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Abstract — Recent machine learning and medical imaging
progress has enhanced brain tumor diagnosis accuracy. This
research focuses on federated learning, a decentralized
method that allows the integration of Magnetic Resonance
Imaging (MRI), Computed Tomography (CT), and Positron
Emission Tomography (PET) scans across institutions while
protecting patient privacy. By merging these imaging
techniques, healthcare providers achieve a more
comprehensive view of brain tumors, leading to improved
diagnosis and treatment planning. Through comprehensive
research, this paper highlights federated learning's potential
to overcome technical challenges, such as algorithm
development and multi-modal imaging integration, to bridge
the gap between advanced machine learning techniques and
practical applications in neuro-oncology. Ultimately, this
approach promises to improve diagnostic reliability, patient
outcomes, and healthcare efficiency.
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1. INTRODUCTION

The rapid evolution of machine learning (ML) and medical
imaging technologies has enabled new methods to improve
the accuracy and reliability of brain tumor diagnosis. Brain
tumors are often highly complex and heterogeneous,
requiring diagnostic tools capable of capturing such
intricate details in a clinically valid and precise manner.
Multi-modal imaging techniques, including Magnetic
Resonance Imaging (MRI), Computed Tomography (CT),
and Positron Emission Tomography (PET), have emerged
as powerful diagnostic tools for these pathologies. Each
modality offers unique insights into the structural,
functional, or metabolic characteristics of tumors,
providing a comprehensive view necessary for both
diagnosis and treatment planning.

This paper explores Federated Learning (FL) approaches
for privacy-preserving multi-modal image fusion and
highlights their potential integration into clinical
applications. Federated learning is a decentralized machine
learning framework that allows institutions to
collaboratively train models without centralizing data. This
approach addresses critical challenges such as patient data
privacy and regulatory compliance, safeguarding sensitive
medical information while enabling the advancement of
machine learning models. By reviewing recent research,
methodologies, and challenges, this paper demonstrates
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how federated learning can propel precision medicine in
brain tumor diagnosis.

II. BACKGROUND

Multi-Modal Imaging in Brain Tumor Diagnosis

Multi-modal imaging utilizes various techniques to
provide a comprehensive understanding of brain tumors.
Each modality offers specific advantages:

e  Magnetic Resonance Imaging (MRI): Renowned for
its ability to detect soft tissue abnormalities, MRI
provides high-resolution images of brain anatomy.
Using strong magnetic fields and radio waves, it
delivers detailed insights into the tumor's size,
location, and impact on surrounding brain tissues.

e Computed Tomography (CT): As an X-ray-based
imaging method, CT scans deliver detailed cross-
sectional views of the brain, excelling in visualizing

bones, blood vessels, and other structural
components. CT is particularly effective for
identifying  calcifications, = hemorrhages, or

abnormalities that may not appear on an MRI.

e  Positron Emission Tomography (PET): By detecting
radioactive tracers injected into the body, PET scans
assess tumor metabolic activity, growth rates, and
treatment responses. This modality provides critical
information that complements structural imaging
techniques like MRI and CT.

Through image fusion, which combines these modalities,
clinicians gain a comprehensive perspective on tumors,
improving diagnostic accuracy and aiding in treatment
planning. Image fusion integrates the strengths of each
modality, resulting in a detailed and informative tumor
representation.

Federated Learning

Federated learning is a collaborative ML technique that
enables institutions to train a shared model without
exchanging their data, making it particularly valuable in
healthcare, where patient data privacy is paramount. Key
features include:

e Privacy Preservation: Patient data remains within
each institution's servers, minimizing data breach
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risks and ensuring
regulations.

compliance with privacy

e Decentralized Training: Models are trained locally on
institution-specific datasets. Only model updates
(e.g., gradients or weights) are shared with a central
server for aggregation, rather than the raw data.

e  Scalability: Federated learning supports collaboration
across multiple institutions, leveraging diverse
datasets to train robust, generalized models. This
scalability enables institutions to benefit from shared
knowledge while maintaining data privacy.

By enabling collaborative model training without
compromising data security, federated learning has the
potential to overcome significant challenges in applying
ML to healthcare.

