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ABSTRACT

The proliferation of medical imaging data, coupled with stringent privacy regulations, necessitates scalable
and reliable classification methods to address the challenges of big data. Motivated by the critical need for
accurate pneumonia detection from Chest X-rays (CXR) across diverse clinical settings, this research
confronts the five fundamental challenges of big data: volume, velocity, variety, value, and veracity. In
such scenarios, traditional centralized methods are often constrained by data heterogeneity, computational
bottlenecks, and privacy risks. To overcome these constraints, we propose a Federated Learning (FL)
system that distributes model training across multiple clients, thereby ensuring data privacy while
efficiently managing large-scale datasets. Our method leverages transfer learning by fine-tuning a pre-
trained VGG11 model and employs FedProx regularization to mitigate client drift arising from non-
Independent and non-Identically Distributed (non-IID) data distributions. Furthermore, we introduce an
innovative data partitioning technique that simulates real-world conditions by generating imbalanced label
distributions with a Dirichlet process and injecting Gaussian noise to mimic image quality variations. By
enabling distributed local training and dynamic learning rate adjustments, our approach effectively
manages high-volume, high-velocity data while preserving data privacy. Experimental results demonstrate
that our proposed method efficiently aggregates diverse and noisy client updates while achieving
competitive performance in pneumonia classification.
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I.  INTRODUCTION (6]

Machine Learning (ML) and centralized learning approaches

The availability of improved imaging technologies has
enabled hospitals and research institutes to generate huge
amounts of high-resolution medical images daily [1, 2]. While
this rapid data expansion offers unprecedented opportunities
for improving diagnostic accuracy and clinical outcomes [3], it
also introduces substantial challenges concerning the five V’s
of big data: volume, velocity, variety, value, and veracity [4].
Moreover, consolidating data from multiple sources into a
centralized repository is computationally intensive, presents
privacy and legal constraints [5], and is complicated by
disparities in data quality, label distributions, and noise,
factors that often hinder the effectiveness of traditional

Federated Learning (FL) has emerged as a promising
framework to tackle these challenges. By enabling
decentralized model training across multiple clients (e.g.,
hospitals or imaging centers), FL. preserves data privacy while
reducing computational overhead [7]. In a typical FL setup,
each client trains a local model using its private data and
transmits only model updates to a central server, where the
updates are aggregated to form a global model. However, due
to the inherently non-Independent and non-Identically
Distributed (non-IID) nature of medical data across
institutions, client drift may occur, resulting in model updates
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diverging due to heterogeneous and noisy data distributions

[8].

In recent years, FL has been widely applied in the medical
imaging domain to address privacy and regulatory challenges,
while facilitating collaborative learning across institutions. For
instance, the FL approach in [9] demonstrated effective
pneumonia detection from chest radiographs across multi-site
healthcare datasets. Similarly, the ensemble FL approach in
[10] combined models trained across different data silos,
showing improvements in diagnostic accuracy. In another line
of work, authors in [11] introduced an FL framework for
harmonizing distributed datasets with varied tasks, offering
valuable insights into managing client drift and data
heterogeneity through adaptive aggregation mechanisms. These
studies underline the potential of FL in managing the unique
challenges of multi-institutional healthcare data, particularly in
heterogeneous settings.

In parallel, advances in Deep Learning (DL) have
facilitated the development of powerful Computer-Aided
Diagnosis (CAD) systems for Chest X-ray (CXR) analysis
[12]. For example, the system in [1] demonstrated that deep
Convolutional Neural Networks (CNNss) can effectively extract
clinically relevant features, enabling automatic and accurate
disease detection. The CXray-EffDet model [13] exemplifies
the application of efficient network architectures for classifying
various chest disorders, further highlighting the utility of
transfer learning in this domain. Moreover, pre-trained
networks such as VGGI1, originally trained on large-scale
datasets like ImageNet, have been successfully fine-tuned for
medical imaging tasks, including pneumonia classification
[14], reducing training time while improving diagnostic
accuracy. Table I provides a comparison of key approaches in
pneumonia detection from CXR images, highlighting model

architectures, performance metrics, and limitations. The
reviewed literature indicates a growing trend toward combining
FL and DL to build scalable, privacy-preserving, and accurate
diagnostic models for CXR analysis.

