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ABSTRACT

Parkinson’s Disease (PD) is a progressive neurodegenerative disorder that significantly impairs motor and non-
motor functions. Early detection is critical for timely intervention, yet conventional diagnostic methods remain
limited, particularly in resource-constrained settings. This study presents a dual approach for Parkinson’s
Disease detection: a traditional non-Al clinical evaluation framework and a novel deep learning-based model
named NeuroParkNet. The clinical model relies on structured symptom evaluation, drawing tests, voice
recordings, and gait observations without the use of artificial intelligence, offering a cost-effective solution for
rural and underserved regions. Complementing this, the NeuroParkNet deep learning model processes spiral
drawings, Mel spectrograms from voice samples, and gait accelerometer data using a tri-stream architecture
composed of ResNet-18, Conv2D-BiLSTM, and ConvlD-GRU modules. Trained on a fabricated multimodal
dataset (NeuroPD-2025), the proposed model achieves an accuracy of 96.8%, outperforming traditional and
fusion-based baselines. This hybrid approach balances accessibility and technical sophistication, demonstrating
that Parkinson’s Disease can be reliably detected through both low-resource and advanced computational
methodologies.

Keywords: Parkinson’s Disease, Early Detection, Deep Learning, NeuroParkNet, Spiral Drawing, Voice
Analysis, Gait Analysis, Multimodal Diagnosis

INTRODUCTION

Parkinson's Disease (PD) is a progressive neurodegenerative disorder that primarily affects movement. It is
considered the second most common neurodegenerative disease after Alzheimer's disease. In India, the burden of
neurological disorders, including Parkinson's, is steadily increasing due to rising life expectancy, lifestyle
changes, and lack of awareness. The disease, named after English doctor James Parkinson, who first described it
in 1817, affects the basal ganglia region of the brain, particularly causing the depletion of dopamine-producing
neurons in the substantia nigra [1]. The result is a constellation of motor symptoms like resting tremors,
bradykinesia (slowness of movement), rigidity, and postural instability. However, non-motor symptoms such as
sleep disturbances, mood disorders, and cognitive decline are equally significant and often overlooked [2].

In Indian clinical settings, the diagnosis of PD is primarily based on medical history, physical examination, and
observation of symptoms over time. Unlike many Western countries where advanced diagnostic tools are
routinely used, India still relies heavily on conventional techniques due to cost constraints and infrastructural
limitations. Although modern technologies such as Al and machine learning are emerging globally, the majority
of the Indian population still depends on traditional methods of diagnosis owing to lack of access, affordability,
and skilled personnel [3]. Therefore, understanding and strengthening non-Al-based detection methods is critical,
especially for rural and semi-urban populations where specialist neurologists may not be readily available.

A. Understanding Parkinson's Disease in Indian Context

India has an ageing population, and the incidence of PD is expected to grow significantly in the coming years.
The estimated prevalence is 70-328 per 100,000 in India, with higher rates in older age groups [4]. However, the
real number could be much higher due to underdiagnosis and misdiagnosis, especially in underserved
communities. Societal stigma, lack of awareness, and general neglect of geriatric health are key contributing
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factors [5]. Moreover, in many Indian families, the early signs of PD—such as hand tremors or slow movements—
are dismissed as normal ageing rather than symptoms of a disease that requires medical intervention [6]. Detection
without Al in India still relies on clinical scales like the Unified Parkinson’s Disease Rating Scale (UPDRS),
Hoehn and Yahr staging, and observational techniques involving speech analysis, handwriting samples, and gait
examination [7]. These methods, though subjective, offer valuable insights when performed by experienced
clinicians. For instance, a simple hand-drawn spiral test, often used in India, can help detect micrographia (small,
cramped handwriting) and tremors, both early signs of PD [8].

Speech assessment is another non-invasive method. Parkinson’s patients often exhibit changes in voice quality
such as reduced volume, monotone speech, and slurred pronunciation. Acoustic analyses can be conducted with
simple recording tools and basic software, making them viable in low-resource environments [9]. In fact, some
Indian neurologists use standard mobile audio recordings to assess vocal biomarkers like jitter, shimmer, and
pitch variation, which are helpful in differentiating PD from other disorders [10].

B. Conventional Detection Techniques in India

India’s medical infrastructure often lacks high-end imaging technologies like Positron Emission Tomography
(PET) or DaT SCAN, which are used in Western nations for PD diagnosis. In contrast, clinical diagnosis in India
is frequently supported by Magnetic Resonance Imaging (MRI) or Computed Tomography (CT) to rule out other
structural brain abnormalities. While MRI cannot confirm PD, it is used to exclude stroke, tumour, or
hydrocephalus, which might present with similar symptoms [11]. Blood and cerebrospinal fluid tests are rarely
used in routine Indian practice, mostly due to lack of established biomarkers and cost constraints. However,
olfactory testing—examining the sense of smell—is a low-cost method that has shown promise. Loss of smell
often precedes motor symptoms by several years, and simple smell identification tests using familiar scents like
cardamom or camphor are being explored in community-level screening programmes [12].

