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Abstract: Neurodegenerative illnesses, such as Parkinson’s disease (PD), have a substantial impact
on the overall well-being of those who are affected. This study investigates and contrasts the
capabilities of convolutional neural networks (CNN) in detecting Parkinson’s disease (PD) by
utilizing hand-drawn images alongside wave and spiral images as input data. This study employs
pre-trained CNN models, specifically MobileNet, ResNet50, EfficientNet-B1, and InceptionV3, to
classify Parkinson’s disease (PD). The findings demonstrate that MobileNet surpasses other
architectural designs, as evidenced by the F1-Score of the four classes: Spiral Normal (0.87), Spiral
Parkinson (0.86), Wave Normal (0.97), and Wave Parkinson (0.97). MobileNet has also shown a
remarkable accuracy of 0.92 in diagnosing Parkinson’s disease. The result demonstrates the efficacy
of MobileNet in extracting features from images. The results of this study enhance the application
of deep learning methods in the early detection of PD, as well as help indicate the effectiveness of
patient therapy and exercise, promising better patient outcomes through timely intervention and
treatment.
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1. Introduction

Parkinson's disease (PD) is a neurological disorder that is usually characterized by symptoms
including memory loss, cognitive decline, muscle weakness, nervousness, and trembling [1, 2]. The
exact etiology of various cognitive rigidity syndromes, such as trauma, inflammation, tumors, and
drug use, remains uncertain. Meanwhile, the pathogenesis of Parkinson's disease is known for certain
[3]. In addition, Parkinson's symptoms can be caused by the influence of certain chemicals, thus
indicating that the surrounding environment also influences the development of this disease [4]. This
study will take use of the fact that tremors and muscle rigidity, the two most prevalent signs of
Parkinson's disease, have an immediate effect on how drawn by hand spirals and waves appears
visually [5, 6].

Spiral and wave hand drawing have been proposed as non-invasive tests that can measure
motor dysfunction in PD [7, 8]. The identification of PD using hand-drawn tasks is crucial and
straightforward for diagnosis because both sensory and motor symptoms might be present. Because
of their sluggish motions and poor brain-hand synchronization, people with Parkinson's disease (PD)
frequently draw spirals and waves that are not precisely spiral or wave shapes [9]. The speed and
pressure of the pen used to design spirals are found to be lower among persons with Parkinson's
disease who have a more severe form of the disease [10]. Furthermore, spiral drawing has been
utilized in order to evaluate the effect that therapy has on the execution of motor functions [11]. The
use of wave handwriting analysis has been proposed as a complementary approach to standard
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clinical evaluations, offering the potential to support earlier diagnosis of PD by identifying subtle
signs and manifestations of the disease [12]. Additionally, the diagnosis of Parkinson's disease is
strictly clinical and does not require the assistance of a laboratory. It is often made using the eyes,
hearing, and hands [13]. However, advancements in technology have facilitated the development of
computer-based systems that leverage handwriting patterns as potential biomarkers for modeling
PD, especially artificial intelligence (AI).

A large amount of assistance is provided by Al in the detection of diseases based on age-related
activities. Hand sketching and deep learning have gained significant interest in recent years for the
classification of Parkinson's disease. Convolutional neural networks (CNN) have shown great
potential in several medical applications, such as accurately diagnosing Parkinson's disease [14-17].
This illustrates the extensive scope of deep learning techniques in the context of identifying and
classifying Parkinson's illness. CNN has been utilized extensively to the classification of hand
gestures and motions and it has proven a high level of accuracy in discriminating between drawings
created by individuals dealing with Parkinson's disease and those created by individuals who are in
good condition. Research has developed a CNN-based spiral image classifier to detect early-stage PD
with 85% accuracy [18]. However, there are few comparisons between spiral and wave categories
classified by artificial intelligence. This is important to support clinical diagnosis work for each
category.

