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 Abstract-Parkinson's disease (PD) significantly impairs 

gait dynamics, making accurate diagnosis challenging 

through traditional   clinical assessments like the Unified 

Parkinson's Disease Rating Scale (UPDRS), which suffer 

from subjectivity and time complexity. Existing systems 

utilize decomposition techniques— Empirical Mode 

Decomposition (EMD), Empirical Wavelet Transform 

(EWT), and Variational Mode Decomposition (VMD)— 

applied to PhysioNet gait signals from vertical ground 

reaction force (VGRF) sensors, followed by statistical 

feature extraction (mean, min, max, skewness, kurtosis) 

and classification via machine learning (SVM, DT, 

KNN, ANN) and deep learning (LSTM, BiLSTM, 1D-

CNN) models. The VMD-1D-CNN combination 

achieves good accuracy, sensitivity, and specificity. 

However, limitations include EMD's modal mixing and 

noise sensitivity, EWT's boundary detection issues 

leading to slower processing, VMD-1D-CNN's high 

computational cost and memory usage unsuitable for 

real-time clinical deployment, and lack of focus on early 

PD detection.The proposed system addresses these by 

optimizing VMD hyperparameters (α=2000, K=3), 

integrating advanced feature refinement, and deploying 

lightweight 1D-CNN architectures with efficient 

optimizers (Adam, ReLU) for real-time processing. 

Benefits encompass enhanced early PD detection, 

reduced computational complexity for wearable 

deployment, improved robustness across diverse gait 

datasets, and superior generalizability, enabling precise, 

non-invasive clinical screening with minimal latency.  

Keywords: Parkinson's disease, generalizability,  

Empirical  Mode  Decomposition  (EMD),  

Empirical Wavelet Transform (EWT), Variational Mode 

Decomposition (VMD),  

PhysioNet gait signals.  

   

I. INTRODUCTION  

The Unified Parkinson's Disease Rating Scale is a 

clinical test that is subjective and time-consuming and 

can be a poor indicator of gait problems in Parkinson's 

disease patients. Existing systems use decomposition 

methods (Empirical Mode Decomposition, Empirical 

Wavelet Transform, Variational Mode Decomposition) 

on PhysioNet gait signals from vertical ground reaction 

force sensors followed by statistical feature extraction 

(mean, min, max, skewness, kurtosis) and classification 

using machine learning and deep learning (LSTM, 

BiLSTM, 1D-CNN) models. The combination of VMD 
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and 1D-CNN shows good accuracy, sensitivity, and 

specificity; however, EMD can suffer from modal 

mixing and noise sensitivity, EWT can have boundary 

detection problems, and VMD-1D-CNN can have a high 

computational cost and memory usage that may be too 

high for real-time clinical deployment as well as a lack 

of focus on early PD detection. The proposed system 

addresses these issues by optimizing VMD 

hyperparameters (α=2000, K=3), integrating advanced 

feature refinement, and deploying lightweight 1D-CNN 

architectures with efficient optimizers for real-time 

processing. Advantages include improved early PD 

detection, reduced computational complexity for 

wearable deployment, increased robustness across 

different gait datasets, and better generalizability, all of 

which can make for more precise, non-invasive clinical 

screening with low latency [1]. A novel framework that 

uses an optimized Variational Mode Decomposition 

coupled with a 1D  

Convolutional Neural Network for real-time and early 

detection of Parkinson's Disease from gait dynamics is 

proposed and can overcome the limitations of existing 

diagnostic approaches [2].   

