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Parkinson's disease (PD) is the second most common 
neurodegenerative disorder, impacting over 10 million people. Key 
symptoms include slowed limb movements, difficulty writing, and 
involuntary tremors. Tremor is the first motor symptom of Parkinson's 
disease, seen in about 75% of patients. Neurologists assess tremors 
through various non-invasive tests. This may involve assessing 
handwriting and spiral drawing. The analysis is still performed 
manually by neurologists, which can introduce subjectivity. 
Applications using computer vision techniques should be developed to 
classify handwriting as healthy or tremor-affected, aiding neurologists 
in making more objective decisions. DenseNet-169 can classify spiral 
and wave images in tremor and non-tremor classes with the addition of 
preprocessing obtained a training accuracy of 100% while the system 
test accuracy is 93% while without preprocessing, the system accuracy 
is 81%. 
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1. Introduction 
Parkinson's disease (PD) is a neurodegenerative disorder that affects the central nervous system[1]. It is 
characterized by resting tremor, rigidity, bradykinesia, and postural instability, which collectively result in 
disability in patients [2]. Parkinson's disease (PD) is the second most common neurodegenerative illness globally, 
affecting over 10 million people. Additionally, PD is a disease that progresses gradually, which can make it 
challenging to diagnose in its initial stages. [3]. The most reported symptoms among PD patients include slowed 
movement of the extremities, difficulty writing, and involuntary tremors. Tremor represents the earliest motor 
symptom of PD, with approximately 75% of patients with PD experiencing it. [4]. To ascertain whether the patient 
is presented with tremors, the neurologist will initially conduct a series of tests utilizing conventional, non-
invasive methodologies. These may include assessments of handwriting and the ability to draw spirals on paper 
[1], [5], [6].  The analysis process is still conducted manually by neurologists, which can lead to subjectivity. To 
assist the neurologist in this process, it is necessary to develop an application that can utilize computer vision 
techniques to categorize handwriting as either healthy or affected by tremors, thereby making the decision-
making process more objective. Computer vision techniques are now widely applied in a variety of fields, including 
the health sector.  

Computer vision involves the development of computer algorithms that simulate human visual perception 
and extract information from objects. It is a branch of artificial intelligence that is concerned with the processing 
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of visual information. There are similarities between the human eye and computer vision systems in terms of how 
they process visual information [7]. Computer vision applications for the automated detection of Parkinson's 
disease employ a range of handwriting image characteristics, including spiral and wave patterns. The combination 
of the Histogram of Oriented Gradients (HOG) method with KNN has proven capable of accurately classifying the 
handwriting of Parkinson's patients, with a classification accuracy of 89.33% [8]. The random forest method has 
demonstrated the capacity to accurately identify instances of Parkinson's disease in both spiral and wave images, 
exhibiting a sensitivity and specificity rate of 86.67 and 83.30%, respectively. These findings are supported by the 
existing literature [1]. The logistic regression method is also effective at classifying spiral images, with an accuracy 
rate of 91.6% [5]. The VGG-16 method has been shown to be effective in the detection of Parkinson's disease from 
micrographic static hand drawings, achieving a training accuracy of 90.63% and a testing accuracy of 91.36% [9].  
One of the most frequently utilized artificial intelligence techniques for image classification is the convolutional 
neural network (CNN) method.  