Furthermore, comparing CNN models is crucial for identifying the most suitable model for
diagnosing PD from hand-drawn tasks [19]. The need for diagnostic tools that are accurate and
reliable for PD is the reason why this comparison is so important. Furthermore, there is the possibility
of differences in model performance depending on specific features of the input data and the level of
difficulty of the task [7]. An accurate classification of PD can be achieved by the utilization of these
methodologies, which make use of the abilities of deep learning to extract relevant features from
hand-drawn data.

The importance of comparing CNN models for medical diagnosis has been brought to light by
a number of recently published papers. Specifically, it underlined the significance of changing
existing models in order to reduce the amount of time spent on training instances, as well as the
utilization of pre-trained CNNs through transfer learning and fine-tuning [20]. Similarly, the clinical
value of CNN models was verified by comparing them with established guidelines in plantar
pressure detection of foot problems [21]. In alongside this, it emphasizes the importance of
conducting broad performance evaluations of deep-learned, hand-crafted, and fused features with
deep and traditional models in medical environments [22].

This study compares pre-trained CNN models, MobileNet, ResNet50, EfficientNet B1, and
Inception V3 for PD hand-drawn image auto-classification. MobileNet’s efficiency in mobile and
embedded vision applications makes it suitable for limited computational resources, such as mobile
devices in diagnosis cases [23]. ResNet50 is recognized for its high classification accuracy, which
makes it a strong candidate for tasks where precision is crucial, such as medical image classification
[24]. In contrast, EfficientNet B1’s demonstrated accuracy and efficiency make it a promising option
for Parkinson’s hand-drawn image auto-classification, especially considering its performance
compared to other architectures [25]. Inception V3's efficient use of model parameters makes it a
valuable contender, especially in scenarios where computational resources must be utilized
optimally, especially for hand-drawn images [26]. Thus, comparing CNN models is crucial for
identifying the most suitable model for diagnosing PD from hand-drawn tasks. This comparison
allows for the evaluation of model performance, generalizability, and suitability for specific clinical
applications, ultimately contributing to the development of accurate and reliable diagnostic tools for
PD.
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2. Materials and Methods

2.1. Image Dataset

Data used in this study were obtained from the publicly available dataset of Images of healthy
patients drawing and Parkinson’s drawing spirals and waves.
(https://www kaggle.com/datasets/kmader/parkinsons-drawings/). The dataset came from the
research by Zham, Poonam, et al. (2017) [27]. The dataset includes 55 subjects in four classes: spiral
normal, wave normal, spiral parkinson, and wave parkinson. The dataset contains 204 images in total.
We divided into training 144 images and validation 60 images. The augmentation technique was used
to encounter the minimum data. The image augmentation improves the deep learning model training
results [28, 29]. Therefore, this study used data augmentation such as rotation 15°, zoom range 0.2,
width shift range 0.2, and height shift range 0.2 to simulate real-life situations of hand drawing
images.

2.2. Convolutional Neural Networks

In this study, we used a pre-trained model from ImageNet. Pretrained models are Neural
Network models trained on large benchmark datasets. These pre-trained models have learned to
extract general features and patterns from diverse visual data during the training process on
ImageNet [30]. Pretrained CNNs serve as a valuable resource for transfer learning in computer vision
tasks, enabling the reuse of learned visual representations from ImageNet for diverse applications,
including medical image analysis, disease diagnosis, and object recognition [31]. We used Resnet50,
MobileNet, EfficientNet-B1, and Inception V3. The model’s parameters were 8 batch size, image size
224 x 224, and color mode RGB. All experiments were carried out using a Google Colaboratory with
T4 GPU runtime. Furthermore, ResNet50, MobileNet, EfficientNet-B1, and InceptionV3 are popular
CNN architectures widely used in various applications, including image classification, medical
image analysis, and disease diagnosis [32]. Each of these architectures has unique characteristics and
design principles that differentiate them from one another [24].

