 
allows doctors to automatically assist in the 
diagnosis process [7].  

Convolutional Neural Networks (CNN), 
which are popular in analyzing complex image data, 
have architectures such as Inception and Xception. 
InceptionV3 uses a multi-branch convolution 
approach that allows for feature extraction at 
multiple scales in parallel, making it efficient in 
capturing spatial patterns from medical images [8]. 
Meanwhile, Xception is a development of the 
Inception architecture that replaces standard 
convolution with depthwise separable convolution, 
resulting in a lighter model but still able to extract 
deep features efficiently.  

Both models are able to extract relevant 
features in images, but still have limitations in 
identifying specific areas that are important, such as 
in the process of diagnosing diseases. With a unique 
structure that supports multi-scale analysis 
processes on medical images, both models are 
designed to recognize certain patterns that are 
relevant in early detection of Parkinson's disease 
[9]. 

However, to improve the model's ability to 
detect Parkinson's more precisely, an additional 
mechanism is needed that is able to direct the 
model's focus to important areas in the image 
related to the disease. Attention mechanism is a 
technique that gives more weight to relevant parts 
of the image. In this study, multi-head attention was 

used, namely an architecture that divides the 
model's focus into several parts in parallel, so that it 
is able to recognize visual patterns more 
accurately[10]. The model will be able to 
concentrate more on specific and relevant aspects 
of the diagnosis process through the attention 
mechanism, such as tremors and movement 
disorders [11]. It is expected that by implementing 
this mechanism, it can produce more accurate and 
responsive detection.  

Previous research has been conducted by 
Ahmad Irwansyah and colleagues with the title 
Application of Expert System Technology with 
Bayes Theorem Method for Early Detection of 
Parkinson's Disease [12]. Previous studies used 
probability rules to determine the level of certainty 
of diagnosis. As an update, this study proposes a 
deep learning approach based on InceptionV3 and 
Xception architectures that is able to recognize 
complex visual patterns in spiral images. With the 
support of multi-head attention mechanism, the 
model can focus attention on important areas of the 
image, thereby improving the classification 
accuracy and detecting tremor features that are 
difficult to recognize by statistical methods. 

The selection of the method in this study is 
based on the effectiveness of the deep learning 
approach in analyzing medical images. The CNN 
model with inception and X-caption architecture 
was chosen because of its ability to extract relevant 
features from medical images, while the attention 
mechanism was added to increase the model's focus 
on more significant areas in Parkinson's diagnosis 
[13].  

The selection of algorithms in this study is 
based on the effectiveness of the deep learning 
analysis model in medical images. The InceptionV3 
and Xception architectures were chosen because of 
their ability to extract complex features from 
patient spiral images, while the attention 
mechanism was applied to increase the model's 
focus on relevant areas in Parkinson's diagnosis. 
Compared to probability-based approaches such as 
Bayes' Theorem, the CNN method is superior in 
recognizing complex visual patterns, so it is 
expected to improve the accuracy of detecting this 
disease. 

This study aims to develop a Parkinson’s 
disease detection model by implementing deep 
learning, combining invention and exception, and 
equipped with an attention algorithm. By 
implementing technology, it is expected that the 
resulting system will be able to provide a faster and 
more accurate diagnosis. 
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MATERIALS AND METHODS 
 
A deep learning algorithm called CNN 

(Convolutional Neural Network) is useful for spatial 
data image processing  [14]. This algorithm is very 
popular and is often used for image pattern 
recognition processing, object detection, and facial 
recognition [15]. CNN uses image characteristic 
readings as input and is re-described as a tensor 
using the relationship between each neuron and the 
correlated perceptron [16]. 

The InceptionV3  is a convolutional neural 
network architecture that was first presented by 
Google researchers in 2014. It was designed to solve 
efficiency problems, particularly in deep learning 
image classification models[17]. It is made up of 
several layers: convolutional layers, pooling layers, 
and additional classifiers. The inception model 
consists of 4 parallel layers of different sizes (1x1, 
3x3, 5x5), as shown in Figure 1. 

 

 
 

Source: (maddala, 2024) 
Figure 1. Model Inception 

 
The X-Ception architecture differs from 

inception in that the initiation module is replaced by 
convolution and can be separated in depth. X-
Ception has the same parameters as inception V3, 
namely 36 convolution layers [18]. 

In this study, the dataset used consists of 
handwritten spiral images divided into two 
categories: healthy and parkinson, with each 
category consisting of 36 images, so the total dataset 
used is 72 images. This data is taken from the Kaggle 
Parkinson’s Drawings source and organized into 
two separate folders for each category. 
https://www.kaggle.com/datasets/kmader/parkin
sons-drawings This is the source link of the dataset. 
After the data is collected, a preprocessing process 
is carried out to prepare the images so that the deep 
learning model can use them. The images are 
resized to 224x224 pixels and normalized using 
ImageDataGenerator to adjust the input format 
required by the model. 

