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ABSTRACT: Federated learning is a decentralized model training paradigm with significant potential. However, the
quality of Federated Network’s client updates can vary due to non-IID data distributions, leading to suboptimal global
models. To address this issue, we propose a novel client selection strategy called FedPA (Performance-Based Federated
Averaging). This proposed model selectively aggregates client updates based on a predefined performance threshold.
Only clients whose local models achieve an F1 score of 70% or higher after training are included in the aggregation
process. Clients below this threshold receive the updated global model but do not contribute their parameters. In
this way, the low-performance clients are still in the process of learning and, after some rounds, will be able to
contribute. If no client meets the performance threshold in a given round, the system falls back to standard FedAvg
aggregation. This ensures the global model continues to improve even when most clients perform poorly. We evaluate
FedPA on a subset of the MURA dataset for abnormality detection in radiographs of four bone types. Compared to
baseline federated learning algorithms such as Federated Averaging (FedAvg), Federated Proximal (FedProx), Federated
Stochastic Gradient Descent (FedSGD), and Federated Batch Normalization (FedBN), FedPA consistently ranks first or
second across key performance metrics, particularly in accuracy, F1 score, and recall. Moreover, FedPA demonstrates
notable efficiency, achieving the lowest average round time (~2270 s) and minimal memory usage (~645.58 MB), all
without relying on GPU resources. These results highlight FedPA’ effectiveness in improving global model quality while
reducing computational overhead, positioning it as a promising approach for real-world federated learning applications
in resource-constrained environments.

KEYWORDS: Performance based federated learning (FedPA); distributed machine learning; industrial growth public
health

1 Introduction

Medical imaging has surfaced as a cardinal approach in modern-day healthcare, providing the roots
for meticulous diagnosis, effectual monitoring, and targeted treatment of miscellaneous pathological
conditions [1]. Computed tomography (CT), ultrasound, magnetic resonance imaging (MRI) and X-rays
integrated with intelligent analysis are the imaging solutions that impart in-depth evaluation of the human
body. This is intensifying the ability of healthcare professionals to spot early stage anomalies with greater
accuracy and operational excellence [2]. Medical image analysis has seen a boom as deep learning and
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artificial intelligence (AI) [3] show substantial growth enhancing precision, speed and proficiency in
diagnosing various clinical abnormalities namely cancer [4], pneumonia [5], neurological disorders [6]
and cardiovascular ailments [7]. These Al-driven modalities lessen the strain on radiologists streamlining
automated detection, segmentation, and classification of medical images and improving patient clinical
outcomes [8,9].

Training deep learning models for medical imaging requires vast amounts of high-quality, annotated
medical data to ensure accurate and reliable predictions [10]. Improving annotation quality enhances the
performance of these models for medical image segmentation. Distributing crowdsourced annotations
across more images is often more efficient than collecting multiple annotations per image [11]. Data privacy
and compliance regulations lead to substantial glitches in the acquisition and handling of medical imaging
datasets for AT tasks. Researchers have projected numerous strategies to tackle these concerns. Federated
learning [12] is one such approach that assists reciprocal model training exclusive of revealing the raw
data, preserving patient privacy (See Fig. 1) [13]. Synthetic data generation offers a promising approach to
augment and anonymise real imaging data, though it requires careful consideration of realism, diversity,
and ethical implications [14]. Privacy-preserving techniques such as differential privacy and encrypted
computation can further protect sensitive information [15]. Federated averaging (FedAvg) is a common
aggregation procedure in federated contexts. However, it experiences convergence issues, especially when
there is significant diversity in the data distributions among clients [16].

it kiw;
k

Wg =

3 (global models aggregation)

Central Server / model —\ )

Global
updates

Local

updates
We

Wh
Local Data Local Data ﬁ
Local Data ﬁ Local Data
Local Data % Local Data

Figure 1: Federated learning in healthcare [17]

Diverse aggregation approaches have been proposed in recent study to enrich federated learning.
Among all, Federated Averaging (FedAvg) is one such technique in the lead taken up for its minimalism and
operational efficiency [18]. FedAvg counts on uniform participation from each client, making it susceptible
to delays or unreliability amid contributors. In practical federated networks, clients may not be available all
the time owing to network failures, power constraints, or computational limits. Such divergence may induce
encounters like oscillating universal updates, as elevated client dropout rates can make model updates erratic
and reduce overall productivity. It also stems into ineffective optimization as the server deficits influence over
client participation, hampering the ability to restructure the learning process. Moreover, model performance
may deteriorate when optimal clients are missing during particular rounds, yielding lower-quality updates.
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An array of advanced aggregation techniques has been put forward to tackle these challenges. Fed Avg
is enhanced with Proximal Optimization (FedProx) [19] by minimizing the detrimental impacts of client
data non-uniformity. However, its additional hyperparameter is strenuous to tune and its default values may
not generalize well amongst different datasets. Federated Multi-Task Learning via Multi-Task Association
(FedMA) [20] boosts global and local models conjointly, refining convergence; however, its density makes
its execution challenging in some federated learning systems. Quantization-based Federated Learning
(QFFL) [21] cuts down communication expenses by squeezing model updates through quantization, but it
incurs quantization errors potentially impairing convergence and final model accuracy.

Regardless of notable progress, federated learning (FL) continues to encounter critical challenges
that limit its effectiveness in real-world medical imaging applications [22]. Persistent issues such as high
communication overhead, data heterogeneity, inefficient client participation, and unresolved privacy and
security vulnerabilities undermine its practical deployment. Standard aggregation strategies, including
Federated Averaging (FedAvg) and Federated Stochastic Gradient Descent (FedSGD) [23], rely on the
assumption of equal client contributions. This assumption rarely holds in heterogeneous environments,
where imbalanced data distributions and unequal computational capacities across clients often result in
biased, unstable, or suboptimal global model updates [24,25].

