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Abstract

People re-identification enables locating and identifying individuals across different camera views in surveillance
environments. The surveillance data contains personally identifiable information such as facial images, behavioral
patterns, and location data, which can be used for malicious purposes such as identity theft, stalking, or
discrimination. This raises serious ethical and privacy concerns. The communication overhead of transporting a
large number of data needed to train a global model and the diverse nature of the data from different sources

are serious limitations facing the development of people re-identification technologies. We address these
challenges by proposing a novel three-step federated learning framework. First, we investigate the impact of

data augmentation techniques on the model generalizability and explore the effectiveness of different backbone
networks. Second, we use reinforcement learning-based Upper Confidence Bounds (UCB) as a client-selection
strategy in the federated round that dynamically chooses devices similar to the current model state, ensuring the
model is updated with relevant data and enables faster convergence. Finally, we introduce a feature-level attention
mechanism focusing on discriminative features for re-identification. Extensive experiments were conducted on nine
benchmark re-ID datasets. The proposed framework outperformed the federated re-ID baseline by 10% in rank-1
accuracy and achieved results comparable to the centralized approach, with a difference of 2%. This improvement
over the previous state-of-the-art establishes a new benchmark for federated re-identification.
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Introduction

Recent advancements in Artificial Intelligence (AI) have
led to significant breakthroughs in various fields ranging
from healthcare and retail to autonomous systems and
natural language processing. These advancements also
raise ethical and privacy concerns [1] with respect to col-
lecting sensitive or personally identifiable information,
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re-identification (re-ID) technology, the task of locating
and identifying people across different camera views, is
easily integrated into existing surveillance systems [2, 3].
This ability to identify and track people can be beneficial
for retail to target advertisements, healthcare to monitor
patients, law enforcement to track suspects or suspicious
individuals and locate missing people, and public safety.
The increasing availability and affordability of surveil-
lance technology have helped the widespread adoption
of surveillance technologies in many places, such as hos-
pitals and airports, for security to enhance security and
deter crime and privacy by ensuring that only authorized
personnel enter restricted zones. Although the presence
of surveillance cameras in a single airport may not raise
significant privacy concerns, sharing the data collected by
these cameras between different airports can create sig-
nificant risks. Thus, the prevalence of surveillance cam-
eras is a huge privacy violation and goes against stringent
data protection regulations such as the General Data
Protection Regulation (GDPR) [4, 5]. As such, there is an
increasing demand for privacy-preserving alternatives to
mitigate the challenges [6] facing the development of a
robust and effective re-ID system. A clear example of data
misuse is the DukeMTMC dataset, samples of the dataset
are shown in Fig. 1. It was retracted after repeated warn-
ings from Human Rights Watch due to the misuse of the
dataset by government entities for mass surveillance and
human rights violations. The retraction emphasized the
need for stricter controls on how sensitive data is used
and shared, especially when it involves personal infor-
mation that could be weaponized against individuals or
groups.

Federated Learning (FL) offers a promising solution
where it enables collaborative learning by training a local
model on each edge device [8], thus eliminating the need
for raw data sharing [9, 10]. Training local models across
decentralized data sources (e.g., multiple cameras or insti-
tutions) and only sharing model updates with the central
server, preserves the individuals’ right to their own data.
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Despite the potential this approach holds [11], it presents
unique challenges related to the data scarcity and heteroge-
neity naturally present in the data due to the difference in
demographics, illumination, pose differences, camera view,
and angle. Another dominant problem is the edge device’s
limited computational resources [12], which leads to poor
performance and bias towards devices with more data and
computational resources [13].

While federated learning provides a solid foundation
for privacy-preserving people re-identification, current
systems struggle with handling data heterogeneity across
different clients, leading to inconsistent model perfor-
mance. Moreover, existing methods do not fully exploit
the potential of attention mechanisms to enhance feature
learning to distinguish between similar-looking indi-
viduals. Additionally, the resource constraints in feder-
ated environments require efficient client selection and
resource allocation strategies, which are overlooked in
the currently available research. Based on these obser-
vations, in this study, we develop a federated learning-
based person re-identification system to overcome data
inconsistencies, refine feature extraction with attention
mechanisms, and efficiently manage participating devices
and computational resources through reinforcement
learning.

The main contributions of this paper are summarized
as follows:

+ Develop adaptive aggregation strategies for handling
data heterogeneity in federated Re-ID systems,
ensuring consistent model performance across
diverse clients.

+ Integrate feature attention mechanisms into
the federated Re-ID framework to improve
discriminative feature learning and enhance model
accuracy.

+ Implement a UCB-based reinforcement learning
approach for optimizing client selection to improve

Fig. 1 A collection of images of 2,000 students in DukeMTMC [7] dataset, which was captured in their daily routines without their knowledge. This high-
lights the growing concern about the use of surveillance technology in public spaces
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the efficiency and scalability of the federated Re-ID
system.

+ Evaluate the proposed framework on benchmark
Re-ID datasets and compare its performance with
existing state-of-the-art methods.

The rest of the paper is structured as follows:
Related work section reviews related work on per-
son re-identification and federated learning, Meth-
ods section presents the proposed federated Re-ID
framework, Experiment section discusses the results
and provides a comparative analysis with baseline meth-
ods and describes the experimental setup, including the
datasets used and evaluation metrics, and conclusion and
future work in Conclusion & future work section.

Related work

Person re-identification methods

People re-identification is an image retrieval task aim-
ing to match individuals across non-overlapping camera
views in varying environment conditions. The advance-
ments in deep learning have enabled the extraction of
more discriminative features from images, thus surpass-
ing traditional hand-crafted feature operators [14—17].
Recent research has focused on addressing the chal-
lenges caused by varying camera angles and resolutions
[18], clothing variations [19], illumination conditions [3,
20], background-bias [21], and occlusions [22—24]. How-
ever, many approaches still struggle to generalize across
diverse real-world scenarios. Such limitations can reduce
accuracy in dynamic environments where people may
change clothing or move through differently lit areas.
Attention mechanisms, triplet loss, and metric learn-
ing have been incorporated into CNN architectures to
enhance feature learning [25-29]. These methods can be
limited by how computationally intensive they are and
may require fine-tuning to perform well in diverse envi-
ronments. They also struggle with occlusions and signifi-
cant appearance changes. Furthermore, the integration
of multi-modal information, including gait and temporal
sequences, has shown promise in improving re-identifi-
cation accuracy. However, these approaches require com-
plex data acquisition and are sensitive to environmental
changes, such as variations in walking speed or camera
placement. Additionally, multi-modal methods may
increase computational load thus making real-time appli-
cation challenging in resource-constrained settings. Syn-
thetic data augmentation is a technique used to address
the scarcity of labeled data. Generative Adversarial Net-
works (GANs) can generate realistic pedestrian images
with diverse variations, expanding the training dataset for
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better feature extraction capabilities of the CNN [30-34].
While these models can produce varied appearances but
fail to produce realistic environmental conditions. This
can introduce bias which can reduce model performance
and lead to overfitting on unrealistic features rather than
genuine identity characteristics. While this work offers
valuable insights into improving re-id tasks, it focuses on
centralized setups where data is usually IID and available
in a central data store. Several approaches were taken to
protect the images from possible attacks [35, 36].

