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Abstract: Parkinson’s disease (PD) is a condition that affects the 
nervous system, making it harder for people to move and control 
their muscles. Over time, it gets worse and can significantly impact 
a person's daily life. Detecting and treating the disease early is key 
to managing it effectively.Most diagnostic processes rely on the 
clinician’s experience, which is often subjective and inconsistent. In 
this case, we design a model with optimized feature selection for 
diagnostic accuracy enhancement in Deep Transfer Learning Based 
Parkinson’s Disease Detection Model. The system uses deep learning 
models that have been trained before to automatically recognize and 
learn the patterns linked to Parkinson’s disease symptoms.An 
additional feature selection optimization also guarantees that only 
the relevant attributes are worked with, resulting in decreased 
computational expenses without loss of accuracy. The method 
described provides a powerful, effective, and highly accurate non-
invasive approach for PD detection which enables early diagnosis 
and improved patient care. 
 
Key Words: Parkinson's Disease (PD), Artificial Intelligence (AI), 
Deep Learning (DL), Transfer Learning, Subset Selection, Neural 
Networks, Medical Sciences, Computational Neuroscience, Machine 
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1. Introduction 

Parkinson's Disease (PD) is a type of disorder that constitutes various symptoms and lacks an all-encompassing scale to 

diagnose its severity. Because of that, diagnosing and treating PD is very difficult. PD, while very complex in its nature, is the 

progressive development of symptoms like tremors, loss of voice, posture imbalance, muscle stiffness, rest disruption, slow 

motor functioning, and loss of balance. PD is estimated to have more than 10 million cases globally, resulting in around 117k 

deaths in 2015 and costing patients nearly $10k a year in the US. The total expenditure of facing this disorder adds up to be around 

$23 billion a year. After the levels of dopamine producing neurons in the brain are reduced, the communication in neural 

pathways gets disrupted, leading to the development of PD.  

 

To effectively manage PD, it is vital to understand that neurons cannot be regenerated, meaning the absence of specific 

interventions and diagnosis can be problematic. The severity of PD ranges from the complete incapability of performing daily 

tasks to the inability to control motor functions at all. For ease of understanding,       the disorder can be divided into two parts: 

The primary section, responsible for the deterioration of motor control, which is caused by pupils suffering from impaired 

neurons and the second section, caused due to destruction of neurons at a higher level, leading to even further impairment with 

the ability to control breath and other functions. Existing diagnostic measures mainly depend on direct medical examination 

of the patient, assessment of medical history, as well as other expensive neurological procedures such as MRI and PET scans. 

Not only are these approaches costly, but their efficacy revolving around precision in earlier stages detection is also inadequate. 

This is why there’s a need for an automated system that can detect Parkinson’s early. It should be both affordable and effective, 

allowing treatment to start before the disease becomes too advanced to manage. This paper describes a method of automated 
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PD detection using Convolutional Neural Network (CNN) and Artificial Neural Network (ANN). The model consists of two 

differentiated modules: VGFR Spectrogram Detector – Legged Gait Signals Transformed into Spectrograms that are walking 

pattern detector CNNs based model. Voice Impairment Classifier – ANN-based model PD classifier that uses the voice of the 

subject for voice impairment analysis.The dataset used in this research was obtained from the PhysioNet Database Bank and 

UCI Machine Learning Repository which contains important key biomarkers required for PD detection.  

 

The research also compares the performance of the proposed models with three commonly used machine learning 

models: XGBoost, Multi-Layer Perceptron (MLP), and Support Vector Machine (SVM). Additionally, the study provides a 

survey of available literature and analyzes its possibilities towards the enhancement of an existing automated PD detection 

system.The main goals of this research are listed below: To design a precise and timely PD diagnosis using deep learning 

based model. To devise a method for accurate but low cost computationally feature selection PD diagnosis. To compare how 

well deep learning models perform against traditional machine learning models. This research seeks to ensure a more precise, 

cost effective, and readily available PD diagnosis by applying complex neural networks and feature selection, which in turn 

will help improve patient outcome and shall reduce the overall burden of the disease to the society. 