In the healthcare domain, these limitations become even more pronounced, as FL must collaboratively
train diagnostic models across diverse hospital datasets while safeguarding privacy and ensuring scalability.
Variations in patient demographics, imaging modalities, and institutional protocols generate highly non-IID
data distributions that hinder model generalization. At the same time, frequent client-server communication
places heavy demands on network bandwidth, which is often constrained in hospital environments. Noisy
updates from clients with poor-quality data or limited computational capacity further compromise stability
and slow convergence. While the wide disparity in hardware resources across hospitals makes uniform
deployment challenging. Compounding these issues, FL remains susceptible to privacy and security threats
such as model inversion, adversarial data poisoning, unreliable client updates, robust aggregation and
client-selection mechanisms [26].

In response to these challenges, we advocate Performance-Based Federated Averaging (FedPA) [27],
a pioneering aggregation and client selection strategy tailored for medical imaging. Unlike FedAvg, which
aggregates updates from all clients without bias, FedPA strategically integrates contributions solely from best-
performing clients, thereby reducing noise and improving model stability. After each local training round,
clients are evaluated on validation data, and only those exceeding a performance threshold (e.g., F1 score >=
0.70) contribute to the global update, while others are synchronized with the latest global model and remain
eligible for future rounds. This dynamic selection not only filters out unreliable updates but also mitigates
data imbalance effects, since contributions from clients with severely skewed or underrepresented samples
are down-weighted unless they demonstrate sufficient predictive quality. We validate FedPA on a subset of
the Stanford MURA dataset under non-IID conditions, where each client is restricted to a single bone type
category. Experimental results, evaluated across convergence time, accuracy, loss, scalability, efficiency, and
class balance, demonstrate that FedPA accelerates convergence. Also enhances stability, effectively addresses
data imbalance, and improves the practicality of FL for large-scale medical imaging while preserving
data privacy.
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2 Literature Review
2.1 Medical Imaging and Federated Learning

Healthcare imaging techniques possess distinct data and characteristics. As depicted in Fig. 2, various
electromagnetic (EM) scanning methods are employed for diagnosing and monitoring medical conditions
covering the full EM spectrum. Each technique functions at a specific frequency and wavelength, exhibiting
unique properties [2]. When EM waves interact with an object, they may be scattered, reflected, or absorbed.
Magnetic Resonance Imaging (MRI) utilizes a magnetic field to align the body’s natural protons. When
subjected to a radio-frequency signal, these protons gain energy and shift their orientation relative to the
magnetic field. Computed Tomography (CT) and X-ray imaging operate in the high-frequency range of
3x10' to 3 x 10" Hz, producing ionizing radiation, which poses health risks. Nuclear imaging methods,
including Positron Emission Tomography (PET) and Single Photon Emission Computed Tomography
(SPECT), employ gamma rays to evaluate biological functions in tissues. Gamma rays have frequencies above
10" Hz and wavelengths shorter than 10 picometers. While MRI and ultrasound adhere to non-ionizing
principles, X-rays, CT, PET, and SPECT rely on ionization theory [28].
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Figure 2: Medical imaging modalities classification [2]

2.2 Medical Imaging and Federated Learning

Medical imaging datasets are often distributed across multiple hospitals, research institutions, and
diagnostic centers. Studies have demonstrated that FL can enhance diagnostic accuracy by leveraging data
from multiple institutions without transferring sensitive patient data. For instance, Sheller et al. [29] applied
FL to brain tumor segmentation using MRI scans, showing that FL achieved performance comparable to
centralized training while ensuring data privacy. Similarly, the authors of [30] explored FL for chest X-
ray classification and demonstrated that training across multiple institutions improved generalization to
unseen data. A systematic review by [31] on federated learning in healthcare highlights important research
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areas, model aggregation improvements, and case studies on EHR data. It emphasizes privacy concerns and
proposes a general architecture based on existing studies. Federated learning (FL) in healthcare, highlighting
its role in collaborative model training while preserving data privacy. FL enables the use of diverse healthcare
datasets without compromising patient confidentiality [32].

Federated Learning (FL) has emerged as a promising paradigm for training machine learning models
across decentralized datasets while preserving data privacy [33]. FL is particularly relevant in the healthcare
sector, where sensitive patient data is often kept across multiple institutions. FL applications in healthcare
include disease diagnosis, personalized treatment recommendations, and drug discovery [34]. Integration
with IoT devices and wearables enhances real-time, decentralized data processing for predictive analyt-
ics [35]. Federated Learning (FL) is a decentralized machine learning technique that enables multiple clients
(e.g., hospitals, medical research centers, or edge devices) to collaboratively train a shared model while
keeping their data private and localized. Unlike traditional centralized learning, where data is transferred to
a central server, FL ensures that model updates (rather than raw data) are exchanged among participating
nodes, reducing privacy risks and regulatory concerns.

This study presents a PRISMA-based meta-analysis of recent surveys on Federated Learning in Medical
Imaging (FL-MI). It synthesizes key trends, challenges, and strategies for addressing data heterogeneity,
privacy concerns, and non-IID performance. The review compares commonly used datasets, machine
learning models, and FL frameworks in applications such as tumor detection, organ segmentation, and
disease classification. Research gaps are identified, particularly the need for stronger privacy protection,
offering directions for future FL-MI development [36].

In a conventional FL setup, every single client trains a local model employing its own dataset and
transfers model updates to a central server, which sums these updates to amend the global model. The
model is trained sequentially until convergence. (see Fig. 3). That said, traditional FL algorithms such as
FedAvg sweat with non-IID data distributions, client heterogeneity, and communication overhead, acutely
in healthcare domains where data availability and quality differ radically around institutions.
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Figure 3: Federated learning step by step process [17]

However, several challenges, including aggregation inefliciencies, performance variations among
clients, and non-IID data distributions, hinder its effectiveness [37]. Privacy-preserving techniques like
differential privacy and secure multiparty computation are being explored to address these issues. Despite
these challenges, FL offers revolutionary potential for secure, data-driven healthcare systems, promising
improved patient outcomes and operational efficiency. Future research directions include refining FL



6 Comput Model Eng Sci. 2026;146(3):39

implementations and expanding its use to broader healthcare applications [38]. Federated Learning is
increasingly adopted in healthcare because it enables shared model training while meeting data privacy
requirements like HIPAA and GDPR. It is especially effective for medical imaging, predictive diagnostics,
personalized treatment planning, and disease-progression monitoring.

