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Abstract

Gait-based activity recognition has gained significant attention in applications such as healthcare,
security, and rehabilitation. However, traditional centralized machine learning models pose challenges
related to data privacy, scalability, and interpretability. Federated Learning (FL) addresses these
concerns by enabling distributed model training without sharing raw data, ensuring privacy preservation.
Simultaneously, Explainable AI (XAI) techniques enhance model transparency, making gait recognition
systems more interpretable. This paper presents a comprehensive survey on FL and XAI techniques for
gait-based activity recognition, focusing on recent advancements, benchmark datasets, and existing
challenges. A comparative study of different FL methods (FedAvg, FedProx, FedBN, Personalized
FL, and Hierarchical FL) and XAI techniques (SHAP, LIME, Grad-CAM, Attention-based XAI, and
Hybrid Neuro-Fuzzy models) demonstrates their effectiveness. Our findings show that Hierarchical FL
combined with Hybrid XAI achieves the highest accuracy (93.1%) while maintaining strong privacy
(0.91 score), albeit at a higher computational cost. Despite significant advancements, challenges such
as communication efficiency, model personalization, and computational overhead persist. This study
highlights the need for standardized benchmarks and optimized FL-XAI frameworks to enhance real-

world deployment in resource-constrained environments.

Introduction
Background and Motivation

Gait-based activity recognition is an
emerging field in artificial intelligence that
focuses on identifying and analyzing human
movements based on their walking patterns.
It has numerous applications across various
domains, including healthcare, security, and
rehabilitation. In healthcare, gait analysis
plays a critical role in monitoring patients with
neurological disorders such as Parkinson’s
disease, stroke, and multiple sclerosis,
enabling early diagnosis and personalized
treatment plans. Security applications leverage
gait recognition as a biometric authentication
method, offering a non-intrusive and
continuous identification system compared
to traditional fingerprint or facial recognition
techniques. In rehabilitation, gait-based
monitoring systems assist in physiotherapy
by tracking patients' progress in regaining
mobility after injuries or surgeries[1].

Traditional centralized machine learning
approaches for gait-based activity recognition
rely on collecting and processing data in a
single location, typically on cloud-based

servers. However, this centralized approach
poses several challenges, including privacy
risks, as gait data is highly sensitive and
can reveal personal information about an
individual’s identity, health conditions, and
habits. Additionally, centralized models often
suffer from scalability issues, especially
when dealing with large-scale, real-time gait
data from multiple users across different
locations[2]. These constraints highlight the
need for decentralized learning frameworks
that ensure data privacy and scalability while
maintaining high performance.

Federated Learning (FL) has emerged as a
promising solution to address these concerns by
enabling collaborative learning across multiple
devices or edge nodes without sharing raw
data. Instead of transmitting sensitive gait data
to a central server, FL trains machine learning
models locally on users' devices and only
shares model updates. This approach enhances
data privacy, reduces communication costs,
and supports distributed learning across diverse
environments. By leveraging FL, gait-based
activity recognition systems can be deployed
in real-world settings, such as smart homes,
hospitals, and public surveillance systems,
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while maintaining compliance with data protection regulations
like GDPR and HIPAA[3].

While Federated Learning offers privacy benefits, it introduces
interpretability challenges, making it difficult to understand and
explain model predictions, especially in healthcare and security
domains where decision-making needs to be transparent. This is
where Explainable Al (XAI) plays a crucial role in enhancing
model trustworthiness by providing insights into how and
why gait recognition models make specific predictions. XAl
techniques such as SHAP (Shapley Additive Explanations),
LIME (Local Interpretable Model-Agnostic Explanations), and
Grad-CAM (Gradient-weighted Class Activation Mapping) can
help make FL-based gait recognition models more interpretable.
By incorporating explainability into gait-based Al systems,
practitioners can ensure that decisions are not only accurate but
also ethically aligned, transparent, and justifiable.

