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InceptoFormer: A Multi-Signal Neural Framework for
Parkinson’s Disease Severity Evaluation from Gait
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Abstract

We present, InceptoFormer, a multi-signal neural framework designed for Parkinson’s
Disease (PD) severity evaluation via gait dynamics analysis. Our architecture introduces
a 1D adaptation of the Inception model, which we refer to as InceptionlD, along with
a Transformer-based framework to stage PD severity according to the Hoehn and Yahr
(H&Y) scale. The InceptionlD component captures multi-scale temporal features by
employing parallel 1D convolutional filters with varying kernel sizes, thereby extracting
features across multiple temporal scales. The transformer component efficiently models
long-range dependencies within gait sequences, providing a comprehensive understanding
of both local and global patterns. To address the issue of class imbalance in PD severity
staging, we propose a data structuring and preprocessing strategy based on oversampling
to enhance the representation of underrepresented severity levels. The overall design en-
ables to capture fine-grained temporal variations and global dynamics in gait signal,
significantly improving classification performance for PD severity evaluation. Through
extensive experimentation, InceptoFormer achieves an accuracy of 96.6%, outperforming
existing state-of-the-art methods in PD severity assessment. The source code for our im-
plementation is publicly available at https://github.com/SafwenNaimi/InceptoFormer.

Keywords: InceptionlD, Transformers, Parkinson’s disease staging, H&Y scale, VGRF
Signals

1. Introduction

The prevalence of Parkinson’s disease is rising globally with an estimated 10 million
people currently living with the condition [1]. This neurodegenerative disorder primarily
affects the brain regions responsible for coordinating movement, leading to symptoms such as
tremors and difficulties in walking. While there is no cure for Parkinson’s disease, various
treatments are available to control its symptoms. To better analyze the condition, gait
analysis is commonly used to detect any irregularities in movement. This analysis is reliant
on assessing a range of clinical symptoms and signs. These factors can pose challenges
since they may overlap with other neurological disorders. For that, the extraction of gait
information using foot sensors is essential to understand our movement patterns and identify
abnormalities. To classify Parkinson’s disease into five distinct stages based on symptom
severity, the Hoehn and Yahr (H&Y) scale [2] is commonly employed. Another frequently
utilized method for assessing symptom severity is the Unified Parkinson’s Disease Rating
Scale (UPDRS) [3]. Both of these scales play crucial roles in clinical settings and research
for tracking disease progression and evaluating the effectiveness of treatments.

Despite advancements in gait-based diagnostic techniques, assessing the severity of the
disease remains a significant challenge. Several deep learning-based techniques have been
proposed for detecting Parkinson’s disease (PD) from gait data, and have produced encour-
aging results [4-6]. However, these methods are used for binary classification to detect PD
based on gait patterns. The classification of PD severity into specific stages is less explored
by the research community. Most of the methods use the H&Y criteria derived from the
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publicly available Physionet gait dataset [7]. Despite the good results obtained from the
studies focusing on PD staging [8, 9], they often face the problem of data imbalance, which
causes a performance drop. This imbalance arises because certain severity stages, particu-
larly the more advanced ones, are generally underrepresented, leading to biased learning and
reduced classification performance. Models trained on such imbalanced data tend to overfit
to the majority classes while struggling to correctly classify the minority classes, ultimately
affecting their generalization capability.

In this work, we introduce InceptoFormer, a Multi-Signal neural framework specifically
designed for PD staging based on gait dynamics. Our approach not only improves clas-
sification accuracy but also ensures robust performance across imbalanced classes of gait
data. By integrating multi-signal temporal feature extraction with attention mechanisms,
InceptoFormer effectively captures the complex temporal and spatial patterns in gait data,
while employing an oversampling strategy to enhance the representation of minority classes.