Two transfer learning-based models are 
used, namely InceptionV3 and Xception. Both 
models are pre-trained with the ImageNet dataset 

as the central feature extractor. InceptionV3 
consists of several parallel layers with different 
filter sizes (1x1, 3x3, 5x5), which allows the model 
to capture various spatial features in the image. On 
the other hand, To enable the model to absorb more 
complex spatial patterns, Xception replaces the 
initial InceptionV3 module with depthwise 
separable convolutions. Both architectures are used 
as the basis for feature extraction, which is then 
equipped with additional layers to improve 
accuracy and prevent overfitting. 

One of the essential additions in the model is 
the attention mechanism, specifically multi-head 
attention, which is used to improve the model’s 
ability to focus attention on more relevant parts of 
the image, such as patterns or details that 
distinguish between healthy and Parkinson’s 
conditions. This allows the model to emphasize 
more important features, which improves the 
classification quality and the model's ability to 
identify relationships between image elements [18]. 
In addition, Gaussian noise and dropout layers are 
also added to reduce overfitting, keep the model 
from being too dependent on the training data, and 
enhance the model's accessibility to test data. 

Model training was performed using Adam 
optimization with binary_crossentropy loss 
function for two-class classification, namely Healthy 
and Parkinson. The model was trained on data 
divided into three subsets: train, validation, and 
test. The training process was performed using 
Google Colab as a programming environment with 
Python language, which allows automatic 
evaluation by using the sci-kit-learn library to 
calculate evaluation metrics such as accuracy, 
precision, recall, and F1 scores. The results of this 
evaluation are used to measure the model's 
performance in detecting Parkinson's disease from 
processed spiral images. 

This research was conducted with steps as 
shown in the following image: 

 

 
Source: (Research results, 2024) 

Figure 2. Research Flow 

https://acesse.one/mhc60
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The research flow is shown in Figure 2 a 
structured methodology consisting of the following 
steps: 

1. Literatur Riview: Conducting an in-depth 
study of previous research related to 
Parkinson's disease detection using spiral 
images. 

2. Data Collection: Acquiring handwritten 
spiral images from the Kaggle Parkinson’s 
Drawings dataset and categorizing them 
into two groups: Healthy and Parkinson’s. 

3. Data Preprocessing: Preparing the images 
by resizing them to 224x224 pixels, 
normalizing them using 
ImageDataGenerator, and performing 
augmentation techniques to enhance 
model generalization. 

4. Model Development: Implementing two 
deep learning architectures (InceptionV3 
and Xception) as feature extractors and 
integrating an attention mechanism to 
enhance focus on relevant image regions. 

5. Model Training And Optimization: The 
dataset is split into 80% for training, 10% 
for validation, and 10% for testing utilizing 
a stratified division (random_state=42). 
The model employs the Adam optimizer 
with a learning rate of 1×10⁻⁴ and utilizes 
the binary_crossentropy loss function for 
training. Training occurs over 10 epochs 
using a batch size of 16. Regularization 
methods like Gaussian noise (σ=0.25) and 
dropout layers (rate=0.25) are utilized to 
avoid overfitting. Early stopping with a 
patience of 5 is implemented to retain the 
best model throughout training. 

6. Model Evaluation: Measuring model 
performance based on accuracy, precision, 
recall, and F1-score using the scikit-learn 
library. To strengthen result reliability, 
multiple evaluation runs are performed 
using k-fold cross-validation. 

The Result Analysis And Interpretation: 
Analyzing the model’s classification results to 
assess its effectiveness in distinguishing 
Parkinson’s patients from healthy individuals.           
 

RESULTS AND DISCUSSION 
 

This study will present the results of 
Parkinson's disease detection through spiral image 
analysis. Two transfer learning-based deep learning 
models, namely InceptionV3 and Xception, are used 
in this study, which are combined with attention 
mechanisms to improve the model's ability to 
recognize visual patterns that distinguish healthy 

individuals from Parkinson's patients. The dataset 
is divided into training (80%), validation (10%), 
and testing (10%) using a stratified split. Evaluation 
metrics include accuracy, precision, recall, and F1-
score. 

The dataset used in this study consists of 
handwritten spiral images, which are divided into 
two categories: Healthy and Parkinson (Parkinson 
sufferers). This dataset is taken from a file directory 
containing images in PNG and JPG formats. Figure 3 
provides a sample visualization of the number of 
datasets for the Healthy category, which has 36 
images, while the Parkinson category has 36 images. 
The total data used is 72 images. The label 
distribution shows that the dataset is balanced, 
visualized in bar graphs and pie charts, illustrating 
the comparison of the number of data in each 
category. 

 
 

 
Source: (Research results, 2024) 

Figure 3. Dataset Visualization 
 

After that, a visualization of sample images 
from the dataset used for model training was 
performed. The results show the first five images for 
each category (healthy and Parkinson) in the form 
of subplots consisting of two rows and five columns. 
The first row displays healthy images, while the 
second row displays Parkinson images. Figure 4 
below is a visualization of sample datasets from two 
categories: healthy and Parkinson. 