1I1. RELATED WORK

Federated learning has been gaining a lot of momentum in
healthcare and has a great potential to solve one of the
major challenges facing healthcare today: privacy. This
will enable the use of distributed data across different
institutions. Advanced ML techniques have greatly
improved the accuracy and efficiency of diagnosing brain
tumors. Multi-modal imaging, integrating information
from various imaging modalities like MRI, CT, and PET,
has been a hot topic in this domain. These imaging
modalities provide complementary information that
enhances the ability to detect and characterize brain
tumors.

Machine Learning in Brain Tumor Diagnosis

Traditional machine learning for the diagnosis of brain
tumors has relied on centralized data collection, where
large datasets are aggregated to train models. Due to their
ability to extract hierarchical features from imaging data,
Convolutional Neural Networks (CNNs) have been
particularly effective and achieved high accuracy in
detecting and classifying tumors. Deep-learning models
have been developed to differentiate between gliomas,
meningiomas, and pituitary tumors with significant
success [1]. However, this centralized approach has
several challenges. Among them is the need for big
labeled datasets, which are always a hard task to compile
since most data have privacy issues. Furthermore, medical
data can hardly be shared across institutions due to strict
privacy and security concerns, making resource pooling
problematic. These challenges have driven the exploration
of federated learning as a solution.

Federated Learning in Healthcare

Federated learning enables different institutions to jointly
train models without the need to share raw data. Thus,
privacy concerns can be met while benefiting from
diversity in the distributed datasets. Applications of FL in
healthcare include predictive modeling, image
segmentation, and personalized treatment
recommendations [2]. One study has shown how
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federated learning can be employed to train models for
detecting diabetic retinopathy over multiple healthcare
institutions with a performance comparable to that
achieved by centralized models [3].

Federated learning has also been explored in the specific
domain of brain tumor diagnosis to enable collaborative
model training across institutions while preserving patient
privacy. For example, federated learning was applied to
MRI data for the task of brain tumor segmentation and
achieved promising results [4].

Although federated learning has great potential in
healthcare, particularly in brain tumor diagnosis, several
gaps persist. Most of the studies so far rely on single-
modal data and do not consider multi-modal image fusion.
Moreover, how multi-modal data should be fused in the
setting of federated learning has not been well explored.
In centralized settings, multi-modal fusion has been
studied extensively. However, these methods have been
mostly explored within a non-federated learning
framework, and therefore, scaling them up in a federated
learning setting brings additional challenges in data
heterogeneity and update synchronization across
modalities.

The research, therefore, attempts to fill these gaps by
constructing a federated learning framework, tailored for
privacy-preserving multimodal image fusion in the
diagnosis of brain tumors. Such an approach leverages
complementary information contributed by different
imaging modalities while guaranteeing the security and
confidentiality of patient data.

IV. TECHNICAL ARCHITECTURE
Local Nodes

Each of these participating institutions acts as a local node
in the federated learning network. These nodes are
equipped with hardware capable of handling the
computational burden of ML training, such as GPU-
accelerated servers or high-performance workstations.
The software infrastructure at each node includes a
federated learning framework, such as TensorFlow
Federated [5] or PySyft [6], which facilitates local model
training.

For instance, the ML models employed at each node are
tailored to the specific imaging modalities available.
CNNs can be utilized for MRI data due to their proven
efficacy in image analysis, while PET scan images can use
autoencoders to capture underlying features. These
models are initially pre-trained on local datasets for
robustness before participating in the federated learning
process.

In multi-modal image fusion, every local node may
implement a data fusion layer that integrates insights from
multiple modalities. This can involve feature
concatenation or attention mechanisms to effectively



combine information from MRI, CT, and PET imaging

[7].
Central Server

The federated learning architecture relies heavily on a
central server. The primary responsibility of the central
server is to aggregate model updates from each local node
without accessing raw data. This is often achieved through
algorithms like Federated Averaging (FedAvg), which
aggregate model parameters from different nodes to create
a global model [8]. The central server ensures data privacy
by handling only model parameters, not patient data.

