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Abstract. Parkinson’s disease (PD) is a progressive neurodegenerative disorder 

that affects both motor function and cognitive ability, leading to symptoms such 

as tremors, rigidity, bradykinesia, and cognitive decline. Early and accurate 

diagnosis is essential for effective intervention and to slow disease progression. 

However, conventional diagnostic methods are often subjective, reliant on 

clinical observation, and prone to variability between practitioners. In recent 

years, deep learning (DL) has emerged as a transformative tool in medical 

imaging and pattern recognition, offering promising results in the automated 

detection of PD. Specifically, Convolutional Neural Networks (CNNs) have 

demonstrated superior performance in analyzing diverse data modalities, 

including voice recordings, gait dynamics, handwriting samples, and 

neuroimaging scans such as MRI and PET. This review provides an overview of 

recent developments in CNN-based approaches for PD detection, highlighting 

their advantages over traditional methods. Furthermore, it critically examines key 

challenges such as data heterogeneity, limited dataset availability, computational 

constraints, and ethical considerations related to patient data privacy and 

algorithmic transparency. By addressing these limitations, the paper proposes a 

roadmap for future research and deployment of DL-based diagnostic systems 

aimed at improving the reliability and accessibility of PD detection in clinical 

practice. 

Keywords: Deep Learning, Recent Advances, Convolutional Neural Networks, 

Parkinson’s disease. 

1 Introduction 

Parkinson’s disease (PD) is a progressive neurodegenerative disorder characterized by 

the gradual worsening of both motor and non-motor symptoms over the years [1]. Mo-

tor impairments is from degeneration of dopaminergic neurons in the substantia nigra 

of the midbrain leading to clinical features such as bradykinesia, rigidity, resting trem-

ors, and postural instability [2]. Non-motor symptoms, including cognitive impairment, 

sleep disturbances, and olfactory dysfunction, have also been reported as early mani-

festations of PD [3]. 

  
Finding these diseases early can encourage people to make healthier lifestyle choices, 

diet choices, and daily activities. So when it comes to disease, early detection increases 
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the likelihood of effective intervention while reducing the risk of serious complications. 

The same goes for chronic illnesses, where early diagnosis makes it more manageable 

and controllable, leading to better long-term outcomes. It challenges patients to engage 

in health-promoting behaviors, adhere to prevention measures, and collaborate with 

medical providers to create personalized and effective treatment approaches. In the end, 

early detection is vital to improving quality of life and lessening total disease burden 

[4]. However, fast and accurate diagnosis of PD remains a challenge due to the reliance 

on conventional diagnostic methods, which are often subjective, time-consuming, and 

prone to human error [5]. Due to the lack of definitive biomarkers, this further compli-

cates early detection, as clinical assessments remain the primary diagnostic approach 

[6].  

With the recent advancements in artificial intelligence (AI), particularly Machine 

Learning (ML) and DL, have shown promise in improving PD detection through the 

analysis of multimodal data sources, including medical imaging, speech recordings, 

handwriting patterns, and sensor-based gait assessments [7]. These would facilitate bet-

ter disease management, with the introduction of automated processing of real-time 

data sets [8]. 

DL as a subcategory of ML (as shown in fig. 1) has been tremendously successful in 

medical fields, including disease diagnosis and prognosis [9]. DL-based Convolutional 

Neural Networks (CNNs) have been widely employed in medical imaging modalities 

such as magnetic resonance imaging (MRI) and positron emission tomography (PET) 

for the identification of PD-related structural and functional brain abnormalities [10]. 

Similarly, Voice-based biomarkers have been extensively researched for early PD iden-

tification as impairment in speech typically sets in before obvious motor symptoms 

[11]. These methods have made PD diagnosis and discrimination from other movement 

disorders more accurate [12]. 