Federated learning for re-identification

Federated Learning has emerged as a promising solution
for the privacy concerns related to computer vision tasks.
It offers a decentralized approach to collaboratively train
a deep learning model and has proved its effectiveness
within a variety of tasks [37-40] and within the realm
of Internet of Things (IoT) [41-43]. Recent work has
explored the integration of federated learning in people
re-identification where the data is inherently heteroge-
neous [44, 45] and the model architecture needed can
differ [45]. There is a significant variation in the quality,
quantity, and demographics of the data used in people
re-identification. This in turn makes this approach sus-
ceptible to challenges with client heterogeneity and with
varying device capabilities and data distributions that can
lead to inconsistencies in model performance. Addition-
ally, Federated learning offers privacy guarantees for the
use of people’s images in training, instead of centralized
approaches which can be invasive. FedReID [45] intro-
duces a decentralized training paradigm and proposes
three optimization strategies aimed at enhancing model
performance under statistical heterogeneity. Weng et
al [46] address the challenges related to data annota-
tion requirements and statistical heterogeneity across
clients using a Coarse-to-Fine Three-Stage Strategy by
establishing generic knowledge, integrating specialized
knowledge, and enhancing fine-grained person repre-
sentation through patch-level feature alignment, how-
ever, it is prone to domain overfitting. As a result, when
deployed in a new domain with different camera angles,
backgrounds, or lighting conditions, the model may fail
to accurately identify individuals, as it cannot adapt to
features outside of its training environment. Li et al [47]
proposed an approach using domain alignment and data
manipulation to address the domain shift, however, the
communication efficiency and computational overhead
increased significantly. Fed4RelID [48] address the Non-
IID problem by integrating data augmentation tech-
niques in edge computing environments, which helps
improve model generalization across heterogeneous data.
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Others [49, 50] tried to simulate unseen data scenarios
and use style transformation models to enable the model
to adapt to diverse conditions. However, these models
often struggle to preserve identity-relevant features while
transforming styles, leading to potential mismatches
in real-world scenarios. Domain and Feature Halluci-
nating (DFH) [51], on the other hand, improves person
re-identification model generalizability by generating
diverse and representative features using domain-level
feature statistics (DFS). Zhou et al [52] address feature
shift in federated learning by augmenting the statistics
(mean and standard deviation) of latent features. This
can cause an increase in computational cost and varying
synthetic feature quality as well as the risk of feature drift
where the model becomes more attuned to hallucinated
variations than actual domain-specific features. FRM [53]
integrates MOON (Meta-Optimization of Optimization
Networks) and a lightweight network (MB-CDNet) and
provides a solution for privacy and communication issues
in federated learning.

Enhancing federated learning performance

Federated Learning performance is often hindered by
challenges such as statistical heterogeneity, communica-
tion inefficiencies, and model convergence issues. Several
Techniques have been proposed to address these limi-
tations including advanced aggregation strategies (e.g.,
FedProx, FedNova, and FedPav), knowledge distillation,
and contrastive learning. Additionally, feature attention
mechanisms have been explored to enhance feature rep-
resentation quality and thus improve federated learning
effectiveness in vision-based tasks. Recent studies, such
as [45], highlight the role of adaptive weighting in aggre-
gation to balance client contributions which improves the
global model’s robustness and accuracy. To improve fed-
erated learning performance, recent research has intro-
duced adaptive model fusion techniques that dynamically
assign weights to client updates based on model quality
rather than sample size. Methods like FedDRL [54] use
reinforcement learning to optimize client selection and
aggregation to prevent the inclusion of malicious mod-
els and ensure higher global model reliability and accu-
racy. Moreover, adaptive federated learning strategies
have been proposed to optimize the performance of ReID
models by adjusting the learning process and choosing
a suitable model based on the characteristics of the data
and the network conditions [55-60]. While this approach
can improve model personalization and efficiency, model
selection strategies must be carefully designed to avoid
overfitting to specific clients and ensure generalization
across diverse environments. Communication efficiency
is important in any federated learning setting to reduce
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the amount of data transmitted between clients and the
central server, thereby minimizing communication over-
head and improving scalability [61, 62].

Client selection strategies in federated learning

Effective client selection is essential in federated learn-
ing to ensure efficient training, reduce bias, and improve
model convergence. Traditional methods often use ran-
dom or uniform selection. This may lead to suboptimal
model updates due to varying client data quality, com-
putational resources, and network stability. To address
these challenges, researchers have explored adaptive
client selection strategies that prioritize high-quality
and diverse data contributors while balancing participa-
tion fairness. Reinforcement learning-based approaches
dynamically adjust client participation to optimize learn-
ing efficiency, whereas trust-aware mechanisms miti-
gate the risk of unreliable updates from low-performing
clients. Client selection strategies can optimize com-
munication efficiency by selecting a subset of clients to
participate in each training round, based on factors such
as data quality, computational resources, and network
connectivity. These strategies can be based on reinforce-
ment learning [63—-67], or others that focus on the data
quality itself [68-70]. However, this approach can be
challenging due to client heterogeneity, where varying
data distributions or resource capabilities may lead to
imbalanced training. Additionally, improper client selec-
tion can result in slower convergence or reduced model
generalization. Balancing exploration and exploitation
in client selection remains a key challenge for achieving
optimal performance. Other approaches have focused on
transfer learning techniques to improve model perfor-
mance [71]. Traditional federated learning assumes all
clients are trustworthy, but real-world scenarios involve
threats such as model poisoning and free-rider behaviors.
Recent approaches use secure aggregation mechanisms,
blockchain-based trust frameworks, and client contribu-
tion evaluation strategies to mitigate these risks, ensur-
ing fair participation in heterogeneous environments
[72]. However, they can be limited by domain mismatch,
where the pre-trained model’s features may not fully
align with the target domain which leads to suboptimal
performance. Additionally, some researchers have pro-
posed novel model architectures specifically designed for
federated learning, aiming to optimize training efficiency
and communication costs [48, 53, 73-75].

Discussion

We aim to leverage these methods as a foundation for
our FL approach. Since privacy is a crucial concern
when dealing with personal images. We aim to leverage
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these methods as a foundation for our FL approach.
Since privacy is a crucial concern when dealing with
personal images. Currently, the state of the art in fed-
erated learning for RelD includes several approaches as
discussed above. The current Federated ReID bench-
mark does not address the challenge of adapting to
unseen domains, such as varying lighting, camera
angles, or occlusions, which are common in real-world
scenarios. Moreover, FedReID lacks a dynamic client
selection mechanism that could improve performance
based on client capabilities and data characteristics.
On the other hand, other notable approaches such
as Fed4RelD are limited to a baseline comparison on
public datasets, without exploring domain adaptation
or advanced feature extraction techniques. Another
approach is The FRM framework, which relies on pri-
vate datasets limits its applicability, and does not offer
insights into domain adaptation or generalization across
publicly available datasets. Our work advances feder-
ated learning for person re-identification by introduc-
ing several key contributions. We leverage generative
learning techniques for data augmentation, enabling the
model to learn robust, generalizable features in scenar-
ios with limited real-world data. Unlike augmentation
in Fed4RelD, our approach synthesizes diverse, realistic
data to enhance model robustness across varied condi-
tions. We also incorporate feature attention fusion to
improve feature extraction and adapt to domain shifts
like occlusions and background changes. Additionally,
a reinforcement learning-based weighted aggregation
strategy reduces bias in model updates, while adaptive
client model selection optimizes resource use and per-
formance across clients.

Methods

This section outlines the proposed framework by detail-
ing the client-side re-identification model, the federated
learning architecture, and the server-side mechanisms
for adaptive client selection, and model aggregation.
First, the problem formulation is defined and then an
overall system architecture is presented to show the
interactions between local models and the global server.
Next, we describe the Client-Side Person Re-Identi-
fication Model with focus on its architecture, feature
extractors, data preprocessing techniques that includes
GAN-based synthetic augmentation and feature atten-
tion mechanisms. On the server side, we explain the
Contribution-Driven ~Weighted Upper Confidence
Bound (CDW-UCB) strategy taken for fair contribution
evaluation and an adaptive model selection based on
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client hardware capabilities. We further refine the aggre-
gation process by selecting only key model components
for update rather than performing full model aggrega-
tion to mitigate the impact of bias and poor-performing
clients.

Problem definition

In this section, we define the challenges associated with
traditional federated learning algorithms in the context
of person re-identification. We assume a federated learn-
ing system comprising n clients, where the i-th client is
denoted as C;, and the set of all clients is represented as
{C1,C4,...,Cy,}. Each client C; trains a local model with
parameters 6;, and the set of all client model parameters
is denoted as {601,60,...,0,}. During each communica-
tion round, the central server selects k clients from the n
available clients. The selected clients upload their locally
trained models to the server, which then aggregates these
models to form a global model 8g1o1a1. The server’s pri-
mary objective is to iteratively optimize the global model,
as shown in Eq. 1:

k

k
min G(fglobal) = Z w; f(0;), Z w; =1,

; w; >0 (1)

global i=1 i=1
Let w; represent the weight assigned to the i-th client
during aggregation. Traditional Federated Learning
algorithms assume that the models uploaded by the
selected clients are identically aggregated and identi-
cally sent back, which is not fair to either bad-perform-
ing clients or good-performing clients with less data.
This creates a bias issue both at the server and at the
client level. Specifically, the models are aggregated in
a way that may not accurately represent the perfor-
mance of each client. If the server fails to account for
this, the global model may be compromised, as clients
with poor performance may undeservedly influence the
global model. The primary challenge is to ensure fair-
ness during the aggregation process and reduce bias
and maintain an optimal global model despite these
inequalities.

The next challenge is to objectively evaluate the contri-
bution of each client. This evaluation is critical for deter-
mining the weight of each client’s contribution to the
global model, as well as to itself, in order to balance the
bias.