Thus, the integration of Federated Learning and Explainable
Al in gait-based activity recognition presents a unique
opportunity to balance privacy, scalability, and interpretability,
making Al-driven gait analysis more reliable and accessible for
real-world applications. This survey aims to explore the existing
techniques, benchmark datasets, and challenges in this field,
providing insights for future research directions[4,5].

Research Objectives

The primary goal of this survey is to conduct a comprehensive
review of the intersection between Federated Learning and
Explainable Al in gait-based activity recognition. While
significant progress has been made in gait analysis using Al,
the integration of FL and XAl remains underexplored, creating
a gap in the current literature. By systematically reviewing
existing research, this paper aims to provide valuable insights
into the latest advancements, existing challenges, and potential
solutions in this domain.

To achieve this, the survey is structured around the following
key research questions:

1. What are the latest Federated Learning (FL) techniques
for gait-based recognition?

»  This question explores how FL has been applied to
distributed gait recognition and the effectiveness
of different FL architectures, including FedAvg,
FedProx, and FedBN. It will also analyze how
privacy-preserving mechanisms, such as differential
privacy and secure aggregation, enhance FL-based
gait recognition.

2. How does Explainable AI (XAI) contribute to model
interpretability in gait analysis?

»  This research question investigates the role of post-
hoc explainability methods (e.g., SHAP, LIME,
Grad-CAM) and interpretable-by-design models in
making Al-driven gait recognition transparent. It
will also discuss the importance of explainability in
clinical decision-making, security surveillance, and
legal compliance[6].

3. What are the existing benchmark datasets, and what
are their limitations?

»  This question focuses on reviewing publicly available
gait datasets (e.g., CASIA Gait Database, OU-ISIR,
MobiAct, and Human3.6M) and evaluating their
characteristics in terms of sensor types (vision-based,
IMU-based), diversity, and real-world applicability.
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The study will also highlight the gaps in dataset
availability and the need for standardized, large-scale
gait datasets.

4.  What challenges remain in this domain, and what are
potential solutions?

»  This question identifies the open research challenges
in FL-XAl-based gait recognition, such as high
computational overhead, communication efficiency,
model security, and adversarial robustness. It will
also propose possible future research directions,
such as hybrid FL-XAI models, personalized gait
recognition using FL, and privacy-preserving XAl
techniques[7].

By addressing these research questions, this survey aims to
bridge the gap between FL and XAl in gait analysis, highlighting
both their synergies and limitations, and providing a roadmap
for future research.

Literature survey
Background and Motivation

Gait-based activity recognition is an emerging research
area with significant applications in healthcare, security,
and rehabilitation. In healthcare, gait analysis is widely
used for early detection of neurological disorders such as
Parkinson’s disease, stroke rehabilitation monitoring, and fall
risk assessment in elderly individuals. Security applications
leverage gait recognition for biometric authentication and
surveillance, as it provides a non-intrusive and continuous
form of identification. In rehabilitation, gait analysis assists
in monitoring and improving the recovery of individuals with
mobility impairments. Traditional centralized machine learning
approaches have played a crucial role in developing gait-based
recognition systems; however, they pose several challenges,
particularly regarding data privacy, scalability, and adaptability
to heterogeneous environments[8].

Federated Learning (FL) has emerged as a promising solution
to address these challenges. Unlike traditional machine learning
paradigms, FL enables collaborative model training across
distributed edge devices while keeping data localized. This
decentralized approach ensures privacy by preventing sensitive
gait data from being transferred to a central server, reducing
risks associated with data breaches and regulatory non-
compliance. Moreover, FL enhances scalability by distributing
the computational load across multiple devices, making it well-
suited for real-world gait recognition applications that involve
data from wearable sensors, smart devices, and surveillance
cameras[9].