The principal benefit of this approach is that it enables the automatic extraction and classification of features 
without necessitating manual feature selection and extraction [10]. CNN architectures such as AlexNet, GoogleNet, 
VGG-16, LeNet5, ResNet-50 [11] and DenseNet-169 to recognize patterns from an image. A Continuous 
Convolution Network (CCN) has demonstrated an 89.3% accuracy in classifying spiral images [12]. In a 
comparative study of VGG16, VGG19, ResNet18, ResNet50, and ResNet101 methods for the early diagnosis of 
Parkinson's disease, Huang et al. observed that the latter four exhibited superior accuracy in classifying wave 
images relative to spiral images. The accuracy obtained was 92% for VGG16, 96.67% for VGG19, 92.67% for 
ResNet18, 87.33% for ResNet50, and 94% for ResNet101 [13].  Additionally, DenseNet-169 is distinguished by its 
robust architecture and is typified by dense connectivity, facilitating reuse of features and gradient flow [14]. 
DenseNet-169 can be classified based on its capacity to resolve the issue of vanishing gradients, its effective 
feature propagation strategy, its reduction of the number of trainable parameters, and its promotion of feature 
reuse [15]. The model's comparative popularity is enhanced by its larger size and improved accuracy [16]. 
DenseNet-169 is capable of classifying Pap smear images with an accuracy rate of 91.72% [14], images of peanut 
plant leaves with 99.83% [17],  identifying lung disease using X-ray images with an accuracy rate of 91% [18] and 
is effective in detecting Alzheimer's disease through brain MRI images with an accuracy rate of 87% [16]. 

This research is based on existing literature, with the objective of applying the DenseNet-169 architecture to 
classify spiral and wave handwriting images for the early detection of Parkinson's disease. Additionally, it aims to 
compare the efficacy of this approach with that of other convolutional neural network (CNN) architectures.  

2. Materials and Methods 
The objective of this research is to develop a method for classifying spiral and wave image handwriting data for 
the purpose of early detection of Parkinson's disease (PD) using a DenseNet-169 architecture.  The research 
comprises several stages, including: 
1) Collection of handwriting image datasets from Parkinson's patients and normal patients, 
2) Augmentation process, 
3) Preprocessing, 
4) Dataset separation, 
5) Feature Learning, and 
6) Results analysis method, as illustrated in Fig. 1.  
 

 
Fig. 1 Phases of research 

 



365 Int. Journal of Integrated Engineering Vol. 17 No. 5 (2025) p. 363-375 

 

 

2.1 Dataset Collection 
The most crucial phase of the research process is the data collection stage, wherein the data utilized is of a 
secondary source, procured from the online repository https://www.kaggle.com/datasets/kmader/parkinsons-
drawings. The data set comprises 27 patients with PD and 28 healthy controls from the Dandenong Neurology 
Clinic in Melbourne, Australia. The study was approved by the RMIT University Human Research Ethics Committee 
and conducted in accordance with the Declaration of Helsinki [19]. The data are images with a size of 256 x 256 
pixels, comprising 102 spiral image data and 102 wave image data with an image length (m) of 512 pixels and an 
image width (n) exceeding 200 pixels. These images have been classified into two categories: tremor for PD 
patients and non-tremor for healthy patients (Fig. 2). 
 

    
Non tremor Tremor 

Fig. 2 Spiral and wave pattern samples 

2.2 Augmentation 
The augmentation stage is designed to enhance the diversity (variation) of data within the dataset [20] and to 
prevent overfitting during the training process of the DenseNet-169 model. The augmentation process involves 
the application of rotational transformations at three specific angles, namely 90°, 180°, and 270°, in addition to 
vertical flipping techniques (see Fig. 3). The augmentation process resulted in a significant increase in the amount 
of data, from 204 to 1020. 

     
(a) (b) (c) (d) (e) 

Fig. 3 (a) Original spiral tremor image; (b) 90ᵒ rotation image; (c) 180ᵒ rotation image; (d) 270ᵒ rotation image; 
and (e) Vertical flipping image 

2.3 Preprocessing 
The preprocessing stage is a stage used to enhance the quality of an image. Various techniques may be employed, 
including conversion to grayscale color space, application of a Gaussian blur, morphological erosion operations, 
addition of contrast, segmentation, and resizing of images. The procedure of converting to the greyscale color 
space is initiated by the separation of the channels within the RGB color space, followed by the application of the 
equation formula (1): 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 (𝑥𝑥, 𝑦𝑦) = 0.33 𝑅𝑅(𝑥𝑥, 𝑦𝑦) + 0.33 𝐺𝐺(𝑥𝑥,𝑦𝑦) + 0.33 𝐵𝐵(𝑥𝑥,𝑦𝑦) (1) 