 

2. Related Work 
Parkinson’s Disease (PD) is a progressive neurological disorder that affects movement and other functionalities. 

Recently, AI techniques like ML and DL have been used to improve PD diagnosis. Researchers have been done in different ways 

to detect and predict PD, including analyzing speech, handwriting, brain signals, and medical images. This section contains key 

contribution of studies related to PD detection, feature selection, and classification using AI. 

 

2.1 Using Deep Learning to Detect Parkinson’s Disease. 

Many researchers have used deep learning for various types of data to identify PD. 

 

• Speech-Based Detection: Since PD often affects speech, scientists have used deep neural networks (DNNs) to analyze voice 

recordings. These models outperformed traditional methods. 

• Handwriting Analysis: PD can impact a person’s ability to write. A study used a CNN (Convolutional Neural Network) to 

examine handwriting patterns from digital pens, which improved detection accuracy. 

• EEG-Based Detection: Brain activity changes in PD patients, so researchers have studied EEG (brainwave) signals using a 

13-layer CNN, achieving 88.25% accuracy.  Medical Imaging: MRI scans and dopamine transporter imaging (SPECT scans) 

have been studied using dl models like 3D-CNNs. These methods can classify PD cases with high accuracy and even provide 

insights into borderline cases. 

 

2.2 Predicting Parkinson’s Disease Progression and Severity 

Beyond diagnosis, AI models are used to predict how severe the disease will become. 

 

2.2.1 Speech Data for Severity Prediction: Using dataset of recorded voices, DL models have been able to predict PD severity 

more accurately than traditional methods. 

2.2.2 Gait and Motion Analysis: Since PD affects movement, studies have used CNNs to analyze walking patterns. These 

models confirmed that analyzing gait is a reliable way to detect PD. 

 

2.3 Machine Learning (ML) for Parkinson’s Disease Classification 

Variety of machine learning models have been tested for PD detection and classification. 

2.3.1 Feature Selection with PCA and Random Forest: Researchers used a machine learning model to analyze voice data, 

improving accuracy to 96.83% by selecting the most important features. 

2.3.2 Boosted Logistic Regression: By analyzing non-motor symptoms (like sleep disorders and smell loss), this model achieved 

an impressive 97.16% accuracy. 

2.3.3 Optimized Neural Networks: One study used a special optimization method (Particle Swarm Optimization) to improve 

a neural network that predicts PD-related tremors. 

 

2.4 Combining Multiple Data Sources and Challenges in PD Diagnosis 

Most studies focus on one type of data, such as speech, gait, or brain signals. However, combining different sources 

(multi-modal approaches) can improve accuracy. 

 

2.4.1 Multi-Modal Approaches: Researchers suggest combining voice and movement data or integrating medical imaging with 

EEG signals for better PD diagnosis. 

2.4.2 Challenges: 

2.4.2.1 Limited Data: Most studies rely on small datasets, which may not generalize well. 

2.4.2.2 Single-Modality Focus: Most studies consider only one type of data instead of combining different biomakers. 

2.4.2.3 AI Transparency: Deep Learning models are frequently "black boxes," making it difficult for doctors to understand 

why a prediction was made. 
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2.5 Summary of Key Studies 

  

 
Fig1: Key Study 

 

2.6 Conclusion 

Deep Learning & Machine Learning have made important progress in diagnosing and predicting Parkinson’s Disease. 

While models like CNNs and DNNs achieve high accuracy, challenges remain—especially in terms of dataset limitations,model 

reliability, and interpretability. Future research should focus on combining multiple data types, refining features, and making AI 

models more explainable to doctors for real-world use. 

 

3. Proposed Methodology 

3.1 Overview 

This study aims to build a deep learning-based system for accurate and early detection of Parkinson’s Disease (PD). It 

focuses on two key signs of PD: 

• Gait abnormalities – analyzed using spectrograms of walking signals. 