After aggregation, the wupdated global model is
redistributed to the local nodes for further training. This
iterative process usually requires multiple rounds of
communication between the central server and the local
nodes until convergence. The central server also monitors
the performance of the global model to ensure it meets
predefined accuracy and fairness criteria before
deployment.

Communication Protocols

Communication between local nodes and the central
server must be secure and efficient to maintain the
integrity of the federated learning process. Encryption
protocols like Secure Multiparty Computation (SMC) and
Homomorphic Encryption (HE) are commonly used to
protect the privacy of model updates during transmission
[9]. These protocols ensure that even if communication
channels are compromised, the data remains confidential.

In addition to encryption, differential privacy techniques
may be applied to model updates. Differential privacy
injects noise into updates before transmission, making it
impossible to infer specific data points from the
aggregated model [10].

To reduce communication overhead, federated
compression techniques can be employed. These
techniques compress model updates before transmission,
reducing the amount of data transferred between local
nodes and the central server. This is particularly important
in settings with limited communication bandwidth or a
large number of participating institutions.

Finally, the communication protocol must be fault-
tolerant, allowing for situations where a local node
becomes temporarily unavailable. This can involve
implementing checkpointing mechanisms or allowing
asynchronous updates, enabling local nodes to contribute
to the model training process at their own pace.
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Figure 1:Federated Learning Technical Architecture

V.METHODOLOGIES

Technical Implementation of Federated Learning

Federated learning is an emerging paradigm that enables
the collaborative training of machine learning models
while preserving the privacy and security of decentralized
data [11]. The technical implementation of federated
learning for multi-modal image fusion involves several
critical steps, each of which plays a crucial role in the
overall process.

The first step is data preprocessing, where imaging data
from different institutions is standardized and normalized
to ensure compatibility. This process may involve tasks
such as image resizing, intensity normalization, and the
alignment of images from various modalities (e.g., MRI,
CT, PET) [12].

Next, each participating institution engages in local model
training on its subset of data. During this stage, the
model’s parameters are optimized based on local data,
which may include a variety of imaging types. This
localized approach allows each institution to contribute to
the model without sharing raw data [13].

Following local training, the process moves to model
aggregation. Here, the local models periodically share
their updates, such as gradients or weights, with a central
server. The central server then aggregates these updates to
form a global model that encapsulates the collective
knowledge of all participating institutions [14].

Finally, the model improvement stage involves
disseminating the improved global model back to the local
institutions. This iterative process of training, aggregation,
and redistribution continues, with each round refining the
model's performance. This decentralized training process
not only ensures the security of patient data but also
enables the creation of robust, generalized models suitable
for multi-modal image fusion [15].



Integration of Multi-Modal Imaging Data

The integration of multi-modal imaging data is crucial for
enhancing the accuracy of brain tumor diagnosis. To
achieve this, sophisticated fusion techniques are
employed, which can be broadly categorized into feature-
level fusion and decision-level fusion:

o Feature-Level Fusion: This approach involves
extracting features from each imaging modality, such
as MRI, CT, or PET scans, and then combining these
features before feeding them into an ML model. By
leveraging the complementary information provided
by each modality, feature-level fusion results in a
more comprehensive and informative feature set,
thereby improving the model's ability to make
accurate diagnoses [4],[16].

e Decision-Level Fusion: In decision-level fusion,
separate models are trained for each imaging
modality. The outputs of these individual models are
then combined to make the final diagnostic decision.
This method allows each modality to contribute
unique strengths, leading to a more robust and
accurate diagnosis [20],[12].

Both fusion techniques offer distinct advantages, and the
choice between them depends on the specific
requirements of the diagnostic task at hand.

Performance Evaluation Metrics

Evaluating the performance of federated learning models
for multi-modal image fusion involves the use of several
key metrics, each offering insights into different aspects
of the model's effectiveness.