The variable x represents the area from the starting point inside the horizontal axis, the variable y represents 
the area from the starting point inside the vertical axis. The R variable represents the red channel value, the G 
variable represents the green channel value, and the B variable represents the blue channel value in the original 
image pixels. Moreover, the technique of Gaussian blurring was introduced as a means of simulating the effects of 
minor focal variations that can occur in actual diagnostic settings. Blurring has the potential to affect the clarity of 
structural boundaries within the image, as evidenced by research [21]. Gaussian filtering is performed according 
to the following equation (2): 

𝐺𝐺(𝑥𝑥, 𝑦𝑦) =
1

2𝜋𝜋𝜎𝜎2 𝑒𝑒
−𝑥𝑥

2+𝑦𝑦2
2𝜎𝜎2  (2) 

The variable 𝒙𝒙 represents the area from the starting point inside the horizontal axis, the variable 𝒚𝒚 represents 
the area from the starting point inside the vertical axis, and the variable σ represents the standard deviation of 

https://www.kaggle.com/datasets/kmader/parkinsons-drawings
https://www.kaggle.com/datasets/kmader/parkinsons-drawings
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the Gaussian distribution [22]. Moreover, morphological operation techniques, such as erosion, are applied with 
the objective of removing extraneous noise while enhancing the clarity of the lines on objects that can be 
conceptualized as segments or regions within the image. The process entails the use of a structuring element 
(strel), which is analogous to an arbitrary-sized mask in image processing. The objective of the erosion operation 
is to reduce the size of the object segment by filling the perimeter of the object. The result will be smaller in 
proportion to the size of the strel used [23].  

Binary images are typically subjected to erosion operations, although this technique may also be applied 
effectively to grayscale images, thereby enhancing the definition of the lines in the resulting image of grayscale 
handwriting. Subsequently, it is essential to introduce contrast in order to differentiate between the line (object) 
and the background by establishing a distinct gray level, as demonstrated by the equation formula (3)[24] : 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥,𝑦𝑦) =
𝑓𝑓(𝑥𝑥,𝑦𝑦) −𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚 −𝑚𝑚𝑚𝑚𝑚𝑚 𝑥𝑥1 (3) 

The next process is to separate the object from the background using segmentation techniques. The 
segmentation used is the Otsu thresholding technique, which is a technique that divides the histogram of a 
grayscale image into two different areas by determining the threshold variable (k) automatically by calculating 
the formula equation (4-9) [25], [26], [27], then the inverse process is performed using equation (10) to obtain a 
binary image, then the resize process is performed to normalize the data using the formula equation (11-12): 

Find the probability of each pixel in the gray level of the image (i) 

𝑝𝑝𝑖𝑖 =
𝑛𝑛𝑖𝑖
𝑁𝑁  (4) 

Calculating cumulative (ZerothCM) 

𝜔𝜔(𝑘𝑘) = �𝑝𝑝𝑖𝑖

𝑘𝑘

𝑖𝑖=0

 (5) 

Calculating cumulative mean (FirstCM) 

𝜇𝜇(𝑘𝑘) = � 𝑖𝑖. 𝑝𝑝𝑖𝑖
𝑘𝑘

𝑖𝑖=0
 (6) 

Calculating global mean intensity (tMean) 

𝜇𝜇𝜇𝜇 = � 𝑖𝑖. 𝑝𝑝𝑖𝑖
𝐿𝐿

𝑖𝑖=0
 (7) 

The threshold value, k, is derived from the maximum value of the equation:  

𝜎𝜎𝐵𝐵2(𝑘𝑘∗) = max (𝜎𝜎𝐵𝐵2(𝑘𝑘)) (8) 

𝜎𝜎𝐵𝐵2(𝑘𝑘∗) =
[μT. w(k) − (𝜇𝜇(𝑘𝑘)]2

𝑤𝑤(𝑘𝑘)[1−𝑤𝑤(𝑘𝑘)]  (9) 

