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Parkinson’s disease

Gait disorders in adults aged 50 years and above are a common concern and
are often linked to reduced mobility, a higher risk of falls, and a lower quality
of life. This study presents a deep learning-based approach to detect gait
disorders using vertical ground reaction force (VGRF) signals. The data were
collected from older adults, including individuals with Parkinson’s disease (PD)
and healthy controls, using force-sensitive resistor sensors. The raw signals
were first processed using band-pass filtering and wavelet denoising to remove
noise and unwanted variations. After that, the signals were converted into
time—frequency representations using the continuous wavelet transform (CWT).
These representations were then used as input to a convolutional neural network
(CNN) for classification. The model achieved a validation accuracy of 93.48%,
with precision, recall, and F1-score all above 92% for both groups. The results
show that combining CWT with CNN provides a reliable and efficient way to
detect gait disorders. This approach can support clinical evaluation by offering
a practical and scalable method for analyzing gait patterns in older adults.
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1. INTRODUCTION

Gait refers to the pattern of walking produced through the coordinated action of the brain, nervous

system, and musculoskeletal structures [1]. Among individuals aged 50 and above, gait disorders represent a
growing public health concern. These conditions are associated with an elevated risk of falls, contributing to
approximately 646,000 fatalities annually and incurring substantial healthcare costs, accounting for 0.85%
to 1.5% of global expenditure [2]-[4]. As the prevalence of gait disorders continues to rise within this
demographic, the need for advanced and accurate diagnostic tools becomes increasingly urgent [S], [6].
Neurodegenerative diseases (NDDs), including Parkinson’s disease (PD) and Huntington’s disease
(HD), are among the primary conditions associated with abnormal gait patterns. In the case of PD, walking
impairments commonly present as shortened stride length, reduced postural control, and shuffling steps, all of
which lead to a marked decline in functional mobility and independence [7]], [8]. Identifying these subtle gait
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alterations, especially in their early stages, is challenging with conventional diagnostic methods. Emerging
technologies like deep learning provide promising avenues for improving the analysis and classification of gait
patterns with enhanced precision [9]-[11].

Convolutional neural networks (CNNs), a key category within deep learning, have demonstrated
strong performance in both image and signal classification applications, making them highly suitable for
gait analysis. In contrast to conventional approaches, CNNs are capable of learning discriminative features
directly from raw input data, eliminating the reliance on manual feature extraction and overcoming several
limitations of traditional methods. In this study, CNNs are integrated with continuous wavelet transform
(CWT) for feature extraction to enable effective classification of gait patterns associated with PD in older
adults. Recent research underscores the versatility of CNNs in analyzing gait data. For instance, Shalin et al.
[12] leveraged plantar pressure data with CNN models to predict freezing of gait in PD patients, achieving
commendable sensitivity and specificity. However, their study focused on specific gait abnormalities, limiting
its generalizability to broader disorders. Kumari and Ramachandran [13]] demonstrated the efficacy of deep
CNNs in analyzing speech-related features, achieving high classification accuracy, but their approach lacked
integration with gait-specific data. Similarly, Rahman et al. [14] utilized CWT and CNNs to analyze vertical
ground reaction force (vGRF) data for gait classification, achieving a validation accuracy of 95.06%. However,
their reliance on single-modal data limited the broader applicability of their findings.

Efforts to enhance performance and applicability have included multimodal and explainable
architectures. Ma et al. [15]] developed an explainable CNN framework for early PD diagnosis, achieving over
98% accuracy through effective feature selection and data balancing, though its explainability was constrained
to selected features. Shao et al. [16] integrated skeleton and silhouette data in a multimodal framework for
depression detection, demonstrating flexibility for complex datasets but focusing on depression rather than
gait disorders. Sanchez et al. [[17] employed a two-stage neural network for gait analysis using smartphone
sensors, achieving reliable early PD detection, though sensor dependency presented challenges for real-world
applications. Peimankar er al. [18] utilized particle swarm optimization (PSO) to enhance accelerometer
data classification with CNNs, achieving 93.32% accuracy despite challenges with sensor placement. Other
notable methods include quantitative susceptibility mapping for early-stage PD diagnosis [19], gait feature
classification using inertial measurement units (IMU) data [20], and neuroimaging-based cognitive phenotype
identification for PD [21].