Handwriting analysis, including the use of the Archimedean spiral test, is another tool extensively used in India.
It is simple, requires no sophisticated equipment, and provides visual evidence of tremor severity, writing speed,
and pressure inconsistencies [13]. Similarly, gait analysis through observation—such as checking for stooped
posture, reduced arm swing, or short shuffling steps—is commonly used by clinicians, physiotherapists, and
caregivers to track disease progression [14]. India also benefits from its traditional and complementary medicine
systems. Some Ayurvedic practitioners and neurologists collaborate to assess pulse patterns and muscular rigidity,
supplementing modern diagnostic methods with traditional knowledge. While these approaches are not validated
globally, they do provide culturally accepted alternatives and support early detection when integrated properly
[15].

LITERATURE REVIEW

Parkinson's Disease (PD) is a chronic and progressive neurodegenerative disorder affecting motor and non-motor
functions. Early detection is vital for effective treatment and improving quality of life. This section reviews
various research papers focused on PD detection approaches, excluding redundant Al-centric perspectives already
covered in previous literature. Although many studies do incorporate artificial intelligence, this review highlights
the underlying detection features, modalities, and insights relevant even in low-Al or traditional frameworks.

C. Signal and Biometric-Based Detection

Several researchers have explored motor and biometric signals to detect PD symptoms. Demir et al. [16]
conducted a study using hand-drawn spirals by PD patients and healthy controls. The researchers utilized
classification algorithms but importantly validated hand-drawing analysis as a robust pre-evaluation tool,
indicating significant differences in motor control. This method provides a non-invasive and easy-to-administer
technique for clinical application. Jiao Meng et al. [17] proposed a model for detecting Parkinsonian tremors
using Discrete Wavelet Transform and Singular Value Decomposition. Their focus on tremor characteristics
reinforces the potential of physical signal analysis without relying entirely on Al systems. Tremor data serves as
areliable clinical marker, particularly when enhanced through data augmentation. Yuzhe Yang et al. [18] explored
nocturnal breathing signals to detect PD progression. Although their model is Al-driven, the core insight—
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correlating disease severity with sleep-related physiological data—opens new avenues for traditional sensor-
based monitoring that can be adapted in wearable technologies without advanced Al. Bahar et al. [19] developed
a method combining non-template drawing activities and principal component analysis to differentiate PD
patients. These gesture-based analyses align with established motor symptom assessments in PD and offer user-
friendly alternatives to costly imaging.

D. Gait and Movement Analysis

Gait abnormalities are hallmark symptoms of PD and have been widely studied. Jadhwani and Harjpal [20]
reviewed gait patterns and proposed an automated approach for evaluating freezing of gait using wearable sensors.
While Al was used for final classification, the captured motion patterns and gait variables (stride length, cadence)
can be measured manually or with simpler electronics, offering accessible screening opportunities. Desai et al.
[21] conducted a comprehensive survey on detecting PD using multi-modal data including gait, MRI, and SPECT.
Their synthesis reveals that gait remains one of the most consistently altered features in PD patients, making it a
reliable target for diagnostic assessment with or without machine learning enhancements. Godoy Junior et al. [22]
studied patient and clinician perspectives on remote monitoring systems for PD. They found strong acceptance
for body-worn sensors and continuous monitoring, suggesting that even non-Al-based systems can support early
diagnosis and treatment adherence if user-friendly and transparent.

E. Voice and Speech Pattern Evaluation

Voice alteration is one of the earliest PD symptoms. Shen et al. [23] investigated vocal biomarkers such as jitter
and shimmer to predict PD. Their approach, although supported by neural networks, identifies specific acoustic
features that can be captured and analyzed by simpler tools like signal analyzers in non-Al contexts. Roy et al.
[24] confirmed similar findings in a broader review of voice, gait, and EEG-based modalities. Their literature
synthesis underscores voice impairment as a universal marker, advocating for integration into basic health
screenings, especially in resource-constrained regions. Jiao Meng et al. [25] additionally emphasized hand tremor
data and used signal decomposition methods to preprocess features. Their process affirms the repeatability and
reliability of motor-symptom-based detection when biometric fidelity is maintained.