Federated learning (FL) [39] has proved to be an appealing framework for decentralized model training
across distributed sources of data, particularly in domains such as healthcare, where privacy regulations
against the aggregation of central data prohibit data centralization. The standard FL process of server-side
model averaging following local training was established with the initial FedAvg algorithm [23]. Although
extensively employed, FedAvg presumes all client updates have the same informativeness, something that
commonly collapses under non-IID scenarios. Heterogeneity in FL data may lead to biased, unstable updates
that hurt overall model performance.

Several techniques have been proposed to address the challenges introduced by non-IID data. Fed-
Prox [24] adjusts the local objective function by including something known as the proximal term, thereby
stabilizing local updates and limiting client drift. However, it still averages updates from all clients indis-
criminately regardless of quality. FedSGD [23], on the other hand, employs a more sophisticated technique
by averaging gradients more frequently but at the cost of excessive communication overhead, making it less
scalable in practice.

FedBN [20] addresses distributional heterogeneity by disentangling batch normalization layers in a way
that clients are able to maintain locally adapted statistics. While this guarantees improved personalization
and overall accuracy, it does so at the expense of higher memory costs and does not directly check the
credibility of client updates. Outside of algorithmic modifications, client choice schemes have also been
studied and explored to improve robustness and efficiency. For example, Wang et al. [40] proposed a system-
aware selection mechanism that takes device availability into account, while Nakakita et al. [41] focused on
fairness in participation by using a resource-aware scheduling. Such methods generally rely on system-level
metrics and do not involve explicit measurement of model performance as a selection criterion.

Existing aggregation and selection mechanisms are often insensitive to the quality of individual client
models. In high-stakes applications like medical imaging, with very heterogeneous data and significant
emphasis on model accuracy, these limitations can become issues. This was the inspiration behind our work,
which advances previous research by proposing FedPA. A performance-sensitive aggregation method, that
leverages local F1 score for filtering and weighing client responses. Fl-score is a performance metric mainly
used for evaluating imbalanced classification tasks. Thus, F1 was determined to be most suitable to act as
a threshold metric along with accuracy. In comparison to existing methods, it incorporates model-level
performance metrics at the aggregation phase itself, aiming to enhance reliability, reduce communication
overhead, and increase global accuracy over heterogeneous environments.

2.2.1 FedAvg (Federated Averaging)

FedAvg is one of the first federated learning algorithms, introduced by McMahan et al. [23]. The
algorithm facilitates decentralized model training, where clients train models locally on their local data and
send their updates (model weights) to a central server. The server aggregates these updates by averaging
them with weights proportional to the size of the clients local dataset. This approach allows the global
model to take advantage of the heterogenous data of various clients even when the data is non-IID (non-
independent and identically distributed) without exchanging raw data. The mathematical expression for
FedAvg is given below:
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where:

o 0, is the updated global model at round r + 1.
« 6% is the model of client i after training round r.
o m; is the number of data points at client i.

o Miotal = Z?ﬁl m; is the total number of data points across all clients.

FL with EfficientNet-BO and FedAvg [42] enhances privacy and diagnostic accuracy in brain tumor
MRI. EfficientNet-B0O outperforms ResNet under data heterogeneity, achieving approx. 99% average client
accuracy and low loss across diverse datasets.

2.2.2 FedSGD (Federated Stochastic Gradient Descent)

FedSGD is a basic version of FedAvg, which applies the stochastic gradient descent (SGD) optimization
algorithm. In FedSGD, clients calculate one step of the gradient on their local data and transmit gradients
to the central server. The server aggregates these gradients, with a weighted update to the global model.
Compared to FedAvg, which aggregates model weights, FedSGD aggregates gradients, which can potentially
achieve faster convergence in some cases but might be more susceptible to client data heterogeneity. The
mathematical expression for FedSGD is:

m;
Mtotal

9r+1:07_‘x2

i=

VLi(6;)

M
1

where:

o 0, is the global model at round r.

o« isthelearning rate.

o VL;(0,) is the gradient of the loss at client i evaluated using its local data.
o my; is the number of data points at client i.

o Miotal = Zf\il m; is the total number of data points across all clients.

In [43], the brain tumor segmentation using federated learning shows that increasing the number of
clients negatively impacts model performance. Skewed data distributions yield better results than equal splits.
FedAvg consistently outperforms FedSGD in handling such non-IID scenarios.

2.2.3 FedProx (with Proximal Term)

FedProx enhances Fed Avg by adding a proximal term to counteract the issue of client drift in federated
learning, particularly when clients hold non-IID data. The term compels local models to stay close to
the global model, thereby evading the phenomenon of divergent updates caused by heterogeneous client
data distributions. FL enables privacy-preserving cancer diagnosis using deep learning across institutions.
Using heterogeneous cancer datasets (cervical, lung, colon), FedAvg and FedProx were compared under
non-IID conditions. FedAvg and FedProx [44] match centralized training under IID data. With increasing
heterogeneity, both degrade, but FedProx remains superior. FL struggles with many clients and non-uniform
labels, highlighting the need for advanced methods in such settings. FedProx [45] outperformed FedAvg in
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highly heterogeneous settings. Bayesian optimization improved hyperparameter tuning for both local and
global models.

. A 2
mem L;(0)+ EHG— 0,

where:

« L;(0) is the empirical loss on client i.

o 0, is the global model at round .

o Ais the proximal term coefficient.

« 0 is the local model being optimized by the client.

2.2.4 FedBN (Federated Batch Normalization)

FedBN [46] is constructed to address federated learning issues due to the presence of Batch Normal-
ization (BN) layers in models. BN layers operate on the statistics (mean, variance) that are calculated on the
entire set of data, but in the federated case, these might be extremely different across clients due to the fact
that the data is non-IID. To mitigate this, FedBN prevents aggregation of clients’ BN layers’ parameters but
instead aggregates the non-BN parameters only. This serves to mitigate the domain shift of clients. The new
local batch statistics and global model of every client are represented as:

M . )
0,41 = Z ieﬁ’) (excluding BN layers)

i=1 total

FedBN Local BatchNorm Statistics:

(1) _ (0 204D _ 200

I #i >
where:

o 0,4 is the updated global model at round r + 1.