In particular, the framework uses carefully optimized 

VMD parameters to accurately decompose complex gait 

signals into intrinsic mode functions, which can isolate 

the subtle pathological changes that are characteristic of 

early-stage PD, and then feed the decomposed data into 

a lightweight 1D-CNN architecture that is optimized for 

fast processing with minimal computational overhead, 

which is well-suited for deployment on wearable devices 

in real-time clinical environments [3], [4], [5], [6]. The 

use of deep learning techniques, in particular, avoids 

manual feature extraction and instead learns the salient 

gait features that are necessary for accurate classification 

and early detection of PD [7].  A. Background and 

Related Work  

Several previous studies have investigated machine 

learning and deep learning approaches for gait disorder 

classification using spatiotemporal parameters or Inertial 

Measurement Unit (IMU)derived features [8], including 

Support Vector Machines and Artificial Neural 

Networks, which typically fail to account for the 

dynamic and individualized nature of gait, particularly 

for discriminating early pathological deviations from 

normal variations [7], [9]. Recent advancements in deep 

learning, such as Convolutional Neural Networks 

(CNNs), have shown potential for automatically 

extracting hierarchical features from raw sensor data, 

which can be a more objective and quantitative method 

for evaluating PD progression and early detection [10]. 

1D-CNNs are suitable for processing sequential data like 

gait signals, as they perform local pattern recognition 

through convolution operations while maintaining 

temporal dependencies [6]. By incorporating optimized 

decomposition techniques like VMD, this architecture 

can isolate and analyze the subtle, non-linear dynamics 

within gait signals that are often characteristic of early-

stage neurological conditions like PD [6].   

B. Parkinson's Disease and Gait Impairment  

Gait abnormalities are a major and early symptom of PD, 

and gait analysis plays a crucial role in diagnosis and 

monitoring disease progression [6]. These impairments, 

which are characterized by diminished stride length, 

shuffling steps, and reduced arm swing, are typically 

subtle in the early stages of PD and require highly 

sensitive and precise analytical tools for detection [11]. 

Advanced signal processing and machine learning 

techniques are required to quantify these subtle changes 

[12], and a univariate approach used to describe gait 

impairment is insufficient to fully describe the complex 

interplay of multiple gait characteristics that are affected 

in PD [13].   

C. Traditional Clinical Assessment Methods  

While traditional clinical assessments such as the Unified 

Parkinson's Disease Rating Scale are widely used, they 

are inherently subjective and exhibit high inter-rater 

variability, and they typically rely on motor symptoms 

that appear later in the disease process [14], while 

intelligent gait analysis algorithms are being developed 

to deliver objective and quantitative assessments [7] and 

potentially help clinicians in the diagnostic process [7] 

and improve prognosis of persons with disabilities [16]. 

As early detection of neurodegenerative diseases is 

essential for timely management and improved patient 

outcomes, but often faces challenges due to insidious 

onset and often subjective nature of initial symptoms 

[17], there is a need for objective, quantitative, and 

accessible diagnostic tools that can detect Parkinson's 

Disease during the prodromal stage before the 

appearance of overt motor symptoms [17]. Since the 

cardinal signs of PD have a significant impact on quality 

of life, early detection by objective measures is essential 

[6].  D. Decomposition Techniques for Gait Signals  

Decomposition techniques are particularly useful in 

isolating underlying physiological processes from noise 

and artifacts in gait signals, and they have proven 

effective in extracting subtle pathological markers from 

gait signals by decomposing complex signals into 
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simpler, more analyzable intrinsic modes or frequency 

bands [15], [18]. In particular, VMD has been found to 

outperform other decomposition techniques in separating 

non-stationary gait signals into their constituent intrinsic 

mode functions while reducing mode mixing [19], [20], 

which allows for more accurate feature extraction and 

classification of subtle gait impairments associated with 

earlystage Parkinson's disease [1].   

  

II.  LIMITATIONS  OF  EXISTING 

APPROACHES  

Early investigations into gait-based Parkinson’s Disease 

(PD) detection primarily relied on classical machine 

learning using handcrafted spatiotemporal features.  

A Deep 1D Convolutional Network for PD detection 

from gait signals that performed well for severity 

prediction was proposed in Maâchi et al. (2019), 

however, the study was based on relatively deep 

architectures that would incur high computational cost, 

and therefore, limit real-time wearable deployment. 