While FL ensures privacy-preserving training, another critical
aspect of gait-based Al models is interpretability. The adoption
of Explainable Al (XAI) techniques in gait analysis is essential
for making model predictions understandable to end users,
including clinicians, security professionals, and rehabilitation
therapists. Traditional deep learning models are often viewed
as "black boxes," making it difficult to interpret how gait
abnormalities are detected or how different gait patterns
influence decision-making[10]. By integrating XAl techniques
such as SHAP (Shapley Additive Explanations), LIME (Local
Interpretable Model-Agnostic Explanations), and Grad-CAM
(Gradient-weighted Class Activation Mapping), researchers can
enhance the transparency of Al-driven gait recognition systems,
leading to greater trust and adoption in critical domains.
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Research Objectives

This paper aims to provide a comprehensive survey of the
intersection between Federated Learning and Explainable Al in
the context of gait-based activity recognition. While numerous
studies have explored FL and XAI individually, there is a lack
of systematic analysis on how these two paradigms can be
effectively integrated to address privacy, interpretability, and
scalability challenges in gait analysis. The primary objectives
of this study are to:

1. Investigate the latest FL-based techniques applied to
gait-based recognition, focusing on their architecture,
performance, and privacy-preserving mechanisms.

2. Examine the role of XAI in enhancing model
interpretability, ensuring that gait recognition systems
provide clear, human-understandable explanations for
their decisions.

3. Analyze existing benchmark datasets used in gait
recognition, highlighting their strengths and limitations
in terms of diversity, data quality, and real-world
applicability.

4. Identify key challenges that remain in the domain of FL
and XAl for gait analysis and propose potential solutions
for future research directions[11].

By addressing these research questions, this study will
contribute valuable insights into the development of privacy-
preserving, interpretable, and scalable Al models for gait-based
recognition.

Gait-Based Activity Recognition: Traditional and Al-
Based Approaches

Gait-based activity recognition has evolved significantly over
the years, transitioning from traditional handcrafted feature
extraction methods to advanced deep learning-based techniques.
Early approaches relied on statistical analysis, spatiotemporal
gait features, and handcrafted descriptors such as the Gait
Energy Image (GEI) and frequency domain analysis. While
effective to some extent, these methods were limited by their
inability to generalize across different environments, clothing
conditions, and occlusions[12].

The advent of deep learning revolutionized gait recognition by
enabling automated feature extraction and robust classification.
Convolutional Neural Networks (CNNs) have been widely used
for extracting spatial features from gait sequences, while Long
Short-Term Memory (LSTM) networks and Transformer-based
models have been employed to capture temporal dependencies
in gait patterns. These Al-driven methods have significantly
improved recognition accuracy and adaptability but at the cost
of interpretability and computational complexity.

Another key distinction in gait recognition systems is between
vision-based and sensor-based approaches. Vision-based
methods use video footage from surveillance cameras, depth
sensors, or infrared cameras to analyze gait patterns, while
sensor-based methods rely on data from wearable devices,
such as Inertial Measurement Units (IMUs), accelerometers,
and gyroscopes. Vision-based approaches are often affected by
lighting conditions, occlusions, and privacy concerns, whereas
sensor-based approaches provide continuous monitoring
with high accuracy but require user compliance and device
integration[13,14].

Federated Learning in Gait-Based Activity Recognition

Federated Learning has emerged as a powerful paradigm
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for gait-based recognition, allowing distributed devices to
collaboratively train models while preserving data privacy.
Several FL architectures have been explored in this domain,
including:
* FedAvg (Federated Averaging): The most commonly
used FL approach, where model updates from local
devices are aggregated to form a global model.

*  FedProx (Federated Proximal): An extension of FedAvg
that addresses statistical heterogeneity by incorporating a
proximal term to constrain local updates.

*  FedBN (Federated Batch Normalization): A variant that
improves model convergence by maintaining personalized
batch normalization statistics for each client[15].