Deep neural network-based approaches, including CNNs and autoencoders, have been 

utilized to learn features from speech signals and diagnose PD with satisfactory accu-

racy [13]. Furthermore, sensor-based approaches in which wearable technology records 

gait and tremor patterns have been supported by transfer and hybrid approaches in DL 

[14]. These advancements suggest that integration of multiple sources of information 

by DL frameworks could significantly enhance early PD identification [15]. Because 

PD symptoms are multifaceted in nature, researchers have studied multimodal ap-

proaches based on various data modalities such as speech, handwriting, gait, and neu-

roimaging [16]. The study by [17] introduced a multimodal framework that integrates 

handwriting and speech data, achieving higher diagnostic accuracy than models relying 

on a single modality. By leveraging complementary information from multiple data 

sources, the proposed approach enhances model robustness and offers a more compre-

hensive understanding of Parkinson’s disease progression. 

In recent years, Deep learning has led to increasingly complex architectures for PD 

detection. CNNs have proven effective in analyzing both medical images and handwrit-

ing samples. Another study by [18], developed a CNN-based model for detecting PD 

from handwritten sketches, achieving high classification accuracy. Similarly, a study 

by [19], introduced an LSTM-based system that efficiently detected PD-related speech 

disorders, outperforming traditional classifiers. 
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Fig. 1. Hierarchy of Artificial Intelligence 

Overall, deep learning, particularly CNN, has emerged as a powerful tool for PD de-

tection, offering higher accuracy and efficiency in processing multimodal data sources 

compared to traditional machine learning models [20].  

Despite such promising developments, there remain challenges in implementing DL-

based PD detection systems in clinical practice. One of the key challenges lies in the 

need for abundant amounts of good-quality data to train powerful models and obtain 

generalizability across various populations [21]. However, explainability and interpret-

ability of DL models are also essential for clinical adoption and regulatory approval 

[22]. Ethical concerns, such as patient privacy and potential algorithmic biases, must 

also be addressed to ensure fairness in healthcare applications [23].  

This study provides a comprehensive review of recent advancements in the CNN ap-

proach for PD detection. It examines the strengths and limitations of various deep learn-

ing models and challenges in clinical implementation. Additionally, the review dis-

cusses multimodal data integration and future research directions to further enhance the 

accuracy and reliability of PD detection. 

The structure of the review is as follows: Section 2. Explain the methodology of the 

review. Section 3: Shows literature review. Section 4: Discuss proposed Deep learning 

models (CNN). Section 5: presents Challenges and Limitations in Existing Studies. 

Section 6 discusses Future Directions and Finally, Conclusion. 

2 Literature Review 

Recent advances in Parkinson’s Disease (PD) detection using machine learning and 

deep learning span across various domains including speech analysis, ensemble learn-

ing, multimodal approaches, medical imaging, and data handling techniques. 
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2.1 Speech-Based Detection Methods 

Speech impairment is the first sign of PD and consequently serves as an excellent bi-

omarker for diagnosis. Di Cesare et al. [24] investigated ML-based speech analysis for 

PD early diagnosis. They employed feature extraction techniques such as MEL Fre-

quency Cepstral Coefficients (MFCCs) and Gammatone Frequency Cepstral Coeffi-

cient (GTCCs) and demonstrated that such features can detect PD-related speech im-

pairment at early stage using mobile phone recording. Daniel et al. [25] also investi-

gated the influence of deep learning (DL) models on PD detection based on speech. 

They demonstrated that the incorporation of Convolutional Neural Networks (CNNs) 

along with Bidirectional Long Short-Term Memory (BiLSTM) networks improved the 

classifier accuracy up to 93.2%. These findings demonstrate that non-invasive diagno-

sis techniques such as voice analysis can achieve accurate PD detection at low costs 

and without the use of expensive clinical tests. 

2.2 Ensemble and Hybrid Models 

Ensemble learning has been increasingly used to improve PD diagnosis. Dixit et al. [26] 

examined the use of ML classifier and DL in PD diagnosis and demonstrated how en-

semble models outperformed traditional classifiers. They compared ANN, SVM, and 

RF and demonstrated that a superior ANN model had an accuracy higher than tradi-

tional classifiers. 