TABLE L PERFORMANCE EVALUATION METRICS
Metric Description Usage Reference
Measures the
proportion of Gives an overall
correctly identified assessment of
Accuracy cases among the how often the [16]
total cases. Provides | model makes
a general overview correct
of the model's predictions.
performance.
Crucial for
Measures the understanding
model's ability to how well the
Sensitivity | correctly identify model identifies [17]
positive cases true positives
(Recall). (e.g., tumor
presence).
Important for
Evaluates the assessing how
e model's ability to well the model
Specificity correctly identify identifies true (171
negative cases. negatives (e.g.,
tumor absence).
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Evaluates the Useful for
model's evaluating the
discriminative model's ability

AUC-ROC ability. 'Higher to differentiate [18]
values indicate between classes
better performance across various
in distinguishing threshold
between classes. settings.
Represents the
harmonic mean of Used when both
precision and recall. | precision and

F1 Score Useful for balancing | recall are [19]

the trade-off equally
between the two important.
metrics.

These metrics collectively provide a comprehensive
evaluation of a federated learning model's performance in
multi-modal image fusion, highlighting its strengths and
identifying areas where improvements can be made.

VI CHALLENGES
Data Heterogeneity

Data heterogeneity poses a significant challenge in
applying federated learning to medical imaging.
Variations in imaging protocols, scanner types, and patient
demographics create discrepancies in input data. For
instance, different MRI slice thicknesses or CT contrast
agents lead to data variability, affecting model robustness.
A model trained on one demographic may underperform
on another. Techniques like domain adaptation and
transfer learning are essential to enhance model
generalizability across diverse patient groups and clinical
environments [20].

Communication Overhead

Federated learning involves iterative sharing of model
updates between institutions and a central server, which
can cause significant communication overhead, especially
with large medical imaging datasets and complex models.
High-dimensional data like MRI or CT scans increase
bandwidth usage, slowing down training. This problem is
worse in low-bandwidth environments or where real-time
updates are needed. Solutions include model compression,
transmitting only essential parameters, and using
advanced communication protocols to reduce update size
and frequency, improving scalability and efficiency [21].

Security and Privacy

Although federated learning enhances data privacy by
keeping patient data within the local institutions, it is not
immune to security threats. For instance, adversaries
could potentially infer sensitive patient information by
analyzing the shared model updates, a concern known as
model inversion attacks. To counter these risks,
techniques like differential privacy and secure multi-party
computation are vital. Differential privacy involves
adding carefully calibrated noise to the model updates,
making it difficult for attackers to discern any individual’s
contribution to the model. Secure multi-party computation



allows multiple parties to jointly compute a function over
their inputs while keeping those inputs private. This
ensures that even in a collaborative environment,
individual data remains protected, thereby enhancing the
overall security of the federated learning framework [22].

VIL

Improving Diagnostic Accuracy

IMPACT ON CLINICAL DECISION-MAKING

Federated learning, when integrated with multi-modal
imaging data, has the potential to significantly enhance
diagnostic accuracy. In the context of brain tumor
diagnosis, combining data from MRI, PET, and CT scans
through federated learning can provide a more
comprehensive view of the tumor’s structure, metabolic
activity, and blood flow. Moreover, the ability of federated
learning models to generalize across different institutions
and patient demographics further improves diagnostic
reliability, potentially leading to better clinical outcomes
[23].

Enhancing Treatment Planning

Personalized treatment planning is a critical aspect of
modern oncology, and federated learning models can play
a pivotal role in this domain. By leveraging detailed tumor
characterizations from multi-modal imaging data, these
models can assist clinicians in devising tailored treatment
strategies. For instance, understanding the exact location,
growth pattern, and metabolic profile of a tumor can help
in planning surgical interventions, radiation therapy, or
targeted chemotherapy. Federated learning allows these
insights to be drawn from a diverse set of patients across
multiple institutions, thereby enriching the knowledge
base and enabling more personalized and effective
treatment plans. This collaborative approach not only
improves individual patient outcomes but also contributes
to the development of best practices in treatment planning
[24].