One critical challenge in federated learning (FL) sys-
tems is ensuring that the system adapts to the varying
hardware capabilities and performance levels of clients
during the aggregation process. Clients in a federated
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learning setup can have different hardware configu-
rations, which affects their computational capacity,
memory, and speed. Consequently, clients may per-
form differently during local model training, impacting
the quality of the models they contribute to the global
aggregation.

To formalize this challenge, we assume a federated
learning system comprising # clients, where the i-th cli-
ent is denoted as C;, and the set of all clients is repre-
sented as C1,Cs,...,C,. Each client C; trains a local
model with parameters 6;, and the set of all client model
parameters is denoted as 61,05, ... ,0,.

During each communication round, the central server
selects k clients from the # available clients, where the cli-
ents’ local model performance varies based on hardware
capabilities. The performance of each client, denoted as
p;, is computed based on factors such as the number of
epochs trained, model convergence, and hardware limi-
tations (e.g., CPU/GPU processing power). The weight
assigned to each client during the aggregation, w;, is
adjusted according to both the client’s performance and
hardware capacity. Specifically, the weight can be repre-
sented as:

pi - hy
%
> iz Pihi

Where: p; is the performance score of client C;, which
is based on local model performance metrics (e.g., loss,
accuracy). h; is the hardware capability score of client
C;, which quantifies the client’s hardware performance
(e.g., CPU, GPU, memory). This ensures that clients with
higher hardware capabilities and better performance
receive higher weights during model aggregation, thus
compensating for hardware disparities and improving the
fairness of the model updates.

In each communication round, the server aggregates
the models uploaded by the selected clients, forming the
global model 41101 based on the weighted sum of local
model parameters:

w; =

2)

k
9g10ba1 = Z wlet (3)
i=1

The primary objective of this adaptive aggregation pro-
cess is to balance the influence of each client based on
both their local performance and hardware capabilities.
By doing so, we ensure that clients with more compu-
tational power or better performance contribute more
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significantly to the global model without unfairly bias-
ing the model aggregation process. Thus, the chal-
lenge is to design an efficient weighting mechanism
that accounts for the differences in client performance
and hardware, ensuring a fair and robust global model
aggregation while maintaining the benefits of decen-
tralized learning. A further challenge in traditional
federated learning is that all model parameters are
aggregated uniformly without considering the vary-
ing contributions of different model components. This
approach can be inefficient and unfair as not all parts
of the model contribute equally to the learning process.
Some feature extraction layers may be more critical for
person re-identification, while others may introduce
noise or unnecessary redundancy which leads to subop-
timal model updates.

To formalize this challenge, we consider a federated
learning system with # clients, where each client C; trains
a local model ;. The local model §; consists of two major
components:

The first is the feature extractor Fj, responsible for
extracting meaningful representations from input data.
The second component is the classifier head H;, respon-
sible for mapping extracted features to predictions. Thus,
the model can be represented as:

0; = (Fi, H;) (4)

Traditional federated learning aggregates the entire
model:

k
eglobal = Z wtel (5)
=1

where w; is the weight assigned to client C; based on
its contribution. However, this full aggregation does not
account for the fact that different clients may have vary-
ing feature extractors due to differences in data distribu-
tions, hardware capabilities, and local training dynamics.
Aggregating all parameters indiscriminately can lead to
inefficiencies as some layers may generalize poorly across
clients.

A key challenge in federated person re-identification
is improving the discriminative power of extracted fea-
tures while mitigating the effects of data heterogeneity
across clients. In summary, the three key challenges are
as follows: (1) How to balance the bias caused by clients’
contributions to the global model during the aggregation
process based on performance and data availability? (2)
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Fig. 2 Overview of the proposed system workflow

How to reduce the bias in model aggregation caused by
imbalanced data or hardware capabilities of clients? (3)
How can the feature extraction model’s performance be
enhanced using feature attention mechanisms and syn-
thetic data augmentation to ensure a more robust global
model?

Architecture design

The Federated setup assumed in this work can be
defined as a federated-by-dataset scenario, or to put it
differently, it is a client-edge-cloud architecture. In this
setup, the edge servers act as the clients, where each
edge server gathers data from a different camera in its
domain and constructs its own data repository to train
on. The central server manages the global models and is
responsible for assigning, receiving updates from, and

Camera 1 Camera k

AAg GVE

updating client models, aggregating the client updates
into the global server, and acting as the teacher model
in the knowledge distillation process between server and
client (Fig. 2).

This scenario follows the existence of an edge server
that has higher computational resources to train the
models more effectively and thus is deemed to be more
suitable and practical. In a different federated setting like
federated-by-dataset, the edge devices may act as the
client instead and use a client-edge-cloud architecture.
Although our approach follows the federated-by-dataset
setup, where each dataset is considered a client, as it is
deemed more suitable, our methodology is theoretically
applicable to both scenarios. In both scenarios, the data
remains on the client’s devices, inherently ensuring pri-
vacy preservation.
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Require: Number of clients n, communication rounds 7', global model fgiobal

Server initializes 04011 and selects feature extractor based on client hardware.

for each communication round ¢t =1,2,...,7 do
Server distributes 0gioha1 to selected clients.
for each client C; in parallel do
Client Pre-Processing: Normalize and transform local dataset.
Data Augmentation: Use GAN-based augmentation on dataset.
Local Training: Update model §; using local dataset.
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Send updated model §; to the server.

end for

Server Evaluates received models.

Compute client contribution scores:

1 — cosine_similarity (0giobal, 0;)

reward; = =

> izq (1 — cosine_similarity (fgiobal, 0;))

Global Aggregation: Perform partial model aggregation:

t+1
eglobal

end for
Output: Final global model 8g1obai.

k
- Y
=1

where w; is based on client contribution.

Update client models with new 6}

global*®

Algorithm 1 Federated learning workflow for person re-identification

The system operates in an iterative manner, following
the steps outlined below.

Step 1: model initialization at the server

The global model architectures are initialized at the cen-
tral server. The server selects the appropriate backbone
for the model based on the hardware constraints of par-
ticipating clients. The choice of feature extractor, such as
ResNet or ConvNeXt, is taken at this stage.

Step 2: send model to clients

The initialized models are assigned and transmitted to
the participating clients. Each client receives a model
copy that will be trained on its local dataset.

Step 3: pre-processing at the client side

Each client prepares its dataset by applying data nor-
malization and transformations. Resizing, cropping, and
pixel intensity normalization are applied based on the
model requirements.

Step 4: data augmentation using GANs

A Generative Adversarial Network (GAN) is used to gen-
erate synthetic training samples. This improves model
robustness by diversifying the dataset, especially for
underrepresented classes.

Step 5: local training at clients
Each client trains its assigned model on its private data-
set. The models are trained locally.

Step 6: model transmission to server

After training, the locally updated model parameters 6,
are sent back to the server. Clients only transmit weights
and gradients, maintaining data privacy.

Step 7: model evaluation at the server

The server evaluates the received models based on per-
formance metrics such as retrieval accuracy. A weighted
aggregation strategy assigns contribution scores based on
cosine similarity between client and global models. The
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best-performing models are given higher weights in the
aggregation step.

Step 8: client contribution scoring
The server calculates a reward score reward; for each cli-
ent based on:

1 — cosine _similarity(0giobal, 0;)
reward; = =

Z,’le (1 — cosine_similarity(8g1obal, 6;)) )
The best-performing model receives a score of 1, while
the other models are down-weighted accordingly.

Step 9: global model aggregation

The server aggregates the received models using a partial
aggregation approach. Instead of fully aggregating entire
models, only the feature extractor layers are updated.
The aggregation strategy is discussed in Weighted partial
global model aggregation section.

Step 10: client model updates
The aggregated model is weighted and redistributed to
all participating clients for the next training iteration.

Client-side people re-identification model

This section describes a detailed account of the approach
taken to build, train, and evaluate our model for people
reidentification using federated learning. This section
outlines the methods used for data pre-processing and
model architecture.

Local model architecture and feature extractors

An Instance Discriminative Embedding (IDE) model is
a deep learning model trained to generate a feature rep-
resentation for each individual uniquely. Decomposing
the term, the first part is ‘Instance’ which refers to a spe-
cific instance of a person in an image. The second part

FAM
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‘Discriminative’ implies the effectiveness of the captured
embbedding feature in representing the person and in
turn in distinguishing between different people. ‘Embed-
ding’ highlights the important characteristics of the com-
pressed representation of the person’s image. Therefore,
an IDE model aims to transform an image of a person
into a numerical representation that effectively captures
the unique visual details of that specific person and is
used to transform an image of a person into a numerical
representation that can capture the unique visual details
of that specific person, enabling the system to match an
image of a person captured by one camera with an image
from another camera.