2. Related Work

Various deep-learning approaches have been applied to assess the severity stages of
Parkinson’s disease by analyzing gait data. In particular, the Vertical Ground Reaction
Force (VGRF) signal is widely used, as it has been proven to be a crucial and distinguishing
kinematic feature for detecting and evaluating Parkinson’s disease stages [10]. Ertugrul et
al. [11] introduced an algorithm utilizing shifted 1D local binary patterns (1D-LBP) in
conjunction with machine learning classifiers. Their approach involved applying a shifted
1D-LBP to construct 18 histograms of the corresponding patterns. Zhao et al. [12] de-
veloped an algorithm featuring two parallel networks, a 2D Convolutional Neural Network
(2D-ConvNet) to analyze the spatial distribution of forces, and a recurrent neural network
(RNN) to examine temporal distributions. The final classification was determined by av-
eraging the outputs from both networks. Aguroglu et al. [13] explored a Perceiver-based
multimodal model for predicting UPDRS scores from VGRF gait data. The Perceiver ar-
chitecture leverages self-attention mechanisms to process sequences of varying lengths and
complexities, significantly enhancing performance in severity assessment for Parkinson’s dis-
ease. Balaji et al. [14] proposed a correlation-based feature extraction method. Biomarkers
were extracted from spatiotemporal VGRF gait data using correlation. They employed four
supervised machine learning algorithms K-nearest neighbors (KNN), Naive Bayes (NB), En-
semble classifier (EC), and Support Vector Machine (SVM) to classify the severity of PD
based on the Hoehn and Yahr (H&Y) scale. Naimi et al. [15] introduced a hybrid ConvNet-
Transformer model capable of capturing both spatial and temporal features. Their model
is designed for both detection and severity evaluation of PD. Veeraragavan et al.[16] intro-
duced an approach that uses feedforward neural networks (FNN) to classify severity levels.
Mirelman et al. [17] employed random forest classifiers and support vector machines (SVM)
to differentiate between stages of Parkinson’s disease, identifying key features correlated
with disease severity.

While existing methods have shown good performances in terms of classification accuracy
for detecting and staging PD, they face two main challenges that hinder their overall perfor-
mance: class imbalance and limitations in capturing the complex patterns of physiological
data, mainly due to architectural constraints. These issues contribute to a noticeable drop in
model performance. Our approach addresses these issues by integrating multi-signal feature
extraction through InceptionlD blocks to capture fine-grained temporal variations and by
employing Transformer-based encoders to model both long-range dependencies and spatial
correlations in gait dynamics. The proposed design mitigates class imbalance through a
tailored data structuring and preprocessing strategy. It also enhances the ability to learn



complex physiological patterns, ultimately leading to improved performance in PD severity
evaluation.

3. Method

Our approach focuses on identifying the severity stage of Parkinson’s disease (PD) based
on the Hoehn and Yahr (H&Y) staging scale, which classifies symptoms into five stages.
However, the Physionet gait dataset [7], used in most existing studies including ours, includes
only four main stages: Stage 0 (healthy), Stage 1 (mild, severity 2), Stage 2 (moderate,
severity 2.5), and Stage 3 (severe, severity 3). These stages are derived from gait signals
collected through foot sensors attached to patients. Given the inherent complexity and
variability of gait data, accurately distinguishing between these stages remains challenging,
particularly in the presence of class imbalance due to the scarcity of data on advanced
stages of the disease. The following sections provide a detailed presentation of our approach,
including the data structuring and preprocessing strategy to deal with data imbalance and
InceptoFormer architecture for improving PD severity evaluation.

3.1. Data Structuring and Preprocessing

The Physionet dataset [7] used in our study presents multiple 1D VGRF signals captured
from patients’ walks and measured using 18-foot sensors. We started by dividing the walks
into small segments of 100-time steps with 50% overlap composed of groups of elements.
This segmentation not only increases the amount of training data but also preserves the
temporal continuity of gait patterns, enhances feature extraction by capturing finer motion
variations, and ensures a more robust representation of the gait dynamics across different
severity levels. For each segment, we assign a specific label or category that identifies it. This
is essential for time series data, as it helps capturing temporal patterns. A common issue in
the dataset used in our study is the imbalance between the four classes of the H&Y scale as
depicted in Figure 1. For that, we employed an oversampling strategy of the minority class
using the Synthetic Minority Over-sampling Technique [18] to balance the classes. It is a
preprocessing technique used to address the class imbalance by creating synthetic samples.
We started by selecting the K-nearest neighbors of every sample that belongs to a minority
class, then we generate samples along the line segments joining the minority class sample
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to its nearest neighbors. The minority classes, class 0 and class 3 have been oversampled
while majority classes 1 and 2 maintain a stable number of samples, as they are sufficiently
represented and not considered minority classes. Given the two minority class samples class
0 and class 3, respectively x; and x;, the synthetic sample x,¢, for each one is generated
as follows:

Tnew = Ti + A+ (25 — ;) (3.1)
where z; and x; are two randomly chosen samples from the minority class, and A is a random
number sampled from a uniform distribution: A ~ U(0, 1).

