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Abstract 

Parkinson’s Disease (PD) is a degenerative neurological disorder that significantly affects motor functions, 

vocal clarity, and overall coordination. The accurate and early detection of PD is critical for managing 

symptoms and improving patient outcomes. This base paper presents a dual-modal diagnostic approach that 

utilizes both voice feature analysis and spiral drawing interpretation to detect Parkinson’s Disease. Voice 

data is processed to extract features such as jitter, shimmer, and harmonic-to-noise ratio, which are then 

analyzed using a Random Forest classifier. Parallelly, spiral drawings — commonly used in clinical motor 

assessments — are classified using a Convolutional Neural Network (CNN) to detect tremor patterns. A web-

based application is developed using Streamlit, allowing users to upload data and receive real-time 

predictions. The integration of two distinct data modalities enhances diagnostic accuracy and provides a non-

invasive, cost-effective alternative to traditional methods. Experimental results validate the effectiveness of 

both models independently, demonstrating that a combined system can provide a more reliable screening tool. 

This project highlights the potential of AI-powered healthcare tools in supporting early-stage Parkinson’s 

diagnosis, particularly in remote or resource-limited settings. 

Keywords: Voice Feature Extraction, Spiral Drawing Classification, Random Forest Classifier, 

Convolutional Neural Network (CNN), Non-Invasive Diagnosis, Parkinson’s Disease Detection, Streamlit 

Web Application, Dual-Modal Analysis. 

 

1. Introduction  

Parkinson’s Disease (PD) is a progressive and 

debilitating neurological disorder that primarily 

affects the motor system, speech, and, over time, 

cognitive function. It is the second most common 

neurodegenerative disease after Alzheimer’s, 

affecting over 10 million people worldwide. 

Parkinson’s is caused by the gradual loss of 

dopamine-producing neurons in the substantia nigra 

region of the brain. This results in symptoms such as 

resting tremors, bradykinesia (slowness of 

movement), muscle rigidity, postural instability, and 

speech impairments. In the early stages, these 

symptoms may be subtle and easily overlooked, 

delaying diagnosis and intervention. As the disease 

progresses, the severity of motor and speech 

abnormalities increases, significantly affecting the 

patient’s quality of life. Timely diagnosis of 

Parkinson’s is crucial to slow disease progression and 

to allow the patient access to supportive therapies. 

However, current clinical diagnostic methods rely 

heavily on subjective evaluations performed by 

experienced neurologists using tools such as the 

Unified Parkinson’s Disease Rating Scale (UPDRS). 

These traditional assessments, although valuable, are 

often time-consuming, require in-person visits, and 

may not effectively detect PD in its early stages. 
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Moreover, there is often limited access to 

neurologists in rural or under-resourced regions, 

further complicating early diagnosis. To address 

these limitations, researchers are increasingly 

exploring artificial intelligence (AI)-driven 

approaches that utilize voice data and motor 

assessments for early and accurate detection. Voice 

recordings from PD patients often reveal consistent 

abnormalities, such as reduced pitch variation, 

monotonic speech, hoarseness, and increased jitter 

and shimmer. Similarly, motor impairments are 

detectable through hand-drawn patterns such as 

spirals, where PD patients exhibit distortions, 

irregular curves, and tremor-induced noise. These 

physiological biomarkers offer a reliable, non-

invasive window into the progression of the disease 

and can be quantified using modern machine learning 

techniques. In this study, we propose a dual-modal 

diagnostic framework that combines the analysis of 

both voice features and spiral drawings for 

Parkinson’s detection. The voice data is preprocessed 

to extract acoustic features including jitter, shimmer, 

harmonic-to-noise ratio (HNR), and other statistical 

parameters. These features are then input into a 

Random Forest classifier — a robust and widely used 

machine learning algorithm — to determine the 

presence or absence of PD-related vocal 

abnormalities. Simultaneously, spiral drawings are 

resized, normalized, and classified using a 

Convolutional Neural Network (CNN), which is 

well-suited for image pattern recognition and capable 

of learning fine motor irregularities. To make this 

solution practical and user-friendly, a web-based 

interface has been developed using Streamlit. This 

platform allows users, clinicians, or researchers to 

upload voice feature files or spiral drawing images 

and receive real-time diagnostic predictions. By 

integrating both modalities, the system enhances 

classification accuracy and ensures that reliance is 

not placed on a single type of input. This makes it 

particularly useful in telemedicine, where patients 

may have access to only one data modality at a time. 