This section describes the deep learning model used for
federated learning. The Instance Discriminative Embed-
ding (IDE) model, focuses on creating discriminative rep-
resentations of people in images thus enabling the system
to distinguish between individuals. We decompose the
IDE model into five components: the backbone network,
followed by the feature attention mechanism, followed by
pooling and embedding layers, ending with the loss func-
tion as shown in Fig. 3.

Backbone network The backbone network serves as the
foundation of our IDE model, learning a general repre-
sentation of the input image data of a person. The com-
plexity of the backbone network architecture significantly
impacts the overall performance and efficiency of the
model, as more powerful backbones might extract more
complex features, but they may also require higher com-
putational resources. Another important aspect is data
diversity, Clients may have varying data types and quanti-
ties. A backbone optimized for a specified type may not
perform well in others.

In this work, we explore two prominent choices: the
classic ResNet [76] and the recently introduced Con-
vNeXt [77] architecture, offered in large and tiny versions

Backbone Pooling layer Embedding Loss Function
Layer
Network Reduces the ay Tri .
7 2 4 . ; riple Loss
Feature Extractor - dimensionality fully-connected neural
CNNs network x128
B
| ResNet -2su ConvNeXt
l
Large -ssm Tiny v

Fig. 3 Overview of the identity discriminator embedding model
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to address the trade-off between accuracy and compu-
tational complexity. The pre-trained ResNet provides a
strong foundation, while ConvNeXt offers new potential
as shown in the comparison in Table 1. Thus we aim to
evaluate the performance of both architectures for our
specific federated people re-identification system.
ResNet introduced residual connections to directly add
the unmodified input to the output of a convolutional
block thus allowing the model to learn residual functions
and mitigate the vanishing gradient problem. The ResNet
block consists of Batch normalization which is used to
normalize the activations of the previous layers, followed
by the first convolution layer which does the feature
extraction, then the output is passed through an activa-
tion function to introduce non-linearity, and followed by
a second convolution layer. Its feature extraction capabil-
ities as well as mitigating the vanishing gradient problem
make it a reliable choice.

ConvNeXt represents an alternative to ResNet repre-
sents a state-of-the-art approach, achieving remarkable
performance on image classification tasks. ConvNeXt
relies entirely on convolutional layers but departs from
the standard ResNet architecture by incorporating
several key design differences. It uses depthwise sepa-
rable convolutions, which break down the convolution
step into two steps, a depthwise convolution for feature
extraction and a pointwise convolution for channel-wise
combination. This step reduces computational costs
while maintaining feature quality. ConvNeXt comes in
both large and tiny versions. A more concise comparison
is shown in Table 2.

Data preprocessing and augmentation

The quality of a model’s output is inherently linked to the
quality of its input data. In essence, models are suscep-
tible to the ‘garbage in, garbage out’ principle, where sub-
optimal or noisy data can significantly affect the accuracy
and reliability of the generated results. Data augmenta-
tion and transformations are essential tools in the con-
text of computer vision tasks, particularly for tasks like
people re-identification. By synthetically expanding the
training dataset through different manipulations, these
techniques significantly enhance model performance and
generalization.

Table 1 CNN backbone comparison table
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Table 2 ConvNeXt large and tiny comparison table

Feature ConvNeXt Large ConvNeXt Tiny
Model Size Larger Smaller
Parameter Count Higher 53M Lower 2M
Computational Cost Higher Lower

Potential Accuracy Higher Lower

More suitable for
resource-con-
strained devices

less suitable for
resource-constrained
devices

Suitability

Data transformations techniques for data augmen-
tations that rely on various geometric and photometric
transformations to existing images are applied to the
images as shown in Fig. 4. These transformations include
random cropping to extract random patches from the
images to mitigate occlusion, flipping, rotation, color
jittering to introduce variations in brightness, contrast,
and saturation in images, resizing to 256x128 for spatial
integrity, and finally images were then converted into
a tensor format for faster computation in the Pytorch
library.

Data augmentation techniques that rely on Genera-
tive Adversarial Network (GAN) are used. We used an
architecture that combines generative and discriminative
learning to generate synthetic images of people as shown
in Fig. 5. We aim to overcome the challenge of address-
ing data scarcity issues and improve model performance
by addressing significant intra-class variations across dif-
ferent cameras. An example of the original and generated
images is shown in Fig. 5. This produces an #xn number
of images where 7 is the original number of data samples
we have, increasing the size and diversity of training
datasets. The general overview of the network explained
in Fig. 6, consists of the generative and discriminative
modules.

In Fig. 6, the figure on the left illustrates the GAN is
incorporated into our work, the first segment is for
unsupervised learning by leveraging the adversarial rela-
tionship between the generator and the discriminator.
Additionally, the input data is fed to the backbone to
train on and the generated images are used to fine-tune
the backbone to improve its feature extraction capabili-
ties. The figure on the right shows a visual representa-
tion of the generator module in the GAN. The generator

Feature ResNet

ConvNeXt

Architecture Type

Strengths A reliable architecture equipped to handle the vanishing gradient
problem, making it a widely adopted choice
Weaknesses May not be as efficient as newer architectures

Pre-trained Availability Widely available

Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN)

A state-of-the-art architecture with the
potential to surpass current accuracy
benchmarks

Requires more training data and compu-
tational resources compared to ResNet.
Less readily available, potentially requires
further training




Waref et al. Journal of Cloud Computing (2025) 14:24 Page 11 of 24

Resized Image (256x128) Randomly Cropped Image Randomly Erased Image

Color Jittered Image Randomly Horizontally Flipped Image Horizontally Mirrored Image Normalized Image

Fig. 4 A visual representation of data transformations used to augment an original image. The transformations include resizing, random cropping, ran-
dom erasing, color jittering, random horizontal flipping, random mirrored imaging, and normalization

Real Images

Synthetic Images

Fig. 5 Examples of synthetic images created by swapping codes of the original images
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Generative Network

Appearinece
Encoder

Structure Encoder

Training Data

Appearance Code {Color, print of clothing }

Structure Code {Pese, Background

Synthetic Data

Decoder

IDE Model

Fig. 6 Overview of the GAN used for data augmentation

uses an encoder-decoder approach, where the structure
and appearance encoders extract features from the input
data and the decoder synthesizes a new image based
on these features. The GAN within the DG-Net frame-
work does not require explicit pre-training, however, the
appearance encoder is pre-trained on the Market data-
set and fine-tuned on the other dataset at the edge. This
encoder is based on ResNet50 and is initially trained on
ImageNet. The structure encoder, decoder, and discrimi-
nator are trained jointly. The validity of synthetic data is
ensured through joint learning, where images are decom-
posed into appearance and structure codes to enable
cross-identity generation that refines the appearance
encoder. While no explicit filtering is applied, the frame-
work’s design-including self-identity and cross-identity
generation with dynamic soft labeling-ensures high-qual-
ity, realistic synthetic images.

Feature attention mechanism

Attentional Feature Fusion is used to introduce a
dynamic fusion, where it calculates weights based on the
input feature maps, to determine the contribution of each
feature map to the final fused output. Multi-Scale Chan-
nel Attention is used to incorporate contextual informa-
tion from various scales for a better understanding of the
relationships between features. Point-wise convolution
is used, where a 1x1 kernel is applied to each channel
of the feature map. This improves the local feature rep-
resentation by capturing dependencies within a channel
without altering the spatial resolution. It further ana-
lyzes the image at different scales by using dilation at

different rates, similar to zooming in and out of the image
to try and understand the bigger picture. This technique
expands the receptive field of the filters without using dif-
ferent filters and thus fewer parameters. The output of
the convolutions at different dilation rates is then concat-
enated, which is passed into an average pooling layer to
reduce the spatial dimensions. The output is then used to
compute the attention weights.

The attention weights are then multiplied with the
original feature maps, which allows features with higher
weights to have a greater influence on the final fused
feature map and features with lower weights will be
suppressed.

The resulting feature map is fed into a standard atten-
tion module. The module consists of two fully-connected
layers with non-linear ReLU activation functions, to learn
a non-linear relationship between the channels. The out-
put is passed into a Sigmoid activation function to ensure
the output weights range between 0 and 1.