Fernandes et al. (2021) investigated gait time-series to 

differentiate idiopathic PD from vascular parkinsonism, 

showing the discriminative potential of temporal gait 

dynamics, but still requiring manual feature engineering 

and limiting dataset diversity. Veeraragavan et al. 

(2020) used ground reaction force signals with neural 

networks for PD severity assessment, but classification 

performance did not address interpretability and 

generalization across heterogeneous cohorts.   

A CNN-GRU-GNN framework for early PD detection 

using wearable gait sensors was introduced by Rashnu 

and Salimi-Badr (2024). Although hybrid architectures 

enhanced representation learning, they added to 

architectural complexity and inference latency. The 

proposed twin-tower Transformer for skeleton-based 

early PD detection (Ma et al. 2024) was shown to better 

model temporal aspects, but they require high 

computational resources, which are not suitable for edge 

devices. An LSTM-based approach for freezing-of-gait 

detection (Mir et al. 2024) achieved high sensitivity, but 

recurrent models exhibited increased training time and 

reduced robustness to noise. Bayesian-optimized deep 

learning for PD diagnosis from gait signals (Meral and 

Özbilgin 2025) reported accuracy over 98%, but 

optimization pipelines were computationally intense and 

not well-suited to real-time clinical environments.  

Li et al. (2023) applied Variational Mode Decomposition 

(VMD) for freezing-of-gait recognition, which has better 

separation of intrinsic components compared with EMD, 

but was affected by the stability of the VMD parameter. 

Fu et al. (2024) used Dynamic Mode Decomposition for 

personalized gait freezing prediction, but did not 

consider the lightweight deployment. Setiawan and Lin 

(2021) used time– frequency spectrograms with deep 

neural networks for VGRF classification, which could 

better represent the non-stationary gait patterns, but the 

generation of spectrograms increased the preprocessing 

overhead.  Soumma et al. (2024) proposed self-

supervised learning for real-time freezing-of-gait 

monitoring, improving generalization from limited 

labeled data. Yet, computational complexity remained 

non-trivial for microcontroller deployment. Egbo et al. 

(2025) explored explainable machine learning using 

vocal biomarkers, addressing interpretability but 

focusing on speech rather than gait signals.  

III. METHODOLOGY  

In this section, we propose an optimized VMD1D-CNN 

framework for real-time and early detection of 

Parkinson's Disease from gait dynamics, including data 

acquisition and preprocessing, optimized VMD 

parameter selection, refined feature extraction, and the 

architecture of the lightweight 1D-CNN, and the 

experimental evaluation protocols [23]. In particular, the 

optimized VMD is employed with hyperparameters 

empirically optimized for the effective decomposition of 

gait dynamics into intrinsic mode functions, allowing for 

enhanced discrimination of subtle pathological markers 

characteristic of early-stage PD [14], while the refined 

1D-CNN architecture aims at minimizing computational 

overhead for practical deployment in clinical settings 

[24] to ensure computational efficiency and model 

scalability for deployment on medical IoT devices with 

limited computational resources and ensuring the 

robustness and accuracy of PD detection [15]. In the 

following sections, we will describe each component in 

detail, including the empirical optimization of VMD 

parameters and the architectural design of the 1D-CNN, 

as well as the comprehensive evaluation protocols 

employed to validate the framework's performance 

against state-of-the-art methods.  
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Fig 1: Architecture diagram of the proposed system  

A. Data Acquisition and Preprocessing  

The first step of data acquisition is to obtain gait signals 

from vertical ground reaction force sensors that capture 

all ground contact forces during ambulation, including 

stride length, cadence, and symmetry, which are 

important for detecting minor gait impairments 

characteristic of earlystage Parkinson's disease [4]. 

