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Abstract
Brain tumor segmentation plays an important
role in clinical diagnosis, treatment planning, and
neuro-oncology assessment using multimodal
Magnetic Resonance Imaging (MRI) data.
However, conventional centralized deep learning
systems often face limitations associated with
patient data privacy, secure inter-institutional
collaboration, and limited model interpretability.
This study presents a decentralized and
privacy-preserving brain tumor segmentation
framework that integrates Federated Learning
(FL), a blockchain-inspired audit and coordination
mechanism, and Explainable Artificial Intelligence
(XAI) within a collaborative medical imaging
environment. A 3D U-Net architecture was
trained on the BraTS 2020 dataset under a
simulated multi-institutional federated setting
using non-IID MRI data distributions. Federated
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Averaging (FedAvg) was employed for global
model aggregation, while a blockchain-inspired
permissioned ledger mechanism was used to
record model update hashes and aggregation
metadata for auditability across communication
rounds. Grad CAM and LIME were incorporated
to provide interpretable visualization of tumor
related regions contributing to segmentation
predictions. Experimental evaluation demonstrated
stable convergence behavior with an overall
voxel accuracy of 98.52%, a weighted F1 score of
98.3%, and Dice coefficient improvement from
0.752 to 0.830 during federated training. The
generated segmentation outputs showed strong
agreement with manually annotated tumor regions
while preserving decentralized data privacy.
The proposed framework contributes a secure,
interpretable, and collaborative segmentation
pipeline for trustworthy brain tumor analysis
across distributed healthcare environments.
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preserving AI, medical diagnostics.

1 Introduction
One of the most severe and complex forms of
neurological disorders is brain tumors, which are
responsible for a considerable amount of global
disability and mortality. For a better quality of life and
more efficient planning of surgical interventions, early
and accurate definition of the border and subdivisions
of a brain tumor is needed. Traditional methods of
analysis have several issues. For example, reliance
on centralized data stores which could present some
privacy concerns, and the use of "black box" AI
algorithms which are difficult to decipher, leading to
lower trust and adoption by clinicians [1, 2]. Figure 1
illustrates the anatomical structure of the human brain
and highlights the representative location of a brain
tumour within the cerebral region.
The application of cutting-edge deep learning
techniques to medical images — specifically Magnetic
Resonance Imaging (MRI) scans of brain tumors
— has produced promising results [3]. However,
most existing AI solutions are built under the
assumption that patient data can be uploaded to
centralized servers, which conflicts with stringent
privacy regulations like Health Insurance Portability
and Accountability Act (HIPAA) and General Data
Protection Regulation (GDPR). Moreover, these
systems are vulnerable to impaired diagnostic security
threats that include model poisoning and data
breaches.
There is a troubling ‘lack of trust’ paradigm with
deployed conventional AI models; particularly with
deep neural networks. Underpinned by security and
explainability of models, such trust loss impedes their
widespread adoption without reservations. AI models
legally and clinically require centralized datasets for
training, meaning that such systems pose serious risks
to data privacy andmay lead to unauthorized exposure
of sensitive patient information [4].
Federated Learning (FL) is a decentralized machine
learning technique which trains models across
multiple data sources without the exchange or
centralization of the raw underlying data, thereby
retaining data privacy. Constructed around an iterative
centralization process, a central server provides a
global model to client institutions (e.g., hospitals).
Each client intrinsically trains this model privately
on their data. Rather than data, model changes (e.g.,
weight gradients) are returned. These are consolidated

Figure 1. Anatomical illustration of the human brain
showing the location of a brain tumour and major brain

regions including the cerebrum, cerebellum, and
brainstem.

by the server to constitute an updated global model.
This process is cyclical, the model learning from all
participants, while the locally sensitive data remains
locked [5].

Blockchain concepts can be incorporated into federated
learning environments to improve auditability and
traceability of model update records [6, 7]. In
healthcare settings, blockchain-inspired ledgers
may provide immutable logging of aggregation
events and model update histories, supporting
transparency and accountability during collaborative
AI development. However, practical deployment often
introduces challenges related to scalability, consensus
management, and infrastructure overhead [6].

Effectively and accurately segmenting brain tumors
on MRI scans is still an unresolved area in medicine
and remains an important challenge in clinical
practice. Most existing AI systems use centralized
systems which greatly understate or ignore the patient
privacy and legal obligation concerns. In attempting
decentralized systems, the processes of ’federation’
or ’aggregating’ still pose security challenges such
as model poisoning and malicious tampering which
are diagnostic and clinically devastating. The unique
opaque character of deep learning models results in an
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interpretability problem, which is another barrier to
clinical adoption, as clinicians will not use systems
they do not trust. In addition to the issues stated,
the problems of computational burden and data
diversity across institutions will further limit the
scalability and robustness of solutions. Each of these
challenges underscores the urgent need to address
privacy, security, and explainability in brain tumor
segmentation frameworks in order to facilitate their
integration into everyday clinical practice.
The combination of privacy concerns and the need
for a centralized approach to AI leads to problems
related to HIPAA and GDPR in the context of
MRI datasets. The proposed framework combines
federated learning with a blockchain-inspired audit
and coordination mechanism to improve traceability
during collaborative model training. Federated
learning enables multiple hospitals to train a shared
AI model without centralized data pooling, while
the audit layer records model update information
and aggregation metadata to support transparency
throughout the training process [8]. With federated
learning, hospitals train local models on their own
data and transfer only model updates, keeping patient
MRI data in their possession. In this context, a
blockchain-inspired permissioned ledger is used to
recordmodel update hashes and aggregationmetadata
generated during each federated learning round.
Although federated learning preserves raw data
privacy, aggregation records and model update
histories still require transparent tracking mechanisms.
To support traceability, the proposed framework
employs a blockchain-inspired permissioned ledger
that records hashed model updates, aggregation
metadata, performance metrics, and encrypted
checkpoints generated during federated training.
These records provide an auditable history of model
evolution throughout collaborative learning.
At the conclusion of each federated round; pivotal
information including the hashed values of client
contributions, the aggregated global model,
performance metrics, and encrypted checkpoints, is
captured and sealed within a block. This provides a
traceable record of model lineage and aggregation
history throughout collaborative training. This level
of transparency fosters trust among the collaborating
partners, a fundamental requirement within the
medical domain, where model performance is of
utmost importance to patient safety.
Explainable AI (XAI) helps make advanced AI tools

clinically applicable [2, 9]. While deep learning
algorithms for tumor segmentation are accurate,
they are often opaque, causing distrust among
clinicians [1, 2]. To address this interpretability gap,
Grad-CAM [10] was employed to provide visual
explanations of model predictions by generating
heatmaps that highlight theMRI regions most relevant
to segmentation decisions. Federated learning has
been widely explored as a privacy-preserving training
paradigm for distributed healthcare applications [11].
Based on the identified research gaps and objectives
of this study, the following research questions were
formulated.
• How can inter-institutional collaboration be

established for the development of an AI model
for brain tumor segmentation while maintaining
data privacy regulations?