The inverse operation uses the equation:  

𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑥𝑥, 𝑦𝑦) = 1 − 𝑓𝑓(𝑥𝑥,𝑦𝑦) (10) 

Resize image using equation:  

𝑚𝑚 =
𝑝𝑝𝑝𝑝 ∗ 𝑝𝑝𝑝𝑝
𝑝𝑝𝑝𝑝  (11) 

𝑛𝑛 =
𝑙𝑙𝑙𝑙 ∗ 𝑝𝑝𝑝𝑝
𝑙𝑙𝑙𝑙  (12) 

The variable m represents the new column pixel position, while n denotes the new row pixel position. The 
term pb signifies the new matrix length size, lb denotes the new matrix width size, and pp represents the old 
column pixel position. Additionally, pa denotes the length size of the old matrix, and la represents the width 
size of the old matrix. 
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2.4 Dataset Split 
The data set is currently partitioned into three subsets: training data, testing data, and validation data. 
Researchers must carefully evaluate the size of datasets, train/test split ratios, and classification performance 
when splitting them into categories [28]. The optimal data ratio, as indicated by prior research (27, 9), is 80% 
training data, 10% testing data, and 10% validation data [29], [9]. The training set has 816 images, the validation 
and testing sets have 102 each, and the total data set is 1020. Additionally, the model was selected based on several 
factors, including the quantity of data utilized for training purposes. This approach is expected to enhance the 
model's capacity to recognize patterns within each class, thereby achieving a relatively high level of accuracy 
during the system testing phase. 

2.5 DenseNet-169 
Densenet169 is a principal image classifier developed by the Densenet group. Its popularity is enhanced by its 
larger size and enhanced accuracy [16]. The DenseNet169 architectural design comprises multiple layers, 
including convolutional, maxpool, dense, and transition layers [30] , as illustrated in Figure 4. The architectural 
design uses two activation functions: Relu and SoftMax. Relu is employed throughout architectural design, except 
for the final layer, where SoftMax is utilised instead. The purpose of the convolutional layer is to apply multiple 
filters to the image and generate a feature map which describes the intensity of the extracted features. To 
illustrate, if an image of dimensions L × N is subjected to a convolutional layer and an m × m filter is employed, the 
resulting convolution output will be of dimensions (1-m+1) x (1-n+1). Subsequently, the maxpool layer in 
DenseNet169 is employed to reduce the dimensionality of the feature map. Implementation of a pooling filter over 
the feature map results in the aggregation of features within the area covered by the filter region. 
 

 
Fig. 4 DenseNet-169 illustration 

MaxPool technique is calculated using the equation formula (11) where the feature map with (nh, nw, nc) : 
 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =
𝑛𝑛𝑐𝑐𝑥𝑥(𝑛𝑛ℎ − 𝑓𝑓 + 1)𝑥𝑥(𝑛𝑛𝑤𝑤 − 𝑓𝑓 + 1)

𝑆𝑆2  (11) 

The variable c is used to indicate the channel of the feature map. Similarly, h indicates the height, w indicates 
the width, and f indicates the size of the filter. The DenseNet-169-layer architecture is described in Table 1. 
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Table 1 DenseNet-169 architecture model 
Layer Name Output Size Densenet-169 
Convolution 112 x 112 7 x 7 conv, stride 2 
Pooling 56 x 56 3 x 3 max pool, stride 2 
Dense Block 1 56 x 56 �1 x 1 conv