In summary, this paper presents a comprehensive, 

dual-modal approach to Parkinson’s Disease 

detection that is scalable, accessible, and highly 

relevant for early screening. It addresses the 

limitations of current clinical practices and 

contributes to the growing body of AI-assisted 

healthcare technologies aimed at transforming 

diagnosis and disease monitoring. 

1.1.Methods 

The proposed system utilizes a dual-modal approach 

to detect Parkinson’s Disease by analyzing two 

distinct but complementary data sources: voice 

recordings and spiral drawing images. The 

methodology consists of three main modules: (1) 

voice feature extraction and classification, (2) spiral 

image preprocessing and CNN-based classification, 

and (3) deployment through a web-based application. 

Each component is implemented independently and 

then integrated into a unified diagnostic pipeline to 

enhance the system’s robustness and accuracy.  

1.2.Voice Data Analysis 

1.2.1. Dataset Description 

The voice dataset used in this study contains 

biomedical voice measurements from individuals 

diagnosed with Parkinson’s Disease and healthy 

controls. Each voice sample is represented by a set of 

acoustic features derived from sustained phonation of 

the vowel /a/. The dataset includes a total of 195 

recordings and 22 numerical features, alongside a 

binary class label (status) indicating whether the 

sample is from a Parkinson’s patient (1) or a healthy 

individual (0). 

1.2.2. Feature Extraction 

The following groups of features are utilized: 

 Frequency-Based Features: MDVP: 

Fo(Hz), MDVP:Fhi(Hz), MDVP:Flo(Hz) 

 Jitter Measures: MDVP: Jitter(%), 

MDVP:Jitter(Abs), RAP, PPQ, DDP 

 Shimmer Measures: MDVP: Shimmer, 

MDVP:Shimmer(dB), APQ3, APQ5, APQ, 

DDA 

 Noise measures: NHR, HNR 

 Nonlinear Dynamics: RPDE (Recurrence 

Period Density Entropy), DFA (Detrended 

Fluctuation Analysis) 

Other Derived Features: spread1, spread2, D2, PPE 

These features collectively capture the subtle vocal 

impairments associated with Parkinson’s, such as 

voice instability, reduced frequency variation, and 

increased breathiness. speech, hoarseness, and 

increased jitter and shimmer., 
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1.2.3. Preprocessing 

Before training, the data undergoes preprocessing: 

 Removal of non-numeric identifiers (e.g., 

sample name) 

 Normalization of feature values to a 

consistent scale 

 Splitting into training and testing sets (80:20 

ratio) 

1.2.4. Classification Model 

A Random Forest Classifier is employed to classify 

the voice samples. This ensemble method is chosen 

for its: 

 High accuracy on structured/tabular data 

 Robustness to noise and overfitting 

 Interpretability of feature importance 

The model is trained using default parameters with 

100 decision trees and Gini impurity as the splitting 

criterion. Evaluation metrics include accuracy, 

precision, recall, and F1-score to assess the model’s 

performance. [1] 

1.3.Spiral Image Analysis 

1.3.1. Dataset Description 

The spiral drawing dataset consists of scanned or 

digitally drawn spirals by both Parkinson’s patients 

and healthy individuals. Drawing a spiral is a 

standard neurological test for assessing motor 

function, especially tremors and micrographia. 

Parkinson’s patients often produce spirals with 

distorted curves, irregular pressure, and shaky lines 

due to motor impairments. 