This study proposes a novel FL-based architecture designed
for the classification of large-scale medical imaging datasets,
with a specific focus on pneumonia detection from CXR
images. The core of our approach involves fine-tuning a pre-
trained VGGI11 model using transfer learning, thereby
leveraging rich feature representations acquired from large-
scale natural image datasets. This enables more effective
feature extraction and improved generalization across diverse
clinical data. To mitigate client drift, we incorporate FedProx
regularization [15], which penalizes significant deviations from
the global model during local training, thereby stabilizing
convergence in the presence of heterogeneous data
distributions. In addition, we introduce a realistic data
partitioning strategy to simulate client-level heterogeneity. This
strategy includes two components: i) label imbalance is
introduced using a Dirichlet distribution, reflecting the unequal
class distributions commonly observed in real-world medical
datasets; and ii) image-level noise is added via Gaussian
perturbations, simulating variability in imaging quality and
acquisition protocols across different institutions. These
augmentations address the veracity and variety dimensions of
big data, contributing to the development of a more robust and
generalized global model. Building on prior work, which
demonstrates that controlled noise injection and synthetic label
imbalance can improve model robustness and generalization
[16], our framework integrates these augmentation techniques
directly into the FL pipeline.

TABLE L. COMPARISON OF APPROACHES FOR PNEUMONIA DETECTION
Performance Y
Ref. Model Used Area Under Curve (AUC) / Accuracy Limitations
. Centralized design; privacy concerns and scalability issues when
[1] Custom deep CNN architecture ~ 90% Accuracy . S, .
applied to multi-institutional scenarios.
Deep CNN with advanced FL aggregation High communication overhead; sensitive to data heterogeneity
[9] AUC ~ 0.90 .
(FedAvg/FedProx) across clients.
[10] Ensemble of CNNs within a federated ~ 88% Accuracy Increased computatlona'I complgxny; requires careful ensemble
framework tuning and integration.

Multi-task CNNs with specialized

Aggregation complexity; may be limited when tasks or data

(1 aggregation strategies AUC~0.87 features are too divergent across clients.
High computational requirements; may need further adaptation for
[13] EfficientDet-based model AUC ~ 0.92 federated scenarios or environments with strict resource

constraints.

[14] DenseNet-based architecture (CheXNet)

AUC ~ 0.88 (indicative)

Centralized approach; requires large-scale annotated data and
significant computational resources; may lack privacy preservation
in multi-institutional use

CNN:s (e.g., Visual Geometry Group

(13, 17] (VGG), ResNet, InceptionResNetV2)

~95% Accuracy

Centralized learning approach, class imbalance issues

II. METHODOLOGY

This section presents the proposed FL system for large-
scale medical image classification, with a particular emphasis
on pneumonia detection from CXR images, as illustrated in
Figure 1. The approach addresses the core -challenges
associated with big data through an integrated framework that

combines data preprocessing, heterogeneous data partitioning
with noise injection, federated optimization using FedProx, and
transfer learning based on a pre-trained VGG11 model. This
methodology is designed to ensure model robustness against
heterogeneous, non-1ID, and noisy data, while simultaneously
maintaining data privacy and computational efficiency.
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A.

Federated Server

AN

Global Model

Fig. 1. FL system for large medical image classification.

Data Partitioning and Noise Injection
To simulate real-world scenarios characterized by data

heterogeneity and quality variations, we employ two key
techniques:

B.

Data partitioning via Dirichlet distribution: The CXR
dataset is partitioned among multiple clients using a
Dirichlet distribution [18], which introduces label
imbalance by assigning varying class proportions to each
client. As a result, some clients predominantly possess
pneumonia cases, while others contain mostly normal
instances. This strategy reflects the inherent data
distribution ~ disparities commonly observed across
institutions in practical medical settings.