• Speech impairments – analyzed through voice recordings. 

 

The system includes two deep learning models: 

1. VGFR Spectrogram Detector – A CNN-based model that detects PD from gait spectrograms. 

2. Voice Impairment Classifier – An ANN-based model that analyzes speech characteristics linked to PD. 

3. Support Vector Machine (SVM) XGBoost Multi-Layer Perceptron (MLP). The goal is to improvise diagnostic accuracy by 

reducing computational complexity, and develop a cost-effective, automated system for PD detection. 

 

3.2 System Architecture 

The proposed methodology follows a multi-step pipeline consisting of these stages: 

1 Data Acquisition Dataset Sources: Gait Data: 

Collected from PhysioNet Database and converted into spectrogram images. Voice Data: Extracted from UCI Machine 

Learning Repository (Parkinson’s Voice Dataset). 

2. Preprocessing and Feature Extraction Data Cleaning: Handling missing values (replaced using mean values). 

Normalization of dataset features using Min-Max Scaling to standardize data. 

Feature Extraction: Gait Analysis: Raw motion signals are transformed into spectrographic images for CNN training. Voice 

Analysis: Acoustic features such as jitter, shimmer, fundamental frequency (Fo), and Harmonics-to-Noise Ratio (HNR) are 

extracted for ANN training. 

3. Model Development The proposed system consists of two deep learning models: VGFR Spectrogram Detector (CNN-

Based Gait Analysis Module) Input: Spectrogram images of walking signals. Architecture: Convolutional layers for feature 

extraction. Pooling layers for dimensionality reduction. Fully connected layers for classification. Output: PD vs. Healthy 

classification. Achieved Accuracy: 88.1% Voice Impairment Classifier (ANN-Based Speech Analysis Module) Input: Extracted 

voice features (jitter, shimmer, etc.). Architecture: Fully connected dense layers. Dropout layers to prevent overfitting. Softmax 

activation for classification. Output: PD vs. Healthy classification. Achieved Accuracy: 89.15%. 

4. Comparative Machine Learning Models To validate the deep learning models and results are compared with three 

popular machine learning algorithms: Algorithm Accuracy (%) CNN (Spectrogram Analysis) 88.1% ANN (Voice 

Impairment Analysis) 89.15% Support Vector Machine (SVM) 85.4% XGBoost 87.2% Multi-Layer Perceptron (MLP) 86.5%. 

5. Model Training and Evaluation Dataset Split: 80% Training | 20% Testing Evaluation Metrics: Accuracy – Measures 

overall correctness. Precision & Recall – Evaluates sensitivity to detecting PD. F1-Score – Balances precision and recall. 
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3.3 Implementation 

Details Software and Libraries Programming Language: Python 3.7 Deep Learning Libraries: TensorFlow 1.14.0 Keras 

2.3.1 Machine Learning Libraries: Scikit-Learn 0.22.2 XGBoost Audio Processing: Librosa (for voice feature extraction) 

Hardware Requirements Processor: Intel Core i3 (or higher) RAM: Minimum 4GB Storage: 500GB HDD OS: Windows 10. 

 

3.4 Advantages of the Proposed System 

Higher Accuracy: CNN and ANN outperform traditional classifiers. 

Cost-Effective: No expensive MRI or PET scans required. Non-Invasive: Uses voice and gait analysis instead of complex 

medical tests. 

Efficient Processing: Feature optimization reduces computational overhead. 

Automated Diagnosis: AI-driven predictions for early detection. 

 

3.5 Summary of the Proposed Methodology Stage Description Data Collection Gait and voice datasets from PhysioNet & UCI 

ML Repository. Feature Extraction Spectrogram conversion for gait; acoustic feature extraction for voice. Deep Learning 

Models CNN (Gait Analysis), ANN (Voice Analysis). Comparison Models SVM, XGBoost, MLP. Training & Testing 80% 

Training, 20% Testing with performance evaluation. 