. 950 is the model of client i at round r.

o m; is the number of data points at client i.

o Miotal = Zf\il m; is the total number of data points across all clients.

(r) 2(r)

o u; ando;" "’ are the mean and variance in the BatchNorm layer of client 7 at round r.

FedAvg showed comparable internal validation to single-site models but improved generalizability.
Personalized FL algorithms outperformed FedAvg in internal validation, though FedAvg retained better
generalization. FedBN achieved superior performance on both internal and external validation [47].

3 Proposed Method

We here present FedPA (Federated Learning Performance-based Averaging), a novel client selection
strategy committed to improving global model update quality in federated learning. FedPA is designed to
surmount challenges posed by non-IID data and heterogeneous client performance, thereby making sure
high-quality clients with trustable updates build up the model. The key idea of FedPA is to introduce a
performance-aware client selection mechanism by the local model performance, as measured by the Fl score,
to filter low-quality updates before aggregation.
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3.1 FedPA Overview

FedPA operates in two primary phases: client selection and aggregation. During the client selection
phase, clients are locally evaluated after training, and only those whose local Fl-score exceeds a predefined
threshold are allowed to participate in the aggregation process. F1 was selected as the evaluation metric
because it effectively handles imbalanced and non-IID data distributions, which characterize our task. In our
experiments, we initiated the adaptive threshold tuning process from an initial value of 0.60, incrementally
increasing it by +0.02 after each complete training cycle (i.e., after all clients completed local updates).
This progressive approach allowed us to observe the stability and performance gain at different F1 cut-offs.
The experiments therefore started with a minimum F1 threshold of 0.60 and continued up to a maximum
observed F1 of 0.77. Based on this exploration, we finalized the threshold value at 0.75 for the MURA dataset,
as it provided the optimal trade-off between participation rate and global model accuracy. Clients whose
Fl-scores fell below the threshold are allow to take the global model parameters to maintain consistency
across rounds.

3.2 Client Selection and Performance Threshold

The client selection in FedPA is based on local F1 scores, a common metric for measuring classification
performance, particularly in datasets with imbalances. This performance metric is particularly appealing
in federated learning since it estimates both precision and recall and provides a more robust measure of
client model quality than accuracy alone. The F1 score threshold can then serve to filter out only those
clients generating sufficiently strong updates, so that model aggregation is not contaminated by low-quality
contributions. In order to make clients dynamically available, a fallback mechanism is introduced: if no
client achieves the threshold in a round, the aggregation defaults to a regular FedAvg-style aggregation.
This fallback provides resilience such that the global model can still be updated even when most clients are
performing poorly.

3.3 Aggregation Process

Once the best-performing clients are selected, their local models are then aggregated into the global
model. Also, FedPA uses a weighted average combination method, with each of the selected clients’
contribution as a fraction of the performance of its local model (F1 score). This ensures that clients with
higher F1 scores contribute more to the global model, also making the process of combination optimal.

In summary, FedPA introduces a performance-aware mechanism to federated learning to make the
global model more efficient and reliable by preferring well-performing clients and curbing the impact of
bad updates. The experimental configuration and the results of applying FedPA to a real-world dataset are
introduced in the next section.

3.4 FedPA (Federated Performance-Based Averaging)

FedPA (Federated Performance-based Aggregation) is a novel technique in federated learning that
prioritizes client contributions based on their F1 scores, which represent the balance between precision and
recall in classification tasks. Unlike conventional approaches where all client updates are treated equally,
FedPA assigns greater influence to clients with higher F1 scores, allowing the global model to be updated
primarily by the most reliable and well-performing participants.

A key component of FedPA is its adaptive threshold mechanism, which dynamically filters out clients
whose F1 scores fall below a predefined threshold. This ensures that only top-performing clients are included
in the aggregation process, thereby enhancing the overall stability and convergence of the global model.
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Clients excluded from aggregation are synchronized with the latest global model parameters, enabling them
to continue local training and potentially meet the threshold in subsequent rounds.

Through this selective and performance-driven strategy, FedPA effectively reduces the impact of noisy or
underperforming updates, leading to faster convergence and improved model generalization. The following
Algorithm 1 presents the algorithmic workflow of FedPA:

Algorithm 1: FedPA: performance-based federated partial averaging

Input: Client datasets D = {D,, D,,..., D, }, communication rounds T, threshold 7, learning rate #
Output: Final global model 87, Accuracy/F1 logs, Confusion Matrix
Initialize global model 0° « Model ();
Initialize each client model 9? <« 0% fori=1tomn;
fort=1to T do
S« @ //set of selected clients
U <« 0 //Transmitted updates count
foreach client i =1to n do
Train local model 6! on D; using learning rate ;
(acc;, fl;, _) < Evaluate(6!, D;);
if acc; > T or f1; > 7 then

S<Su{b};
U<«U+1;
else
6! < o' // Reset to global model
if S + @ then
6" < FedAvg(S) // Aggregate selected models
else
0' < Fedavg({0},...,0.}) //IFallback to all clients

(accy, fl;,cm) < Evaluate(0', TestSet);
Log (accy, fl1;, U);
return 07, Accuracy/Fl logs, Confusion Matrix

4 Experimental Setup and Evaluation

We use a pre-trained and fine-tuned DenseNetl21 as our base model architecture for binary classifica-
tion. Local training is performed for 5 rounds of communication, and each round has 5 epochs. Experimental
findings show that FedPA is as good as or even outperforms state-of-the-art approaches such as FedAvg,
FedProx, FedBN, and FedSGD [22,19,46] on the important measures of Accuracy, F1 Score, and Recall. In
addition, it achieves similar performance with less round time and memory overhead, showing its feasibility
in resource-limited federated learning environments [19,48].