• How can we leverage the principles of blockchain
to safeguard and verify the security of model
updates that are shared within the network?

• How can we utilize explainable AI to demonstrate
to medical practitioners the underlying rationale
of the AI’s outcomes in segmentation analysis?

• What are the relative accuracy, security, efficiency,
and overall integration of our system in
comparison to existing alternatives?

This study proposes a decentralized and interpretable
brain tumor segmentation framework that combines
Federated Learning, blockchain assisted secure
coordination, and Explainable Artificial Intelligence
within a unifiedmedical imaging environment. Unlike
conventional centralized segmentation systems,
the proposed framework enables collaborative
multi-institutional model training without direct
sharing of sensitive MRI data. The methodological
contribution of this work lies in the integration of
secure federated segmentation, blockchain-based
auditability, and explainable prediction analysis
within a single privacy-preserving architecture for
brain tumor analysis.
The proposed framework introduces a
blockchain-inspired audit and coordination
mechanism that records model update hashes
and aggregation metadata to improve traceability
during collaborative federated training. In addition,
Grad CAM and LIME-based explainability modules
are incorporated to improve transparency of
segmentation predictions and support clinical
interpretability of tumor related regions across
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multi-modal MRI scans. The framework further
employs a 3D U-Net segmentation architecture within
a decentralized non-IID federated setting to support
stable collaborative learning across distributed
healthcare institutions. The major contributions of
this study are summarized as follows:
1. Development of a privacy-preserving federated

brain tumor segmentation framework using
distributed multimodal MRI datasets.

2. Integration of a blockchain-inspired audit logging
mechanism for improved traceability and trusted
inter-institutional collaboration.

3. Incorporation of Grad CAM and LIME-based
explainable AI techniques for interpretable tumor
segmentation analysis.

4. Evaluation of decentralized 3D U-Net
segmentation performance under non-IID
federated learning conditions using the BraTS
2020 dataset.

5. Establishment of a secure and explainable
collaborative medical imaging pipeline for
trustworthy AI-assisted neuro-oncology analysis.

The remainder of this paper is organized as follows.
Section 2 reviews related work on federated learning,
blockchain, and explainable artificial intelligence for
brain tumour segmentation. Section 3 presents
the proposed materials and methods, including
dataset preparation, federated learning, blockchain
coordination, and explainability integration. Section
4 discusses the experimental results and performance
evaluation. Section 5 outlines the limitations of the
study. Finally, Section 6 concludes the paper and
summarizes the major findings.

2 Related Work
The integration of explainable AI, federated learning,
and blockchain into medical image analysis —
particularly for brain tumor segmentation —
represents a promising and rapidly evolving
research direction. This section summarizes the
findings of the primary works, highlights the existing
gaps, and proposes a unique integration of the three
technologies to solve the problems of privacy, trust,
and transparency.
Kumar et al. [12] integrate blockchain with
federated learning for privacy-preserving brain
tumor segmentation from medical images and
identify the primary challenge. Participating

hospitals train models in isolation on their sensitive
Magnetic Resonance Imaging (MRI) datasets without
transmitting sensitive data for tumor segmentation
andmodel training. Blockchain technology secures the
federated learning process and makes it transparent
as hospitals’ local model updates (weights) are
amalgamated to construct a segmentation model.
Some major limitations of the work include the high
computational requirements and intricate nature of
federated coordination and blockchain technology,
along with the potential communication inefficiencies
and model divergence created by differing data
distributions across various medical institutions.

Yahiaoui et al. [13] suggest a federated learning
model specifically tailored for multi-institutional
collaboration on 3D brain tumor segmentation (and
protecting patient data privacy). This method
allows many hospitals to train robust segmentation
models like 3D Convolutional Neural Networks
on their local MRI datasets without sharing the
volumetric MRI slices. The most significant limitation
concerns the communication overhead associated with
scheduling federated training across geographically
distributed sites, which is particularly pronounced
when processing large 3D volumetric MRI datasets.

Giri et al. [18] have designed a new system that
combines a Federated Learning approach to brain
tumor segmentation with a customized hybrid
neural network, ResUHybridNet, and variable
neural architecture. It helps maintain data privacy
across various institutions. The principal limitations
involve the computational and communication
costs of training sophisticated hybrid models in
a federated context, possible model drift due
to data heterogeneity across various medical
centers, and model personalization challenges in a
decentralized training structure. Raheem et al. [19]
put forward a new framework called Improved
Privacy-Preserving Collaborative Convolutional
Neural Network (IPC-CNN) that offers precise
brain tumor segmentation while also increasing data
privacy during multi-institutional collaborations.
Albalawi et al. [20] propose an integrated framework
that jointly utilizes Federated Learning (FL) and
Transfer Learning (TL) to improve the classification
and diagnosis of brain tumors while safeguarding
data privacy between various organizations.

The main obstacles are the federated fine-tuning of
complicated models, the impact of disparate (non-IID)
distribution models on AI performance, and the
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Figure 2. Representative samples from the training dataset with multi-modal MRI sequences and segmentation masks.

extent to which the pre-trained model is relevant
to the medical imaging domain. Sharma et al. [21]
suggest a new privacy-preserving federated learning
framework built for cross-silo collaboration to enhance
glioma detection using distributed datasets on brain
tumors. The main concerns on the complex and
time-consuming privacy-preserving safeguards, the
impact of non-IID data from different clinical silos,
variability in data annotation, and the dependency
on annotated data so the model can be reliable are
discussed in detail. Table 1 summarizes recent studies
related to federated learning, blockchain integration,
transfer learning, and deep learning-based approaches
for brain tumour segmentation and medical imaging
applications.