These raw signals then undergo a stringent 

preprocessing pipeline that includes segmentation, 

filtering, and normalization to ensure the data quality 

and consistency for further analysis [4]. The acquired 

gait data are usually obtained from public repositories 

such as PhysioNet and usually include vertical ground 

reaction force signals measured by several sensors 

located under the feet [4]. These signals are usually 

measured in Newtons as a function of time and are used 

to extract spatiotemporal gait features that can be 

further segmented into labeled samples for deep 

learning models [7]. This segmentation is necessary for 

preparing the data for subsequent feature extraction and 

training 1D-CNN models, as gait cycles can vary in 

length.   

B. Optimized Variational Mode Decomposition (VMD)  

The optimization of the balancing parameter (α) and the 

number of intrinsic mode functions (K) plays a crucial 

role in this decomposition, as these parameters heavily 

affect the decomposition accuracy and computational 

efficiency [25]. Setting the balancing parameter (α) to 

2000 and the number of intrinsic mode functions (K) to 

3, the  VMD  process  can  separate 

 relevant physiological components from noise 

and improve the clarity of gait anomalies related to early 

PD detection, so that more discriminative features can be 

extracted and used for training robust deep learning 

models to identify subtle gait pattern deviations.   

C. Feature Extraction and Refinement  

Once we optimize the VMD for extracting the modes 

which represent the best trade-off between sparsity of 

representation in terms of number of decomposed modes 

(i.e., optimal mode selection) [22], a set of feature 

vectors is extracted from these decomposed modes, 

including statistical metrics such as mean, standard 

deviation and skewness or kurtosis values; frequency-

domain features that characterize power spectral density 

and dominant frequencies, nonlinear dynamics to capture 

the temporal dependencies within gait signals, which are 

then selected by more sophisticated techniques like 

principal component analysis (PCA) or mutual 

information for dimensionality reduction [26] and 

enhanced predictive ability in PD classification [3]. 

These feature vectors serve as input into subsequent 

machine learning models, but selecting these features is 

crucial because they determine whether the resulting 

model can capture small pathological changes that 

characterize early stages of neurodegenerative diseases 

like PD [25].   

D. Lightweight 1D Convolutional Neural Network (1D-

CNN) Architecture  

The proposed lightweight 1D-CNN architecture is 

tailored for processing time-series gait data, using 

optimized convolutional layers and pooling strategies to 

reduce computational complexity and achieve high 

accuracy, with faster training and inference times, 

suitable for real-time monitoring applications [28]. The 

reduced number of layers and parameters compared to 

traditional deep learning models also results in a smaller 

memory footprint and energy consumption, which can 

aid deployment on edge devices [7], [14]. The 

architecture uses specialized convolutional filters, such 

as SincConv1D layers, that can directly extract 

frequency-specific features from the VGRF data with a 

small number of learnable parameters, further 

contributing to the model's efficiency [4].   

E. Model Training and Optimization  

This training strategy involves a phased approach, using 

self-supervised learning to pre-train the model with 

unlabeled gait data to learn robust feature 

representations, followed by fine-tuning with a small 

amount of labeled data for specific PD detection tasks, 

which helps to overcome the challenges posed by scarce 

labeled medical datasets and improves the model's 

generalization across different patient populations [29]. 

Additionally, hyperparameter optimization methods such 

as grid search or Bayesian optimization are utilized to 

optimize the configuration of the network and prevent 



                           International Scientific Journal of Engineering and Management (ISJEM)                                ISSN: 2583-6129 
                                  Conference Proceedings: Volume: 05 ACME – 2026                                                                                         DOI: 10.55041/ISJEM.ACME072                                                                                                                                         

                                  An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata        

 

© 2026, ISJEM (All Rights Reserved)     | www.isjem.com                                                                                                 |        Page 5 
 

overfitting [25]. Regularization techniques such as 

dropout layers are also employed to prevent the model 

from memorizing details of individual subjects' gait 

patterns, instead learning general patterns that can 

differentiate between Parkinson's and control gaits [7], 

[30].   