For the minority classes 0 and 3, N., the number of samples for class ¢; and Ny, ¢; the
number of synthetic samples generated for class ¢;, the synthetic samples are generated as
follows:

Nnew, c; — Nmajority - Ncia Ci € {Oa 3} (32)
where Np,gjority is the number of samples in the majority class class 1. The oversampling
ensures that the number of samples in classes 0 and 3 equals that of the majority class:

Nci + Nnew, c; — {Vmajority s c; € {03 3} (33)
For classes 1 and 2, the sample count remains unchanged:
Npew, ¢; =0, ¢; €{1,2} (3.4)

Figures 1 and 2 illustrate the class distribution before and after applying our data struc-
turing and preprocessing strategy to the Physionet gait dataset.

3.2. InceptoFormer Architecture

The detailed architecture of InceptoFormer is provided in Figure 3. This model is de-
signed to predict the severity of Parkinson’s disease based on gait analysis. Since we are
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Figure 3. The proposed InceptoFormer architecture. We have 18 signals captured from
the sensors. To fully leverage the information in each signal, we process them indepen-
dently using 18 parallel InceptionlD blocks. The outputs are then concatenated and
passed to a temporal transformer, and then we applied a spatial transformer encoder.
In the end, a classifier block is used to generate the final classification.



processing data from 18 sensors, we have 18 distinct signals, each capturing different as-
pects of the patient’s foot movements during a walk. To fully explore the information in
each signal, we process them independently using 18 parallel Inception1D blocks to cap-
ture dependencies in different scales and extract unique features which are subsequently
concatenated together to give a better description of the data. Following this stage, each
feature stream is processed by a temporal transformer encoder, which models long-range
dependencies within each gait sequence. This component enables the model to capture the
progression of movement patterns over time, ensuring a more comprehensive understanding
of gait dynamics. Before further processing, the outputs of these temporal transformers un-
dergo dimensionality reduction to optimize computational efficiency. The reduced feature
representations from all 18 signals are subsequently concatenated to form a unified feature
vector, which serves as the input to the spatial transformer encoder. It is responsible for cap-
turing spatial dependencies between the sensors, learning how different regions of the foot
interact during movement. By leveraging self-attention mechanisms, it effectively identifies
correlations between sensor signals, refining the extracted feature representation. The final
stage consists of a classifier block used to predict the PD stage and generate the final classi-
fication. The following sections provide a more detailed breakdown of each InceptoFormer
component, highlighting their individual contributions to the overall architecture.

3.2.1. InceptionlD Block

We adapted the inception architecture which was initially designed for image processing
for 1D data (see Figure 4). It introduces a new version of the inception module that can
be easily integrated with our 1D VGREF signals. It consists of three convolutional streams
in parallel in which the previous layer is common to all of them. The first stream applies
a 1D convolution with 32 filters and a kernel size of 1 (K=1). The second stream uses a
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convolutional layer with kernel size K=3, while the third stream employs a larger kernel size
K=5, both having 32 filters as well. These streams allow for capturing features at various
scales, with the smaller kernel sizes focusing on more localized patterns and the larger kernels
extracting regional patterns. The convolutional layers in the InceptionlD module can be
summarized as follows:

k-1
ye(t) = f (Z Wi (i) -« + bk) (3.5)
i=0

with z as the input segment, ¢ indexes the positions in the kernel, W (i) represents the
weights of the kernel of size k, by is the bias term for the convolution with kernel size and
f() is the SeLU activation function applied element-wise after convolution.

The 3 streams later converge to form a single output by concatenating their outputs.
This output is presented as:

Yinception = [y17 Y3, 2U5] (36)

We follow the output with Batch Normalization to normalize the output from the module,
improving the stability and speed of training, and an activation function is applied to intro-
duce non-linearity. In this way, both local and regional information were extracted on the
same features map. We repeated the inception architecture 3 times in cascade to achieve
a deeper network, which made it possible to extract information from increasingly larger
regions.

3.2.2. Temporal Transformer Block

In InceptoFormer, we implemented a temporal transformer encoder to minimize intraclass
variance and capture long-range dependencies in the data. This encoder plays a key role
in our architecture by encoding the input sequence and producing representations that
reflect the underlying dependencies within the data [19]. This temporal transformer block
is implemented after each InceptionlD Block. It includes a multi-head attention layer with
two heads, followed by a feed-forward network, mirroring the architecture used in BERT
[20] for natural language processing.

We applied a fixed positional encoding with a constant step size corresponding to the
segment length since the gait data is segmented into fixed-length and constant intervals.
The use of a fixed positional encoder enabled us to effectively capture the temporal patterns
within these segments by maintaining the temporal ordering of the data. Furthermore, we
applied normalization to the positional encoding to ensure the original vector information
is not entirely masked.