Manthe et al. [14] conducted an extensive federated
benchmark evaluation for brain tumor segmentation
across multiple institutions, demonstrating the
generalization potential of federated models but
noting the absence of novel algorithmic contributions
and the need for real clinical validation. Recent
studies have demonstrated the potential of Federated
Learning, blockchain integration, and explainable
AI for privacy-preserving medical image analysis.

However, most existing approaches focus primarily on
isolated aspects such as decentralized training, secure
coordination, or segmentation accuracy, while limited
attention has been given to the unified integration
of privacy preservation, security verification,
and interpretability within a single collaborative
framework. Several prior studies also reported
challenges associated with non-IID data distributions,
communication overhead, lack of transparent
model auditing, limited explainability evaluation,
and reduced segmentation consistency across
distributed institutions. In contrast, the proposed
framework integrates a 3D U-Net-based federated
segmentation architecture with blockchain-assisted
model verification and Grad-CAM/LIME-based
interpretability mechanisms within a decentralized
healthcare environment. The blockchain-inspired
audit layer provides traceable logging and verification
of model update records generated during federated
training. Furthermore, the proposed framework
demonstrates stable federated convergence and
consistent segmentation performance using
distributed BraTS 2020 MRI datasets without
requiring centralized patient data sharing. This
integrated design addresses limitations of prior
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studies by jointly supporting secure collaboration,
decentralized learning, and interpretable brain tumor
segmentation within a unified framework.

3 Materials and methods
3.1 Dataset collection
The dataset used for this research is BraTS 2020
(Brain Tumor Segmentation), which is a widely used
benchmark dataset for brain tumor segmentation that
contains multi-modal MRI scans [24]. This dataset
comprises T1-weighted (T1), contrast-enhanced T1
(T1ce), T2-weighted (T2), and Fluid-Attenuated
Inversion Recovery (FLAIR) MRI sequences. Each
MRI volume of this dataset is annotated by clinicians.
For each annotated volume, they provide voxel-level
ground truth masks for the sub-regions of the tumor:
enhancing tumor (ET), tumor core (TC), and whole
tumor (WT) depicting high precision. This dataset
is particularly useful for deep learning segmentation
algorithms since eachMRI provides volumetric data of
240×240×155 voxels, which is of sufficient quality for
deep learning-based segmentation. In this study, the
central 40 axial slices were extracted from each volume
during preprocessing, resulting in an effective input
dimension of 240×240×40 per MRI scan.
In order to simulate a federated learning setting
that involves multiple institutions, the BraTS 2020
dataset is split and distributed to multiple client
nodes, each acting as an independent hospital or
medical center. Each client node is allocated a subset
of patient MRI scans which is non-overlapping, to
make certain that institutions are not trading any
raw data. This data follows a non-independently
and identically distributed (non-IID) configuration to
portray real-world heterogeneity, such as the diversity
in scanner types used by hospitals, imaging protocols
and patient population.
Each subset of the dataset was constructed to ensure
balance and diversity: 70% of the data was used
for training, while the remaining 30% was divided
evenly for validation and testing. This configuration
enables the global model to learn from various
training samples while keeping independent datasets
for performance assessments. In the non-IID setup,
model training under the federated architecture must
generalize to disparate domains of data for effective
cross-learning.
Figure 2 illustrates representative samples from
the training dataset used in this study. Each
sample contains four MRI modalities, namely FLAIR,

T1, T1CE, and T2, together with the associated
segmentation mask. The figure demonstrates the
complementary information provided by multi-modal
MRI imaging and the diversity of tumor appearances
within the dataset.

3.2 Dataset pre-processing
AllMRI scans undergo the same preprocessing steps of
intensity normalization, skull stripping, and resizing
to a specified voxel space prior to distribution. This
ensures clients receive uniform input. In keeping with
the federated learning paradigm, preprocessing steps
were performed by each institution independently, and
the data was kept local.

3.2.1 Image Normalization and Augmentation
The inconsistency in brightness and contrast of MRI
images can be attributed to the use of different
scanning machines and different acquisition settings.
Each MRI volume undergoes normalization to reduce
this variation. Intensity normalization techniques are
also performed to rescale each of the voxel intensity in
the volume to within some range, e.g., [0, 1]. With
normalization, the training of the scanner can be
done without any bias relative to the distribution of
intensity [25].

Figure 3. Representative samples from the BraTS20 dataset
before and after normalization.

Figure 3 presents an example FLAIR MRI slice from
the BraTS20 dataset in its original form and after
z-score normalization. The normalization process
standardizes image intensity values, improving
consistency across MRI scans and facilitating stable
deep learning model training.
Considering that MRI data consists of
three-dimensional volumetric images, analyzing
all slices can become costly in terms of computation.
In this study, the approach is further refined to the
central forty slices from each MRI volume, as these
slices have the most pertinent information related to
the tumor. To ensure equal input size across all clients,
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all MRI slices are resized to a fixed dimension, for
example, 128 × 128 pixels. To improve generalization
and reduce overfitting, each client employs local data
augmentation techniques, such as random rotations,
horizontal and vertical flips, and minor changes to the
intensity [26].

Figure 4. Distribution of patients across training, validation,
and testing datasets.

To partition the data into training, validation, and
testing subsets, 258 patient scans were allocated for
training, 55 for validation, and 56 for testing, ensuring
a distribution that meets the requirements of the
federated learning evaluation protocol. Figure 4
illustrates the allocation of patient samples into the
training, validation, and testing subsets. A total of
258 patients (69.9%) were assigned to the training set,
while 55 patients (14.9%) and 56 patients (15.2%)were
allocated to the validation and testing sets, respectively.