3 x 3 conv� x 6 

Transition Layer 1 56 x 56 1 x 1 conv 
28 x 28 2 x 2 average pool, stride 2 

Dense Block 2 28 x 28 �1 x 1 conv
3 x 3 conv� x 12 

Transition Layer 2 28 x 28 1 x 1 conv 
14 x 14 2 x 2 average pool, stride 2 

Dense Block 3 14 x 14 �1 x 1 conv
3 x 3 conv� x 32 

Transition Layer 3 14 x 14 1 x 1 conv 
7 x 7 2 x 2 average pool, stride 2 

Dense Block 4 7 x 7 �1 x 1 conv
3 x 3 conv� x 32 

Classification Layer 1 x 1 
 

7 x 7 global average pool 
1000D fully connected, softmax 

3. Result 
The preprocessing stage represents the most crucial phase in the handwriting image classification process. The 
objective of this process is to enhance the image quality to facilitate the CNN method with the DenseNet-169 
architecture model in recognizing both spiral and wave handwriting patterns, which are essential for classifying 
tremor and non-tremor classes. The preprocessing stages include conversion to grayscale color space, Gaussian 
blur, image segmentation, and resizing. Color conversion from RGB to grayscale space is performed to facilitate 
segmentation, as the latter process can be challenging in an RGB color space with high value [31], [32]. The present 
research employs both spiral and wave images, which are initially converted to grayscale color space. Thereafter, 
they are subjected to a Gaussian filtering process, as detailed in the equation formula (2) illustrated in Fig. 5. 

 

    
(a) (b) (c) (d) 

Fig. 5 (a - b) Grayscale image and (c - d) Gaussian filtering result image 

Gaussian filtering is employed for the purpose of image smoothing, which serves to enhance clarity and 
eliminate noise. To enhance the definition of the line, contrast is introduced through the implementation of the 
equation (3) and a morphological erosion operation (see Fig. 6). 
 

    
(a) (b) 

Fig. 6 (a) Contrast image; and (b) Erosion morphology operation image 
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Figure 6 illustrates the impact of contrast enhancement, which serves to clarify the lines in both the spiral and 
wave images. The morphological operation of erosion is designed to remove object points from the background. 
The effect observed in this image is the reduction of pixels with gray degree values, which results in the 
enlargement of pixels with a gray degree of 0. This process produces a discernible enhancement in the clarity of 
the lines visible in both spiral and wave images. The following process is the segmentation process, which employs 
the Otsu method with a T threshold value of 0.42. However, the binary image formed by the spiral and wave lines 
is 0, indicating black, while the background is 1, indicating white. Therefore, it is necessary to add another process, 
namely the inverse image technique (Fig. 7). 
 

    
(a) (b) 

Fig. 7 Binary image (a) Otsu segmentation result; and (b) Inverse technique result 

This inverse technique aims to transform pixels that were originally assigned the numerical value of one (1) 
into zeroes (0), and vice versa. This process allows for the creation of objects in the form of lines that are white 
and assigned the numerical value of one (1). The binary image is subsequently resized to normalize the size of the 
spiral image and wave image, which are both 224 x 224 pixels in size (Fig. 8). 
 

    
(a) (b) 

Fig. 8 Binary image (a) Before normalization; and (b) After normalization 224 x 224 pixels 

Following the acquisition of the normalized input image, it is necessary to proceed with the training of the 
dataset on the Google Collaboratory platform with the objective of achieving the distinction between two classes: 
namely, tremor and non-tremor. The training process for the dataset employs the DenseNet-169 architectural 
model, comprising 169 layers as indicated in Table 1. Two learning rate experiments were conducted as part of 
the training process, with learning rates of α = 0.001 and α = 0.0001. A range of maximum epochs was considered, 
from 10 to 60, for the purpose of obtaining system accuracy and loss validation, as detailed in Table 2. 

Table 2 A comparative analysis of the efficacy of the DenseNet-169 model with varying learning rates 