Gaussian noise injection: To model variations in image
quality stemming from different imaging devices or
acquisition conditions, a controlled level of Gaussian noise
is injected into the images for selected clients. The noise
levels vary across clients, mimicking inconsistent image
quality. This augmentation is essential for training a model
that is robust to noise and capable of generalizing
effectively to real-world medical imaging data.

Data Preprocessing
Data preprocessing plays a crucial role in ensuring

consistency, quality, and suitability of input images for
effective model training. Our preprocessing pipeline leverages
established tools and frameworks, including Python’s Pillow,
OpenCV, and TorchVision from the PyTorch library. The steps
include:

Resizing: All CXR images are resized to a fixed resolution
of 224 x 224 pixels to meet the input requirements of the
pre-trained VGG11 model. This standardization facilitates
efficient batch processing and ensures architectural
compatibility.

Normalization: Each image is normalized using the mean
and standard deviation values from the ImageNet dataset,
aligning the input pixel distribution with that of the data
used during the VGG11 model’s initial training. This
alignment enhances training stability and accelerates
convergence.

C.

Data Augmentation: To improve model generalization and
reduce overfitting, various augmentation techniques are
applied during training, including random horizontal flips,
rotations, affine transformations, and random
cropping/resizing. During validation and testing, only
resizing and normalization are performed to ensure
consistent and unbiased evaluation.

Quality Control: Images with severe artifacts, corrupt
content, or incorrect or missing labels are excluded from the
dataset to maintain data integrity and prevent negative
impacts on model training.

Federated Learning (FL) Framework
With the datasets partitioned and preprocessed, we

implement an FL system to facilitate decentralized training
while ensuring data privacy. The overall process is illustrated
in Figure 2.
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Fig. 2. Flowchart of the proposed approach.
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1) Global Model Initialization and Distribution

The central server initializes a global model with a pre-
trained VGGI11 architecture. The global model is thereafter
distributed securely to a subset of participating clients. Each
round employs random client selection to ensure diverse data
representation and equitable participation.

2) Local Training with FedProx Regularization

Each selected client trains the received model on its local
dataset for a fixed number of epochs. To handle non-IID data
and reduce client drift, the local training incorporates FedProx
regularization into the loss function:

L = LCE + (H/Z) ”Wlocal

where L is the overall loss function used for training in the FL
setting, L¢g is the cross-entropy loss, | is the regularization
coefficient, Wycq; and Wy opq; are the global and local model
weights, respectively. This proximal term penalizes large
deviations from the global model, reducing client drift while
still allowing each client to adapt to its local data.

- ngabal”2 (1)

3) Aggregation of Local Updates

After training, clients transmit only their model weight
updates to the central server. The server aggregates these
updates using a weighted averaging scheme:

K

Wgsit)lbal = Zi 1%Wllacal (2)
where: Wéﬂ,lbal is the new global model weights after
aggregating updates from all participating clients at round t +
1, K is the number of clients that participated in the current
training round, w},,; is the local model weight of client i after
training on its dataset, n; is the number of training samples at
client i, and N is the total number of training samples across all
participating clients in round t.

4) Dynamic Learning Rate Adaptation and Redistribution

To improve convergence and stability in the presence of
heterogeneous updates, we introduce Dynamic Learning Rate
Adaptation (DLRA). The global learning rate n**) is adjusted
based on changes in model performance (e.g., validation
accuracy or loss) between rounds:

nD = pt. fAM?Y) 3)

where AMt is the performance change at round t, and
f(AM?) is a function that determines how the learning rate
should be modified based on the performance change.
Specifically:

f(AMt) = Ydecay ,if AME > ¢ (€))
f(AMt) = Yincrease :ifAMt <e (5)

where € is a small threshold (e.g., 0.001) to ignore minor
fluctuations.

The DLRA mechanism is formalized in Algorithm 1. It
reduces the learning rate when improvements are consistent (to
support fine-tuning) and slightly increases it if performance
stagnates, encouraging further exploration. After each update,

the refined model is redistributed to clients for the next training
round. To maintain communication efficiency, only model
updates are exchanged, not raw data. This approach ensures
continuous global model improvement while preserving data
privacy and minimizing network overhead through secure
update protocols.