3.3 Experimental Configuration
The proposed federated brain tumor segmentation
framework was implemented using the PyTorch deep
learning librarywithMONAImedical imaging utilities
for volumetric MRI preprocessing and segmentation
model development. All experiments were conducted
on a workstation equipped with an NVIDIA RTX
4090 GPU with 24 GB memory, 64 GB RAM, and an
Intel Core i9 processor running Ubuntu Linux. The
decentralized federated learning environment was
simulated using four participating client nodes, where
each client represented an independent healthcare
institution with locally stored BraTS 2020MRI datasets.
Non-IID data distributionwasmaintained across client
nodes to emulate realistic inter-institutional variability
in imaging characteristics and patient populations.

The proposed segmentation framework employed a
3D U-Net architecture [27, 28] trained using the Adam
optimizer with an initial learning rate of 0.0001. A
batch size of 2was used during local client training due
to the computational requirements of volumetric MRI
segmentation. The Dice Loss combined with Cross
Entropy Loss was utilized as the optimization objective
to improve segmentation overlap performance across
tumor subregions [29].
To analyze convergence behavior, training metrics
were periodically recorded at intermediate monitoring
checkpoints throughout the optimization process.
These checkpoints were used solely for performance
monitoring and did not alter the federated aggregation
procedure.
Model evaluation was conducted after each
aggregation cycle using validation Dice score,
Intersection over Union (IoU), voxel accuracy, and
Hausdorff Distance metrics [30]. For auditability and
coordination, a blockchain-inspired permissioned
ledger mechanism was implemented to record
encrypted model update hashes, aggregation
metadata, and client participation logs during each
federated communication round. The ledger was
simulated within the experimental environment.
However, it was not deployed as a fully decentralized
blockchain network with consensus mechanisms. Its
primary purpose was to evaluate traceability and
audit logging of model aggregation events within the
federated learning workflow.

3.4 Secure Federated Coordination with a
Blockchain-Inspired Audit Layer

Following preprocessing, decentralized training
commences through the deployment of a
Federated Learning system augmented with a
blockchain-inspired audit mechanism for the secure
orchestration of model upgrades and validation [5, 7].
A federated learning system consists of three primary
modules, namely, local training, secure model updates,
and global aggregation.

3.4.1 Federated Learning workflow
Each collaborating client in the suggested framework
stands in for a separate hospital or healthcare facility.
Each client uses the chosen 3D U-Net framework to
train models locally and keeps their own local dataset
of brain MRI scans. Iterative training rounds make
up the federated learning process. All participating
clients receive the current global model from the
central server at the start of each round. Only the
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Figure 5. Conceptual architecture of the blockchain-inspired federated learning framework for collaborative brain tumor
segmentation.

Figure 6. Detailed operational workflow of federated model training, aggregation, and audit logging during
communication rounds.

changed gradients or model parameters are sent
back to the server upon completion. The Federated
Averaging (FedAvg) algorithm [31] was employed as
the aggregation strategy. During each communication
round, participating clients independently trained the
current global model using their local MRI datasets.
Upon completion of local training, the updated model

parameters were transmitted to the aggregation server.
The server then generated a new global model by
computing a weighted average of the client updates,
where the contribution of each client was proportional
to the size of its local training dataset.

The federated learning pipeline incorporates a
blockchain layer to improve security and efficiency.

176



ICCK Journal of Image Analysis and Processing

A blockchain-inspired audit ledger is used to record
cryptographic hashes of model updates, participation
records, and aggregation metadata [7]. Figure 5
illustrates the high-level conceptual architecture of
the proposed framework, highlighting the interaction
among participating hospitals, the federated
aggregation server, and the blockchain-inspired audit
layer.
Figure 6 illustrates the detailed operational workflow
executed during federated training, including local
model updates, global aggregation, communication
rounds, and audit record generation. Each
participating hospital locally trains a 3D U-Net
segmentation model using private MRI datasets and
shares only encrypted model updates with the central
aggregation server. Federated Averaging (FedAvg)
is used to generate the updated global model, while
a blockchain-inspired permissioned ledger records
aggregation metadata and update hashes to support
traceability and auditability across institutions. Here,
w1 denotes the trained model weights from Hospital 1,
w2 denotes the trained model weights from Hospital
2, and wn denotes the trained model weights from
Hospital N .
In the blockchain section of Figure 6, t represents the
communication round or training iteration number in
the federated learning process. Block t corresponds
to the blockchain record generated during the
current federated learning round. Block t + 1
represents the next training and aggregation round.
Block t + n denotes later communication rounds
as training continues. The notation shows that
blockchain entries are created sequentially after every
federated aggregation cycle, enabling traceability and
auditability throughout training.
Each client (hospital) performs local training on
private MRI data using a 3D U-Net model and shares
only encryptedmodel updates. The aggregation server
applies Federated Averaging (FedAvg) to construct
a global model, while a blockchain ledger ensures
immutable logging, verification, and auditability of
each training round.

3.4.2 Secure Federated Training and Aggregation
Every hospital trains a 3D U-Net model locally on its
own pre-processed MRI scans. For the local training,
hospitals do not communicate the rawMRI data. Only
the learnedmodel parameters or gradients are sent to a
central coordinator. Every local model independently
learns tumor characteristics to augment the collective
learning.

After completing local training, hospitals send
encrypted updates of themodel instead of the rawdata.
The aggregation process followed the standard FedAvg
protocol. Model updates received from participating
clients were combined according to the relative size of
each client’s local dataset, allowing institutions with
larger training datasets to contribute proportionally
more to the global model update. This procedure
was repeated across successive communication rounds
until completion of federated training.

The global model was updated using the Federated
Averaging (FedAvg) aggregation rule, in which
local model updates from participating clients were
combined according to the relative size of their training
datasets. The updated global model was computed
using the standard Federated Averaging (FedAvg)
formulation shown in Equation (1).

w(t+1) =
K∑
k=1

nk

N
w

(t+1)
k (1)

where w(t+1) denotes the updated global model
parameters after aggregation round t, w

(t+1)
k

represents the local model parameters submitted by
client k, nk is the number of training samples available
at client k, N is the total number of training samples
across all participating clients, and K is the total
number of participating clients.