Epoch 
α = 0.001 α = 0.0001 

Accuracy Val Accuracy Loss Val Loss Accuracy Val Accuracy Loss Val Loss 
10 0.9596 0.8431 0.1208 1.8574 1.0000 0.9216 0.0035 0.3676 
13 0.9853 0.7843 0.0509 1.5452 1.0000 0.9412 0.0016 0.3204 
20 0.9804 0.8431 0.0563 0.8597 0.9975 0.9412 0.0048 0.2898 
23 0.9816 0.8824 0.0654 2.4295 0.9988 0.9412 0.0027 0.2928 
26 0.9951 0.9412 0.0209 0.3914 0.9939 0.9314 0.0200 0.3100 
30 0.9963 0.9020 0.0237 0.6356 0.9828  0.9412 0.0521 0.4352 
39 0.9926 0.9216 0.0167 0.7424 0.9951 0.8431 0.0163 1.1114 
40 0.9975 0.9216 0.0084 0.6981 0.9914 0.9216 0.0438 0.3317 
50 0.9841 0.7059 0.0605 2.7703 1.0000 0.9314 0.0010 0.5335 
52 0.9755 0.8627 0.0688 0.7635 1.0000 0.9314 0.0006 0.5968 
60 0.9951 0.9314 0.0071 0.9609 1.0000 0.9216 0.0003 0.6877 
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Training accuracy is an indicator of the model's performance on the training dataset. The use of the learning 
rate α = 0.001 with epoch = 10 results in a training accuracy of 95.96%. As the number of epochs increases, the 
accuracy of the system also increases until reaching a maximum at epoch 40, where it is 99.75%. In contrast to the 
use of a learning rate α = 0.0001, the system demonstrates 100% accuracy in training with an epoch value of 10. 
However, there is a notable decrease in the accuracy level when epoch values range from 20 to 40. It can be 
observed that when the epoch value ranges from 50 to 60, the system training accuracy exhibits a notable increase, 
reaching 100%. The training loss is a metric used to evaluate the performance of a deep learning model in fitting 
the training data. In other words, it evaluates the error rate of the model on the training set. The training loss 
exhibits fluctuations as the epoch increases when the learning rate is set to α = 0.001 and α = 0.0001. The lowest 
training loss observed at α = 0.001 is 0.0071 at epoch = 60, while at α = 0.0001, the lowest training loss is 0.0003. 

Validation accuracy is a metric employed to assess the quality of a neural network classifier, specifically 
regarding its capability to accurately classify data sets that were not part of the training process. The validation 
accuracy values for the DenseNet-169 model with a learning rate α = 0.001 demonstrate a variable trend, with the 
highest recorded value of 94.12% occurring at epoch = 26. However, at the same epoch, DenseNet-169 with a 
learning rate α = 0.0001 achieved validation accuracy of 93.14%. The validation loss is analogous to the training 
loss and is calculated as the sum of errors for each example in the validation set. The results presented in Table 2 
reveal that the validation loss at the learning rate α = 0.0001 is less than that observed at α = 0.001. Consequently, 
the learning rate identified as optimal for the system testing process is DenseNet169 with a learning rate α = 
0.0001. To calculate accuracy, precision, recall and F1-score (Table 3), the system is obtained based on the 
calculations in the confusion matrix table, as illustrated in Figure 9. 

 

AC
TU

AL
 

PREDICTED 
 

Table 3 Results of system performance with a 
learning rate α = 0.0001 and image preprocessing 

 Non Tremor Tremor  Class Precision Recall F1-Score 

Non Tremor 49 1  Non Tremor 0.89 0.98 0.93 

Tremor 6 46  Tremor 0.98 0.88 0.93 

Fig. 9 Result of confusion matrix 
 

Accuracy   0.93 

 
Precision is an indicator of the percentage of predictions as positive classes that are positive. Recall or 

sensitivity is an indicator of the percentage of total classes predicted to be positive, known as the true positive 
rate (TPR) [33]. The precision of the system in recognising the non-tremor class image is less than the tremor 
class, with a value of 0.89, while the recall result for the tremor class is 0.88. The F1 score is a value indicator that 
considers both false positives and false negatives, giving a value of 0.93 or 93%, which indicates the accuracy of 
the system. In this study, the training accuracy exceeds the testing accuracy, which is evidence of overfitting, as 
demonstrated in the graph (Fig.10). 

 
Fig. 10 Training and testing accuracy graph 
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Despite the overfitting of our model results, we have validated the importance of image preprocessing. 
Furthermore, we conducted training and testing with images that lacked preprocessing, as illustrated in the 
confusion matrix (Fig. 11) and system performance results (Table 4). 