4.1 Datasets Description

The MURA (Musculoskeletal Radiographs) dataset, originally assembled by the Stanford ML Group,
comprises 40,561 X-ray images from 14,863 studies (12,173 patients) across seven upper-extremity regions,
including the finger, hand, wrist, forearm, elbow, humerus, and shoulder. All images were extracted from
Stanford Hospital's PACS system, and the authors report that the dataset is Institutional Review Board
(IRB) approved, with all radiographs fully de-identified and HIPA A-compliant to ensure patient privacy. The
dataset is publicly available for research via its canonical webpage [49]. In this study, we utilized a clinically
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relevant subset of MURA, specifically radiographs of the hand, finger, shoulder, and wrist (see Table 1
and Fig. 4), as these regions are central to diagnosing fractures and related abnormalities. The problem is
formulated as a binary classification task—distinguishing normal from abnormal cases—reflecting realistic
clinical workflows where X-rays from multiple healthcare centers are aggregated to support diagnostic
decision-making.

Table 1: Distribution of X-ray images across anatomical regions and classification labels

Anatomical region Normal (0) Abnormal (1)
XR_SHOULDER 1463 1552
XR_FINGER 1372 738
XR_WRIST 2274 1423
XR_HAND 1598 587

c d

Figure 4: X-rays of Hand (a), Finger (b), Shoulder (¢) and Wrist (d) taken from the validation dataset

The dataset was created with the intention to simulate real-world non-IID (Non-Independent and
Identically Distributed) environments. The dataset was especially distributed across different simulated
hospital clients, with each specializing in a particular anatomical body part. This segmentation is evocative
of real-world healthcare systems’ specialization, where different hospitals can specialize in the treatment of
specific body parts or diseases, and this segmentation can also pick up on patient population differences.
Prior work has noted the usefulness of this approach, with diverse, non-IID data shown to enhance model
robustness and generalizability [46,50]. To train the model, the data was preprocessed in several ways to feed
high-quality input to the machine learning model. All images were resized to 224 x 224 pixels, a common
size for deep learning models [51], and then converted to grayscale to simplify the amount of information
being processed, as color may not provide much more detail here. Normalization to normalize pixel values
to a standard range to increase the model’s learning ability was utilized. Histogram equalization was also
utilized to boost image contrast so that details can be more easily picked up by the model, as in medical
imaging, small abnormalities or fractures need to be detected. Local data augmentation techniques like
random rotation, flipping, and zooming were utilized for model robustness and to prevent overfitting. These
improvements are fairly standard for image processing towards getting a more generalized model that will
have fewer tendencies to memorize some properties of the training set. The data was split into three parts:
70% for local training, 10% for local validation (for calculating each client’s local F1 score), and 20% for final
testing of the global model.
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4.2 Model Architecture

For this purpose, we employed the DenseNet121 model, a 121-layer deep convolutional neural network
that is state-of-the-art, efficient, and effective. It is especially so in settings where data may be limited
or fragmented. DenseNetl2] has a unique feature of dense connectivity, where each layer is fed by all
the previous layers, allowing for more efficient gradient flow and feature reuse. This property renders
DenseNetl21 extremely appropriate for medical image classification, as it can learn from relatively smaller
datasets without overfitting, which is an essential feature for medical applications where labeled data may
be scarce.

To adapt DenseNetl21 for binary fracture classification, the model’s original classification head was
discarded and substituted with one fully connected layer and a sigmoid activation function. This change thus
allows the model to give a probability score of whether there is a fracture in an image or not. The use of a
sigmoid function is common in binary classification issues since it provides values between 0 and 1, which are
probabilities. The model was initialized with ImageNet pre-trained weights, a common practice in transfer
learning. This allowed the DenseNet121 architecture to make use of prior knowledge from a vast diversity of
general image datasets and specialize it for the medical domain.

We did not include dropout layers or explicit max-pooling operations. This is because DenseNet121
employs efficient downsampling and regularization methods in its architecture. This decision is supported
by literature [52], where DenseNet’s robust regularization power is highlighted, and the inclusion of dropout
or pooling layers would thus be redundant and maybe even detrimental.

4.3 Federated Learning Setup

The federated learning setting in this study simulates a distributed training procedure among multiple
healthcare organizations, thus Federated learning makes it viable to shape a global model by merging updates
from local models, where the data remains at the clients (hospitals) and is not shared directly with the server,
ensuring compliance with data protection law and confidentiality [53].

Clients

The federated learning was carried out on four clients, each representing a distinct hospital or medical

center. Each client trained on a particular subset of data for a different type of bone (hand, finger, shoulder,

wrist). This setup exposed the model to a wide variety of X-ray images from different anatomical sites, which
enhanced the model’s robustness and generalizability (See Fig. 5 and Table 2).

FEDERATED
LEARNING

LOCAL  LOCAL  LOCAL
MODEL MODEL MODEL

Figure 5: Federated learning workflow across hospitals with local specialist models for different body parts. Each
hospital trains a local model on private data, and the models are coordinated via a central cloud server
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Table 2: Federated learning workflow using pre-trained DenseNet121

Stage Action Model
1 Initialize with pre-trained DenseNet121 Global
2 Send model to all clients Global — Local
3 Local fine-tuning on MURA subsets Local
4 Send updated weights back to server Local — Global
5 Aggregate updates (FedAvg, FedPA, etc.) Global
6 Repeat until convergence Iterative

This federated setup follows the principles laid out in previous work on multi-center healthcare
datasets [54].

4.4 Global Model

The global model was initialized using DenseNetl21, pre-trained on the ImageNet dataset to utilize its
strong feature extraction ability from large-scale natural images [55]. In the proposed federated learning
setup (see Table 2), the pre-trained parameters were distributed to all participating clients. Each client locally
fine-tuned the model on its subset of the MURA radiographic dataset, enabling domain adaptation without
sharing raw medical data. After local training, clients sent the updated model parameters to the global server
for aggregation using the Federated Averaging (FedAvg) algorithm. This process was repeated over multiple
communication rounds, allowing the global model to gradually improve its representation and diagnostic
accuracy. The combined use of transfer learning and federated optimization enhanced model generalization
while preserving data privacy. Such collaboration has proven effective in improving performance across
decentralized healthcare systems [52].

4.5 Evaluation Metrics and Protocol

All binary classification metrics were computed using standard implementations from
the scikit-1learn library to ensure validated and reproducible results. The following metrics were used
in model evaluation:

o Accuracy: Measures the proportion of correctly classified samples among all predictions.