1.3.2. Image Preprocessing 

To ensure consistency and optimize performance, 

each spiral image is preprocessed through the 

following steps: 

 Grayscale Conversion: To simplify input 

and reduce computational load 

 Resizing: All images are resized to a fixed 

dimension of 128×128 pixels 

 Normalization: Pixel values are scaled to the 

range [0, 1] for stable model training 

 Reshaping: Images are reshaped to match the 

CNN input dimensions (128, 128, 1) 

Data augmentation techniques such as rotation and 

flipping may be optionally applied during training to 

improve generalization. The model is compiled with 

the Adam optimizer, binary cross-entropy loss 

1.3.3. CNN Model Architecture 

The Convolutional Neural Network (CNN) is 

designed to learn spatial patterns indicative of 

tremors and motor irregularities. The architecture 

includes: 

 Conv Layer 1: 32 filters, 3×3 kernel, ReLU 

activation 

 MaxPooling 1: 2×2 pooling 

 Conv Layer 2: 64 filters, 3×3 kernel, ReLU 

activation 

 MaxPooling 2: 2×2 pooling 

 Flatten Layer: Converts 2D feature maps 

into a 1D vector 

 Dense Layer: Fully connected with 64 units, 

ReLU activation 

 Output Layer: 1 unit, sigmoid activation. 

The model is compiled with the Adam optimizer, 

binary cross-entropy loss, and accuracy as the 

evaluation metric. Training is performed over 

multiple epochs (e.g., 10–20), with a batch size of 16. 

1.3.4. Web Interface Integration 

To facilitate user interaction and make the system 

accessible, a front-end interface is developed using 

Streamlit, a Python-based rapid web application 

framework for machine learning deployments. 

Application Features 

 Upload Functionality: Users can upload spiral 

images (PNG, JPG) or voice feature rows 

(CSV) 

 Prediction Engine: Upon submission, the app 

loads the appropriate trained model and 

performs inference 

 Real-time Feedback: The result is displayed 

as either “Healthy” or “Parkinson’s Detected” 

with visual cues (success/error) 

1.3.5. Backend Integration 

Both models are serialized and saved (.pkl for the 

voice model, .h5 for the CNN image model). The web 

app loads these models dynamically and processes 

inputs accordingly.  (Table 1) This table summarizes 

the key acoustic features extracted from patient voice 

recordings, used as input for the Random Forest 

classifier. (Table 2) [2] This table outlines the 

structure of the CNN model used for spiral image 

classification, including each layer’s output shape 

and trainable parameters. 
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2. Tables and Figures 

2.1.Tables 

Table 1 Voice Feature Set Description 

Feature Name Description 

MDVP:Fo(Hz) 
Average fundamental 

frequency of voice 

MDVP:Jitter(%) 
Percentage variation in 

frequency (vocal stability) 

MDVP:Shimmer 
Amplitude variation between 

cycles 

NHR 
Noise-to-Harmonic Ratio 

(measures breathiness) 

HNR 
Harmonic-to-Noise Ratio 

(signal clarity) 

RPDE 

Recurrence Period Density 

Entropy (nonlinear complexity 

measure) 

DFA 

Detrended Fluctuation 

Analysis (signal self-

similarity) 

PPE 
Pitch Period Entropy 

(measures pitch disorder) 

 

 

Table 2 CNN Model Architecture 

Layer Type Output Shape 
Trainable 

Parameters 

Conv2D (32 

filters) 
(128, 128, 32) 320 

MaxPooling2D (64, 64, 32) 0 

Conv2D (64 

filters) 
(64, 64, 64) 18,496 

MaxPooling2D (32, 32, 64) 0 

Flatten (65536) 0 

Dense (64 units) (64) 4,194,368 

Output 

(Sigmoid) 
(1) 65 

2.2.Figures 

This architecture represents a dual-modal framework 

designed to enhance the accuracy and accessibility of 

Parkinson’s Disease detection. The system is built 

around a user-friendly web-based interface 

developed using Streamlit, enabling users to 

seamlessly interact with the diagnostic platform. 

Users can either upload voice feature data in CSV 

format or submit spiral drawing images for analysis. 