AC
TU

AL
 

PREDICTED 
 Table 4 Results of system performance with a 

learning rate α = 0.0001 without image 
preprocessing 

 Non Tremor Tremor  Class Precision Recall F1-Score 

Non Tremor 43 7  Non Tremor 0.78 0.86 0.82 

Tremor 12 40  Tremor 0.85 0.77 0.81 

Fig. 11 Result of confusion matrix  Accuracy   0.81 
 
Table 4 illustrates that the precision of the system in identifying the non-tremor class is less accurate than in 

recognising the tremor class, with a value of 0.78, whereas the recall result for the tremor class is 0.77.  The F1-
score for the non-tremor class is 0.82, and the tremor class is 0.81, resulting in an overall system accuracy of 81%. 
Furthermore, the efficacy of the DenseNet-169 method was evaluated on spiral images under two distinct 
conditions: (a) augmentation and (b) additional preprocessing as outlined in Table 5. The performance outcomes 
of DenseNet-169 on wave images are detailed in Table 6. The two processes were tested with a maximum of 30 
epochs. 

Table 5 System performance results on spiral images 

Class 
Precision Recall F1-Score 

(a) (b) (a) (b) (a) (b) 

Non Tremor 0.95 0.94 0.76 0.68 0.84 0.79 
Tremor 0.81 0.76 0.96 0.96 0.88 0.85 

Accuracy   0.86 0.82 

 
Table 5 illustrates that DenseNet-169 encounters challenges in both classification and accurate identification 

of spiral images belonging to the Tremor class when utilizing (a) augmentation and (b) preprocessing techniques. 
It is evident that augmentation has a significant impact on system accuracy, with a rate of 86%. Conversely, the 
combination of augmentation and preprocessing has an accurate rate of 82%. The present test differs from the 
results of the system's performance when classifying and identifying wave images. As illustrated in Table 6, an 
evident enhancement in system accuracy is observed when wave images are augmented through preprocessing, 
reaching an accuracy rate of 84%. Conversely, when solely relying on the augmentation process, the system 
accuracy is 65%. The preprocessing stage is the most crucial in both tests, as it helps to differentiate between 
images that are similar in appearance. It is therefore necessary to select spiral image data and wave images for 
the purpose of early detection of Parkinson's disease. 

Table 6 System performance results on wave images 

Class 
Precision Recall F1-Score 

(a) (b) (a) (b) (a) (b) 

Non Tremor 1.00 0.78 0.31 0.96 0.47 0.86 
Tremor 0.58 0.96 1.00 0.72 0.74 0.82 

Accuracy   0.65 0.84 

4. Discussion 
The results are also compared with several reference journals, as detailed in Table 5 for reference. The references 
utilized in our study, besides comparing methodologies, also include a literacy review related to the development 
of research on early detection of Parkinson's with spiral and wave images. Some references have been found to 
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utilize disparate datasets from the one employed in our study; however, it is necessary to understand the detection 
of early Parkinson's disease through the analysis of spiral and wave patterns in handwriting.Intelligent methods, 
such as convolutional neural networks (CNNs), employ pattern recognition to classify spiral or wave patterns in 
handwriting. This classification is unaffected by variations in datasets, provided that the spiral and wave writing 
patterns remain consistent. 

The research of Y. Huang et al. serves as the primary reference point for our study. This research implements 
preprocessing techniques, including AugMix, which involves geometric transformation and pixel manipulation for 
the purpose of image augmentation [34]. This method eliminates image enhancement processes, including 
contrast, color conversion, brightness, sharpness, and cutout operations.Subsequently, images that have 
undergone AugMixed processing are subjected to classification through the utilization of multiple CNN 
architectures. In this study, the CNN model with VGG16 architecture is the most effective at classifying the wave 
image dataset, achieving an accuracy of 90%. In contrast, the spiral image is most accurately classified by 
Resnet18, with an accuracy of 86.67% [13]. Therefore, we employ image enhancement techniques such as 
Gaussian blur, as well as morphological operations of erosion and contrast enhancement. The results of our 
research, as compared to the relevant literature, are presented in Table 7. 