This final fused feature map as shown in Fig. 7,
which contains information from different scales and is
weighted according to importance, is then fed into the
subsequent CNN layers. This process refines the feature
maps to focus on more identifying features while sup-
pressing less relevant ones.

Optimization and loss functions

To improve training, the loss function used is a combina-
tion of two separate functions, each measuring different
aspects of the model’s performance. The first of which is
Cross-Entropy Loss [78] (CEL) shown in Eq. 7, which is
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Fig. 7 Process flow of the feature attention module AFF with MS-CAM
the summation of the true labels y;,,. multiplied by the CEL = — Z(ytrue -1og(Ypred)) (7)

log of the predicted labels y,,cq over all data points in a
batch. CEL is a common loss function usually used for
classification tasks. During training, the model receives
an image and predicts an identity label (e.g., person A,
person B). The CEL compares this prediction with the
true identity label and helps the model to better distin-
guish between different people.

The second component is the triplet loss [79] shown
in Eq. 8, The squared Euclidean distance is calculated
between the anchor-positive and anchor-negative feature
vectors with a margin that defines the minimum desired
distance between the negative and anchor images com-
pared to the positive and anchor images. It is a contras-
tive learning technique generally used in metric learning
to learn relative distances between image embeddings in
a feature space. In triplet loss, the goal is to minimize the
distance between the anchor and the positive image, as
in images of the same person should be close, while try-
ing to maximize the distance between the anchor and the
negative image in the feature space, where in images of
different people should be further apart.

By combing the loss function into a compound loss
function as shown in Eq. 9, the model learns to correctly
classify identities using CEL and map features of the
same identity closer together in the feature space.

Initialize Global Model
Initialize H(c)=0
Initialize N (c) =0
\
Client Selection Using UCB Method
Ae) =H ()N (c)+ pllog(thN (c))
Select Top K Clients with Highest At

Client 1 (Selected)
Local Training on Data

Client 2 (Selected)

Client k (Selected)
Local Training on Data

Local Training on Data

(Other clients not used)

Triplet Loss = Z max(0, margin — || f (Anchor)

— f(Positive)||? + || f(Anchor) (8)
— f(Negative)|?)

Loss = A - CEL + (1 — A) - Triplet Loss 9)

Federated learning server-side operations
The central server plays a crucial role in coordinating
federated learning by selecting clients, aggregating local
models, and optimizing the global model.

Client selection strategy

Client selection is a crucial factor in federated learn-
ing systems. Not all devices are equal - some may pos-
sess more powerful hardware or have datasets that align
better with the current learning objective and thus gen-
eralize better. To address this heterogeneity, we used the
Upper Confidence Bound algorithm as shown in Fig. 8,
an optimistic approach taken from reinforcement learn-
ing. UCB helps us identify the # clients that are the most
likely to contribute valuable updates in each training
round.

Global Server

Global Server Aggregates Updates
Use CDW to Weight Model
Contributions
Update Global Model

Calculate CDW

Fig. 8 Dynamic weight allocation based on client performance and upper confidence bounds algorithm
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The weight is calculated based on the cosine distance
between the client model and the server model. Then, the
clients are given a reward based on their performance: 1
for the best model and 0 for the rest. Assuming the fed-
erated task involves m communication rounds, the con-
tribution of each client is evaluated in each round. This
process is formalized in the following equations. The
weight for each client C; at round ¢ is calculated based on
the cosine distance between the client model 6; and the
server model 0510ba1, and is given by:

1- COS(QZ‘, eglobal)
S8 (1= cos(0, Ogtoban))

where cos(0;, 0g10ba1) represents the cosine similarity
between the client model 0; and the server model 0g1obal
, and w; is the weight for client C;. Next, the reward for
each client is distributed based on its weight, where the
best-performing model receives a reward of 1 and the
others receive 0. This can be expressed as:

w; =

(10)

if i = argmax; wj,

1
i = {O otherwise. (1)

Thus, the reward function ensures that the best-perform-
ing client is rewarded with 1, while the others receive 0.
The weight distribution for all clients in round ¢ is calcu-
lated as follows:

{C1,C, ..., O} = Weight({61,02,...,0k}), (12)

where {C1,C5,...,Ci} represents the set of selected
clients in round ¢, and {6;,0s,...,0;} are the corre-
sponding model parameters of these clients. Each com-
munication round ¢ is denoted as t € [1,m], where m is
the total number of rounds.

The algorithm builds on the idea of assigning rewards
to clients based on the client’s model alignment with the
global model. This alignment is calculated by measuring
the cosine distance weight [80] (CDW), between the cli-
ent’s model and the global server-side model. The client
with the highest calculated cosine distance weight recives
a positive reward (+1), while others get 0. Initially, partic-
ipating clients are chosen at random to leverage explora-
tion, allowing the system to explore different possibilities.
As the training process progresses, UCB uses the accu-
mulated rewards to prioritize clients with a history of
providing more useful updates.

Dynamic Weight Adjustment is done by calculation
CDW, as shown in Eq. 13. CDW is calculated and used to
dynamically allocate weights during model aggregation.
The weights are calculated based on the cosine distance
between client updates and the global model.
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CDW in Eq. 13 where my represents the aggregated
model of the global model update, P; is the number of
participating clients in the current round, wg,? and wy,
are the model weights of the ¢ — th client and norm the
client’s model weights respectively, and wy.i and w,, are
the global model weights at the beginning of the current
round and norm of the global model weights.

Adaptive model selection strategy

To improve the fairness and performance of the federated
learning system, An adaptive model selection and swap-
ping strategy is implemented. This approach dynamically
selects the most suitable feature extractor model based
on each client’s performance reward to ensure better
alignment with client hardware capabilities. The feature
extractor is chosen from three candidate models-ResNet,
ConvNeXt Large, and ConvNeXt Tiny-based on the
hardware constraints and then based on the reward accu-
mulation of the client’s contribution, as computed in Eq.
10. Clients with lower hardware capabilities are assigned
smaller models such as ConvNeXt Tiny, while clients
with more powerful hardware are assigned larger models
such as ConvNeXt Large. This allows the system to adap-
tively balance the client contributions while optimizing
the global model performance. During each communica-
tion round, the central server selects k clients from the n
available clients. The selected clients upload their locally
trained models to the server, which then aggregates these
models to form a global model 8g1o1a1. The server’s pri-
mary objective is to iteratively optimize the global model.

Weighted partial global model aggregation

The chosen federated aggregation algorithm is Federated
Partial Averaging (FedPav) instead of traditional Feder-
ated Averaging (FedAvg). In a Non-Identically Distrib-
uted (non-IID) setting, where data distributions across
participating clients are significantly different, the cli-
ents’ local models can diverge significantly. Averaging
these models during aggregation using FedAvg can slow
down convergence or even harm performance. FedPav
addresses this model discrepancy using partial averaging,
where only a specific subset of model weights is averaged
instead of all model weights during aggregation. This sub-
set represents the core of the model, in our case the back-
bone feature extractor, while the rest of the model or in
other terms the client-specific parts of the model remain
unchanged. Which leads to faster convergence, reduced
model discrepancy, improved model performance, and
requires minimal modification to existing FL algorithms.
FedPav enables personalized performance on the client
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side as user data is used for training and allows the server
side to capture common patterns. Additionally, weighted
averaging assigns a weight to each update received from
clients based on the calculated cosine distance weight.
This helps assess how well a client’s local model aligns
with the current global model on the server. The ratio-
nale behind this is to focus on more informative clients,
where clients with local models closer to the current
global model are more likely to contribute more relevant
updates. This helps mitigate the problem of imbalance
participation, where clients with less representative data
are prevented from skewing the learning process, leading
to faster convergence.

This allows for more focused learning on the relevant
features that each client can contribute based on their
performance. The client models are divided into compo-
nents, and the feature extractor part, denoted as 6, is
aggregated. The global feature extractor model Ote, global
is then computed as:

k k
Ote, global = Zwiefe,ia Zwi =1, w; >0 (14)
i=1 i—1

Where 0y ; represents the feature extractor of client C;.
This ensures that the aggregation focuses on the compo-
nents that contribute most to the task at hand, improv-
ing both the accuracy and efficiency of the global model,
while also reducing bias caused by irrelevant components
of the models.

Experiment

This section presents the research findings, including the
federated model performance with the task of people re-
identification across different settings.

Experimental setup

The programming language we used for running our
experiments is Python on Google Colab platform. Google
Colab provided a convenient and powerful platform for
our experiments by offering a cloud-based Jupyter Note-
book environment with pre-installed libraries and access
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to free GPU resources. The federated environment is
simulated on colab where each dataset is assigned to a
simulated client device. Each client device trained a local
model on its assigned data partition. The local model is a
copy of the original global model.