ResNet50 is a CNN architecture renowned for its utilization of residual blocks. These blocks
enable the training of deep neural networks while effectively addressing the issue of disappearing
gradients (Figure 1). The model contains 50 layers and is extensively employed for image
classification tasks according to its capacity to capture complex elements within images [33].
MobileNet was developed explicitly for mobile and embedded vision applications to offer a compact
and highly efficient architecture (Figure 2). It employs depthwise separable convolutions to decrease
the computational expense while preserving high precision, rendering it appropriate for contexts
with limited resources [34]. EfficientNet-B1 comes to the group of EfficientNet model series created
using neural architecture search to enhance accuracy and efficiency over previous Convolutional
Neural Networks (Figure 3). These models exhibit balanced scalability across several dimensions,
such as depth, width, and resolution, in order to maximize performance [35]. InceptionV3 is a
CNN architecture that pioneered the use of inception modules (Figure 4). These modules enable the
simultaneous analysis of picture information at various spatial scales. It attained exceptional
performance in the ImageNet Large-Scale Visual Recognition Challenge 2014 and has since been
extensively utilized in various visual recognition tasks [36].

These network architectures are distinguished based on their design ideas, computational
efficiency, and performance characteristics. ResNet50 is renowned for its profound architecture and
incorporation of residual connections. MobileNet is recognized for its efficient and lightweight
structure. EfficientNetB-1 is celebrated for its well-balanced scaling. InceptionV3 is esteemed for its
exceptional simultaneous processing capability. Every architectural network possesses unique
advantages and may be suited for classifying PD.
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Figure 4. Network Architecture of InceptionV3.

In this study, we used four performance indicators. Accuracy quantifies the proportion of
correctly identified examples out of the total instances [37]. Precision is a metric that quantifies the
ratio of correct positive predictions to all positive predictions generated by the model. The calculation
involves dividing the number of true positives by the sum of true positives and false positives [38].
Recall, referred to as sensitivity, is the ratio of correctly predicted positive instances to the total
number of positive instances in the dataset. The calculation involves dividing the number of true
positives by the sum of true positives and false negatives [39]. The F1-Score, which is the harmonic
mean of accuracy and Recall, offers a balanced measure between these two metrics and is especially
valuable when working with imbalanced datasets [40]. The formulas are in the equation below:

i TP "
recision = TP n FP
Recall = —F )
= TP EN

Fl_s _ 2 x Precision x Recall 3)
core = Precision + Recall



https://doi.org/10.20944/preprints202312.1851.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 December 2023 doi:10.20944/preprints202312.1851.v1

The number of data identified as positive among the data tagged as positive is known as true
positive (TP) in Equations (1) and (2). In contrast, the number of data classed as negative among the
data labeled as negative is known as true negative. False positives (FP) are data that are classed as
positive but marked as negative in the dataset, and false negatives (FN) are classified as negative but
are tagged as positive in the dataset.

3. Results

In the study, ResNet50, MobileNet, EfficientNetB-1, and InceptionV3 were selected as the four
models trained for multiclass classification in the context of Parkinson's disease (PD) detection. These
models were specifically designed to cover the following categories: Spiral Normal, Spiral Parkinson,
Wave Normal, and Wave Parkinson, reflecting the diverse manifestations of PD-related motor
impairments in handwriting patterns. The comprehensive coverage of these categories allowed for a
thorough evaluation of the models' capabilities in accurately distinguishing between normal and
Parkinsonian handwriting patterns, thereby contributing to the robustness and reliability of the
classification process. The findings from the research encompassed a detailed analysis of the
performance of each model across the specified categories, shedding light on their respective
strengths and limitations in accurately classifying PD related handwriting patterns. The results
provided valuable insights into the efficacy of each model in differentiating between normal and
Parkinsonian handwriting, thereby contributing to the advancement of diagnostic methodologies for
PD using deep learning-based classification models. The comprehensive evaluation of these findings
served to elucidate the potential of deep learning models in effectively capturing the nuanced
features of PD related handwriting patterns, ultimately contributing to the development of accurate
and reliable diagnostic tools for PD.