A TP+ TN
ccuracy =
Y TPYTN+FP+FN

where TP (True Positives), TN (True Negatives), FP (False Positives), and FN (False Negatives) denote
the respective classification outcomes.
o Precision: Represents the proportion of true positives among all positive predictions.

TP

Precision = ———
TP + FP

« Recall (Sensitivity): Represents the proportion of actual positives correctly identified by the model.

TP

Recall= ————
TP+ FN
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« F1Score: Harmonic mean of Precision and Recall, balancing both measures.

Precision x Recall

F1 Score = 2 x
Precision + Recall

Evaluation Protocol: Model evaluation was performed on validation sets maintaining identical
anatomical distributions as the training data. Each client model was tested on both its target anatomical
region and cross-domain samples to evaluate specialization and generalization performance. Random seed
control (random_state = 42) ensured consistency and reproducibility across experimental runs.

4.6 Federated Learning Parameters

For all federated training experiments, we fixed a random seed of 42 to assure replicability and consistent
outcomes. The model was trained for 5 global rounds, with each client performing 5 local epochs before
transmitting updates to the server. A batch size of 32 was chosen to balance computational efficiency with
convergence stability. The Adam optimizer was employed with a learning rate of 0.0001, a value determined
experimentally to be effective for fine-tuning the DenseNetl121 model. Performance was evaluated using
F1 score, accuracy, precision, and recall as primary metrics. To standardize preprocessing across clients,
we applied consistent data augmentation, including random horizontal flipping and normalization. Batch
Normalization layers were not frozen but updated during local training to adapt to client-specific data
distributions. These parameters were carefully selected in line with best practices for federated learning in
medical image classification [56].

4.6.1 Client Participation and Selection

Every client, in the federated learning setup, trained its local model and evaluated it using the F1 score.
The updates from each client were dynamically weighted based on their F1 scores, where clients with better
F1 scores contributed more to the global model. This weighted averaging technique ensures that all clients
with good performing models contribute more to the global model, which thus improves overall accuracy
and fairness. This approach has been shown to enhance model performance and minimize biases (see Fig. 6)
that may be incurred due to imbalanced or heterogeneous data distributions across clients [56].

Found 2143 images from 773 study directories

@ [FedPA] Client wrist selected (F1l: 0.7216)
[FedPA] Client shoulder NOT selected (F1l: 0.6860)

# [FedPA] Client hand selected (F1l: 0.7244)

@ [FedPA] Client finger selected (F1l: 0.7674)

=== FedPA Aggregation Phase ===
Aggregating models from: wrist, hand, finger

Figure 6: Client selection process based on F1 threshold in FedPA

4.6.2 Aggregation

Following each round of local training, the updates from all the clients were aggregated on the basis of
a weighted averaging method. Clients with higher F1 scores contributed more to the global model, reflecting
their higher accuracy during local testing. This performance-based aggregation method ensures that the
overall model performance is maximized and that it also prevents underperforming models from decreasing
the accuracy of the global model. Aggregation is a critical component in federated learning as it facilitates
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client collaboration without compromising data privacy and confidentiality, which is a key consideration in
healthcare settings [54].

The learning rate was 0.0001, experimentally found to be quite suitable to fine-tune the DenseNet121
model. The batch size was chosen to trade off computation overhead against model performance, and the
local epochs parameter was 5, indicating that every client trained the model five times before uploading the
model updates to the server.

5 Results and Discussion

5.1 Final Performance Comparison

Table 3 for global model performance and, Table 4 and Fig. 7, shows the overall performance of the final
model at round 5 for all five federated learning approaches. FedProx consistently had the highest overall
accuracy and F1 score, followed closely by FedPA, particularly in recall where FedPA outperformed all other
methods. Precision was highest under FedProx, followed by FedSGD.

Table 3: Performance metrics of the global model

Metric Score
Accuracy 0.7886
F1 Score 0.7697
Precision 0.7902
Recall 0.7502

Table 4: Final performance metrics

Technique Accuracy F1 Score Precision Recall
FedAvg 0.7853 0.7688 0.7798 0.7582
FedProx 0.7989 0.7784 0.8088 0.7502
FedBN 0.7779 0.7576 0.7791 0.7374
FedSGD 0.7821 0.7623 0.7835 0.7423
FedPA 0.7895 0.7751 0.7801 0.7701

As shown in Fig. 7, FedProx achieved the best accuracy (0.7989) and F1 score (0.7784), which indicates
its ability to balancing precision and recall consistently. The high accuracy and F1 score of FedProx
demonstrate that this method is robust in maintaining model performance for all clients and has the ability
to generalize well even in the presence of non-IID settings prevalent in federated learning.

FedPA, though slightly behind FedProx when it comes to accuracy (0.7895), was the top performer
when it came to recall (0.7701) among all the other methods, beating all the other techniques. This indicates
that FedPA is particularly adept at capturing true positive instances critical in medical applications where it’s
important to catch all potential instances of abnormalities. The increased recall clearly indicates that FedPA
very sensitive to abnormalities in the data and would therefore be a great choice in situations where a failure
to identify a positive case would be catastrophic.
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Figure 7: Comparison of Accuracy, F1 Score, Precision, and Recall for FedAvg, FedProx, FedBN, and FedSGD. FedPA
achieved the highest performance in Recall with the competitive results in the other metrics

For precision, FedProx again ranked first with the highest precision (0.8088), indicating its ability
to avoid false positives. Precision is a valuable metric when the cost of false positives is high, such as in
the healthcare industry. FedSGD (0.7835) ranked second in precision, but its overall performance in other
metrics was a bit lower than that of FedProx and FedPA.

FedBN had the worst results overall across all the metrics, with an accuracy of 0.7779, F1 score of 0.7576,
precision of 0.7791, and recall of 0.7374. The worse performance of FedBN can be attributed to the challenge of
normalization across non-IID data distributions, which must have impacted its ability to generalize poorly. It
is especially evident when comparing the recall and F1 score to those of FedProx and FedPA, which reported
higher results.