The experiments were conducted on Linux 21.2 with an
Intel i5-10600KF CPU, 64 GB DRAM, and Tesla T4 GPU.
The simulation was performed in a Python 3.10 environ-
ment. We experimented with ResNet-50 and ConvNeXt
as backbone models, both models pre-trained on Ima-
geNet dataset [81].

The federated learning system involves 9 clients, each
represented by one dataset: Market-1501, CUHKO03-
NP, PRID2, CUHKO1, CUHKO02, VIPeR, 3DPeS, iLIDS,
and GRID. The number of identities (classes) in each
dataset varies, with Market-1501 having 751 identities,
CUHKO03-NP having 767, and 3DPeS having 93, among
others. The total number of training images ranges from
632 in VIPeR to 12,936 in Market-1501 as shown in Table
3. The system uses a batch size of 32 and a learning rate
of 0.0001. Clients train their models for 10 epochs per
round, with communication rounds set to 20. The model
architectures backbones are ResNet or ConvNeXt Large
or ConvNeXt Tiny.

Datasets

In this section, we will discuss the datasets used in our
experiments. A variety of person re-identification datas-
ets were used. The nine datasets used are shown in Table
3. Datasets such as CAVIARa [82] and Imagery Library
for Intelligent Detection Systems (iLIDS) [83] are taken
in controlled indoor environments, while others such
as Market and QMUL underGround Re-IDentification
(GRID) [84] are captured in outdoor settings. Datas-
ets Chinese University of Hong Kong (CUHK) [85-87]
provide variations in viewpoint and pose. CUHKO1 and
CUHKO?2 are smaller-scale datasets with fewer identities
and camera views, while CUHKO3 is a larger-scale data-
set with more identities and camera views, providing a
more challenging and realistic benchmark for person re-
identification. Datasets PRID [88] and Viewpoint Invari-
ant Pedestrian Recognition (VIPeR) [89] have limited

Table 3 Overview of datasets used in the federated person re-identification experimental setup

Dataset # Cameras Train # Identities Train # Images Test # Query Test # Gallery
Market-1501 6 751 12,936 750 19,732
CUHKO3-NP 2 767 7,365 700 5332

PRID2 2 285 3,744 100 649

CUHKO1 2 485 1,940 486 972

CUHKO02 2 971 3,107 971 776

VIPeR 2 316 632 316 316

3DPeS 2 93 450 86 316

iLIDS 2 59 248 60 130

GRID 8 250 4000 207 621




Waref et al. Journal of Cloud Computing (2025) 14:24

image pairs per identity. This dataset variation, shown
in Table 4, is to demonstrate the model’s performance
under a range of conditions. The datasets were chosen to
include different variances to simulate the statistical het-
erogeneity in real-world scenarios. They include a variety
in the number of images, identities, camera views, demo-
graphics, image resolution, illumination, and scenes. The
statistical heterogeneity makes training even more chal-
lenging centralized training where data is IID. The unbal-
anced data problem is represented in the disparity of data
volumes and the domain discrepancies among datasets
demonstrate the non-IID. This collection of datasets is
done to ensure the model’s generalizability and robust-
ness in real-world applications.

Evaluation metrics

Model Evaluation Metrics such as Rank-K Accuracy
and Mean Average Precision (mAP) were used to evalu-
ate the model performance. Rank-k calculates the model’s
retrieval accuracy at specific rank positions (K). A high
Rank-1 accuracy, shown in Eq. 17, indicates the model’s
effectiveness in identifying the most likely match for
each query image. Rank-1 accuracy acts as the true posi-
tive rate and therefore indicates the misclassification rate
(false positives). This is done to validate that our results
are actually representative of correct classifications and
not affected by dataset-specific characteristics. Rank-5
Accuracy, shown in Eq. 18, assesses whether the correct
match falls within the top 5 retrieved images. Rank-10
Accuracy, shown in Eq. 19, extends the evaluation to the
top 10 retrieved images. mAP, shown in Eq. 15,16, pro-
vides an overview of the model’s performance across all
query images by calculating the average precision (AP) at
each rank position (top 1, top 5, etc.) and then averaging
these values. A higher mAP means better overall perfor-
mance, reflecting the model’s ability to retrieve correct
matches at various ranking positions.

AP=SC(RH) - RG-1)-PH (3
k=1
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Ql

c
mAP = - > AP, (16)
c=1
X
Rank-1 Accuracy = N ;5(n <1 (17)
| X
Rank-5 Accuracy = N ; o(r; <5) (18)

N
1
Rank-10 Accuracy = N Z&(m— <10) (19)
i=1

P(k) is the precision at the k-th threshold

R(k) is the recall at the k-th threshold

n is the number of thresholds

C'is the number of classes

AP, is the Average Precision for class c

N is the total number of queries

r; is the rank of the correct item for the i-th query

0(+) is the indicator function, which is 1 if the condition
is true and 0 otherwise

Experiment results

We present the experimental evaluation of the proposed
approach, compared with the benchmark and centralized
training. We conduct these experiments with a batch size
of 32 and one local epoch. The results presented in Table
5 showcase the performance of the global model on dif-
ferent re-identification datasets, evaluated using rank-1,
rank-5, rank-10 accuracy, and mean average precision
(mAP). The global model demonstrates strong perfor-
mance on the Market-1501, 3DPeS, and iLIDS datasets,
with Rank-1 accuracies of 88%, 86%, and 84.3%, respec-
tively. The high Rank-1 values indicate the model’s effec-
tiveness in correctly identifying individuals on the first
attempt. This is further supported by high mAP scores,
especially on 3DPeS (80.0) and iLIDS (78.2), reflecting
the model’s retrieval capabilities across various queries.

Table 4 Overview of the demographic characteristics of individuals included within the datasets used for the federated person

re-identification experiments

Dataset Description Place of Origin Demographics

Market-1501 In front of a supermarket Tsinghua University, China University students and staff

CUHK03-NP Campus cameras Chinese University of Hong Kong Diverse population of university students and staff.
PRID Retail store Austria Diverse

CUHKO1 Campus cameras Chinese University of Hong Kong University students and staff

CUHKO02 Campus cameras Chinese University of Hong Kong University students and staff

VIPeR Two outdoor cameras near a gate California, Santa Cruz University students and staff

3DPeS Campus cameras University of Surrey, UK Diverse population of university students and staff.

iLIDS Airport arrival hall
GRID Cameras in a subway station

UK
China

Diverse, reflecting airport travelers
Diverse, reflecting commuters
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Table 5 Global model performance on each dataset

Rank-1 Rank-5 Rank-10 mAP
Market-1501 88.2 89.7 90.8 70.3
CUHKO3-NP 59.7 62.5 65.4 512
PRID 756 80.3 833 69.8
CUHKO1 80.5 844 85.2 74.6
CUHKO02 56.9 585 59.2 504
VIPeR 520 558 58.1 49.7
3DPeS 86.4 87.9 89.5 80.0
iLIDS 843 86.3 884 78.2
GRID 57.5 61.2 64.6 57.0

These results highlight the model’s generalizability, likely
due to the diversity of the data in these datasets. How-
ever, the performance on datasets such as CUHK03-NP,
CUHKO02, VIPeR, and GRID shows a Rank-1 accuracy
drop to 59%, 56%, 52%, and 57%, respectively. The corre-
sponding mAP scores are also lower, with CUHKO02 and
VIPeR showing 50.4 and 49.7, respectively. These data-
sets are more challenging due to smaller dataset sizes,
lower image quality, and higher variability in appearance.
The Rank-5 and Rank-10 accuracies do show improve-
ment, suggesting that while the model may struggle with
exact matches, it can still identify the correct individual
within the top few predictions, showing a degree of resil-
ience. These results indicate that the proposed approach
can obtain a good generalized global model that is trans-
ferable to diverse scenarios and underscore the effective-
ness of the global model in handling complex and varied
datasets, while also highlighting areas where further
refinement is necessary. The lower performance on cer-
tain datasets suggests that while the global model ben-
efits from aggregated data, it can still be influenced by the
inherent challenges of individual datasets. This reinforces
the need for the weighted aggregation technique and
adaptive client model selection strategies proposed in our
work, ensuring that the model is not only generalized but
also adaptable to specific dataset characteristics. Overall,
the results validate the global model’s ability to balance
between specialization and generalization, address-
ing the core challenges in federated learning for people
re-identification. Notably, the model excels on datasets
like Market-1501, 3DPeS, and iLIDS, indicating its effec-
tiveness in handling both large-scale and challenging
re-identification tasks. The use of generative learning to
augment datasets and the feature attention fusion tech-
nique further enhances the local models’ ability to extract
high-quality features, as seen in the strong performance
on complex datasets like Market-1501.