3.2.3. Spatial Transformer Block

The outputs from the 18 parallel temporal transformer encoders are concatenated. This
step aids in creating a more compact representation of the data and eliminates redundant
information. The resulting concatenated vector is then fed into the spatial transformer
encoder block. A fixed positional encoding is also applied here, providing the spatial trans-
former encoder with details about the relative positions of elements within the concatenated
vector, maintaining the spatial information of the sensors with respect to each other. Same
as the temporal transformer encoder block, the spatial transformer includes a multi-head
attention layer with two heads and a feed-forward network.

The primary function of the spatial transformer is to identify dependencies between the
sensors by considering their spatial arrangement on the foot and potentially uncovering
correlations among them.



3.2.4. Classifier Block

To predict the stage of Parkinson’s Disease, we employed a classifier consisting of two
fully connected layers and an output layer, which serve as the final part of our Incepto-
Former. This block receives the output from the spatial transformer encoder and generates
a probability distribution across the PD severity levels. The classifier was trained using the
categorical cross-entropy loss function to adjust the weights and biases of the model. The
resulting probabilities were then used to determine the predicted PD stage for each input
signal.

4. Experiments

This section outlines the experiments conducted to evaluate the performance of our ap-
proach. We describe the dataset, the evaluation metrics, and the training details employed.
Additionally, we discuss the results and illustrate the ablation study of our method.

4.1. Dataset Description

We used the Physionet gait dataset [7] which contains multiple 1D VGRF signals recorded
from patients’ walks using 18 foot-mounted sensors. The dataset includes gait measurements
from 93 patients with Parkinson’s disease (PD) and 73 healthy individuals. It was assembled
by three research teams. The first data was collected by Yogev et al. [21], it contains a gait
cycle for normal walking on a leveled surface. The second data was reported by Hausdorff et
al. [22], it contains the gait cycle for walking at a casual speed with RAS, and the final data
was collected by Toledo et al. [23], it contains time series data of a subject for walking on
a treadmill. This database includes demographic information, measures of severity rating
scale such as the Hoehn & Yahr scale, UPDRS scale, and other related measures.

4.2. Evaluation Metrics

We evaluated our method using 10-fold cross-validation. We divided the Parkinsonian
(Pd) and control (Co) groups into 10 folds, ensuring that each fold maintained the same
dataset balance (70% for Pd and 30% for Co). For the evaluation metrics, we used the
following notations: T'P for the true positives, T'N for the true negatives, F'P for the false
positives, and F'N for the false negatives. Our method was assessed using precision, recall,
F1l-score, and accuracy. The utilized metrics equations are given below.

TP
Precision: Pr = TP+ FP (4.1)
TP
Recall: Re = W (4.2)
r X Re
F1-Score =2 x Pr Re (4.3)
Accuracy (%): Acc= TP+ ;1;1?]1\;—}— TR 100% (4.4)

4.3. Training Details

The proposed approach was trained and tested utilizing a batch size of 64 samples for
each iteration. All fully connected layers, except for the output layer, employed the SeL U
activation function. The model is trained using the Nadam stochastic optimization method
[24] which adjusts learning rates for each parameter, making it a robust optimizer for our
approach. The learning rate is set to n = 10", We combine the Nadam optimizer with the



Adam optimizer and Nesterov momentum. The update rule for the weights w in Nadam is
given by:

m
W41 = W — 7]+ (\/17:_6) (4.5)
t

where 7 is the learning rate, m; is the moving average of the gradients, 0; is the moving
average of the squared gradients, and € is a small constant to avoid division by zero. To
enhance the performance of the InceptoFormer and mitigate overfitting, we implemented a
dropout rate of 0.2 and employed an early stopping based on the validation loss.

4.4. Results

Table 1 presents a comparative analysis between our proposed approach and several
existing methods. Through an examination of the average metric variations across these
methods, we show that InceptoFormer outperforms the others in terms of precision, recall,
and Fl-score, achieving a superior final accuracy of 96.6%. This performance is largely
attributed to the integration of InceptionlD, which enables the model to capture critical
multi-scale temporal features, and the Transformer-based design, which effectively models
long-term dependencies and intricate gait dynamics. Furthermore, a key factor contributing
to this performance gain is our data structuring and preprocessing strategy. By addressing
the severe class imbalance inherent in the Physionet dataset, we ensure a better represen-
tation of all severity levels, preventing the model from being biased toward the majority
classes. Table 1 demonstrates the effectiveness of our data structuring and preprocessing
strategy. We retrained the method marked with * using this strategy under the same set-
tings as reported in its corresponding paper. Notably, the application of our strategy led to
a measurable performance improvement as seen in the enhanced accuracy, precision, recall,
and Fl-score. This further highlights the necessity of addressing the class imbalance in PD
severity evaluation and underscores the robustness of our proposed approach in PD staging
compared to other methods on the same Physionet dataset.