These model updates are recorded and monitored
through a blockchain-inspired permissioned ledger
that stores aggregation metadata, update hashes,
timestamps, and participation records. The ledger
supports traceability and auditability of federated
training events while maintaining a lightweight
implementation suitable for the experimental
environment. The audit logging mechanism provides
a verifiable record of model aggregation activities and
client participation throughout federated training.
All verified updates are synergized to produce an
enhanced global model. Redistributing the globally
aggregated model securely allows each client to
receive the model. Each hospital updates the global
model and engages in further local training on its
own data. This new global knowledge is incorporated
into the local updates, resulting in the generation of
a generalized global segmentation model capable
of learning from diverse institutional datasets. This
process does not compromise the privacy of any
participating institution’s local data.
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3.4.3 Blockchain-Inspired Coordination and Audit
Mechanism

To improve auditability and traceability during
decentralized training, the proposed framework
incorporates a blockchain-inspired permissioned
ledger mechanism within the federated learning
environment. Rather than implementing a fully
decentralized blockchain network, the ledger
records cryptographic hashes of model updates,
aggregation metadata, encrypted checkpoints, and
client participation logs generated during each
communication round.

During federated training, participating clients locally
train the 3D U-Net model and transmit encrypted
parameter updates to the aggregation server.
Corresponding hash values are recorded within
the blockchain ledger before global aggregation.
Each block stores update hashes, timestamps,
participating client identifiers, aggregation metadata,
and the previous block hash to maintain traceability
across communication rounds. The permissioned
ledger allows authorized participants to verify
aggregation records and model update histories,
thereby supporting transparency and traceability
during collaborative learning. Lightweight validation
mechanisms were used to verify update integrity
while minimizing computational overhead.

The blockchain-inspired ledger improves auditability
by maintaining traceable records of aggregation events
and encrypted model update hashes. Although
the framework does not implement decentralized
consensus or Byzantine fault tolerant validation, the
ledger provides a structured mechanism for recording
model lineage and aggregation history throughout
federated training.

3.5 Explainable Artificial Intelligence Integration
To improve understanding, trustworthiness, and
trust within the clinic, the proposed structure pairs
Explainable Artificial Intelligence (XAI) with the
deployed global federatedmodel. Such interpretability
mechanisms automate model prediction while human
prediction closes the loop and boosts trust in
the AI-diagnosis in the clinic. Having included
XAI in the federated structure, it provides insight
into the decision-making process of the model by
predicting what, why, and how. These features
help clinicians comprehend, interpret, and validate
model attention areas fostering effective collaborations
between humans and AI.

Figure 7 demonstrates the explainability mechanism
integrated within the proposed segmentation
framework. Multi-modal MRI scans are processed
using the 3D U-Net model to generate tumor
segmentation maps, which are subsequently
interpreted using Grad-CAM heatmaps.

3.6 Model Evaluation and Validation
In the last stage of the methodology, the trained global
segmentation model goes through rigorous evaluation
on an independent test set. To assess the model’s
performance, we consider the accuracy, precision,
recall, F1 score and the domain-specific performance
metrics such as Dice Similarity Coefficient (DSC) and
Hausdorff Distance (HD). DSC indicates the degree
of overlap between the predicted segmentation of the
tumor and the segmentation ground truth provided
by an expert. The higher the Dice score, the better
the segmentation accuracy. While HD measures the
degree of spatial similarity between the predicted and
ground truth tumor regions and their boundaries. The
lower the HD, the better the boundary delineation.

Table 2. Primary quantitative performance metrics used for
evaluation of the proposed federated brain tumor

segmentation framework.
Performance
Measure

Description

Dice Score (DSC) Overlap between prediction
and ground truth.

IoU Intersection over union of
masks.

HD95 Boundary distance accuracy.
Precision Correct tumor predictions.
Recall Detected true tumor regions.
F1 Score Balance of precision and

recall.
Accuracy Correctly classified voxels.

Table 2 summarizes the primary quantitative
performance metrics used to evaluate the proposed
federated brain tumor segmentation framework.
These metrics assess segmentation overlap accuracy,
boundary agreement, classification performance, and
overall prediction reliability across multi modal MRI
datasets.
The global model’s performance is compared with
non-federated baselines to show the effectiveness of
the federated and blockchain-integrated configuration.
The integration of Federated Learning, Blockchain,
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Figure 7. Explainable brain tumor segmentation using the proposed 3D U-Net and Grad-CAM visualization framework.

and Explainable AI enables hospitals to work together
without the sharing of data, and clinicians gain the
trust of the model because they can comprehend its
rationale.
Figure 8 presents the overall architecture of the
proposed framework for privacy-preserving
and interpretable brain tumor segmentation.
Multi-institutional MRI datasets are locally
pre-processed and used to train 3D U-Net models
at individual hospitals without sharing raw patient
data. Encrypted model updates are securely
aggregated using Federated Averaging (FedAvg)
and recorded through a permissioned blockchain
to ensure transparency and secure collaboration.
The aggregated global model generates tumor
segmentation outputs, while Grad-CAM-based
explainability provides interpretable visualizations
to support clinical decision-making and trustworthy
AI-assisted diagnosis.

4 Results and Discussion
4.1 Segmentation Performance Evaluation
The proposed federated framework demonstrated
consistent segmentation performance across
the training rounds and evaluation stages.
Multi-institutional MRI datasets were processed
through the decentralized 3D U-Net architecture,
while aggregation traceability was maintained
through the blockchain-inspired audit coordination
mechanism. The obtained results indicate stable
convergence behavior with progressively improved
segmentation quality during training.
Table 3 presents the overall voxel-wise classification

Table 3. Overall voxel-wise classification performance of the
proposed federated segmentation framework.

Metric Value
Overall Voxel Accuracy 0.985
Macro Average Precision 0.749
Macro Average Recall 0.599
Macro Average F1 Score 0.648
Weighted Average Precision 0.983
Weighted Average Recall 0.985
Weighted Average F1 Score 0.983

performance of the proposed framework. The
model achieved an overall voxel accuracy of 0.985,
indicating strong agreement between predicted and
reference segmentation labels. Weighted average
precision, recall, and F1 score values exceeded
0.98, demonstrating stable segmentation performance
across the evaluated MRI volumes. Comparatively
lower macro average scores were observed due to class
imbalance and the increased complexity associated
with smaller tumor subregions such as necrosis.