 

3.6 Conclusion 

The proposed deep learning-based approach provides an automated, accurate, and non-invasive method for early 

Parkinson’s Disease detection. By leveraging CNN for gait analysis and ANN for voice impairment detection, the model achieves 

superior accuracy compared to traditional ML methods. This research contributes to low-cost, AI-driven medical diagnostics, 

facilitating timely interventions and improving patient outcomes. convert this into human ai. 

 

4. Experimental Results 
 

4.1 Setup & Process 

To test how well our deep learning models can predict the presence of Parkinson’s Disease (PD), we used two main datasets: 

▪ PhysioNet Database (for gait analysis) 

▪ UCI Parkinson’s Voice Dataset (for speech analysis) 

• Hardware & Software Used 

▪ Processor: Intel Core i5 or better 

▪ GPU:  NVIDIA  GTX  1650  (for  CNNtraining) 

▪ Libraries: TensorFlow, Keras, Librosa, Scikit-learn 

▪ Training/Test Split: 80% training | 20% testing 

We used four key metrics for measuring they are precision,accuracy,recall and f1-score. 

 

4.2 How Well Did the Deep Learning Models Perform? 

We tested two deep learning models: 

1️ VGFR Spectrogram Detector (CNN-based, for gait analysis). 

2️ Voice Impairment Classifier (ANN-based, for speech analysis). 

 

 

 

 
 

 

 

Fig2: data models 

 

Key Takeaways: 

Voice-based analysis (ANN) performed the best with 89.15% accuracy, suggesting that voice changes are a strong early 

indicator of PD. 

Gait analysis (CNN) also performed well with 88.1% accuracy, proving that movement patterns can help detect PD. 

4.3 How Do Deep Learning Models Compare to Traditional ML? 

We also tested three crucial machine learning models for comparison: 

• Support Vector Machine (SVM) 

• XGBoost  

• .Multi-Layer Perceptron (MLP) 



Multimodal Deep Learning Approach for Parkinson’s Disease Recognition 

Published By: Fifth Dimension Research Publication                    https://fdrpjournals.org/                                   287 | P a g e  

 

 

Fig3: Compare to Traditional ML 

 

Key Takeaways: 

Deep learning models (CNN & ANN) outperformed all traditional ML models in accuracy, precision, recall, and F1-score. 

SVM performed the worst (85.4%), while XGBoost (87.2%) and MLP (86.5%) showed improvement but still lagged behind 

deep learning. 

4.4 Training & Stability Analysis 

We tracked how well our models learned over time by plotting training vs. validation accuracy for 50 epochs. 

 

Findings: 

1. Both CNN and ANN models stabilized after 30 epochs, meaning they learned well without overfitting. 

2. No signs of overfitting or underfitting, proving they are generalized well to new data. 

 

4.5 How Good Are the Predictions? (Confusion Matrix Analysis) 

The confusion matrix tells us how often the model correctly identifies PD vs. healthy cases. 

Healthcar 

 

 

 

 

 

 

 

 

 

 

 
Fig4: Matrix Analysis 

 

Key Takeaways: 

ANN (voice-based) had the fewest false negatives, meaning it missed fewer actual PD cases. 

CNN (gait-based) also performed well, but it had slightly more misclassifications. 

 

4.6 Is the Accuracy Boost Statistically Significant? 

We ran a paired t-test to check the performance of deep learning models over traditional ML models. 

 

Results: 

• p-value = 0.003 (which is < 0.05) 

• This means deep learning models are performing significantly better than ML models 

4.7 Final Key Takeaways 

• Deep learning models (CNN & ANN) achieved the highest accuracy compared to SVM, XGBoost, and MLP. 

• Voice-based detection (ANN) performed better than gait-based detection (CNN). 

• Deep learning models trained efficiently, without overfitting. 

• Statistical analysis confirmed deep learning significantly outperforms traditional ML. 

 

4.8 Conclusion 

This study concludes that deep learning (CNN & ANN) is the best approach for detecting Parkinson’s Disease 
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using voice and gait data. 