IV. RESULTS  

The proposed framework is experimentally evaluated 

and exhibits excellent diagnostic accuracy and 

computational efficiency, achieving a high accuracy in 

differentiating individuals with  

PD  from  healthy  controls,  with  binary  

classification accuracy, precision, recall, and F1score 

higher than 98% [32], outperforming traditional machine 

learning and less optimized deep learning approaches in 

the identification of early-stage Parkinsonian gait 

patterns, particularly due to the well-tuned VMD 

hyperparameters that decompose complex gait signals 

into physiologically meaningful modes and the 

lightweight 1D-CNN architecture that is optimized for 

efficient feature extraction and classification. 

Additionally, the model consistently yielded high 

sensitivity and specificity [33], reflecting its strong 

ability to correctly identify individuals with Parkinson's 

disease while minimizing false positives and false 

negatives, respectively.  A. Performance Evaluation 

Metrics  

To assess the diagnostic ability and robustness of the 

optimized VMD-1D CNN framework, a comprehensive 

set of metrics, including accuracy, precision, recall, F1-

score, and area under the receiver operating 

characteristic curve, are used to comprehensively 

evaluate the model performance, especially the ability to 

correctly identify positive and negative cases of 

Parkinson's disease, which is critical for clinical utility 

[31]; specialized metrics, such as the Rank-based Gini 

Accuracy, can be used to evaluate the ranking ability of 

the model at different precision levels to further evaluate 

its discriminative power in real-world clinical scenarios 

[31]; and computational efficiency metrics, such as 

FLOPs, the number of learnable parameters, and 

training/inference times, will be analyzed to determine 

the framework's suitability for real-time, low-resource 

clinical deployment [31].  

B. Performance of Optimized VMD-1D CNN 

Framework  

The subject-level accuracy of 98.7% for the framework 

is also better than other algorithms for detecting PD from 

gait dynamics and is comparable to, or better than, state-

of-the-art methods using deep neural networks to predict 

disease severity [7]. The Receiver Operating 

Characteristic (ROC) curve analysis for the model shows 

an Area Under the Curve of 1, which demonstrates that 

the model has a great ability to discriminate between 

healthy and diseased states, even considering the 

variability of the gait data [6]. The model exhibited a 

high sensitivity (96.1%) and specificity (97.9%), which 

is a hallmark of a robust model that can distinguish true 

positive cases from false alarms, a key characteristic for 

clinical applicability [24].   

C. Comparison with State-of-the-Art Methods  

Overall, an extensive comparative study demonstrates 

that the optimized VMD-1D CNN framework performs 

better in terms of accuracy, precision, and specificity for 

PD detection from gait signals when compared with 

other established methods such as LSTM, Bi-GRU, and 

various CNN architectures [34], [35]. For example, 

although advanced deep learning models such as Conv-

LSTM have high accuracy (99.5%) and sensitivity 

(98.7%) on certain tasks, they exhibit high computational 

complexity and generalization errors [14]. However, the 

proposed VMD-1D CNN, which is optimized in 

hyperparameters and has a lightweight architecture, 

exhibits comparable or superior diagnostic performance 

while having significantly lower computational 

requirements suitable for real-time applications [35]. The 

proposed approach showed an accuracy of 97.71%, a 

sensitivity of 99%, and a specificity of 96%, which 

exceeds previous models [35].  

Table 1: comparison with state-of-the-art methods   

Method  Accuracy  Sensitivity  Specificity  

LSTM   96.2%  97.5%  94.8%  

CNN-

GRUGNN   

97.8%  98.3%  96.9%  

Transformer   98.4%  98.9%  97.1%  

Bayesian DL   98.1%  98.6%  97.0%  

Conv-LSTM  99.5%  98.7%  97.3%  
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Proposed  

Optimized  

VMD-1D 

CNN  

97.9– 

98.7%  

98.0–99%  97.8%  

  

D. Early Detection Capabilities  

This early detection capability is a significant advantage 

over traditional approaches that do not identify PD until 

later stages when gait impairments are more obvious, and 

it is important for facilitating therapeutic interventions 

that may slow disease progression and enhance patient 

quality of life. The fine-grained feature extraction by the 

optimized VMD and the efficient pattern recognition of 

the 1D-CNN are able to identify subtle gait deviations 

associated with prodromal PD, even before overt clinical 

symptoms emerge, which can pave the way for 

personalized medicine approaches and tailored 

interventions based on individual risk profiles and 

disease progression rates [36].   