Algorithm 1: DLRA

1: Input: Initial learning rate no, decay

factor Ygecayr increase factor Yipcrease

2: for each global round t do

Train local models with nt

Aggregate global model Wﬁmbm

Evaluate validation performance:

Compute AM?

6: if ( AM!'> 0) then /Improved
accuracy or lower loss/

a1 W

7z U(t“):nt * Ydecay

8: else if (AM! ~ 0 or worsens)
then

9: U(t“):nt * Yincrease

10: end if

11: end for
12: Output: Optimized learning rate n@+n

D. Model Architecture and Transfer Learning

Leveraging the power of transfer learning, our model is
built upon the robust VGGI11 architecture, which has proven
effective in FL contexts. VGG networks are highly structured
and sequential, making them particularly suitable for feature
extraction tasks [15]. Each convolutional layer builds upon
established hierarchical patterns, facilitating effective learning
even in transfer scenarios (Figure 3).

e Feature extraction: The convolutional base of a pre-trained
VGGI11 model (originally trained on ImageNet) is
employed to extract high-level features from CXR images.
Despite domain differences, ImageNet pretraining offers a
strong foundation for capturing relevant visual patterns.

e Custom classifier adaptation: We have replaced the original
VGGl 1 classifier with a fully connected network for binary
classification (pneumonia versus normal) to handle
different spatial dimensions. Our proposed classifier
comprises: Adaptive Average Pooling — Fully Connected
(128 neurons, ReLU) — Output Layer (SoftMax for 2
classes).

e Integration with FL: This modified architecture is
seamlessly integrated into the FL framework. Local training
is performed using FedProx regularization, ensuring
robustness to data heterogeneity by discouraging significant
divergence from the global model while allowing local
adaptability.

II. EXPERIMENTS AND RESULTS

A. Dataset

The dataset used in our FL experiments is the Chest X-Ray
Dataset for Pneumonia Detection [19], a widely adopted
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benchmark in medical image classification research. It
comprises chest radiographs labeled as either pneumonia
(diseased lungs) or normal (healthy lungs), with 4,280
pneumonia and 1,583 normal cases. The images were sourced
from multiple medical institutions and are publicly available on
the Kaggle platform. To better suit our experimental
requirements, the dataset was repartitioned from its original
configuration. Specifically, we employed:

e A training set of 4,198 images (3,216 pneumonia, 982
normal).

e A validation set of 1,000 images (500 pneumonia, 500
normal).

e A test set of 665 images (564 pneumonia, 101 normal).

Figure 4 presents 8§ example images of the dataset.

€ x 2T x ¥2T

Conv (33, 64 filters)
Output: 224 x 224 x 64

MaxPool (2x2)
Output: 112 x 112 x 64

Conv (3x3, 128 filters)
Output: 112x 112x 128

| MaxPool (2x2)
| Output: 56 x 56x 128

Conv (3x3, 256 filters)
Output: 56x 56x 256

Conv (3x3, 256 filters)
Output: 56x 56x 256

MaxPool (2x2) |
Output: 28 x 28x 256 |

Conv (3x3, 512 filters)
Output: 28 x 28 x 512

MaxPool (2x2)
Output: 14 x 14 x 512

Conv (3x3, 512 filters)
Output: 14 x 14 x 512

Conv (3x3, 512 filters)
Output: 14 x 14 x 512

MaxPool (2x2)
Output: 7 x 7 x 512
AdaptiveAvgPool (1 x 1)
Output: 1 x 1 x 512

Flatten
Output:512

Linear (512 — 128) + ReLU
Output: 128

Linear (128— 2)
Output: 2 (logits)

Fig. 3. The model architecture.

NORMAL

PNEUMONIA

Fig. 4. Example of the two categories of images under study (pneumonia
and normal).