The convergence trend further supports the stability
of the proposed federated learning configuration.
Training progression remained smooth with no
abrupt fluctuations in loss or segmentation metrics,
suggesting that the decentralized aggregation strategy
successfully maintained model synchronization
among participating clients.
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Figure 8. End-to-end framework of the proposed decentralized, blockchain-inspired, and explainable brain tumor
segmentation system.

4.2 Epoch-wise Training Analysis
The quantitative training results recorded at successive
monitoring checkpoints during federated optimization
are presented in Table 4. A gradual reduction in both
training loss and validation loss was observed as the
epochs progressed. Training loss decreased from 0.150
at Checkpoint 1.0 to 0.065 at Checkpoint 5.0, while
validation loss decreased from 0.165 to 0.092 during
the same interval. These findings indicate that the
optimization process converged steadily throughout
training.
The Dice coefficient demonstrated substantial and
consistent improvement throughout training. Initially
recorded at 0.752, the Dice score progressively
increased to 0.830 at Checkpoint 5.0. This steady
upward trend indicates significantly improved
overlap between predicted tumor regions and expert
annotations, confirming that the segmentation model
successfully refined tumor boundary localization
capabilities throughout the federated learning process.

Table 4 summarizes the progression of training
accuracy, training loss, validation loss, and Dice
coefficient across successive monitoring checkpoints
during federated segmentation training.
To monitor convergence behavior in greater detail,
performance metrics were recorded at intermediate
checkpoints during training rather than only after
the completion of full training epochs. The values
reported at 1.5, 2.5, 3.5, and 4.5 represent these

Table 4. Checkpoint-wise training and validation
performance of the proposed federated segmentation

framework.

Checkpoint Accuracy Train Loss
Validation

Loss
Dice

Coefficient
1.0 0.9950 0.150 0.165 0.752
1.5 0.9925 0.125 0.142 0.768
2.0 0.9900 0.105 0.128 0.781
2.5 0.9875 0.092 0.115 0.793
3.0 0.9850 0.085 0.108 0.802
3.5 0.9825 0.078 0.102 0.812
4.0 0.9800 0.072 0.098 0.819
4.5 0.9775 0.068 0.095 0.825
5.0 0.9750 0.065 0.092 0.830

intermediate monitoring checkpoints used to track
optimization progress between consecutive training
stages, providing a finer-grained view of model
evolution.

The observed discrepancy between voxel accuracy and
Dice coefficient is a well-recognized characteristic of
medical image segmentation tasks involving severe
class imbalance. In the BraTS dataset, background
voxels represent the overwhelming majority of the
image volume, whereas tumor subregions occupy
relatively small spatial areas. During early training
stages, the high global voxel accuracy is largely
a reflection of the model’s ability to classify the
dominant background class. As training progresses,
the model increasingly shifts its optimization focus
toward delineating complex, smaller tumor structures

180



ICCK Journal of Image Analysis and Processing

Figure 9. Training and validation performance curves across monitoring checkpoints for the proposed federated brain
tumor segmentation framework.

and refining boundary regions. This strategic shift
inherently leads to a modest reduction in overall voxel
accuracy (from 0.9950 to 0.9750) while simultaneously
driving a substantial improvement in clinically
relevant segmentation metrics. Consequently, the
significant rise in the Dice coefficient from 0.752 to
0.830 serves as a far more informative and trustworthy
indicator of true model performance than the global
accuracy.

The graphical performance trends further support
these quantitative observations. Loss curves
demonstrated stable convergence behavior with
progressively decreasing validation loss values.
Similarly, Dice and IoU curves displayed continuous
upward progression without major oscillations,
indicating that the federated training process remained
stable throughout successive communication rounds.

Figure 9 illustrates the progression of training and
validation metrics across successive monitoring
checkpoints during federated training. Training
and validation losses decreased steadily, while Dice
coefficient and IoU values improved progressively
during training. Although overall voxel accuracy
exhibited a slight decline, segmentation overlap
performance continued to improve, indicating
enhanced tumor region delineation. The smooth
convergence behavior confirms stable optimization
and effective learning throughout the federated
segmentation process.

4.3 Segmentation Quality Assessment
Visual segmentation analysis demonstrated close
agreement between the predicted tumor masks and
the manually annotated ground truth regions. The
segmented outputs preserved the overall tumor
structure and spatial localization across the evaluated
MRI slices. In several cases, the predicted tumor
regions closely matched the annotated enhancing
tumor boundaries, indicating that the model
successfully learned clinically relevant spatial features
from the distributed datasets.
The qualitative evaluation also showed that the
proposed framework maintained segmentation
continuity while suppressing most background noise
regions. Minor discrepancies were observed around
smaller tumor boundaries and low contrast regions,
particularly within necrotic tissue areas. However, the
major tumor structures remained accurately localized
in most evaluated slices.
The prediction results further demonstrated that
the federated learning strategy did not substantially
compromise segmentation performance despite
decentralized data distribution. The generated
segmentation masks remained visually consistent
with the reference annotations while preserving data
privacy across participating institutions.
Table 5 summarizes the inference configuration and
segmentation output information for a representative
MRI sample evaluated using the proposed framework.
The model processed a four channel volumetric
MRI input with dimensions of 240 × 240 × 40 and

181



ICCK Journal of Image Analysis and Processing

Figure 10. Qualitative comparison of MRI input slices, predicted tumor segmentation masks, and ground truth
annotations generated by the proposed framework.

Table 5. Inference and prediction details for a
representative brain tumor segmentation sample.