Despite these advancements, critical gaps persist. Most studies rely on general age datasets or
single-modal data, which fail to capture the nuanced variations in gait patterns unique to older adults with
neurodegenerative disorders. For example, while vGRF data combined with CNNs has demonstrated promising
results [14], the absence of multimodal data integration limits robustness. Moreover, approaches using
smartphone sensors [[17] or accelerometers [[18] often encounter practical limitations due to device dependency
and inconsistent sensor placements. Additionally, explainable CNN frameworks [15] and multimodal
architectures [16] often emphasize accuracy but are not specifically tailored to gait-specific disorders like
HD, leaving this area underexplored. To overcome these limitations, this study makes use of vGRF signals
and applies the CWT for detailed feature representation, followed by CNN-based classification. Unlike many
earlier studies that rely on mixed-age datasets, the present work concentrates specifically on older adults, who
are most vulnerable to gait-related impairments. The proposed approach combines scalable deep learning
techniques to support the early identification and assessment of gait abnormalities, with particular relevance to
neurodegenerative conditions such as PD.

2. METHOD

The methodology illustrated in Figure |1| was followed to develop the deep learning model for PD gait
disorder detection. This study involved three key processes: data collection, preprocessing, and deep learning
model development. Gait data was collected from healthy individuals and those diagnosed with PD. The raw
data underwent preprocessing steps such as noise reduction using a band-pass filter, window selection, and
transformation into time-frequency spectrograms using CWT. Data augmentation techniques were then applied
to increase variability and robustness. Finally, CNN was trained to classify gait patterns associated with PD.

2.1. Gait data source and characteristics
This study makes use [11]. The dataset contains VGRF measurements acquired through force-sensitive
resistor sensors positioned beneath the feet inside participants’ footwear. During data collection, participants
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were asked to walk along a 77-meter indoor corridor for a duration of five minutes at a self-selected,
comfortable walking speed, while gait force signals were recorded continuously.

The dataset includes recordings from a total of 64 participants aged 50 years and above, consisting
of 15 individuals diagnosed with PD and 16 age-matched healthy control subjects (CO). Several gait-related
parameters were captured, including stance phase, swing phase, double support interval, and stride
characteristics, for both left and right feet. To ensure uniformity in analysis and to limit computational
demands, only right-foot vGRF signals were considered in this work. Across the five-minute walking trials,
each participant contributed an average of approximately 277 gait cycles. A summary of the participants’
demographic and clinical information is provided in Table m
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Figure 1. Diagram of the proposed method for PD gait classification
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Table 1. Participant information for PD gait analysis

Parameter Healthy controls (CO) PD patients
Age (Years) 62.6 + 8.63 66.5 + 9.06
Height (m) 1.84 £0.10 1.99 £ 0.12
Weight (kg) 74.6 + 13.02 87.38 £ 13.68
Gait speed (m/s) 1.29 £0.21 1.34 £0.27

2.2. Data preprocessing

Prior to model training, the VGRF signals underwent a series of preprocessing steps to improve signal
quality and suitability for deep learning analysis [22]. Initially, noise components present in the raw recordings
were attenuated using a digital band-pass filtering approach, which can be expressed as in (1).

s7(t) = (s x h)(1) (1)

In this formulation, x(t) x(t) represents the original input signal, h(t) represents the impulse response of the
filter, and it y(¢) corresponds to the filtered output signal [23]]. To further suppress residual noise and enhance
signal clarity, wavelet-based denoising was applied. This process involves decomposing the filtered signal into
wavelet coefficients, applying thresholding, and reconstructing the signal as described by (2).

() =W ((W(y(1)))) 2

Following denoising, the refined vGRF signals were divided into non-overlapping segments of 10 seconds
to ensure adequate time—frequency representation. The CWT was subsequently employed to convert each
segment into a time—frequency spectrogram, allowing the CNN to capture both temporal dynamics and
frequency-related characteristics of gait signals [24].
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2.3. Data augmentation

To improve the robustness of the proposed model and minimize the risk of overfitting, multiple
augmentation techniques were applied to the gait data after transforming it into the frequency-time domain.
These augmentations simulate variations such as orientation, lighting, and focus conditions. This enhanced the
variability and realism of the training dataset, allowing the CNN to learn more robust features.