1) Experimental Setup

We conducted our experiments using a high-performance
FL environment simulating 60 clients, with 6 clients randomly
selected per global round to participate in training. Each client
performed local updates on its data and transmitted only model
parameters to a central server, equipped with an AMD Ryzen 9
CPU and an NVIDIA RTX 3090 GPU.

A VGGll1-based model was fine-tuned using FedProx
regularization (u = 1.0 x 10?) to handle non-IID data. Key
hyperparameters included 200 global rounds, 5 local epochs
per client, adaptive learning rate, and Stochastic Gradient
Descent (SGD) optimizer with momentum (0.9) and weight
decay (1.0 x 1079).

2) Validation Metrics

To evaluate the performance and robustness of our
federated approach, we employed the following metrics:

e Area Under the Receiver Operating Characteristic Curve
(AUC-ROC): Captures the model’s ability to distinguish
between pneumonia and normal cases across varying
classification thresholds. This metric is particularly suitable
for imbalanced datasets where accuracy may be misleading.

e Recall: Measures the model’s sensitivity, its ability to
correctly identify pneumonia-positive cases. High recall
indicates fewer false negatives, which is crucial in medical
diagnostics.

e Fl-score: The harmonic mean of precision and recall,
offering a balanced metric that reflects both false positives
and false negatives. It is particularly valuable for evaluating
performance on imbalanced data.

e Training time per round: Quantifies the computational
efficiency of the FL framework by measuring the time
required to complete one round of local training and global
aggregation.

B. Results and Analysis

The outcomes of our FL experiments over 200
communication rounds are presented in Table II, with
performance trends of AUC-ROC and recall with Fl-score
illustrated in Figures 5 and 6, respectively.
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TABLE II. PERFORMANCE METRICS AT DIFFERENT
TRAINING ROUNDS
AUC- . F1- .
Round ROC Le:;:l;ng R(e;}z;ll score T(l:;e
(%) (%)

2 50.00 1.0x107* 50.00 52.01 21.32
10 95.75 1.0x1078 95.75 90.16 38.84
50 75.00 1.0x1077 75.20 75.00 49.98
100 81.25 1.0x1078 81.25 80.57 52.04
150 78.75 1.0x1078 78.75 77.11 53.12
200 82.25 1.0x 1078 82.25 80.57 48.42

During the initial 10 rounds, the model exhibited rapid
improvement, with AUC-ROC increasing from 50.00% to
95.75%, recall reaching 95.75%, and Fl-score peaking at
90.16%. This sharp rise underscores the effectiveness of
transfer learning with the pre-trained VGGI11 architecture,
which enabled robust feature extraction from the outset.
Additionally, the significant drop in learning rate from 1.0 x
10* to 1.0 x 108 contributed to training stability by preventing
abrupt weight updates, supporting fast and stable convergence.

Between rounds 50 and 100, AUC-ROC values stabilized
between 75% and 81% on both test and validation sets. This
phase of consistent performance reflects the impact of FedProx
regularization, which mitigated divergence among client
updates. The use of weighted federated aggregation helped
maintain balanced contributions from heterogeneous clients. A
slight dip in AUC-ROC at round 50 (75.00%) suggests
potential noise in local updates from specific clients. Future
work could incorporate adaptive client weighting to reduce
such instability.

Performance fluctuations observed during later rounds are
likely due to non-IID client drift, driven by disparities in
disease prevalence, image quality, and noise across client

datasets. These inconsistencies led to variable update
contributions, occasionally destabilizing global model
performance.

In parallel, training time remained stable across rounds,
averaging around 50 seconds per round, confirming the
computational scalability of the proposed FL framework. round
2 was the fastest (21.32 s), attributed to limited early updates.
The longest round, round 150 (53.12 s), may reflect increased
computational load due to more complex model refinements
and gradient computations in later stages.

AUC-ROC (Test & Validation) Over Federated Learning Rounds

—&— AUC-ROC (Test Set)
AUC-ROC (Validation Set)

0 25 50 s 100 125 150 175 200
Rounds

AUC-ROC (%)

Fig. 5. AUC-ROC over FL rounds (test vs. validation).