Facilitating Collaborative Research

Federated learning represents a paradigm shift in
collaborative research by enabling institutions to pool
their knowledge and resources without the need to share
sensitive patient data. This approach is particularly
beneficial in rare diseases, where data from a single
institution may be insufficient to develop robust models.
By collaborating through federated learning, institutions
can collectively improve the accuracy and effectiveness of
diagnostic tools and treatment protocols, accelerating the
pace of medical research. Furthermore, the ability to
develop and validate models across diverse populations
ensures that the resulting tools are broadly applicable,
ultimately contributing to more equitable healthcare [25].

VIIL

Several ethical issues arise with the use of federated
learning in healthcare. Among the most important ones is
informed consent by the patients. If the data remains
within the premises of the institution that has collected it,
patients should be informed about its use. It should be

ETHICAL CONSIDERATIONS
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explained to them what federated learning is and how their
data contributes to model training.

Data ownership is another critical ethical consideration. In
a typical federated learning setup, institutions retain
control over their data, which alleviates the concerns of
data misuse and sharing. However, this again raises
serious questions about the ownership of resulting models.
The institutions may again claim ownership of the model
trained on their data and thereby further create conflicts of
interest in the intellectual property rights and benefit
sharing derived from the model.

There is also well-known bias in many ML models,
particularly in health care, because biased models can lead
to biased treatment outcomes. However, federated
learning can only aggravate the bias issues when data
distributions across different institutions do not reflect the
overall population. The federated learning systems need
to be able to address this risk with features on detecting
and correcting bias, such as various re-weighting
techniques and adding fairness constraints during model
training.

The proposed approach tries to handle such ethical issues
with the introduction of robust consent management,
making sure the data remain under the control of their
originating institution while injecting bias mitigation
strategies right into the core of the federated learning
framework.

1X. FUTURE DIRECTIONS

Enhanced Fusion Techniques

The fusion of multi-modal imaging data remains a
complex challenge in federated learning. Future research
could explore the development of more sophisticated
fusion methods, such as deep learning-based approaches
that automatically learn the optimal way to combine data
from different modalities. Additionally, generative
models like Variational Autoencoders (VAEs) or
Generative Adversarial Networks (GANs) could be
employed to create synthetic multi-modal data that can
enhance the training process.

Real-Time Applications

Real-time federated learning represents a significant
advancement in the field, enabling clinicians to receive
diagnostic insights as soon as imaging data becomes
available. Achieving real-time federated learning requires
optimizing both the computational efficiency of the
learning algorithms and the communication protocols.
Research could focus on developing lightweight models
that can be trained quickly and on improving the latency
of communication between local nodes and the central
server. This would allow federated learning to be applied
in time-sensitive scenarios, such as during surgery or
emergency diagnostics.



Broader Applications

While this paper focuses on brain tumor diagnosis, the
principles of federated learning and multi-modal image
fusion can be applied to other medical conditions and
imaging modalities. Federated learning could be used to
diagnose lung cancer by combining CT and PET scans or
to classify retinal diseases using Optical Coherence
Tomography (OCT) and fundus photography. Expanding
the application of federated learning in healthcare could
lead to more accurate and privacy-preserving diagnostic
tools across a wide range of medical disciplines.

X.CONCLUSION

Federated learning can be seen as the principal move
towards integrating advanced diagnostic tools with the
privacy-preserving technique in neuro-oncology. Since
the proposed approach enables collaborations across
institutions with protection for sensitive patient data, it
might raise the accuracy and reliability of diagnosis
regarding brain tumors. Indeed, it provides several key
points for clinical management by fostering the
accomplishment of not only accurate but also effective
and personalized treatment strategies. This may have huge
potential to further enhance the patient outcome and
facilitate smooth health delivery.

But it is still on the way to realize this potential fully. This
paper has explored the state of the art, showing the
promise and challenges of federated learning in multi-
modal image fusion. The way forward will call for
concerted effort: optimization of algorithms, surmounting
data heterogeneity, and hardening security frameworks.
Because these challenges are overcome, federated
learning could revolutionize clinical practice and make
precision medicine real for patients with brain tumors; it
will set a new bar for collaboration in medical research.

Federated learning may finally bridge -cutting-edge
machine learning with clinical needs, playing a key role in
shaping the future of neuro-oncology and offering hope
for better diagnostics, treatments, and outcomes for
patients around the world.
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