Horizontal flipping was implemented, where the transformation f(x,y) — f(—=x,y) inverted the
image along the vertical axis. Additionally, random rotations were applied within a range of -10 to 10 degrees,
following the transformation matrix shown in (3).

((1059 —sin 0) 3)

sinf  cos@

To simulate shifts in spatial positioning, random translations were performed along the x and y axes, described
mathematically as in (4).

(@,y) = (x+ Az,y + Ay) )
Brightness and contrast levels were adjusted to replicate various lighting conditions, using (5).

P —al+8 5)
Scaling was used to create size variations within the dataset, as shown in (6).

(z,y) = (sz,59) (6)

To mimic differences in focus and sharpness, Gaussian blur was applied, defined by (7).

1 2 2
Gla,y) = —— exp <—x“’) )

2no 202

These transformations generated new variations of the input data by altering its size, position, brightness, and
focus levels, thus enhancing the dataset’s robustness. By introducing such variability, the CNN model was
better equipped to classify gait patterns under diverse conditions, ultimately reducing the risk of overfitting.

24. Classification model

The classification framework is based on a CNN designed to distinguish gait patterns between PD
and CO groups using time—frequency representations derived from the CWT. As illustrated in Figure [2] the
network is composed of five convolutional stages that progressively learn discriminative features from the
input spectrograms. Each convolutional layer is followed by a rectified linear unit (ReLU) activation function
and a max-pooling step, which reduce the feature dimensions while improving computational efficiency. The
resulting feature representations are then forwarded to fully connected layers, where the model computes the
probability distribution for PD and CO classes through a Softmax output layer.
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Figure 2. CNN architecture used for classifying PD and CO gait patterns from spectrogram images
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2.4.1. Convolutional neural network architecture

The input layer processes images of size 224x224x3. The convolutional layers utilize filters of
increasing depth (32, 64, 128, 256, and 512), each followed by ReL.U activation and 2x2 max-pooling to
enable hierarchical feature learning. The fully connected section includes a dense layer with 512 neurons,
followed by another with 256 neurons, both using ReLLU activation. The final output layer consists of two
neurons with a Softmax activation function to produce classification probabilities for PD and CO. This design
efficiently combines convolutional layers for feature extraction and dense layers for classification, ensuring
robust performance in distinguishing PD from CO.

2.5. Mathematical formulation
The CNN model processes input images through multiple layers, where each convolutional layer [
applies filters 17, and biases b; to produce feature maps, as expressed in (8).

Or=f(WisI_1+1by) ®)

Here, * represents convolution, and f(z) = max(0, x) is the ReLU activation function. Pooling layers perform
spatial downsampling to reduce dimensionality while keeping important feature information as in (9).

P, = pool(Oy) 9)

Finally, the fully connected layers combine features and use the softmax function to generate class probabilities,
as shown in (T0).

exp(2k)
K
> j=1 exp(2;)
The model is trained by minimizing the categorical cross-entropy loss, defined in (TT).

N K
L= —ZZy,-’k log(9:.1) (11)

i=1 k=1

Yi = (10)

Here, y; 1, indicates the true class label (1 if correct, else 0), and g; j, is the predicted probability for class k.

2.6. Model performance assessment

The effectiveness of the proposed model in distinguishing gait patterns between PD and CO groups
was evaluated using standard classification metrics derived from the confusion matrix. This matrix summarizes
prediction outcomes in terms of correctly and incorrectly classified samples. Specificity, defined in (12), was
used to measure the model’s capability to correctly identify control cases. Sensitivity, also referred to as recall
and given in (T3], represents the proportion of PD cases that were accurately detected. The overall classification
accuracy, calculated using (I4), measures the fraction of correctly predicted instances with respect to the total
number of observations. Precision, expressed in (T3], indicates the reliability of positive predictions, while the
F1-score in provides a balanced measure by jointly considering precision and sensitivity. Collectively,
these metrics offer a comprehensive assessment of the model’s performance in classifying gait patterns based
on vGRF data.