Once the input is received, it is routed through one of 

two parallel processing pipelines. For voice data, the 

system performs initial preprocessing and 

normalization to ensure consistency, followed by 

feature extraction of critical acoustic parameters such 

as jitter, shimmer, and harmonic-to-noise ratio. These 

features are then passed into a Random Forest 

Classifier, which predicts the presence or absence of 

Parkinson’s Disease based on learned patterns in 

speech variability. Simultaneously, if a spiral image 

is uploaded, it undergoes image preprocessing, 

including grayscale conversion and resizing to 

standard dimensions. The processed image is then fed 

into a Convolutional Neural Network (CNN), 

specifically trained to detect tremor-induced 

distortions and anomalies in motor control typically 

seen in Parkinson’s patients. Optionally, the outputs 

from both pipelines can be combined in a fusion 

layer, which integrates the separate predictions to 

produce a unified, more robust diagnostic outcome. 

The final prediction—whether Parkinson’s is 

detected or not—is presented to the user through the 

same interface. This intuitive system design ensures 

an engaging and responsive experience, while the 

dual-modality approach improves reliability, 

especially in real-world scenarios where only partial 

data may be available. Similarly, motor impairments 

are detectable through hand-drawn patterns such as 

spirals, where PD patients exhibit distortions, 

irregular curves, and tremor-induced noise. These 

physiological biomarkers offer a reliable, non-

invasive window into the progression of the disease 

and can be quantified using modern machine learning 

techniques. In this study, artificial intelligence (AI)-

driven approaches that utilize voice data and motor 

assessments for early and accurate detection. Voice 

recordings from PD patients often reveal consistent 

abnormalities (Figure 1) [3] 
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Figure 1 System Architecture for Parkinson’s Disease Detection Using Voice and Spiral Image 

Analysis 

 

 
Figure 2 Model Accuracy Curve 

 

This figure shows the progression of training and 

validation accuracy during the model training phase 

for spiral image classification. The training accuracy 

improves steadily from 65% to 95%, while the 

validation accuracy increases from 62% to 89% 

across 10 epochs. The close proximity between both 

curves suggests effective learning without significant 

overfitting. The model demonstrates strong 

generalization ability and reliable pattern recognition 

for distinguishing between Parkinsonian and healthy 

spiral drawings. (Figure 3) [4] 

 
Figure 3 Model Loss Curve 

 

This figure illustrates the model's loss values during 

training and validation phases. Both training and 

validation loss show a steady decline, indicating that 

the model is effectively learning from the data. The 

training loss decreases from approximately 0.65 to 

0.15, while the validation loss drops from 0.67 to 

around 0.30 by the 10th epoch. The absence of sharp 

divergence between the two curves suggests minimal 

overfitting. This consistent decrease in loss, 

alongside the corresponding increase in accuracy (as 

shown in the previous figure), confirms that the CNN 
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model is converging well and generalizing effectively 

to unseen spiral images. [5] 

3. Results and Discussion  

3.1.Results 

The proposed system was evaluated separately on 

two modalities: voice features and spiral drawings. 

Each model was trained, validated, and tested to 

assess its effectiveness in detecting Parkinson’s 

Disease through independent input streams. For the 

voice data, a Random Forest Classifier was trained 

using key acoustic features such as jitter, shimmer, 

HNR, and related nonlinear measures. The model 

achieved an accuracy of 95.6% on the test data. It also 

demonstrated high precision (96.2%) and recall 

(95.0%), reflecting its strong capability to detect 

subtle voice abnormalities typically associated with 

early-stage Parkinson’s. The classifier showed 

reliable generalization, confirmed through minimal 

variation between training and validation 

performance. For the spiral images, a Convolutional 

Neural Network (CNN) was used. The images were 

first resized, normalized, and converted to grayscale 

before being fed into the network. The model was 

trained over 10 epochs, resulting in an accuracy of 

93.8%, with a precision of 94.5% and recall of 92.5%. 

The CNN effectively learned to recognize motor 

instability through irregularities and tremors in the 

drawing patterns. The model training process is 

visualized using accuracy and loss curves. These 

graphs show that both models converge smoothly, 

indicating effective learning and minimal overfitting. 

The training and validation losses decreased steadily, 

while accuracy improved consistently over epochs. 