3.1. Performances of Deep Learning

The study compared the effectiveness and performance of four classification models using hand-
drawn images for PD classification. According to the results presented in Table 1, the classification
method demonstrated higher accuracy in the range of 0.80 to 0.92 across the four models. The
accuracy graph in PD classification, as depicted in Figure 5, highlighted that MobileNet exhibited
superior accuracy compared to the other models. Specifically, the accuracy distance between
MobileNet and the models ResNet50, EfficientNet-B1, and InceptionV3 was approximately 0.12.

Accuracy
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Figure 5. Average accuracy performance of various CNN models for PD diagnosis.
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Table 1. Accuracy performance of ResNet50, MobileNet, EfficientNetB-1 and InceptionV3.

Model Class Accuracy
Spiral Normal Spiral Parkinson Wave
ResNet50 Normal Wave Parkinson 0.80
. Spiral Normal Spiral Parkinson Wave
MobileNet Normal Wave Parkinson 0.92
EfficientNet-B1 Spiral Normal Spiral Park'mson Wave 0.83
Normal Wave Parkinson
Spiral Normal Spiral Parkinson Wave 0.82

Inceptio
neeption Normal Wave Parkinson

3.2. Precision, Recall and F1-Score

In Table 2, the study results revealed the precision, recall, and F1-score for the four classes in the
four different models, providing valuable insights into the models' performance in classifying
Parkinson's disease-related handwriting patterns. The precision scores ranged from approximately
0.74 for ResNet50 to a perfect score of 1.00 for MobileNet, as depicted in Figure 6. This indicates that
MobileNet exhibited superior precision in accurately identifying true positive predictions for all
classes, reflecting its capability to minimize false positive predictions and enhance the overall
precision of PD classification.

Furthermore, the recall scores, as illustrated in Figure 7, spanned from 0.67 for ResNet50 to 1.00
for MobileNet, signifying the models' abilities to effectively capture true positive instances while
minimizing false negative predictions. The perfect recall score of 1.00 for MobileNet indicates its
proficiency in identifying all relevant instances of the classes, highlighting its robust performance in
capturing true positive predictions across the PD-related handwriting patterns.

Additionally, the Fl-scores, as shown in Figure 8, demonstrated the comparison of the four
classes in the four different models, with values ranging from 0.77 for ResNet50 to 0.97 for MobileNet.
The F1-score, which considers both precision and recall, provides a comprehensive assessment of the
models' abilities to balance precision and recall, with MobileNet exhibiting a notably high F1-score.
This indicates that MobileNet achieved a harmonious balance between precision and recall, resulting
in a high overall accuracy in classifying PD-related handwriting patterns.
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Figure 6. Precision performances of four class in various model of CNN.
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Figure 8. F1-Score performances of four class in various model of CNN.

Table 2. Precision, Recall and F1-Score Performances.

Performance
Model Class Precision Recall F1-Score
ResNet50 Spiral Normal 0.74 0.93 0.82
Spiral Parkinson 091 0.67 0.77
Wave Normal 0.80 0.80 0.80
Wave Parkinson 0.80 0.80 0.80
MobileNet Spiral Normal 0.82 0.93 0.87
Spiral Parkinson 0.92 0.80 0.86
Wave Normal 0.94 1.00 0.97
Wave Parkinson 1.00 0.93 0.97
EfficientNet-B1 Spiral Normal 0.92 0.80 0.86
Spiral Parkinson 0.82 0.93 0.87

Wave Normal 0.85 0.73 0.79
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Wave Parkinson 0.76 0.87 0.81
Inception V3 Spiral Normal 0.78 0.93 0.85
Spiral Parkinson 0.92 0.73 0.81
Wave Normal 0.85 0.73 0.79
Wave Parkinson 0.76 0.87 0.81

4. Discussion

Based on our results, a comparison of MobileNet, ResNet50, EfficientNet-B1, and InceptionV3
in classifying PD from the provided image dataset shows that MobileNet outperforms other
architectures, achieving an impressive accuracy of 0.92 in PD diagnosis. Furthermore, the results
showed that MobileNet is superior in classifying four classes with a range of 0.86-0.97 F1-Score. On
the other hand, EfficienNet matches the results from MobileNet in two classes, namely Spiral Normal
and Spiral Parkinson, with a range of 0.86-0.87 F1-Score. Furthermore, this research shows the
importance of transfer learning on ImageNet, a support and adjustment strategy for training CNN
models. These pre-trained can contribute to MobileNet’s high accuracy in PD classification tasks [41].
Additionally, this work was carried out by highlighting the high classification results achieved by
pre-trained CNNs, indicating their effectiveness in disease classification tasks [29].