FedProx achieved the highest accuracy (0.7989) and F1 score (0.7784), showcasing its ability to
provide balanced performance across metrics. FedPA, with its highest recall (0.7701), outperformed all
other methods in detecting positive instances and is therefore the most suitable for applications where it
is of utmost importance to detect every potential abnormality, such as in medical diagnosis. Meanwhile,
FedBN performed worse across all the metrics and particularly on recall, which indicates the difficulty of
normalizing data in federated learning when dealing with non-IID data distributions.

5.2 Computational Efficiency
Computational Overhead Metrics (see Table 5) were analyzed to assess the system-level efficiency of

the proposed federated learning framework.

o Memory Usage: Memory consumption for each process was monitored using the Python psutil
library:

process.memory_info () .rss

Memory (MB) = (1024)
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where the Resident Set Size (RSS) represents the portion of memory occupied in RAM. Both peak
and average memory usage were recorded across all federated training rounds to measure the memory
footprint of each algorithm.

o CPU Utilization: CPU load was sampled every 0.3 s using psutil.Process.cpu_percent
(interval = 0.3). Peak and average CPU utilization were computed for each training phase to
evaluate computational intensity and efficiency.

o Communication Overhead: The size of each model (S,,) was determined using:

P B
S,y = Z (nl(param) % Sl(param)) " Z (n§buffer) % S](buffer))

i=1 j=1
The total communication cost (C;) was then computed as:
Ct=8mx Ny

where N; is the total number of model exchanges between the global server and participating clients.

Table 5: System overhead comparison

Technique  Aggregation time (s) Memory usage (MB) CPU memory (%) Avg. round time (s)

FedAvg 1.0100 710.43 45-65 ~2305
FedProx 1.0250 822.28 55-75 ~3230
FedBN 1.0150 876.24 50-70 ~2303
FedSGD 1.0309 705.15 35-55 ~2291
FedPA 1.0023 645.58 40-61 ~2270

Training Effectiveness Metrics (see Table 5) were used to evaluate time-based performance. All timing
measurements were obtained using Python’s time . time () function with microsecond precision. The total
training duration included client-side model training, global aggregation, and evaluation steps across all
federated rounds to provide a complete view of the system’s end-to-end efficiency.

Table 5, Figs. 8 and 9 summarize the observed system-level resource utilization and training perfor-
mance. Among all methods, FedPA demonstrated the shortest average round time and the lowest memory
consumption, while FedBN exhibited significantly higher memory usage. Fig. 8 illustrates the total training
time (left) and aggregation time (right) for each algorithm. Notably, FedPA achieved the best overall
efficiency, owing to its dynamic client weighting and performance-driven aggregation mechanism, which
promote faster convergence without increasing either local training or global aggregation overhead.

The light-weight computation resource distribution of FedPA pays off most in applications where
prompt training and system response are of maximum importance, e.g., sparse resource-enabled edge devices
or real-time applications in healthcare settings. Conversely, FedBN incurs the highest system overhead both
in total training time and aggregation time, as depicted in Fig. 8. This is due to the increased complexity
of aggregating BatchNorm statistics from non-IID client data, which leads to increased processing time for
each global update. Computational complexity arises due to the requirement of addressing variations in
BatchNorm parameters among clients, so FedBN is less preferable in resource-constrained settings compared
to FedPA.
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Figure 8: System overhead comparison: total training time (left) and aggregation time (right). FedPA achieves the least
in both metrics

Memory Usage Comparison of FL Techniques
3 876.24

Memory Usage (MB)

FedAvg FedProx FedBN FedSGD FedPA
Technique

Figure 9: Usage of memory in the different federated learning algorithms

Fig. 9 once more compares the usage of memory in the different federated learning algorithms. FedPA
and FedProx, as shown, have a minimum usage with only 645.58 MB a significant advantage in federated
learning scenarios where memory usage is one of the most important parameters. The relatively minimal
memory overhead of FedPA facilitates better scalability on a larger set of clients or even edge devices
with limited memory capacity, and hence is more practical for use in distributed healthcare systems or
mobile applications.

As a comparison, FedBN requires far more memory compared to the others, something that can
be attributed to the increased storage space needed to deal with BatchNorm parameters from all clients
during aggregation. Increased memory consumption could pose to be the bottleneck in scenarios of scale
deployment or where there are numerous clients, further limiting its applicability in situations where
memory is a precious commodity.
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Overall, the findings in Table 6, Figs. 8 and 9 show that FedPA strikes the best balance between efficiency
and usage of resources and is hence a strong candidate for federated learning in healthcare settings and other
contexts requiring high model accuracy and low resource consumption.

Table 6: Federated model ranking

Criterion Istplace  2nd place  3rd place  4th place  5th place
Accuracy FedProx FedPA FedAvg FedSGD FedBN
F1 score FedProx FedPA FedAvg FedSGD FedBN
Recall FedPA FedAvg FedProx FedSGD FedBN
Training speed FedPA FedSGD FedAvg FedBN FedProx
Stability FedProx FedPA FedBN FedAvg FedSGD

5.3 Overall Ranking by Evaluation Criterion

FedProx was the top scorer in model quality and reliability. It finished first in accuracy and F1 score and
also finished first in stability. These rankings thus highlight FedProx’s advantage in handling heterogeneous
data among clients, with stable outcomes and very minimal performance variance throughout the rounds. Its
stability across these metrics means it is a trustworthy choice when model reliability is of the highest priority.

FedPA, on the other hand, performed best in training sensitivity and efficiency, ranking first in both
recall and training efficiency. Its dynamic performance-aware aggregation method managed to drive the
usage of resources to an absolute minimum while identifying more true positives than existing methods
a desirable feature where responsiveness and detection sensitivity are paramount. FedPA also came in
second for accuracy, F1 score, and stability, demonstrating that it can deliver nearly-competitive model
performance at significantly lower system overhead, which makes it extremely well-suited for resource-
limited environments.

FedAvg performed middle-of-the-pack on most measures. It had decent recall and training efficiency
but did not outperform FedProx or FedPA on any single measure. FedSGD, while slightly quicker to train
than some others, lagged behind both in model efficacy and in stability, ranking last in stability and near the
bottom in most others.