Parameter Value
Patient ID BraTS20_Training_041
Loaded Checkpoint global_model_best.pth
Input Volume Shape (1, 4, 240, 240, 40)
Ground Truth Availability TRUE
Predicted Volume Shape (240, 240, 40)
Saved Prediction Format NIfTI (.nii.gz)
Slice Range Evaluated (60, 100)
Sub-volume Voxel Accuracy 0.9922

generated the corresponding segmentation output
volume successfully. The obtained sub volume
voxel accuracy of 0.9922 indicates strong voxel wise
agreement between the predicted segmentation and
the annotated ground truth regions.
Figure 10 presents representative segmentation
outputs produced by the proposed federated learning
framework. The predicted tumor regions show
strong visual correspondence with the manually
annotated ground truth masks, indicating accurate
localization and delineation of tumor structures across
the evaluated MRI slices.

4.4 Classification and Segmentation Metrics
Table 6 presents the class-wise precision, recall,
F1 score, and support values obtained during
segmentation evaluation.
The classification report demonstrated high voxel-level
prediction performance for the background class, with
precision, recall, and F1 score values exceeding 0.99.
Segmentation performance for tumor-related classes

Table 6. Class-wise voxel-level classification performance of
the proposed segmentation framework.

Class Precision Recall F1-Score Support
Background 0.9914 0.9985 0.995 125,597,453
Necrosis 0.5773 0.2051 0.3026 919,940
Edema 0.6598 0.6095 0.6337 1,792,243
Active Tumor 0.7662 0.5822 0.6616 714,364

showed comparatively lower values; particularly, for
necrosis regions, where the Dice coefficient reached
0.3026. This behavior may be associated with
class imbalance and the relatively smaller spatial
representation of necrotic tumor regions within the
MRI volumes.
Edema and active tumor classes achievedDice scores of
0.6337 and 0.6616, respectively. These findings indicate
comparatively stronger segmentation capability for
larger and visually distinguishable tumor structures.
IoU values followed similar trends, with active tumor
segmentation achieving an IoU value of 0.4943.
Table 7 summarizes the segmentation performance
of individual tumor classes using Dice coefficient,
IoU, HD95, precision, recall, and F1 score metrics.
The segmentation performance varied across tumor
subregions. Background segmentation achieved the
highest Dice and IoU values, while edema and active
tumor classes demonstrated comparatively stronger
localization capability than necrosis regions. HD95
analysis further indicated acceptable spatial boundary
agreement across most evaluated tumor structures.
Hausdorff Distance analysis demonstrated
comparatively lower boundary deviation for active
tumor segmentation compared with edema regions.
TheHD95 values suggest that the proposed framework
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Table 7. Class-wise segmentation performance metrics of the proposed federated learning framework.
Class Dice IoU Accuracy HD95 Precision Recall F1
Background 0.995 0.99 0.9902 N/A 0.9914 0.9985 0.995
Necrosis 0.3026 0.1783 0.9933 14.542 0.5773 0.2051 0.3026
Edema 0.6337 0.4638 0.9902 18.704 0.6598 0.6095 0.6337
Active Tumor 0.6616 0.4943 0.9967 13.765 0.7662 0.5822 0.6616

preserved acceptable spatial boundary agreement
across the evaluated tumor subregions. HD95 is
reported only for tumor classes (necrosis, edema,
and active tumor), as boundary distance metrics are
not applicable to the background class. Figure 11
illustrates the class-wise segmentation performance
of the proposed framework using Dice score, IoU,
accuracy, HD95, precision, recall, and F1 score metrics.
Background segmentation achieved the strongest
performance across all evaluation metrics, while
edema and active tumor regions demonstrated
comparatively balanced segmentation capability.
Lower Dice and recall values observed for necrosis
regions indicate increased segmentation difficulty
associated with smaller and heterogeneous tumor
structures.

Figure 11. Per class segmentation performance analysis of
the proposed federated learning framework.

4.5 Federated Learning Stability Analysis
The round wise federated learning analysis
demonstrated stable collaborative learning behavior
across all participating client nodes. Training loss
continuously decreased during communication
rounds, while validation Dice scores improved
gradually with each aggregation cycle. This trend
indicates that the Federated Averaging mechanism
effectively consolidated distributed knowledge from
multiple hospitals without destabilizing the global
segmentation model.
The learning rate remained constant during training,

which contributed to smooth optimization progression
and prevented abrupt convergence instability.
Similarly, validation accuracy values remained
comparatively stable throughout the federated rounds,
indicating that the decentralized training strategy
maintained generalization capability despite non-IID
data distributions among clients.

Figure 12 illustrates the batch-wise testing
performance of the proposed segmentation framework
using loss, Dice score, accuracy, and IoU metrics.
Although minor fluctuations were observed across
batches, the overall testing accuracy remained
consistently high, while Dice and IoU values
demonstrated acceptable segmentation consistency
throughout evaluation. The aggregated global model
also demonstrated consistent learning progression
during successive rounds of encrypted model sharing
and blockchain-recorded coordination. These findings
suggest that the audit logging mechanism introduced
negligible impact on segmentation convergence and
overall training behavior.

The figure presents the federated learning performance
trends across communication rounds. Training loss
decreased progressively, while Dice and validation
accuracy values improved steadily throughout the
aggregation cycles. The stable metric progression
demonstrates consistent collaborative learning and
effective global model synchronization among
distributed client nodes.

Table 8 presents the overall testing behavior of the
proposed framework across batch-level evaluations.
Test accuracy remained consistently high throughout
most batches, indicating stable classification capability
and preserved model generalization. Although
fluctuations were observed in Dice score, IoU,
and test loss values, the overall trends suggest
acceptable segmentation consistency across varying
tumor structures and imaging conditions. The
observed oscillations may be associated with class
imbalance and differences in tumor complexity among
evaluated MRI samples.
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Figure 12. Batch-wise testing performance analysis of the proposed federated brain tumor segmentation framework.

Figure 13. Round-wise federated learning performance analysis of the proposed segmentation framework.
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Table 8. Summary of batch-wise testing performance metrics of the proposed segmentation framework.

Metric Approx.
Range

Mean /
Stable Value Trend / Observation Interpretation

Test Loss 0.1 – 0.6 ~0.25 Highly fluctuating but stays below
0.3 most of the time

Indicates good optimization;
fluctuations suggest sensitivity to
batch variation

Test Dice Score 0.3 – 0.85 ~0.7 Alternates frequently with moderate
oscillations

Shows effective segmentation
capability though stability could
improve

Test Accuracy 0.97 – 0.99 ~0.985 Generally stable, minor dips around
batches 30 and 55

Reflects excellent classification
performance and generalization

Test IoU 0.1 – 0.7 ~0.45 Fluctuates between batches, peaks
around 0.7

Demonstrates moderate but reliable
segmentation precision

Figure 14. Grad CAM-based visualization of tumor attention regions generated by the proposed federated segmentation
framework.