e Z;cnfl Nc k
Specificity = —m—— : (12)
Zk:1(Nc,k + Pe,k)
_ Sopey Pek
Sensitivity = —m—— (13)
Zk:l(PC,k + Ne,k)
Z;cnfl(PC k + Nc k)
Accuracy = — = d d (14)
Y et (Pee + Nep + Pe g + Ne i)
Precisi TP s
recision = —————
SN = TP P
Floscore — 2 x (Precision x Sensitivity) 16)

Precision + Sensitivity
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3. RESULTS AND DISCUSSION

In this research, MATLAB version 2022b served as the primary tool for data reprocessing, data
augmentation, and training the deep learning model. Its integrated support for image processing and deep
learning toolboxes facilitated the transformation of vGRF data into CWT-based spectrograms and the training
of the CNN model. MATLAB also supports visualization and evaluation of training performance metrics,
ensuring reproducibility and clarity.

3.1. Statistical analysis

Table 2] highlights key differences in the time and frequency domain gait signals for the control (CO)
and PD groups. In the time domain, CO signals exhibit stable amplitude and stride intervals, indicating
consistent gait patterns. Conversely, PD signals reveal irregularities, such as fluctuating amplitudes and
interrupted intervals, which are symptomatic of motor impairments like bradykinesia and freezing of gait.
Frequency-domain analysis, derived using CWT, further emphasizes these differences. CO signals show
compact energy distributions, reflecting rhythmic gait, while PD signals display dispersed and fragmented
patterns, indicating variability and reduced motor control.

Table 2. Time and frequency-domain representations of gait signals for CO and PD groups
CcO PD
Time domain gait signal Frequency domain gait signal Time domain gait signal Frequency domain gait signal
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Figure 3] compares statistical gait features between CO and PD groups using box plots. The mean gait
speed for PD patients is significantly lower, highlighting their reduced mobility. PD patients also exhibit greater
variability, as indicated by wider interquartile ranges (IQRs) for standard deviation and variance, compared to
the CO group. Additionally, root mean square (RMS) and instantaneous RMS values are more dispersed for
PD, reflecting unstable gait patterns. These statistical insights demonstrate the distinct gait characteristics of
PD, which are critical inputs for training deep learning models. Integrating these features into CNN frameworks
enables accurate classification of gait disorders, facilitating early diagnosis and targeted intervention for NDDs.

3.2. Convolutional neural network model training progress

Figure [] illustrates the progression of the CNN model during training, achieving a final validation
accuracy of 93.48% after 90 iterations over 30 epochs. The initial learning rate was set to 7 = 0.001, ensuring
a stable convergence of the optimization process. The training objective was to minimize the categorical
cross-entropy loss function, as defined in @), where N = 90 represents the total number of training iterations
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and K = 2 denotes the binary classification of the two classes: CO and PD. In this context, y; , corresponds to
the correct class indicator, while §j; j reflects the probability output generated by the model for class k.
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Figure 3. Comparison of gait features between PD and CO groups using box plots
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Figure 4. Training progress of the CNN model for PD vs. CO classification

3.3. Convolutional neural network classification analysis using the confusion matrix

The CNN confusion matrix of the validation results provides a detailed overview of the CNN model’s
classification performance for both the control (CO) and PD classes. The results summarise the number
of correctly and incorrectly classified samples for each class, offering insight into the model’s classification
behaviour and class-wise balance. For the CO class, out of 19 samples, 17 were correctly classified, resulting
in an accuracy of 89.5%, while 2 samples were misclassified as PD. For the PD class, 26 out of 27 samples
were correctly classified, achieving a higher accuracy of 96.3%, with only 1 sample misclassified as CO. These
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results indicate strong classification performance for both classes, with a slightly higher classification rate for
the PD group. The relatively low number of misclassified samples demonstrates the capability of the CNN
model to effectively distinguish between CO and PD gait patterns. Overall, the high classification accuracy and
low misclassification rates highlight the reliability and robustness of the CNN model in analyzing gait patterns
associated with neurodegenerative disorders.