Why does this matter? 

• Faster, non-invasive diagnosis 

• More cost-effective than MRI/PET scans 

 
5.Can be used in early screening & remote Discussion 
5.1 What Do These Results Mean? 

Our deep learning models outperformed traditional machine learning approaches in detecting Parkinson’s Disease 

(PD). The Voice Impairment Classifier (ANN) reached an accuracy of 89.15%, slightly outperforming the VGFR 

Spectrogram Detector (CNN) at 88.1%. When we compared them to models like SVM, XGBoost, and MLP, deep learning 

came out on top across all key performance metrics—accuracy, precision, recall, and F1-score. 

 

Why does this matter? 

• Speech-based features seem to be a more reliable predictor of PD than gait-based spectrograms, based on the ANN model's 

superior accuracy. 

• Gait analysis (CNN model) is still useful, but it might works better when combined with other data sources (like speech). 

• Traditional ML models (such as SVM and XGBoost) still hold value, but they don't match the accuracy of deep learning 

for this task. 

 

5.2 How Does This Compare to Other Research? 

Our results align with and improve upon previous studies in PD detection. 

• Speech-based PD detection: Our ANN model (89.15% accuracy) outperformed past approaches that relied on 

autoencoders or classical ML methods. 

• Gait-based detection: Our CNN model (88.1%) did better than previous random forest and decision tree-based methods, 

which often max out at 80-85% accuracy. 

• Multi-modal approaches: Many studies focus on either voice or gait, but our research suggests that combining both could 

result in even higher accuracy. 

 

5.3 How Can This Help in the Real World? 

The results open up exciting clinical possibilities for PD detection: 

1. Earlier Diagnosis = Better Treatment: 

• Since PD is often diagnosed late, an AI-driven screening tool could identify symptoms earlier, giving patients a 

better chance at managing the disease. 

 

2. A Cheaper, Non-Invasive Alternative: 

• Current diagnostic methods like MRI and PET scans are expensive and not widely available. 

• Voice and gait analysis require only a microphone and a motion sensor, making it an affordable and easy-to-use 

solution. 

  

5.4 Real-World Deployment Possibilities: 

• AI models like ours could be integrated into hospital systems or deployed into mobile applications for remote 

monitoring and early risk assessment. 

• Imagine a smartphone app that listens to your voice, tracks your movement, and instantly assesses your PD risk. 

 

3. AI Explainability Issues: 

• Although deep learning models are often seen as black boxes but doctors need to trust AI decisions. 

• We need Explainable AI (XAI) techniques to help clinicians understand how the model makes decisions. 

 

5.5 Future Directions 

To make AI-powered PD detection even better, we propose the following next steps: 

1. Combine Speech & Gait Data: A multi-modal AI model using voice, gait, EEG, and MRI data could further improve 

accuracy. 

2. Expand the Dataset: Training on larger, more diverse datasets (with different accents, age groups, and backgrounds) 

will enhance generalization. 

3. Make It Mobile: Deploying the model in smartphone apps or wearable devices would allow real-time PD screening 

from anywhere. 

4. Improve Model Transparency: Implement Explainable AI (XAI) techniques to make AI decisions more 

understandable for doctors. 

5. Integrate into Healthcare Systems: Collaborate with hospitals and clinics to bring AI-assisted PD detection into real-

world medical practice. 
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5.6 Final Thoughts 

This study proves that deep learning is one of the powerful tool for PD detection, outperforming traditional machine 

learning models. The Voice Impairment Classifier (ANN) and VGFR Spectrogram Detector (CNN) achieved state-of-the-

art accuracy, showing that AI can revolutionize early PD diagnosis. 

However, to fully realize its potential, we need to tackle challenges like data diversity, real-world testing, and AI 

explainability. With multi-modal AI,  mobile  applications,  and  healthcare  integration, we can move toward a future 

where early, accessible, and affordable PD detection is available to everyone. 
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