Table 7 A comparison of research results 
Author Research Methods Result and Evaluation 
Ferdib-Al-
Islam and L. 
Akter [8] 

Combination of the Histogram of 
Oriented Gradients (HOG) method 
with KNN 

The system was able to classify the handwriting of 
Parkinson's patients with an accuracy of 89.33%. 
 

N. M. Ranjan 
et al[1] 

Combination of Histogram of 
Oriented Gradients (HOG) method 
with Random Forest Classifier 

The system can classify the handwriting of Parkinson's 
patients with an accuracy of 86.67% for spiral images and 
83.30% for wave images. 
 

M. Kamble et 
al[5] 

Logistic Regression The system can classify spiral images into two classes 
healthy and stroke with an accuracy rate of 91.6%. 

N. Basnin et 
al[9] 

VGG-16 This method can detect Parkinson's disease from 
Micrographic Static Hand Drawings with a training 
accuracy of 90.63% and a testing accuracy of 91.36%. 

Z. Li et al[12] Continuous Convolution Network 
(CC-Net) 

This method can classify spiral images with an accuracy of 
89.3%. 

Y. Huang et 
al[13] 

Preprocessing : AugMix 
VGG16, VGG19, ResNet18, 
ResNet50 and ResNet101 

In this study, the accuracy of the system in classifying 
spiral images and wave images: 
VGG16 : 90% (wave) and 83.33% (spiral); VGG19 : 
86.67% (wave) and 80% (spiral); ResNet18 : 90% (wave) 
and 86.67% (spiral); ResNet50 : 76.67% (wave) and 
83.33% (spiral); and ResNet101 : 84.67% (wave) and 
81.33% (spiral). 

Proposed Preprocessing: conversion to 
grayscale colour space, Gaussian 
blur, morphological operations of 
erosion, contrast enhancement, 
segmentation and image resizing 
Machine Learning: DenseNet-169 

DenseNet-169 can classify spiral and wave images in 
tremor and non-tremor classes with the addition of 
preprocessing obtained a training accuracy of 100%.  the 
system test accuracy is 93% (Table 3) while without 
preprocessing, the system accuracy is 81% (Table 4). 
 

 
As illustrated in Table 7, our research has demonstrated the significance of preprocessing in the augmentation 

process. The efficacy of our proposed technique is evident in its substantial impact on the accuracy rate of the 
DenseNet169 model in classifying spiral and wave images. The implementation of our proposed preprocessing 
technique results in an accuracy rate of 93%, while the system without this technique achieves an accuracy rate 
of 81%. However, the augmentation process is recommended for the classification of spiral images, as it achieves 
an accuracy rate of 86%. In contrast, the preprocessing technique is particularly beneficial for the classification of 
wave images, as it enhances the accuracy from 65% (without augmentation) to 84%. 

5. Conclusion 
This research aims to classify spiral and wave handwriting images for early detection of Parkinson's disease using 
DenseNet-169. A key finding of this study is that the image preprocessing stage is of critical importance, as it 
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enables the clarification of patterns in spiral and wave images, enhancing the efficacy of the CNN classification 
process with DenseNet-169. This is confirmed by a significant enhancement in accuracy, whereby classification 
without preprocessing results in a system accuracy rate of 81%, while the proposed preprocessing leads to an 
elevated system accuracy rate of 93%. A comparison of previous research with VGG-16 and DenseNet-169 reveals 
that the DenseNet-169 model exhibits superior accuracy, with a 93% accuracy percentage, as opposed to the 
90.63% accuracy observed in the VGG-16 model. The results are influenced by misclassified data, which may be 
caused by the large amount of similar data between tremor classes and non-tremor classes, especially in spiral 
images. Therefore, additional data is an important factor for further system development. It is also necessary to 
compare several augmentation techniques as data preprocessing before being classified by the CNN model. 
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