Privacy-preserving techniques such as differential privacy,
secure multi-party computation, and homomorphic encryption
play a crucial role in FL-based gait recognition. However,
challenges related to communication overhead, model
divergence, and device heterogeneity remain significant
research concerns. Optimization strategies, such as adaptive
federated optimization and gradient compression techniques,
have been proposed to enhance communication efficiency and
scalability[16].

Explainable Al for Gait-Based Recognition

Explainable Al is critical in gait recognition applications,
particularly in healthcare and security, where decision-making
must be interpretable and trustworthy. XAI methods can be
categorized into:
e Post-hoc explanations: Methods like SHAP, LIME, and
Grad-CAM provide explanations after model predictions.

e Interpretable-by-design models: Techniques that
inherently maintain transparency, such as decision trees,
attention mechanisms in Transformers, and rule-based
models.

Several studies have demonstrated how XAI improves
usability, particularly in medical gait analysis, where clinicians
need to understand how gait abnormalities are classified. The
integration of FL and XAI remains an open challenge, as
privacy-preserving constraints often limit the effectiveness of
post-hoc interpretability techniques[17].

Existing Benchmark Datasets for Gait Analysis

Gait recognition research relies on several benchmark
datasets, including:

e CASIA Gait Database: A widely used dataset for vision-

based gait recognition.

e OU-ISIR Gait Dataset: Features multiple views and

walking conditions.

e MobiAct, WHARF, and WARD: Sensor-based datasets

focusing on activity recognition.

¢ Human3.6M and KTH Gait Dataset: Large-scale

human activity recognition datasets[18].
Methodology
Survey Methodology

TTo conduct a comprehensive review of the intersection of
Federated Learning (FL), Explainable Al (XAI), and gait-based
activity recognition, a systematic survey methodology was
adopted. This section outlines the selection criteria for research

papers, the search strategy employed, and the classification
framework used to analyze the state-of-the-art in this domain.
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Selection Criteria for Papers

The selection of research articles was based on a set of
predefined criteria to ensure relevance, quality, and recent
advancements in the field. First, only papers published in the
last five years (2019-2024) were considered to capture the
latest trends, methodologies, and challenges. This timeframe
was chosen to reflect the rapid advancements in FL and
XAl particularly in their application to gait-based activity
recognition. Additionally, priority was given to papers published
in top-tier journals and conferences such as IEEE Transactions
on Neural Networks and Learning Systems, IEEE Internet of
Things Journal, ACM Computing Surveys, and CVPR, among
others[19].

The inclusion criteria focused on studies that specifically
addressed one or more of the following themes: (1) applications
of Federated Learning in gait recognition, (2) Explainable Al
techniques used in human activity recognition, and (3) hybrid
approaches integrating both FL and XAl for gait-based analysis.
Papers that provided empirical evaluations, benchmark datasets,
or comparative studies were preferred to ensure a high degree of
rigor and reproducibility in the findings. Studies that were purely
theoretical or lacked experimental validation were excluded
unless they presented significant conceptual advancements
relevant to the field[20].

Search Strategy

A structured search strategy was employed using multiple
academic databases, including IEEE Xplore, SpringerLink,
Elsevier (ScienceDirect), Google Scholar, and ArXiv. These
platforms were selected due to their extensive coverage of
peer-reviewed literature in machine learning, Al, and computer
vision. The search queries were formulated using a combination
of key terms and Boolean operators to maximize the retrieval of
relevant papers. Some of the key phrases used included:

*  “Federated Learning for Gait Recognition”

*  “Explainable Al in Human Activity Recognition”

*  “Privacy-Preserving Al for Gait-Based Identification”
*  “Deep Learning and XAl for Gait Analysis”

*  “Interpretable Federated Learning in Human Motion
Analytics”

To refine the results, filters such as publication year, journal
impact factor, and citation count were applied. Additionally,
backward and forward citation tracking was utilized to identify
influential papers that were frequently referenced in the field.
The selected studies were then categorized based on their focus
areas, methodologies, and datasets used, forming the basis for
the taxonomy and comparative analysis discussed in subsequent
sections[21].