Table 6 Local vs global model performance on each dataset
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The effectiveness of the proposed framework in
addressing bias while ensuring data security in distrib-
uted learning systems is demonstrated in Table 6. The
comparison between the local and global models across
the datasets shows that the global model trained using
our proposed pipeline for federated learning and using
weighted aggregation, generally outperforms the local
models, especially on challenging datasets like CUHKO03-
NP and PRID with a 14% and 17% increase in accuracy
respectively. This suggests that by balancing the contri-
butions of different clients, the server-side model is not
unduly influenced by any single participant, leading to a
more robust and equitable model. The local model, which
is trained individually on each client’s dataset, demon-
strates superior performance on most datasets, particu-
larly Market-1501, CUHKO01, CUHKO02, and iLIDS, with
notable margins over the global model, demonstrating
a margin of 1%, 8%, 3%, and 5% respectively. This sug-
gests that the local models are better tuned to the spe-
cific characteristics of individual datasets, likely due to
the absence of cross-client interference during training.
However, the global model, which aggregates knowledge
from all clients, outperforms the local model on datasets
like CUHKO03-NP, PRID, VIPeR, and 3DPeS. This indi-
cates that the global model benefits from the diversity of
data, leading to better generalization and robustness on
these datasets. The Reinforcement learning-based cli-
ent selection strategies used, UCB, can introduce bias by
favoring certain clients over time based on reward allo-
cation. However, in our setup, this issue was mitigated
due to the sufficient number of training rounds and cli-
ents, ensuring all clients contributed effectively to the
global model. The balanced participation across multiple
rounds prevented any single client from being overlooked
or deprioritized. Our experiments confirmed that the
aggregation process remained fair and with no observed
bias towards specific clients which leads to stable conver-
gence and overall improved performance These results
underline the importance of the weighted aggregation
technique employed in the study, as it aims to balance the
contributions of different clients, preventing any single
dataset from dominating the global model’s learning pro-
cess. The slightly lower performance of the global model
on certain datasets could be attributed to the variations
in client data quality and quantity, a challenge that our
adaptive client model selection strategy aims to miti-
gate by considering client capabilities and performance
metrics.

Market-1501 CUHKO03-NP PRID CUHKO1 CUHKO02 VIPeR 3DPeS iLIDS GRID
Local Model 89.3 456 583 884 59.8 572 853 793 60.7
Global Model 88.2 59.7 756 80.5 56.9 520 86.4 84.3 57.5
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Fig. 9 The accuracy of the global model across different datasets

The graph shown in Fig. 9 shows the training progress
of our person re-identification model across the differ-
ent experimental datasets. The model generally improves
over time, but performance varies significantly across
datasets. Market-1501 achieves the highest scores, near-
ing 90% on rank-based metrics, while other datasets like
CUHKO03-NP, PRID, CUHKO01, CUHKO02, VIPeR, 3DPeS,
ILIDS, and GRID show lower and more varied perfor-
mance, which mirrors the differing dataset complexities
and potential overfitting to Market-1501.

Ablation study

In this section, we evaluate the impact of the proposed
enhancements to the ReID model as well as the adap-
tive methodologies employed in the federated learning
system.

Impact of RelID model enhancements

This subsection focuses on evaluating the impact of GAN-
based augmentation and the Feature Attention Mechanism
(FAM) on the performance of the ReID model.

Impact of GAN synthetic data augmentation As dem-
onstrated in Table 7, the use of GAN-generated images
significantly improved performance across different
datasets. For instance, in the Market-1501 dataset, mAP

100 175

Epochs

25 50 75 125

Table 7 Impact of data augmentation on model performance

Dataset No Augmentation (mAP) With Augmentation (mAP)
Market-1501 80.3% 88.7%
GRID 47.5% 59.3%

accuracy increased from 80.3% to 88.7%. Similar improve-
ments were seen in larger datasets like Market, where the
model’s ability to generalize marginally improved with the
introduction of synthetic images.

Impact of feature attention mechanisms As shown in
Fig. 10 Feature map generated by the model pre-trained
on ImageNet showing the initial feature representation
before further training. Feature map produced by the
model fine-tuned on the person identification dataset to
show the model’s learned features relevant to the target
domain. The feature map extracted from the model with
the feature attention mechanism applied to illustrate the
model’s ability to concentrate on relevant visual cues.

Table 8 compares two scenario in a federated learning
setup with 3 clients in an IID scenario. The added feature
attention configuration shows a significant performance
boost, achieving 87.0% mAP, compared to 75.5% mAP
for no added attention. This highlights the importance of
attention mechanisms in improving model accuracy for
person re-identification tasks.
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Fig. 10 Feature maps visualization to show the effect of the FAM

Table 8 Impact of FAM on model performance

Configuration Accuracy % ( mAP)
No Feature Attention 755
With Feature Attention 87.0

Impact of adaptive methodologies

Impact of partial aggregation This subsection compares
the impact of FedPav and FedAvg on federated learning
performance. We analyze the effects of client selection,
model selection, and weighted partial aggregation on the
global model’s performance. Table 9 compares the per-
formance of two federated learning methods, FedPav and
FedAvg, across three key metrics: Rank-1 accuracy, con-
vergence speed, and fairness. FedPav demonstrates supe-
rior performance, achieving a Rank-1 accuracy of 83.1%,
significantly higher than FedAvg’s 72.4%. Additionally,
FedPav converges faster, requiring around 75 to 90 rounds
compared to FedAvg’s 85 to 100 rounds which indicates
greater efficiency in reaching a stable solution. Overall,
FedPav outperforms FedAvg in accuracy, efficiency, and
fairness, making it a more robust and effective choice for
federated learning tasks, particularly in scenarios where
these factors are critical.

Table 9 Performance comparison between FedPav and FedAvg

Method Rank-1 Accuracy Convergence Speed
FedAvg 724% Low (85-100 epochs)
FedPav 83.1% High (75-90 epochs)

Impact of adaptive model selection As shown in Fig.
11, The adaptive model selection strategy significantly
improved the learning process by assigning backbone
models based on each client’s dataset characteristics and
computational capabilities. For clients with complex data,
like Market-1501 and GRID, while initially assigned Con-
vNeXt Large to handle the data complexity, they were later
switched to ResNet-50. This reassignment ensured that
even large datasets benefitted from robust feature extrac-
tion without overwhelming resource constraints. Mean-
while, clients with smaller and simpler datasets, such as
PRID, VIPeR, and iLIDS, were consistently assigned the
lighter ConvNeXt Tiny model, which allowed for faster
processing while maintaining strong performance suited
to the lower complexity of the data.

Impact of adaptive strategies on IID and non-IID
setup In this experiment, we use two datasets, 3DPeS
and iLIDS, each with different numbers of identities (93
and 59, respectively), to evaluate the performance of our
federated learning approach under an IID scenario with
three clients. The data from both datasets are evenly dis-
tributed across the three clients, ensuring each client has
an equal number of samples from each identity. This setup
provides a controlled environment to test the algorithm’s
ability to generalize when the data distribution is uniform
across clients. The following table shows the retrieval
accuracy results for the IID scenario (Table 10).
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Backbone Model Assignment Across Clients (Initial vs Final)

ConvNeXt L

ResNet-50 -

Backbone Model Assignment

ConvNextT -

Market-1501 CUHKO03-NP PRID ViPeR

Fig. 11 Initial and final assignment of backbones for each client

Table 10 Rank-1 Accuracy in IID Scenario and non-IID Scenario

Proposed Method 3DPeS iLIDS
IID setup (with no adaptive methods) 73.9% 68.1%
IID setup (with adaptive methods) 92.5% 93.2%
Non-IID setup (with no adaptive methods) 56.2% 47.0%
Non-IID setup (with adaptive methods) 86.2% 84.6%

The results show that in the IID setup, the federated
learning model performs consistently across both data-
sets, with the retrieval accuracy being 82.5% for 3DPeS
and 78.3% for iLIDS. This validates our algorithm in a
simple scenario where the data is equally distributed
across clients, demonstrating stable performance. The
consistency in the results suggests that our approach is
effective under controlled data conditions. By validating
our algorithm in various setups, including this IID sce-
nario, we aim to evaluate its robustness across different
types of data distributions and ensure its generalizability
to more complex non-IID settings.