Sharma et al. [27] proposed a stacked ensemble approach utilizing Extreme Gradient 

Boosting (XGBoost), Decision Trees (DT), and k-Nearest Neighbors (KNN). Their 

work achieved a 96% rate of sensitivity and reduced false positive rates. This work 

emphasizes the role of DL in improving the accuracy of diagnosis and reducing risks 

of misclassification in PD identification. 

2.3 Multimodal and Sensor-Based Approaches 

A growing body of research has focused on integrating multiple data modalities to im-

prove diagnostic reliability. Dhivyaa et al. [28] analyzed the role of clinical data, neu-

roimaging, EEG, gait analysis, and handwritten samples in PD detection, highlighting 

the power of multimodal integration. It considers several neuroimaging measures and 

their capacity for detecting anatomical and functional changes within the brain related 

to Parkinson's disease. 

The study highlights how AI-based systems have the potential to revolutionize the di-

agnosis of PD, with a view to providing better, more accurate, and earlier medical in-

terventions, through state-of-the-art AI algorithms and multimodal data sources. 

Borzì et al. [29] developed a wearable sensor-based approach to quantify axial impair-

ment in PD patients. They monitored gait and postural instability and predicted postural 

instability/gait difficulty (PIGD) with a single inertial sensor. The findings suggest that 

unobtrusive sensors can enable remote PD monitoring and present clinicians with val-

uable medical indices for assessment. 
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Similarly, Varghese et al. [30] introduced a multimodal PD detection using Parkinson’s 

Disease Smartwatch (PADS) dataset with movement disorder data and clinical annota-

tions.  

Their Machine Learning (ML) model based on the incorporation of traditional signal 

processing and deep learning (DL) achieved an accuracy of 91.16% in distinguishing 

between PD patients and healthy controls. This work highlights the rising role of wear-

able technology in personalized health care. 

2.4 Medical Imaging and CNN Applications 

Medical imaging continues to be a robust modality for PD detection. Zhang et al. [3] 

utilized ResNet-50 on DaTSCAN images, reaching a classification accuracy of 91.5%. 

Wang et al. [31] demonstrated improved specificity using SE-ResNeXt50 on MRI data. 

These CNN-based approaches are effective in learning spatial features, reducing the 

need for manual feature engineering. 

2.5 Data Challenges and Augmentation 

Data scarcity and imbalance remain major limitations in PD research. Martinez et al. 

[32] addressed these issues using data augmentation and transfer learning techniques. 

Saravanan et al. [33] applied the SMOTE technique to balance voice-based datasets, 

leading to enhanced classifier performance. These studies underscore the importance 

of data preprocessing in ensuring model generalizability and reliability. Their feedfor-

ward neural network model optimized by randomized search cross-validation had im-

proved classification accuracy. This study illustrates the requirement of data augmen-

tation in balancing imbalanced datasets in PD diagnosis. 

Overall, the literature reveals a growing shift toward deep learning, multimodal inte-

gration, and real-time wearable systems to enhance early PD diagnosis. Future studies 

should focus on improving model explainability, generalization across diverse popula-

tions, and ethical deployment in clinical settings.  

Table 1 summarizes recent research efforts on Parkinson’s disease detection using deep 

learning approaches. The table includes key studies that leveraged different data mo-

dalities such as speech, handwriting, sensor data, and medical imaging. Among the 

listed works, ensemble methods and CNN architectures frequently demonstrated high 

classification accuracy, with some reaching over 91% in distinguishing Parkinson’s pa-

tients from healthy individuals. This demonstrates the growing reliability of DL-based 

methods. However, not all studies report complete performance metrics, and some use 

unspecified or proprietary datasets, which may affect reproducibility. 

A comparative summary of the reviewed studies, including data types, models used, 

and reported accuracies, is presented in Table 1. 