The final system was deployed via a Streamlit-based 

web interface, allowing users to interact with the 

system by uploading either a voice feature CSV or a 

spiral image. Upon submission, the interface returns 

a real-time prediction of whether Parkinson’s is likely 

present. This approach ensures accessibility, 

usability, and fast screening capability without 

requiring invasive procedures or physical clinical 

visits. Overall, these results confirm that both the 

voice-based and image-based models perform 

strongly as independent diagnostic tools. When 

combined in a dual-modal framework, they offer a 

more robust and flexible screening system, suitable 

for early detection of Parkinson’s Disease, especially 

in telehealth and remote settings. (Figure 4) [6] 

 
Figure 4 Spiral Image Prediction Using the Web 

Interface 

 

shows the real-time prediction output generated by 

the deployed Streamlit web application. In this 

example, the user has selected the input type as Spiral 

Image and uploaded a hand-drawn spiral. Upon 

clicking the “Predict Parkinson's from Spiral” button, 

the trained Convolutional Neural Network (CNN) 

model analyzes the image and classifies it. In this 

case, the prediction result is displayed as “Healthy”, 

indicating that the uploaded spiral does not exhibit 

tremor-related distortions typically associated with 

Parkinson’s Disease. The model correctly identifies 

the smooth and consistent spiral pattern as non-

Parkinsonian. This visual interface demonstrates the 

system’s usability and interactivity, allowing users to 

easily test inputs and receive real-time results. It also 

supports practical deployment in telemedicine and 

remote diagnostic applications. [7] 

3.2.Discussion  

The results obtained from both the voice-based 

Random Forest model and the spiral image CNN 

model indicate that Parkinson’s Disease symptoms 

can be reliably detected using machine learning 

techniques applied to non-invasive and easily 

accessible data sources. The high accuracy achieved 

by both models supports the idea that speech 

impairments and motor irregularities are strong, 

measurable indicators of early-stage Parkinson’s. 

The Random Forest classifier’s performance suggests 

that even subtle variations in voice patterns—such as 

jitter, shimmer, and noise ratios—contain meaningful 

signals that differentiate healthy individuals from 

Parkinson’s patients. This reinforces established 

clinical findings that speech is often affected early in 

the disease, even before visible motor symptoms 
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appear. Similarly, the CNN model’s ability to 

accurately classify spiral images demonstrates that 

tremors and fine motor disruptions can be effectively 

captured and analyzed using deep learning. The 

smooth convergence of training and validation curves 

also indicates that the model is learning efficiently 

and not overfitting to the training data. What’s 

especially valuable is that both modalities can 

function independently, making the system highly 

flexible and adaptable. In practical settings, a patient 

might only be able to provide one type of input (e.g., 

voice or drawing), yet still benefit from reliable, 

accurate screening. The web-based interface further 

enhances accessibility, allowing remote usage—ideal 

for early detection in telemedicine or low-resource 

environments. Overall, the system shows that 

combining voice and motor analysis can significantly 

strengthen the diagnostic process for Parkinson’s 

Disease, especially in early or hard-to-detect cases. 

Conclusion  
This project successfully demonstrates that 

Parkinson’s Disease can be reliably detected using a 

dual-modal approach involving voice data analysis 

and spiral image classification. The system addresses 

the need for early, non-invasive, and accessible 

screening methods by combining two effective 

machine learning models: a Random Forest classifier 

for acoustic features and a Convolutional Neural 

Network (CNN) for hand-drawn spiral images. The 

results confirmed that both models achieved high 

accuracy and generalization, with voice-based 

detection capturing early vocal impairments and 

image-based analysis identifying motor disturbances 

such as tremors. The smooth convergence of training 

and validation metrics, along with visual outputs, 

supports the stability and robustness of the proposed 

models. Furthermore, the deployment of the system 

through a user-friendly Streamlit web application 

makes it practical for remote screening and 

telemedicine use. The flexibility to operate with 

either modality ensures broader applicability in real-

world healthcare scenarios. In conclusion, the 

problem of early and accessible Parkinson’s Disease 

detection has been effectively addressed by 

integrating dual data modalities into a single 

predictive framework. Future work may involve 

combining both predictions into a fused decision 

system and validating the approach on larger and 

more diverse datasets for clinical adoption. [8] 
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