FedBN, as expected, ranked last on nearly all measures, reaffirming its inappropriateness for the
experimental setting. Having been designed to rely on batch normalization, FedBN was unable to deal with
the non-IID data distributions used in this study, leading to nongeneralization and unstable training. Its
performance highlights the challenge of using normalization-dependent techniques for federated learning
with highly heterogeneous client data distributions.

In general, FedProx was the most resilient to attain high and stable model performance, and FedPA
was the most efficient in training and best in detecting positive cases. This compromise makes FedPA a
viable option in speed- and recall-oriented settings where absolute accuracy can be compromised to a certain
degree. Conversely, FedBN’s low ranking in all the metrics suggests that it is not suitable for federated settings
with heterogeneous clients without further modifications.

5.4 FedPA Aggregation Analysis

The proposed Federated Performance-Aware (FedPA) method demonstrates a very good balance
between model performance and computational expense, primarily because of its dynamic client selection
and weighted aggregation technique. Unlike baseline methods such as FedAvg or FedSGD, which uniformly
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take into account all client contributions. FedPA not only allocates aggregation weights based on the local
F1 score of a client but also disregards clients with performance lower than some threshold value (t). This
ensures that just those clients with sufficiently reliable updates contribute to the global model. Empirical
results validate this strategy: FedPA is the second best in accuracy (0.7895) and F1 score (0.7751), while
outperforming all methods in average round time (2270 s) and memory usage (645.45 MB). These results
show that FedPA can be a promising choice for federated deployment on edge devices or bandwidth-limited
environments, by eliminating low-performing clients.

FedPA avoids aggregating noisy updates, thereby improving convergence stability and model gener-
alization as a whole. Moreover, FedPA is runner-up in recall, indicating its strength in capturing positive
examples—a quality much in demand for high-stakes tasks such as medical diagnosis. FedPA achieves
competitive performance with its lean footprint, closely trailing the deeper and more computationally
expensive FedProx. Its ratio of performance to cost demonstrates FedPA’s merit in real-world federated
learning environments where clients hold heterogeneous computational resources and data qualities.

5.5 Comparison with CIFARI0

For the CIFAR-10 dataset, the experimental setup followed a similar adaptive threshold tuning approach.
The initial F1-score threshold was set at 0.60, and incrementally increased by +0.02 after each full training
round. During this process, the maximum achieved F1-score reached 0.89, leading to the final threshold being
set at 0.85 for optimal performance and stability. FedPA demonstrated strong and consistent improvements
across all evaluation metrics, even under the challenging non-IID data distribution of CIFAR-10.

The model was trained for five global rounds, with each client performing ten local epochs per round.
FedPA consistently outperformed the baseline methods, showing faster convergence and higher accuracy. In
contrast, FedSGD performed significantly worse due to the multiclass nature of CIFAR-10, which rendered
stochastic gradient descent ineffective in estimating accurate global gradients under non-IID conditions.
This instability resulted in poor convergence and overall degraded model performance.

In conclusion, FedPA achieved the best overall results across all metrics on the CIFAR-10 benchmark,
clearly demonstrating its robustness, scalability, and suitability for real-world Federated Learning scenarios.
The detailed performance comparison is presented in Table 7 and Fig. 10.

Table 7: CIFARIO federated model ranking

Technique Accuracy F1 score Precision Recall
FedAvg 0.8873 0.8865 0.8884 0.8873
FedProx 0.8886 0.8887 0.8906 0.8886
FedBN 0.8498 0.8484 0.8569 0.8498
FedSGD 0.1109 0.0718 0.1018 0.1109
FedPA 0.8928 0.8924 0.8950 0.8928

6 Conclusion and Future Work

This paper presents a comparative evaluation of five federated learning methods FedPA-Federated
Performance-Based Averaging (proposed), FedProx, FedAvg, FedSGD, and FedBN. Used in a binary classi-
fication task with a DenseNetl121-based deep neural network for fracture diagnosis on medical X-ray images.
The data was partitioned into four heterogeneous clients, each possessing experience in a different body part
(elbow, finger, hand, and shoulder), simulating real-world scenarios in healthcare environments.
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Figure 10: Confusion matrix of CIFARI0 dataset

Out of the methods experimented with, FedProx demonstrated the highest all-around performance
across accuracy, F1 score, and stability. FedPA, our suggested methodology, though, gave a competitively
comparable performance with significant reduction in system overhead. This places FedPA in an ideal
position to be employed in cases of low computational capability, i.e., small health centers or edge devices.
FedBN, on the other hand, was behind on all metrics, presumably because BatchNorm layers are difficult
to aggregate across non-IID data distributions, a widely documented limitation in federated learning with
healthcare data.

Our work, FedPA, introduces a dynamic client weighting and selection mechanism via local F1 scores.
The approach allows for improved aggregation of model updates, where more performing clients contribute
more to the global model update. The approach is a good balance between model accuracy and computational
cost, especially useful in real-world healthcare federated learning scenarios.
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There will be continuous efforts to improve FedPA in the context of asynchronous Federated Learning,
where clients can choose to participate or skip training rounds based on their availability and performance.
This will make the decentralized learning process more efficient and flexible. Adaptive, real-time client
involvement will also be explored, where the system learns how to adjust to varying client availability and
optimize the overall training procedure.

These improvements will be complemented further in FedPA through adaptive threshold tuning, so that
the thresholds for weighting and client selection can be adaptively tuned based on real-time performance
feedback. This would enable even greater control over the precision of aggregation, improving both efficiency
and robustness of the federated learning system.

Moreover, FedPA will be evaluated on large-scale and diverse data, including multi-class and multi-
modal clinical data, to investigate its scalability and performance in more complex and diverse real-world
healthcare scenarios. This will encompass datasets with various medical imaging modalities (e.g., MRI, CT
scans) and patient populations, enabling us to test the generalizability and reliability of FedPA across various
medical contexts.

By addressing these domains, subsequent research will continue to make FedPA more appropriate for
healthcare federated learning systems so that models can continue to remain accurate, scalable, and privacy-
preserving while being computationally optimized.
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