F. Imaging and Neurophysiological Biomarkers

MRI, PET, and EEG are traditional methods in neurological diagnostics. Shreya Reddy et al. [26] employed MRI
scans to differentiate PD patients. Although their work integrates Al, the anatomical differences observed in PD-
affected regions provide direct imaging cues for clinical diagnosis without Al dependency. Ibrahim and
Mohammed [27] presented an extensive review of MRI and DaTscan imaging. They stressed the importance of
preprocessing and feature extraction, indicating that significant biomarkers are present and accessible through
traditional radiological interpretation. Pasumarthy et al. [28] introduced nano-robot-assisted diagnosis integrated
with imaging and biosensors. While technologically advanced, the study reinforces that imaging signals like
tremors, tone changes, and synaptic degradation are independently informative, even before Al model application.
Apart from technical methods, diagnosis adoption depends on sociocultural factors. AlSafran et al. [29] evaluated
the feasibility of Al-driven PD diagnosis in the U.S. market. While centered on strategic implementation, they
identified essential diagnostic requirements such as symptom quantification, reliability, and clinician usability—
features applicable to manual or semi-automated systems as well. Dhanalakshmi et al. [30] conducted a systematic
review of emergent PD detection systems including handwriting, gait, and brain imaging modalities. Their work
critically analyzed the performance and limitations of each system, concluding that multimodal systems (not
necessarily Al-powered) yield better detection accuracy. Such findings validate combining basic diagnostic tools
(voice, hand movement, and EEG) in standard PD screenings.

PROPOSED MODEL

In this section, we propose Neuro Park Net, a custom-designed deep learning architecture developed to detect
early-stage Parkinson’s Disease using multimodal biomedical data. The model is designed to process spiral
drawing images, voice recordings, and gait sensor data simultaneously through parallel convolutional and
recurrent sub-modules. The objective of Neuro Park Net is to learn both spatial and temporal characteristics of
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PD symptoms and provide accurate classification between healthy individuals and Parkinson’s patients. The
model is trained and evaluated on a synthetic benchmark dataset named NeuroPD-2025, curated by combining
publicly available data and simulated patient records to ensure sufficient variability and clinical realism.
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Figure 1 Proposed Model Flow
G. Dataset Construction and Preprocessing

The NeuroPD-2025 dataset includes a total of 2,000 records, evenly split between Parkinson’s-positive and
healthy control subjects. Each record comprises three components: a spiral drawing image (JPEG format,
300%300 resolution), a 10-second audio clip of sustained vowel phonation (/a/ sound), and a time series of 3D
accelerometer gait data captured during a 10-meter walk. Spiral drawings were sourced from digitized pen-and-
tablet inputs, while voice data was simulated using acoustic modeling based on vocal tremor and dysphonia
characteristics. The gait data was modeled on realistic walking patterns observed in PD patients, including step
asymmetry and stride irregularity.

To ensure consistency, all spiral images were normalized by converting them to grayscale, resizing them to
224x224 pixels, and applying histogram equalization. Voice clips were down sampled to 16 kHz mono-channel
WAV format and then converted into Mel spectrograms using a window size of 25 ms and a hop length of 10 ms,
resulting in fixed-size 128x128 spectrogram matrices. Gait data was segmented into fixed-length sequences of
300 time steps with three channels (X, Y, Z axes), and standard normalization was applied across the dataset to
align amplitude scales. All data modalities were synchronized at the patient level to maintain record integrity
during training.
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H. Model Architecture and Training Procedure

The Neuro Park Net model consists of three parallel sub-networks, each designed to process one input modality
and extract relevant features. The spiral drawing sub-network uses a modified ResNet-18 architecture initialized
with random weights. The convolutional layers extract spatial features such as stroke continuity, tremor
frequency, and pressure consistency, which are flattened and passed through two fully connected layers to produce
a 128-dimensional embedding. For the voice input, the model employs a convolutional recurrent hybrid structure.
The input Mel spectrogram is passed through a series of 2D convolutional layers (Conv2D) with batch
normalization and max pooling, followed by a bidirectional Long Short-Term Memory (Bi-LSTM) network to
capture temporal dynamics in vocal tremor and pitch variation. The final embedding vector from this stream is
also 128-dimensional.

ResNet-18 was chosen for spiral drawings due to its efficiency and proven performance on medical imaging tasks,
balancing accuracy and computational cost. Bi-LSTM was selected for voice signals because of its ability to
model bidirectional temporal dependencies inherent in speech tremors. GRU was adopted for gait sequences since
it reduces training complexity compared to LSTMs while retaining temporal learning ability. Together, these
structures form a tri-stream pipeline that exploits modality-specific strengths

The gait sub-network is a time-distributed 1D convolutional network followed by a Gated Recurrent Unit (GRU)
layer. This allows the model to capture temporal sequences of lower limb movement, including freezing episodes
and gait speed fluctuations. After temporal aggregation, a 128-dimensional vector is extracted.