Figure 5 illustrates the average confusion matrix across all 10 folds for our proposed
approach. We achieved a 97% accuracy in classifying instances of Healthy patients. For
severity 2 cases, 97% were accurately predicted, with minor misclassifications into severity
2.5 and severity 3. The model demonstrated good performance in classifying severity 2.5
cases, correctly predicting 98%, with a slight tendency to misclassify them as severity 2. In
the case of severity 3 patients, the model accurately classified 94% of instances. However,
this category experienced a notable degree of misclassification into severity 2.

Table 1. Comparison of our proposed architecture with the state-of-the-art methods for
PD severity evaluation. Method marked with * indicates that we retrained it using the
SMOTE technique and the same settings as reported in the corresponding paper. The
best results are in bold and the second best results are in italic red.

Method Accuracy | Precision | Recall | F1-Score
OF-DDNet [25] 84.00% 90.25% 86.00% —

1D-ConvNet [9] 85.30% 89,48% 82.68% 85.04%
Feed Forward Network [16] 86.50% 87.73% 87.55% | 87.67%
1D-Convolutional Transformer [15] 88.00% 87.25% 85.25% 85.50%
1D-Convolutional Transformer * [15] | 89.12% 89.52% 89.25% | 88.11%
InceptoFormer (Ours) 96.60% | 93.97% | 94.15% | 93.60%
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4.5. Ablation Study

To evaluate the contribution of each key component in InceptoFormer, we conducted
ablation experiments on the Physionet gait dataset to assess their impact on the final per-
formance in terms of accuracy. A detailed analysis is provided in Table 2. In Model 1, we
removed both the Temporal and Spatial Transformer blocks, retaining only the Inception1D
module. This configuration resulted in a significant drop in performance, with accuracy de-
creasing by 18.26%, precision by 13.82%, recall by 13.33%, and the F1-Score by 17.83%.
These results underscore the critical role played by the Temporal and Spatial Transformer
blocks in capturing the temporal and spatial dependencies that are essential for recognizing
gait patterns. The absence of these attention mechanisms leaves the model reliant solely
on multi-scale feature extraction from the InceptionlD component, which, while useful, is
insufficient to capture complex temporal relationships, leading to reduced overall perfor-
mance. Conversely, in Model 2, we excluded the Inception1D module and retained the
Temporal and Spatial Transformer blocks. The model performance also degraded but to
a lesser extent than in Model 1, with accuracy decreasing by 7.43%, precision by 6.88%,
recall by 1.27%, and the F1-Score by 5.98%. These results highlight the importance of the
Inception1D component, which enhances the model capacity to extract multi-scale features
from the input data, thereby improving the model ability to differentiate between subtle
variations in gait patterns. However, the Transformer blocks were able to compensate for
the absence of multi-scale features to some degree, emphasizing their strong contribution
to the overall effectiveness of our model. Finally, Model 3, representing our InceptoFormer
that integrates both the Temporal and Spatial Transformer blocks alongside the Incep-
tion1D module, achieves the best performance across all metrics. The combination of these
components leads to the highest accuracy (96.6%), precision (93.97%), recall (94.15%), and
F1-Score (93.6%), demonstrating that the synergy between multi-scale feature extraction
and attention-based temporal-spatial modeling is essential for superior performance in gait
analysis tasks. This comprehensive integration allows our InceptoFormer to capture both
local and global dependencies, offering a more nuanced and complete understanding of gait
dynamics.



Table 2. Ablation study results on the effect of each component of our InceptoFormer.

10

Variations | InceptionlD Spaﬁi?%?;ilsfzrrliers Accuracy (%) | Precision (%) Recall (%) F1-Score (%)
Model 1 v X 78,34 (118.26) | 80.15 (113.82) | 80.82 (113.33) | 75.77 (117.83)
Model 2 X 7 89.17 (17.43) | 87.00 (16.88) | 92.88 (11.27) | 87.62 (15.98)
Model 3 v v 96.6 93.97 94.15 93.6

5. Conclusions

In this work, we introduced a multi-signal neural framework for Parkinson’s disease sever-
ity evaluation using gait dynamics, integrating InceptionlD for multi-scale feature extrac-
tion and transformer encoders for temporal and spatial modeling. We proposed a data
structuring and preprocessing strategy to address class imbalance and improve classifica-
tion robustness. Our model achieved 96.6% accuracy on the Physionet dataset, surpassing
existing methods. Our findings highlight the potential of our framework for fine-grained
Parkinson’s disease staging, which could be expanded to other clinical applications.
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