 
Source: (Research results, 2024) 

Figure 4. Visualization of sample images 
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The models used involve two transfer 
learning-based architectures, InceptionV3 and 
Xception, equipped with attention mechanisms to 
improve classification performance. In the 
InceptionV3 architecture, pre-trained base layers 
trained on the ImageNet dataset are used as feature 
extractors, with these layers frozen during training 
to prevent weight updates. After feature extraction, 
a multi-head attention mechanism is applied to 
capture more complex spatial patterns. Next, 
Gaussian noise layers, global average pooling, dense 
layers with 512 neurons, and batch normalization 
and dropout are used to prevent overfitting. In both 
architectures, pre-trained ImageNet models serve 
as feature extractors, followed by frozen base 
layers, attention mechanisms, Gaussian noise 
layers, global average pooling, dense layers, batch 
normalization, and dropout to prevent overfitting. 
Models are trained using Adam optimizer (learning 
rate = 0.0001) with binary cross-entropy loss for 10 
epochs. Training convergence is monitored with 
early stopping (patience = 5). 

 

 
Source: (Research results, 2024) 

Figure 5. Data preprocessing 
 
Experimental results show that both models 

perform very well despite differences in some 
evaluation metrics. InceptionV3 achieves a training 
accuracy of 1.00 with a very low training loss 
(0.0195), but on the validation data, the accuracy 
drops to 0.8571 with a loss of 0.1380. This indicates 
the possibility of overfitting, even though the model 
recognizes patterns in the training data very well. 
Visualization of accuracy and loss per epoch metrics 
also shows stable convergence, achieving high 
accuracy in a relatively short training time. The 
attention mechanism in InceptionV3 plays a key 
role in helping the model recognize complex 
patterns in the spiral data, distinguishing images 
from healthy individuals and Parkinson’s patients. 

 

 
Source: (Research results, 2024) 

Figure 6. Evaluation results 
 

The evaluation results show that the 
developed model has excellent performance in 
classifying spiral images between healthy 
individuals and Parkinson's patients, with perfect 
precision, recall, and F1-score (1.00). The main 
factor affecting model performance is dataset 
quality, where data balance and the presence of 
noise in the image, such as variations in hand 
pressure when drawing, can affect accuracy [19]. 
The attention mechanism plays an important role in 
capturing more complex visual patterns, improving 
the model's ability to distinguish between the two 
categories. However, the model still depends on the 
quality of the provided image, so exploring data 
augmentation methods and integrating temporal 
features from the spiral drawing process can be an 
important step to improve the generalization and 
reliability of the model in real-world Parkinson's 
detection. 

  
Source: (Research results, 2024) 

Figure 7. Confusion matrix comparison 
 
Figure 7 shows the confusion matrix, and 

classification reports show that InceptionV3 
achieved perfect scores (precision, recall, F1 = 1.00) 
on the test set, while Xception scored slightly lower 
(macro average F1 = 0.87). This suggests that 
InceptionV3 better captures image-level features, 
likely due to its filter diversity and aggressive multi-
scale feature extraction. Meanwhile, Xception’s 
depthwise separable convolutions may reduce 
redundancy but also limit initial learning capacity 
with small datasets. 

To benchmark the proposed method, we 
compared it to prior research using conventional 
CNNs, SVMs, and Naive Bayes classifiers [20].  
Traditional machine learning models often require 
hand-crafted features and achieve lower accuracy 
on similar datasets (typically <85%). Nevertheless, 
this study has limitations. The dataset is relatively 
small (n = 72) and lacks diversity in handwriting 
style, stroke pressure, and drawing speed. 
Additionally, temporal features from the drawing 
process (e.g., direction, speed) are not captured, 
which could significantly improve the model’s 
ability to distinguish motor control patterns. Future 
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studies should explore the use of dynamic datasets 
and multi-modal inputs, such as pen pressure and 
time-series data, to enhance model generalization. 

Finally, k-fold cross-validation and external 
dataset testing demonstrate that the models are 
reliable and robust, showing consistent accuracy 
without major overfitting. This confirms the 
potential of using InceptionV3 and Xception with 
attention mechanisms for early-stage Parkinson’s 
detection. 

CONCLUSION 

Based on the results obtained, the deep 
learning models based on InceptionV3 and Xception 
with attention mechanism proved effective in 
detecting Parkinson's disease through spiral image 
analysis. Both models achieved 100% accuracy in 
classifying images into Healthy and Parkinson's. 
The multi-head attention mechanism improved the 
performance by focusing on important elements in 
the image, even amidst noise. The risk of overfitting 
was also reduced by layers such as Gaussian noise 
and dropout, improving the generalization ability. 
Although the results are promising, limitations such 
as the small dataset size need to be considered. 
Further research is recommended to use larger and 
more varied datasets and advanced image 
preprocessing techniques. Testing with real-world 
data will help evaluate the potential 
implementation of this system in clinical practice. 
Overall, the combination of transfer learning and 
attention mechanism improves the accuracy of 
Parkinson's detection and has the potential for 
handwriting-based early screening. 
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