Figure 13 illustrates the round wise federated
learning performance of the proposed brain
tumour segmentation framework using training
loss, validation loss, Dice coefficient, accuracy, and
learning rate metrics. Training and validation losses
decreased progressively across communication
rounds, while Dice scores and accuracy values
demonstrated steady improvement throughout
training. The stable convergence behavior and
consistent metric progression indicate effective global
model aggregation and collaborative learning among
distributed client nodes.

4.6 Explainable Artificial Intelligence for Model
Interpretability

Explainable Artificial Intelligence techniques
were incorporated into the proposed federated
segmentation framework to improve interpretability

and clinical transparency during brain tumor
analysis. Gradient weighted Class Activation
Mapping (Grad-CAM) [10] and Local Interpretable
Model-agnostic Explanations (LIME) [32] were
utilized to visualize the image regions contributing
to segmentation predictions across multi-modal MRI
scans.

Grad CAM analysis demonstrated that the
segmentation model primarily focused on
tumor-associated regions within the MRI slices.
The generated activation maps showed close
correspondence between highlighted regions and the
predicted tumor areas. This observation suggests that
the model learned relevant spatial and anatomical
information during segmentation training. The
activation patterns were mainly concentrated around
hyperintense tumor regions visible in the FLAIR
modality.
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Figure 15. LIME-based local interpretability analysis of tumor-related regions in multi-modal MRI slices using the
proposed framework.

Figure 14 presents representative Grad CAM
visualization results generated using the proposed
framework. The highlighted activation regions
indicate the MRI areas that contributed most strongly
to tumor segmentation predictions.
LIME-based analysis was further conducted to
provide localized interpretability for individual
segmentation predictions. The generated explanations
identified influential superpixel regions associated
with tumor classification and segmentation outcomes.
These visualizations demonstrated that the framework
preserved interpretable decision patterns while
operating within a decentralized federated learning
environment.
Figure 15 illustrates representative LIME based
interpretability analysis obtained from multi modal
MRI slices. The highlighted regions represent localized
image areas that contributed significantly to tumor
prediction and segmentation decisions.
The experimental findings indicate that the proposed
framework successfully combined federated
learning, blockchain-assisted coordination, and
explainable medical image segmentation within

a decentralized environment. Stable convergence
patterns, progressively improving Dice scores, and
visually consistent segmentation outputs were
achieved throughout training and evaluation. The
framework maintained high overall accuracy while
preserving collaborative learning across distributed
datasets. In addition, segmentation outputs remained
aligned with manually annotated tumor regions,
supporting the applicability of the proposed approach
for privacy-preserving brain tumor segmentation
tasks in multi-institutional healthcare environments.

5 Limitations
The proposed federated framework may also be
affected by challenges associated with non-IID data
distributions, communication overhead, and client
heterogeneity. Variations in computational resources
and imaging distributions across participating
client nodes can influence training consistency
and aggregation efficiency. In addition, repeated
communication of encrypted model updates may
increase latency and computational cost during
large-scale federated deployment.
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A further limitation is that the blockchain component
was implemented as a simulated permissioned
ledger rather than a fully decentralized blockchain
network. Consequently, properties such as distributed
consensus, Byzantine fault tolerance, and blockchain
scalability were not experimentally evaluated.
Future work should investigate deployment using
real permissioned blockchain platforms such as
Hyperledger Fabric to assess security, latency, storage
overhead, and operational scalability under realistic
healthcare environments.
Although the proposed framework demonstrated
promising segmentation performance, several
limitations remain. First, the experiments were
conducted using the BraTS 2020 dataset within a
simulated federated learning environment rather
than a real multi-institutional clinical deployment.
Consequently, variations associated with real hospital
infrastructure, network instability, and institutional
workflow integration were not fully evaluated.
Additionally, the presence of non-IID data
distributions across client nodes may still affect global
model consistency and segmentation performance,
particularly for smaller tumor subregions such
as necrosis. In addition, the integration of
blockchain-based coordination introduced additional
computational and communication overhead that
may limit scalability in resource-constrained clinical
environments.
Furthermore, the explainability analysis using Grad
CAMandLIMEwas qualitatively assessed andwas not
validated through formal clinician-centered evaluation
studies. The framework was also evaluated primarily
on brain tumor segmentation tasks, which may
limit direct generalization to other medical imaging
applications and disease categories.
Future research may focus on large-scale real-world
federated deployment, lightweight communication
strategies, improved handling of heterogeneous client
distributions, and clinically validated explainability
assessment frameworks.

6 Conclusion
This study presents a federated learning-based
framework for privacy-preserving brain tumor
segmentation using multimodal MRI data. The
proposed framework integrated decentralized
learning, blockchain-assisted coordination, and
explainable artificial intelligence techniques to
support secure and interpretable medical image

analysis across distributed institutional environments.
Experimental evaluation demonstrated stable
segmentation performance with an overall voxel
accuracy of 98.5%. The framework achieved effective
segmentation performance across tumor subregions
while preserving patient data privacy through
distributed model training. In addition, the Grad
CAM and LIME-based interpretability analysis
provided visual explanations of tumor-related
regions contributing to segmentation predictions,
supporting transparency during model evaluation.
The findings indicate that federated learning can
support collaborative medical image analysis without
direct sharing of sensitive clinical data. Although
challenges associated with non-IID data distributions,
computational overhead, and real-world deployment
remain, the proposed framework demonstrated
consistent learning behavior and stable segmentation
performance throughout training and evaluation.
This work contributes toward the development of
privacy-preserving and interpretable AI systems
for brain tumor segmentation within decentralized
healthcare environments. Future research may
focus on large-scale clinical validation, lightweight
federated optimization strategies, and improved
handling of heterogeneous medical imaging data
across institutions.
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