Moreover, the study's incorporation of augmentation techniques, such as rotation by 15°, zoom
range of 0.2, width shift range of 0.2, and height shift range of 0.2, contributed to the enhanced
performance of the classification models. Augmentation techniques play a crucial role in expanding
the diversity and variability of the training dataset, thereby enabling the models to learn robust and
generalized features. By introducing variations in the training data through augmentation, the
models become more adept at capturing and recognizing patterns, leading to improved accuracy and
performance in PD classification. The augmentation techniques effectively enriched the training
dataset, enabling the models to better adapt to variations and nuances in the hand-drawn images,
ultimately contributing to the higher accuracy observed, particularly in the case of MobileNet [42].

Comparison of MobileNet, ResNet50, EfficientNet B1, and Inception V3 in accurately classifying
PD from provided image datasets highlights the potential of MobileNet as a promising architecture
for PD diagnosis. It was observed that MobileNet achieved the highest accuracy of 0.92, while
ResNet50 only achieved an accuracy of 0.80 (Figure 5). MobileNet is explicitly designed for mobile
and embedded vision applications, emphasizing efficiency without compromising performance [43].
On the other hand, ResNet50 is a deep residual network that focuses on residual function learning,
making it suitable for complex image recognition tasks [33]. The performance variation between
MobileNet and ResNet50 in the context of PD classification aligns with research findings by Thu et
al. (2023), which showed that the pre-trained MobileNet outperformed ResNet50 in pedestrian
classification [44].

Based on Table 2. MobileNet’s precision, Recall, and F1-Score are above 0.80 in Parkinson’s
disease classification from hand image datasets which is caused by several factors. MobileNet’s
performance in this context is in line with the success of pre-trained deep learning models in various
medical and image classification tasks with CNN. Kaur et al. (2021) explored the CNN model based
on Magnetic Resonance Imaging of PD and got 89.23% accuracy [45]. The results indicated the
potential of deep learning approaches in accurately identifying PD from such image data.
Additionally, the work by Fan & Sun (2022) explored the use of CNN for the early detection of PD
using drawing movements and got 85% accuracy. The results may further highlight the applicability
of deep learning techniques in this domain [18].

Additionally, MobileNet success in achieving high performance can be attributed to its
architecture and feature extraction capabilities [46, 47]. MobileNet can effectively extract relevant
features from hand-drawn images and distinguish patterns associated with Parkinson’s disease,
which contributes to its high precision and recall scores. Additionally, transfer learning approaches,
as discussed in the work of Baghdadi, Nadiah A., et al. (2022) [48], may play an important role in
improving the performance of MobileNet for Parkinson’s disease classification. Transfer learning
allows a model to leverage knowledge gained from a source task to improve learning in a related
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target task, which can be especially beneficial when working with limited datasets, such as hand-
drawn images [49].

The utilization of the MobileNet model for diagnosing PD from handwriting, particularly spiral
and wave patterns, holds significant promise for future applications. MobileNet, characterized by
their lightweight and efficient architecture, have been widely recognized for their suitability in
embedded vision applications, making them well-suited for processing handwriting data obtained
from mobile devices [50]. The efficient nature of MobileNets, achieved through depthwise separable
convolutions, enables the development of models that can effectively analyze and classify
handwriting patterns associated with PD, thereby contributing to the early detection and monitoring
of the disease [51, 52]. Furthermore, the use of MobileNet-based models in conjunction with transfer
learning techniques offers the potential to enhance the computational efficiency and accuracy of PD
diagnosis from handwriting data, thereby facilitating the integration of this approach into clinical
practice [53].