Recall & F1-score Over Federated Learning Rounds

—m— Recall (%)
Fl-score
20
g
v 80
]
=
I+
g 70
g |
b
* !!
€0
s0{
0 25 50 75 100 125 150 175 200
Rounds
Fig. 6. Recall and F1-score trends over rounds (validation set).

The confusion matrix (Figure 7) shows that the model
successfully identified the vast majority of pneumonia cases
with minimal false negatives (only 20). Although there are
some false positives (35 normal cases predicted as pneumonia),
the high recall indicates that the model is highly effective at
detecting actual disease cases, which is critical in medical
diagnostics.

Confusion Matrix (Round 10 - Best Performance)
450

400

Pneumonia

300

250

True Label

=200

- 150
35 146

Normal

- 100
- 50

. .
Pneumonia Normal

Predicted Label

Fig. 7. Confusion matrix: pneumonia detection (test set).

To evaluate the effectiveness of our proposed methodology,
we compared its performance with state-of-the-art pneumonia
classification techniques, including both centralized DL models
and alternative FL frameworks. Table III summarizes the
comparison based on the AUC-ROC metric, along with each
approach’s noted limitations.

Traditional FL. methods such as FedAvg + ResNet50 show
degraded performance in non-IID settings due to a lack of
robust regularization, resulting in lower AUC-ROC scores
(88.90%). Centralized models such as CheXNet (93.40%) and
the CNN variants used in [12] (95.07%) perform competitively
but lack privacy preservation, making them unsuitable for
multi-institutional real-world deployments where data cannot
be shared. In contrast, our approach offers comparable or
superior performance (95.75%) in a privacy-preserving
federated setting. Moreover, ensemble-based FL techniques
(e.g., in [10]) involve training and maintaining multiple
models, leading to significant communication and
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computational overhead. Our single-model approach is
computationally more efficient, requiring just ~50 seconds per
round, and is better suited for scalable deployments in
distributed healthcare environments.

TABLE IIL COMPARISON OF DIFFERENT APPROACHES
FOR PNEUMO DETECTION
AUC-
Study Model Used ROC Limitations
(%)
Lacks robust
[9] FedAvg + ResNet50 88.90 | regularization against
client drift
Requires multiple
[10] CNN + FL ensemble 90.10 | Mmodels, increasing
communication
overhead
High dependency on
[11] FL with custom aggregation | 91.50 client data
distributions
CNN-based-model (VGG16, Computationally
[12] VGG19, 95.07 expensive; limited
InceptionResNetV2) generalization
Requires centralized
[14] CheXNet (DenseNet-121) 93.40 training; privacy
concerns
Proposed Late-stage
approach FedProx + VGG11 95.75 ﬂuctuatlogs due to
non-IID client drift

IV. CONCLUSION AND FUTURE WORKS

This study introduced a scalable Federated Learning (FL)
framework for pneumonia detection from Chest X-ray (CXR)
images, designed to address the challenges of large-scale,
decentralized medical datasets. The proposed approach
achieved a peak validation Area Under the Receiver Operating
Characteristic Curve (AUC-ROC) of 95.75% and test AUC-
ROC of 83.49%, with a recall of 95.75%, demonstrating strong
diagnostic performance. Key contributions include the use of
FedProx regularization to mitigate client drift, dynamic
learning rate adaptation for training stability, and a novel data
partitioning strategy that integrates Dirichlet-based label
imbalance and Gaussian noise injection to simulate real-world
heterogeneity. Compared to existing methods, our framework
offers a privacy-preserving, computationally efficient, and
highly scalable solution for decentralized medical Artificial
Intelligence (AI). The system maintained consistent training
times (~50 seconds per round), supporting its applicability in
distributed hospital networks and large-scale federated
deployments.

In summary, the proposed FL architecture effectively
handles the volume, velocity, variety, value, and veracity
challenges of medical big data while ensuring patient privacy.
Future research will focus on enhancing model robustness,
supporting real-world clinical integration, and extending the
framework to multimodal data sources to further advance the
capabilities of federated healthcare Al
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