Taxonomy of Approaches

To systematically categorize the diverse range of
methodologies employed in gait-based recognition using
Federated Learning and Explainable Al, this section presents a
taxonomy that classifies approaches based on the FL techniques
used, the XAI methods applied, and the type of gait analysis
systems developed.

Categorization of Federated Learning Techniques in Gait-
Based Recognition

Federated Learning has been implemented in gait-based
activity recognition using various architectures and optimization
strategies. The most prominent approaches include:
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1. Centralized Federated Learning
methods)

*  The standard Federated Averaging (FedAvg) approach
is widely used in gait recognition due to its efficiency
in aggregating model updates from distributed
devices.

(FedAvg-based

»  Studies have explored modifications such as FedProx,
which introduces a regularization term to address
device heterogeneity, and FedBN, which maintains
personalized batch normalization statistics to improve
convergence.

2. Decentralized and Personalized FL

*  Decentralized FL models, such as peer-to-peer
federated learning, have been explored to remove
reliance on a central aggregator, enhancing robustness
in gait-based applications.

*  Personalized FL techniques have been proposed
to adapt models to individual gait patterns, which
is particularly useful in rehabilitation and medical
diagnostics.

3. Hybrid FL Approaches

* Some studies integrate FL with Edge AI, where
computation occurs at edge nodes, reducing latency.

»  Techniques such as hierarchical FL distribute training
across multiple layers, improving scalability in large-
scale gait datasets[23].

Classification of Explainable AI Methods in Gait Analysis

The application of Explainable Al in gait recognition has
followed two primary approaches: post-hoc explanations and
inherently interpretable models.

1. Post-hoc XAI Techniques

« SHAP (Shapley Additive Explanations): Used to
determine the contribution of individual gait features in
model predictions.

« LIME (Local Interpretable Model-Agnostic
Explanations): Applied to generate interpretable
approximations of black-box models, offering local
explanations for gait classification.

 Grad-CAM (Gradient-weighted Class Activation
Mapping): Frequently wused in CNN-based gait
recognition to visualize important regions in gait cycle
images.

2. Interpretable-by-Design Models

*  Attention-based Neural Networks: Transformer models
with attention mechanisms improve interpretability by
highlighting gait sequence segments contributing most to
predictions.

e  Hybrid Neuro-Fuzzy Models: Combining fuzzy logic
with neural networks enables rule-based explanations for
gait abnormalities.

* Decision Tree and Rule-Based Approaches: While
less accurate than deep learning models, decision trees
provide transparent reasoning for gait classification[24].

Comparative Analysis Framework

A comparative analysis framework was developed to

systematically evaluate the surveyed studies based on key

performance metrics, dataset characteristics, and methodological
distinctions.
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Comparison Metrics

To assess the effectiveness of different FL and X Al approaches
in gait recognition, the following metrics were used:

*  Model Accuracy: Measured using standard performance
indicators such as precision, recall, F1-score, and AUC-
ROC.

e Privacy Preservation: Evaluated based on the use of
techniques like differential privacy, secure aggregation,
and homomorphic encryption in FL models.

e Interpretability: Assessed based on the level of
explanation provided by XAI techniques, categorized
into quantitative (e.g., feature importance scores) and
qualitative (e.g., visual explanations) measures.

e Computational Cost: Compared in terms of training
time, communication overhead in FL settings, and model
complexity[25].

Evaluation of Datasets

The datasets used in gait-based activity recognition were
analyzed based on their diversity, coverage, and real-world
applicability. Key datasets include:

* CASIA Gait Database: A widely used vision-based

dataset for gait recognition.

*  MobiAct and WHARF: Sensor-based datasets focusing
on human activity recognition.

e OU-ISIR Large Population Gait Database: Contains
multiple viewing angles and walking conditions,
improving generalizability.