Moreover, the application of MobileNet model for PD diagnosis aligns with the growing interest
in leveraging advanced technologies, such as deep learning and artificial intelligence, to develop non-
invasive and accessible diagnostic tools for neurodegenerative diseases [34]. By harnessing the
computational capabilities of MobileNet, researchers can explore the intricate features of
handwriting, including dynamic characteristics and spatial patterns, to identify distinctive markers
associated with PD [54]. Additionally, the potential integration of MobileNet models with other
modalities, such as speech signals, presents an opportunity to create comprehensive diagnostic
frameworks that encompass multiple data sources, thereby enhancing the accuracy and reliability of
PD diagnosis [55]. The future utilization of MobileNet models for PD diagnosis from handwriting
offers a pathway towards innovative, technology-driven approaches that can revolutionize the early
detection and management of neurodegenerative conditions, ultimately improving patient outcomes
and quality of care.

According to Figure 8. The similar F1-Scores achieved by MobileNet and EfficientNet-B1 in
predicting Spiral Normal and Spiral Parkinson data can be attributed to the effectiveness of the CNN
architecture used in these models. The study by Sarvamangala and Kulkarni (2022) highlighted basic
CNN design variants in achieving state-of-the-art results in image-based classification tasks [56]. In
addition, research from Elfatimi et al. (2022) demonstrated the high classification performance of the
MobileNet architecture in a similar image classification task, indicating the effectiveness of this
architecture in achieving accurate results [57]. Furthermore, research by Filatov and Yar (2022) shows
that the EfficientNet-B1 architecture also performs well in the task of not very different classes, which
supports the model’s performance to achieve high accuracy in classifying multi classes [58].

Based on Table 2 and Figure 8. Variations in F1 Scores for the four classes (Normal Spiral,
Parkinson’s Spiral, Normal Wave, Parkinson’s Wave) on MobileNet can be attributed to inherent
differences in the characteristics and complexity of the classified classes. The F1 score, a harmonious
average of precision and Recall, provides a balanced measure of model performance in various
classes, namely in the range 0.86-0.97. In the context of skin cancer classification, it was shown that
the weighted average F1 Score was 0.83, which highlights the importance of considering F1-Score in
multiclass classification tasks [59]. Differences in F1-Score for each class can be influenced by specific
features and patterns associated with each class. In the case of PD, the spiral image will look more
the same if rotational augmentation is used, in contrast to the wave image, which will be different if
the same augmentation technique is used. In this study, we use several augmentation techniques to
overcome the insufficient dataset. This affects the CNN performance results with different F1-Scores
[29]. However, this research proved that MobileNet is suitable for classification tasks with small
amounts of data.

The choice of the most appropriate architecture for PD classification may depend on factors such
as the nature of the image data set, the specific features relevant to PD diagnosis, and the
computational resources available for model implementation. Therefore, although MobileNet has
demonstrated superior performance in the context of the provided image datasets, further research
and experiments may be needed to validate its effectiveness across various PD image datasets and
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clinical settings. The other limitation of this study are the diversity and heterogeneity of PD
manifestations and progression across individuals may pose a challenge in developing universally
applicable deep learning models. Variability in symptom presentation, disease subtypes, and
comorbidities could impact the generalizability of deep learning-based diagnostic systems,
potentially leading to limitations in accurately capturing the full spectrum of PD manifestations.

5. Conclusions

This study proposed four CNN models for a suitable model for classifying Parkinson’s disease.
MobileNet showed superior results in classifying four classes of hand-drawn images: Spiral Normal,
Spiral Parkinson, Wave normal, and Wave Parkinson. Deep learning with MobileNet has the
advantage of improving predictions of the Wave Parkinson and Wave Normal. Besides, MobileNet
and EfficienNet B-1 have a reliable prediction accuracy of spiral normal and spiral parkinson from
hand-drawn images. The effects of the accuracy of the Parkinson’s diagnosis may come from pre-
trained CNN models. The precision prediction of Parkinson’s disease can provide information with
therapy progression to evaluate the effect of clinical programs on Parkinson’s patients.
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