  

DL 
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Table 1. A comparative summary of the reviewed studies of PD detection based on 

Ref. Focus Dataset Models Used Accuracy (%) 

[24] Speech-based PD diagnosis Speech dataset MFCCs, GTCCs 92.3 

[25] Deep learning for PD detec- Speech dataset CNN, BiLSTM 93.2 

[26] Hybrid ML models for PD 

detection 

tion from speech 

Multiple PD datasets ANN, SVM, RF Higher Accuracy

[27] Stacked ensemble for PD Multiple PD datasets XGBoost, DT, KNN 96 

[28] Multimodal approaches in 

PD detection 

classification 

Clinical, neuroimaging

sensor datasets 

 Multiple computational   

models 

,   Not specified   

[29] Wearable technology for 

PD detection 

Wearable sensor da-

taset 

Traditional signal pro-

cessing, Regression Models 

Not specified 

[30] Multimodal PD detection PADS dataset ML, DL 91.16 

[3] CNN-based PD detection DaTSCAN dataset ResNet-50 91.5 

[32] CNN-based PD detection 

from DaTSCAN images 

MRI dataset SE-ResNeXt50 Not specified 

[33] SMOTE for dataset balanc-

ing in PD detection 

from MRI 

Various PD datasets CNN with transfer learn-

ing 

Not specified 

3 Methodology of the review 

This review followed a systematic approach to identify and evaluate relevant studies 

on the application of deep learning techniques in the detection of Parkinson’s Disease. 

A comprehensive search was conducted across multiple scientific databases, including 

PubMed, IEEE Xplore, Scopus, ScienceDirect, and Google Scholar. The search strat-

egy involved a combination of keywords and Boolean operators, such as “Parkinson’s 

Disease,” “deep learning,” “convolutional neural networks,” “medical imaging,” 

“speech analysis,” and “multimodal diagnosis.” The review focused on studies pub-

lished between 2020 and 2024. Only peer-reviewed journal articles and high-quality 

conference papers that explicitly employed deep learning models for Parkinson’s Dis-

ease detection were considered. Exclusion criteria included non-English publications, 

articles lacking full methodological detail, and studies that did not primarily focus on 

Parkinson’s-related detection or used traditional machine learning methods without 

deep learning integration. Following an initial screening and quality assessment, a cu-

rated set of studies was selected to ensure a focused, current, and critical overview of 

recent advancements and ongoing challenges in this domain. 
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4 State-of-Art Deep Learning Models 

Deep learning models have been widely utilized for classification, clustering, and re-

gression tasks, enabling the extraction of high-level features and enhancing the accu-

racy of Parkinson’s disease (PD) detection. These models have a more complex archi-

tecture compared to traditional machine learning models, requiring greater computa-

tional resources and larger training datasets. This complexity also supports improved 

hyperparameter tuning and data augmentation [4]. In this review, we explore the deep 

learning models that have been previously applied to PD detection, along with their 

corresponding architectures, as outlined below: 

A. Convolution Neural Networks 

Convolutional Neural Networks (CNNs) are supervised deep learning models that were 

originally introduced by LeCun et al. in the year 1998 [34]. They have found numerous 

applications in the field of computer vision, image processing, natural language pro-

cessing or NLP, and disease diagnosis. CNNs have three layers: convolutional layers, 

pooling layers, and fully connected layers. 

The first layer, the convolutional layer, employs multiple filters on the input data to 

extract the important features such as the pattern in the images of the brain. The second 

layer, the pooling layer, reduces the feature maps by employing multiple techniques of 

pooling and therefore reducing the computational complexity while maintaining the 

important information. The third layer, the fully connected layer, flattens the two-di-

mensional feature maps into one-dimensional vector that will be used for classification 

in order to detect if the image indicates the presence of any disease. (See Fig. 2). 

The CNNs have been extensively applied in medical imaging for PD detection from 

MRI, fMRI, and DaTSCAN images Lee et al. [22]. CNNs automatically learn spatial 

features, depending less on manual feature engineering. 

 

Fig. 2. CNN Architecture. 
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Figure 3. Graphing the comparison between the accuracy of ML models and CNNs for 

the detection of Parkinson’s disease would typically have CNNs outperforming tradi-

tional ML models. CNNs achieve this because they learn significant features from un-

processed data, particularly in image and speech processing, with less need for feature 

engineering. While ML models rely on feature engineering by humans, CNNs learn 

spatial and temporal structures efficiently, leading to improved accuracy and resilience 

in complex medical diagnosis. 
 