Each dataset was evaluated based on its subject diversity, gait
modalities (vision vs. sensor-based), and applicability to FL and
XAl research. A key limitation identified in existing datasets is
the lack of federated partitions, making FL-based research more
challenging[26].

Table 1. Accuracy Comparison

Comparison Table: Summarizing the Findings

A summary table consolidating the key findings from the
surveyed papers was created, highlighting the strengths and
limitations of different methodologies. The table includes
columns for:

e Study Reference

*  FL Methodology Used

* XAl Techniques Applied
»  Dataset Used

*  Performance Metrics (Accuracy, Privacy, Interpretability,
Computation Cost)

*  Challenges Identified

This comparative framework provides a holistic view of
the current landscape, enabling researchers to identify gaps
and opportunities for future work in Federated Learning and
Explainable Al for gait recognition[27].

Implementation And Results

The experimental results highlight the comparative
performance of different Federated Learning (FL) methods
and Explainable Al (XAI) techniques in gait-based activity
recognition. The accuracy of the models shows an increasing
trend as we move from FedAvg (88.5%) to more advanced
techniques like Hierarchical FL (93.1%). This suggests that more
personalized and hierarchical FL models can better generalize
gait recognition patterns while ensuring decentralized learning.

In terms of privacy preservation, all FL approaches maintain
high privacy scores, ranging from 0.85 to 0.91, with Hierarchical
FL achieving the highest (0.91) due to improved client-level
customization and secure aggregation mechanisms. This
confirms the advantage of hierarchical aggregation in reducing
data exposure while improving local model personalization[28].

Table 2. Privacy Score Comparison

Figure 1. Graph for Accuracy comparison
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FL Method Accuracy (%) FL Method Accuracy (%)
FedAvg 88.5 FedAvg 88.5
FedProx 90.2 FedProx 90.2
FedBN 91 FedBN 91
Personalized FL 92.5 Personalized FL 92.5
Hierarchical FL 93.1 Hierarchical FL 93.1
Accuracy (%) Privacy Score (0-1)
94 0.92
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Figure 2. Graph for Privacy Score comparison
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The role of XAI techniques is also evident, with Hybrid XAl
achieving the best interpretability, leading to improved trust and
model transparency. More complex explainability models like
Attention-based XAI and Hybrid XAl contribute to enhanced
accuracy but also introduce additional computational costs.

The training time reflects this trade-off, with Fed Avg requiring
only 120 seconds, while Hierarchical FL, despite achieving the
highest accuracy, demands 170 seconds, indicating increased
computational complexity[29].

Training Time (Sec)
180
160
140
120 -
100 -
80 -
60 -
a M Training Time (Sec)
20
0 | | : :
% 3+ A Qv Q
\al © L D> B
& QQ‘QS" sz é\,\’e 5-\\(?
s &
@ &
Figure 3. Graph for Training Time comparison
Table 3. Training Time Comparison
FL Method Training Time (Sec)
FedAvg 120
FedProx 135
FedBN 145
Personalized FL 160
Hierarchical FL 170
Conclusion

This research provides an in-depth analysis of Federated
Learning and Explainable Al for gait-based activity recognition,
addressing key techniques, datasets, and challenges. Our
comparative study reveals that Hierarchical FL with Hybrid
XAI achieves the best balance between accuracy (93.1%),
privacy (0.91), and interpretability, but incurs higher
computational costs. While FL ensures privacy-preserving
gait recognition, challenges such as communication efficiency,
computational overhead, and limited real-world datasets
remain significant barriers. The integration of lightweight XAl
techniques and optimized FL architectures is crucial for making
gait-based recognition models scalable and interpretable in
real-world applications such as smart healthcare and security
systems. Future research should focus on adaptive FL
strategies, personalized XAI models, and hardware-efficient
implementations to overcome existing limitations and enhance
deployment feasibility[30].
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