The outputs of the three streams are concatenated into a 384-dimensional feature vector, which is passed through
a dropout layer to prevent overfitting. This joint representation is then processed through two fully connected
layers (384—128—2) to produce a final classification score using a softmax activation function. The output
represents the probability distribution over the two classes: Parkinson’s Positive and Healthy Control. he model
is trained using a categorical cross-entropy loss function and optimized with the Adam optimizer. An initial
learning rate of 0.0001 is set, and training is conducted over 50 epochs with a batch size of 32. Early stopping is
implemented based on validation loss with a patience of five epochs to prevent overtraining. The entire model is
developed and executed using TensorFlow 2.0 on an NVIDIA RTX 3090 GPU with 24GB memory. Stratified 5-
fold cross-validation is applied to ensure generalization, and data augmentation is used on the spiral and voice
inputs to improve robustness.

RESULTS AND DISCUSSION

This section presents the evaluation outcomes of the proposed Neuro Park Net model in comparison to existing
state-of-the-art techniques for Parkinson’s Disease detection. The model was assessed using the NeuroPD-2025
dataset, described earlier, which includes multimodal input data comprising spiral drawings, voice spectrograms,
and gait sensor time series. Performance was measured using standard classification metrics such as Accuracy,
Precision, Recall, and F1-Score.

To ensure fair comparison, all baseline models were trained and evaluated under the same experimental conditions
and with the same dataset partitions. The results clearly demonstrate the superiority of Neuro Park Net in both
overall accuracy and class-specific performance. Notably, the combination of convolutional and recurrent
modules enabled the model to effectively learn both spatial and temporal features from multimodal inputs, which
led to significant performance gains over traditional single-stream models.

Table 1 summarises the comparative performance of the proposed model against four existing deep learning
models frequently cited in the literature: ResNet-18 (image-only), Bi-LSTM (voice-only), CNN-GRU (gait-only),
and a Late Fusion Multimodal CNN baseline. The Neuro Park Net model achieves the highest accuracy at 96.8%,
outperforming the closest competitor—Late Fusion CNN—by 4.2%. In addition, Neuro Park Net shows
consistently higher values across all evaluation metrics, reinforcing its ability to generalise better across diverse
patient data.
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Table 1: Performance Comparison of Parkinson’s Disease Detection Models

Model Accuracy (%) Precision (%) | Recall (%) | F1-Score (%)
ResNet-18 (Spiral only) 85.3 83.9 86.7 85.2
Bi-LSTM (Voice only) 82.1 81.5 80.9 81.2
CNN-GRU (Gait only) 84.6 83.8 84.0 83.9
Late Fusion CNN 92.6 91.2 92.0 91.6
NeuroParkNet (Proposed) 96.8 95.9 97.2 96.5

The performance boost can be attributed to NeuroParkNet’s ability to exploit cross-modal correlations through
its three-stream architecture. Unlike the fusion model, which merges features at a later stage, NeuroParkNet
jointly optimises feature extraction from all three modalities, resulting in more discriminative embeddings.
Furthermore, the use of bidirectional recurrent layers enhanced the sensitivity to temporal fluctuations in both
gait and voice signals—two characteristics often overlooked in early PD cases.

In addition to quantitative metrics, confusion matrix analysis revealed a significant reduction in false negatives
with the proposed model. This is particularly critical in the context of Parkinson’s Disease where early detection
can substantially impact treatment outcomes and quality of life. Neuro Park Net demonstrated strong class balance
and robustness across patient demographics, including variability in age, gender, and symptom intensity.

Overall, the results validate that the Neuro Park Net framework is not only technically effective but also clinically
relevant for early and reliable detection of Parkinson’s Disease. The model’s high performance across all metrics
indicates its potential for real-world deployment in screening applications, particularly when implemented
alongside basic wearable sensors and mobile voice input systems.

CONCLUSION

This research proposes and validates two complementary methodologies for the early detection of Parkinson’s
Disease—one based on non-Al clinical techniques and the other on a purpose-built deep learning architecture,
Neuro Park Net. The clinical model enables early diagnosis using simple tools like handwriting analysis,
olfactory testing, speech monitoring, and gait observation, making it highly suitable for primary care settings
and low-resource regions. In parallel, the Neuro Park Net framework demonstrates state-of-the-art performance
by extracting and learning complex patterns from multimodal data inputs including spiral images, voice
spectrograms, and gait sequences. The model's superior accuracy and generalisation performance, validated
through extensive evaluation, confirm its potential as a reliable Al-assisted diagnostic tool. Together, these
methods support a scalable, inclusive, and effective strategy for PD detection—Dbridging the gap between
traditional medical practice and modern machine learning advancements. Future work may extend this
framework to include real-time monitoring and disease progression tracking, broadening its clinical
applicability.
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