11D Performance

B Initial Assignment
I Final Assignment

iLIDS GRID CUHKO1 CUHK02

3DPeS

Client Datasets

The graph shown in Fig. 12 presents the performance
comparison of the model under IID and Non-IID scenar-
ios. In both scenarios, the model’s performance generally
improves over epochs. However, the IID setting shows
significantly higher accuracy, particularly for the 3DPES
dataset. The Adaptive strategies offer an advantage in the
IID setting as well as the Non-1ID setting. ILIDS datasets,
both with and without adaptive learning, demonstrate
lower overall accuracy compared to 3DPES across both
IID and Non-IID scenarios, inherent from the small size
and dataset difficulty. The fluctuations in accuracy that
are especially clear in the initial epochs indicate the chal-
lenges of training, which are more evident in the Non-
IID setting and the difficulties in generalizing to unseen
distributions.

Comparative analysis

The comparison shown in Tables 11, 12, and 13, com-
pares the performance of the proposed model against

Non-lID Performance

30Pes - 1ID (no adaptive)
3DPes - 1ID (adaptive)
—— iLIDS - D (no adaptive)
—— iUDS - D (adaptive)

20
3DPeS - Non-1ID (no adaptive)

3DPes - Non-IID (adaptive)
—— iLIDS - Non-IID (no adaptive)
—— iLIDS - Non-11D (adaptive)

o 25 S0 ] 100 125 150 175 200
Epoch

0 25 0 7 100 125 150 175 200

Fig. 12 The impact of adaptive strategies on 3DPES and ILIDS datasets under [ID and Non-IID settings
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Table 14 Proposed model performance vs centralized state-of-

the-art on 9 edge setup the-art
Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
FedRelD Baseline 5146 77.07 8237 54.34 Centralized Baseline 72.39 75.67 81.67 68.92
Proposed Framework 7123 74.06 76.05 64.58 Proposed Framework 7123 74.06 76.05 64.58
Table 12 Proposed model performance vs federated
re-identification frameworks on 2 edge setup might be more effective at identifying the correct individ-
Rank-1 _ Rank-5  Rank-10  mAP ual within the top five or ten predictions. However, the
Fed4RelD 67.20 8234 /788 6380 marginal differences in these metrics do not undermine
FRM 70.67 77.0 81.25 61.60 C .
the overall superiority of our proposed approach.
Proposed Framework 85.33 89.02 91.21 72.30 .
The results reinforce the value of our proposed
enhancements, including the weighted aggregation tech-
three federated learning state-of-the-art methods- nique and adaptive client model selection strategies, in

FedReID Baseline [45], Fed4ReID [48], and FRM [53]-
on people re-identification tasks, measured by Rank-1,
Rank-5, Rank-10 accuracies, and mean Average Precision
(mAP).

The proposed framework demonstrates the highest
Rank-1 accuracy at 71% on 9 clients and 85% on 2 cli-
ents, outperforming the other models. This indicates that
our model is the most effective at correctly identifying
individuals on the first attempt, showcasing its superior
feature extraction and generalization capabilities. Addi-
tionally, the proposed framework achieves the high-
est mAP score of 64.58 on 9 clients and 72 on 2 clients,
which is a critical metric in re-identification tasks, as it
reflects the model’s overall retrieval performance across
all ranks. This suggests that the proposed framework not
only excels in the first-rank identification but also main-
tains consistent performance across different queries,
providing reliable and accurate results.

In comparison, the FedReID Baseline lags behind with
a Rank-1 accuracy of 51% and an mAP of 54, highlight-
ing the limitations of traditional federated learning
approaches when dealing with the complexities of people
re-identification. Although Fed4RelD improves on the
baseline with a Rank-1 accuracy of 67% and a mAP of 63,
it still falls short of the performance demonstrated by our
proposed framework. FRM, while showing a slightly bet-
ter Rank-1 accuracy than Fed4ReID at 70%, has a lower
mAP of 61, indicating that it may struggle with consistent
retrieval accuracy across varying conditions. While the
proposed framework leads in Rank-1 and mAP scores, it
has slightly lower Rank-5 and Rank-10 accuracies com-
pared to Fed4ReID and FRM. This suggests that while our
model excels in first-rank identification, the other models

pushing the boundaries of federated learning for real-
world applications.

Table 14 shows a comparison between our approach
and a centralized learning approach. The centralized
baseline model outperforms the proposed framework
with a Rank-1 accuracy of 72.39% and an mAP of 68%.
These results suggest that the centralized model, which
has access to all data in a unified training process, is
slightly more effective in accurately identifying individu-
als on the first attempt and in overall retrieval perfor-
mance. The slight drop in Rank-1 and mAP performance
for the proposed framework can be attributed to the
trade-offs made to preserve data privacy and security, as
well as the need to aggregate diverse client models in a
distributed environment. However, the close proximity of
these metrics to the centralized baseline underscores the
success of our federated approach in maintaining high
accuracy and retrieval performance, even in the absence
of centralized data access. While the centralized baseline
achieves slightly higher accuracy rates across all met-
rics, the performance gap between the proposed frame-
work and the centralized baseline is relatively small. This
suggests that the federated learning approach, despite
the challenges of distributed training and data privacy,
can achieve results comparable to a centralized setting.
In comparison, the proposed framework, which oper-
ates within a federated learning environment, achieves a
Rank-1 accuracy of 71% and an mAP of 64. While these
metrics are slightly lower than those of the centralized
baseline, they are still competitive, especially consider-
ing the inherent challenges of federated learning, such as
data decentralization, privacy preservation, and potential
variations in client data quality.

Table 13 Rank-1 accuracy proposed model performance vs federated state-of-the-art

Market-1501 CUHKO03-NP PRID CUHKO1 CUHKO02 VIPeR 3DPeS iLIDS GRID
FedRelD Baseline 85.1 34.24 413 78.3 433 47.8 72.76 80.6 77.1
Fed4RelD - - 68.0 728 - 386 77.1 79.5 -
FRM 84.01 57.32 - - - - - -
Proposed Framework 88.2 59.7 756 80.5 56.9 520 86.4 84.3 575
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The results presented in Table 14 demonstrate that the
proposed federated learning framework can achieve per-
formance comparable to a centralized baseline. While
the centralized approach may have a slight edge in terms
of accuracy, the federated framework offers advantages
such as data privacy and scalability, making it a viable
option for distributed learning scenarios. Additionally,
The adaptive model selection allows each client to use the
most suitable model for its resources from a pool of mod-
els. This results in lower computational demands and,
consequently, reduced CO;3 emissions compared to cen-
tralized training. A centralized approach would require
a single large model, with the highest parameter count,
to train on the full dataset, leading to significantly higher
resource consumption. By leveraging models that better
fit client-specific needs, our federated approach demon-
strates environmental and computational efficiency.

Conclusion & future work

In this paper, we propose a novel federated learning
framework for people re-identification that incorporates
adaptive strategies, feature attention mechanisms, and
UCB-based reinforcement learning into the federated
learning framework. We investigate the inherent chal-
lenges of data heterogeneity and non-IID distributions
in federated settings, the proposed adaptive strategies
enhance model performance and convergence. GANs are
used to synthesize and augment training data for a more
robust model. The use of feature attention mechanisms
further refines the feature extractor and the discrimina-
tive power of the model. As the number of parameters in
person RelD models may make it difficult to deploy on
edge devices with limited computing power, we propose
adaptive methods for model selection. Additionally, the
UCB-based reinforcement learning strategies optimize
client selection to ensure efficient model training and
deployment. Finally, we conducted extensive experiments
on an edge-cloud scenario using nine datasets. Our
experiments demonstrate the superiority of the proposed
algorithm by outperforming other state-of-the-art feder-
ated learning algorithm benchmarks in terms of accuracy
with a Rank-1 accuracy of 71% and comparable results to
centralized with a margin of 2% in Rank-1 accuracy.

In the future, different GAN architectures and data
labeling strategies that may further improve the quality
of generated synthetic data can be explored. GANs can
also be used to synthesize images for the public unlabeled
dataset in a real world simulation along with publicly
available datasets or webcams that can be shared among
clients. Additionally, trying other aggregation strategies,
such as combining FedPav with FedNova, could lead to
better handling of heterogeneous data. Fairness-aware
techniques should be explored in future research to fur-
ther enhance the ethical implications of this approach.
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Finally, we test the proposed approach in a federated-by-
device setting and use hierarchical aggregation so that
the accuracy and generality of the trained model can be
further improved.
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