 

Fig. 3. Comparison of Deep Learning and Machine Learning for PD detection. 

5 Challenges and Limitations in Existing Studies 

Though significant advances have been made, deep learning-based PD detection also 

faces some challenges. One of the biggest challenges for deep learning-based PD de-

tection is the limited availability of data or data heterogeneity, as the learned models on 

one data set do not generalize on external data due to variations in patient demographics 

and data acquisition [35]. Brumm et al. [36] use public datasets like Parkinson’s Pro-

gression Markers Initiative (PPMI) datasets containing valuable information but are 

small-scale, unbalanced, and lack diversified patient representation. Computational 

limitations also limit the use of DL models in the clinical setting and necessitate the 

creation of lightweight architectures. Another challenge as Deep learning models are 

black-box models that are difficult to implement clinically. Physicians require explain-

able AI models that provide insights on why the model is making the prediction of PD 

as Islam et al. [37], use Explainable AI (XAI) methods like Shapley Additive Explana-

tions (SHAP) to interpret clinical assessment of the model with higher accuracy. 

While deep learning models are accurate in laboratory experiments, it is again difficult 

to apply the models to real-world clinical scenarios. Some of the challenges include 
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privacy concerns, regulatory approvals, and the need to process in real-time on weara-

bles Gomez et al. [38]. Recent studies point to federated learning as the approach to 

train models in the absence of central data collection to alleviate privacy issues Ap-

pineni et al. [39]. Ethical concerns of data privacy, model interpretability, and bias have 

to be resolved in order to enable widespread adoption of AI-based PD diagnostics Itai 

et al. [40]. 

6 Future Directions 

To improve PD detection in the future, the following issues need to be addressed in 

follow-up studies: Creating explainable AI (XAI) techniques for model transparency, 

and Enhancing diversity in the data to make it globally applicable. Likewise Exploring 

data augmentation and synthetic data generation through GANs Ahmed et al. [17]. 

Deep learning revolutionized PD detection with impressive accuracy and efficiency 

gains using powerful architectures such as transformers, federated learning, and self-

supervised learning, researchers can enhance early diagnosis and disease management. 

However, there are challenges in data, computation, and ethics to overcome in order to 

facilitate broadened clinical application. 

Deep learning has shown immense promise in the detection of Parkinson’s disease, and 

CNN model achieved high state-of-the-art performance. However, challenges include 

data availability, model interpretability, and clinical deployment. Future research needs 

to focus on multimodal fusion, privacy-preserving AI, and real-time deep-learning 

methods to improve PD diagnosis. 

7 Conclusion 

This review has systematically examined recent advancements in the application of 

deep learning, particularly Convolutional Neural Networks (CNNs), for the detection 

of Parkinson’s Disease (PD) across diverse data modalities, including speech, hand-

writing, gait, and medical imaging. The comparative analysis of existing models under-

scores the increasing efficacy of deep learning, with a growing emphasis on multimodal 

and ensemble-based frameworks for early and accurate PD diagnosis. 

The integration of heterogeneous data sources, such as clinical signals, sensor data, and 

neuroimaging, has demonstrated improved diagnostic precision, particularly in captur-

ing the complex motor and non-motor manifestations of PD. This reflects a notable 

shift in current research from unimodal classification systems toward more comprehen-

sive and context-aware architectures. 

However, several challenges persist. These include limited availability of large-scale, 

well-annotated datasets, variations in data acquisition protocols, and the black-box na-

ture of many deep learning models, which raises concerns regarding clinical interpret-

ability and trust. Addressing these issues is critical for the development of reliable, ex-

plainable, and generalizable AI systems suitable for clinical deployment. 

This study serves as a consolidated reference for researchers and clinicians, offering 

insights into model performance, current trends, and future directions. Further work 
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should prioritize the development of standardized benchmarking frameworks, cross-

center validation, and interpretable AI models to facilitate real-world adoption of deep 

learning in PD diagnosis and monitoring. 
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