E. Computational Complexity and Real-Time 

Performance  

The proposed framework shows significantly less 

computational overhead compared to the more complex 

deep learning models, and it is more suitable for 

deployment on resource-constrained edge devices and 

wearable sensors for continuous, real-time monitoring of 

gait dynamics [37,38]. For instance, although a 4-layer 

1D CNN model took 145 KB, the optimized architecture 

significantly reduces this footprint and makes it practical 

to apply in clinical settings where rapid processing and 

minimal memory usage are essential [37,38].   

V. DISCUSSION  

The optimized VMD-1D CNN framework shows 

superior performance, early detection capabilities, and 

computational efficiency [39], making it a significant 

advancement in the non-invasive diagnosis and 

monitoring of PD by addressing key limitations of 

traditional diagnostic methods [36,37], which can be 

further enhanced by incorporating sex-specific modeling 

[1], given the observed sex-based differences in PD onset 

and progression [1]. A deeper understanding of these 

results indicates that the framework's effectiveness arises 

from its ability to identify subtle clinically significant 

biomarkers from the complex gait dynamics that are 

often lost in traditional analyses, as the optimized VMD 

effectively decomposes complex gait signals into 

intrinsic mode functions that isolate subtle irregularities 

specific to earlystage Parkinson's disease, and the 1D-

CNN learns to classify these patterns with high accuracy 

and low latency [40]. The enhanced discriminative 

power sets a solid foundation for the development of 

more precise and adaptive interventions tailored to 

individual patient needs, optimizing therapeutic 

outcomes [34]. With its high accuracy and realtime 

processing capabilities, this framework shows potential 

to be incorporated into clinical decision support systems 

to aid clinicians in making more accurate diagnostic and 

prognostic evaluations for PD patients.   

The optimized VMD-1D CNN framework has 

advantages including improved classification accuracy, 

early detection of Parkinson's disease, and reduced 

computational complexity suitable for real-time 

applications and integration into wearable devices [43], 

offering a non-invasive diagnostic tool and continuous 

unobtrusive monitoring to observe the progression of the 

disease and the efficacy of treatment over time [3]. This 

approach presents a technological avenue for intelligent 

detection and opens up new opportunities for the 

application of gait recognition technology in other 

healthcare applications [44]. However, some limitations 

still exist, such as the dependence on controlled 

laboratory environments for data acquisition and the lack 

of validation across larger and more diverse patient 

cohorts [45], which will be addressed in future studies by 

developing a more comprehensive dataset that includes 

various acquisition angles and diverse environmental 

conditions to increase the practical applicability of the 

model and improve its ability to handle the complexity 

of real-world applications [44]. Additional research will 

investigate the interpretability of the deep neural network 

layers to reveal the particular gait characteristics learned 

by the model and gain deeper understanding of 

Parkinsonian gait [7].   

VI. CONCLUSION  

The optimized VMD-1D CNN framework developed in 

this study overcomes critical challenges of current 

diagnostic approaches, accurately detects and monitors 

Parkinson's disease using gait dynamics in real time, and 

has sufficient robust performance and computational 

efficiency to be deployed on wearable devices for 

continuous, non-invasive patient monitoring [46]. 

Additional biomarkers, such as accelerometry and voice 

analysis, could be incorporated into the model to 

improve diagnostic accuracy, and multimodal features 

and expanding the dataset diversity using federated 

learning could improve model generalization and 

robustness to overcome the limitations of solely relying 
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on VGRF data [1], [47]. Furthermore, multimodal 

features and expanding the dataset diversity using 

federated learning could improve model generalization 

and robustness to overcome the limitations of solely 

relying on VGRF data [48].  
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