3.4. Classification results

The proposed CNN model achieved a validation accuracy of 93.48% for the binary classification task
involving CO and PD. Precision was strong at 92.88%, while recall (sensitivity) reached 93.65%. The F1-score,
which balances precision and recall, was 93.2%, reflecting the model’s robustness across these metrics. TableE]
presents the detailed classification results, including precision, sensitivity, specificity, and Fl-scores for both
CO and PD classes. Specificity values were consistent, with CO achieving 92.86% and PD slightly higher at
94.44%. The Fl-scores of 91.89% for CO and 94.56% for PD highlight the model’s capability to accurately
differentiate between the two classes, balancing false positives and false negatives. These results underscore
the utility of leveraging CWT for feature extraction, enabling the CNN to accurately distinguish between the
two gait classes.

Table 3. Performance metrics for the CNN model

Metric Control (CO) PD
Validation accuracy (%) 93.48
Precision (%) 89.47 96.30
Sensitivity (%) 94.44 92.86
Specificity (%) 92.86 94.44
Fl-score (%) 91.89 94.56

3.5. Discussion and comparison

This research emphasizes the gait disorder classification in older adults, a group profoundly impacted
by neurodegenerative conditions such as PD. The methodology uses vGRF data processed through CWT
and leverages CNN for classification. Achieving a validation accuracy of 93.48%, the proposed approach
demonstrates strong precision, sensitivity, and F1 scores, positioning it as competitive with similar studies,
such as Rahman et al. [14] (95.06%) and Yan et al. [25] (97.42%). Unlike these studies, which included
broader populations or simpler datasets, the focus here on older adults enhances the clinical relevance and
utility of the model. While Ma e al. [[15] achieved a higher accuracy of 98% using IMU-derived features, our
approach is less reliant on specialized sensors, making it more accessible for widespread clinical use. A detailed
comparison of classification results from various recent deep learning approaches is presented in Table

Table 4. Classification results of CO and PD using various deep learning methods

Study Signal Methodology Validation Precision  Sensitivity Specificity Fl-score
accuracy (%) (%) (%) (%) (%)
Shalin et al. [12] Plantar Statistical features +  93.33 90.21 91.12 89.00 90.67
pressure data CNN
Rahman ez al. [14] VGRF CWT + ResNet-50 95.06 92.85 94.00 93.10 93.42
Sanchez et al. [17] Smartphone Two-stage  neural  91.68 88.12 89.45 87.32 88.77
sensor data network + CNN
Ma et al. [15] IMU-derived Explainable CNN  98.00 95.50 96.30 94.80 95.90
features framework
Peimankar et al. [18]  Accelerometer PSO + CNN 93.32 91.10 92.20 90.15 91.64
data
Yan et al. [25] VGRF Time-frequency 97.42 94.80 95.60 94.50 95.20
spectrogram + Deep
CNN
Erdas et al. [19] VGRF Recurrence plot +  98.93 96.00 96.85 95.90 96.42
CNN
Lin et al. [20] VGRF Raw VGRF data + 81.00 78.90 79.80 78.00 79.34
SVM
This study VGRF Time-frequency 93.48 92.89 93.65 92.86 93.22
spectrogram + CNN
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The table summarizes accuracy, precision, sensitivity, specificity, and F1-scores across studies using
different signal types and model architectures for PD and control group classification. Despite the robust
results, this study has limitations, such as the exclusive reliance on vGRF data and the focus on binary
classification. Future work should explore multimodal datasets, integrating IMU, electromyography (EMG),
and neuroimaging data, to improve model performance and applicability to other HD and ALS. Additionally,
incorporating explainability techniques into the CNN framework could foster clinical adoption and provide
better insights into gait abnormalities. Overall, this study demonstrates the potential of CWT and CNN to
classify gait patterns in older adults, offering a scalable and effective tool for early diagnosis and intervention.

4. CONCLUSION

This study demonstrates the effectiveness of utilizing vGRF data, processed through CWT, in
combination with a CNN for classifying gait patterns in older adults with PD. The proposed method achieved
a validation accuracy of 93.48%, with high precision, sensitivity, and F1 scores, showcasing its robustness in
detecting subtle gait abnormalities. These findings highlight the potential of integrating CWT and CNN for
developing scalable diagnostic tools for early intervention in neurodegenerative disorders. Future work will
focus on incorporating multimodal datasets and explainability techniques to enhance model performance and
clinical applicability.
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