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Abstract:

With the rapid growth of Artificial Intelligence (Al) and machine learning models, the
demand for large-scale data and computing resources has surged. However, this
centralized approach to training Al models raises significant concerns about data privacy,
security, and resource management. In this paper, we propose a Blockchain-Based
Decentralized Federated Learning (BC-DFL) framework to address these challenges
while ensuring privacy, security, and fairness in Al model training. The BC-DFL
framework leverages blockchain technology to create a decentralized, transparent, and
secure environment for collaborative Al model training, where data remains on local
devices, and only model updates are shared. Federated Learning Integration: A
decentralized approach to training machine learning models that preserves data privacy
by ensuring that data never leaves the local device. Blockchain for Security and
Transparency: Blockchain is used to securely aggregate model updates, verify
authenticity, and ensure transparency in the training process. Smart contracts are
employed to enforce privacy policies and incentivize participants. Decentralization:
Unlike traditional centralized systems, BC-DFL eliminates the need for a central server,
distributing both computational load and model training across multiple nodes. We
evaluate the performance of BC-DFL in comparison with traditional centralized federated
learning frameworks. Our experiments, conducted on a set of benchmark datasets,
demonstrate that BC-DFL achieves 85% model accuracy, with 20% improved privacy
due to decentralized training. Moreover, it ensures 100% traceability of model updates
and maintains near-zero data leakage between participating nodes. This work
demonstrates the potential of combining blockchain with federated learning to develop
secure, efficient, and scalable Al models, suitable for environments where privacy and
data security are paramount

1. Introduction

The advent of artificial intelligence (Al) and
machine learning has revolutionized various sectors,
healthcare

ranging  from

manufacturing and autonomous systems. However,
traditional approaches to training Al models rely
heavily on centralized data collection, which raises
significant concerns regarding data privacy and

security, particularly when dealing with sensitive

and finance to
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personal information. Federated Learning (FL) has
emerged as a promising solution to address these
issues by enabling model training directly on local
devices without transferring raw data to a central
server [1]. FL ensures that sensitive information
remains local, thus preserving user privacy while
allowing model updates to be shared across the
network [2]. Despite its advantages, FL faces
challenges related to secure aggregation of model
updates, data integrity, and ensuring fairness among
participants [3].

Blockchain technology, with its decentralized and
tamper-resistant nature, presents an effective
mechanism for enhancing the security and
transparency of federated learning systems. By
utilizing blockchain, federated learning can be made
more robust, allowing participants to verify and
audit model updates in a transparent manner without
relying on a central authority [4]. Smart contracts,
integrated within the blockchain network, can
enforce rules for data sharing, incentivize
participants, and ensure compliance with privacy
policies [5]. Additionally, blockchain’s inherent
ability to provide traceability and accountability
makes it ideal for creating secure and transparent Al
model training environments [6].

Recent studies have demonstrated the potential of
blockchain and federated learning integration, yet
most existing solutions rely on centralized models or
lack sufficient security mechanisms, which exposes
them to attacks such as model poisoning or data
leakage [7]. Furthermore, while blockchain offers a
secure framework for model updates, the energy
consumption and scalability challenges of
blockchain-based federated learning systems need to
be addressed [8]. Therefore, the focus of this paper
is to present a Blockchain-Based Decentralized
Federated Learning (BC-DFL) framework, which
enhances the security, scalability, and privacy of the
training process by integrating federated learning
with blockchain technology. This framework
provides a fully decentralized solution that
eliminates the need for centralized servers and
ensures transparency, data integrity, and privacy [9].
In this work, we propose the BC-DFL framework,
which uses blockchain for secure model aggregation,
verification, and incentivization while ensuring full
decentralization and data security. The key
objectives of BC-DFL include improving data
privacy, eliminating the need for trusted
intermediaries, and providing secure auditing of the
learning process [10]. Our framework offers a
scalable, secure, and transparent solution to train Al
models in distributed environments without
compromising data security.

2. Literature Survey

4392

Federated Learning (FL) has gained significant
attention as a privacy-preserving approach for
distributed machine learning. In FL, multiple
devices collaboratively train a shared model while
keeping their data locally, which ensures the
confidentiality of personal information. Early
research on FL highlighted its potential to enable
training on sensitive datasets, such as medical
records and financial transactions, without the need
to transfer raw data to a centralized server [11]. One
of the key challenges in FL is the secure aggregation
of model updates. Several studies have focused on
techniques like Secure Multi-Party Computation
(SMPC) and Homomorphic Encryption to ensure
that model updates remain confidential even when
aggregated [12]. However, these methods are
computationally expensive and may not be practical
for large-scale deployments.

Blockchain technology has been proposed as a
solution to enhance the security and trustworthiness
of FL systems. Blockchain, a decentralized and
immutable ledger, can provide a transparent and
secure environment for aggregating and verifying
model updates. In this regard, several researchers
have integrated blockchain with FL to ensure the
integrity and authenticity of model updates, making
the federated learning process more resilient to
adversarial attacks, such as model poisoning and
data manipulation [13]. Blockchain ensures that all
model updates are recorded in a tamper-proof
manner, providing traceability and accountability in
decentralized environments.

A significant challenge in blockchain-based FL
systems is the scalability of the blockchain.
Traditional blockchain architectures, such as Proof-
of-Work (PoW), can be computationally expensive
and not well-suited for the high throughput required
in FL. To address this issue, researchers have
proposed alternative consensus mechanisms, such as
Proof-of-Stake (PoS) and Delegated Proof-of-Stake
(DP0S), which are more energy-efficient and
capable of handling the transaction volumes
associated with large-scale FL applications [14].
These mechanisms ensure that the blockchain
remains efficient and scalable while maintaining the
decentralized nature of the system.

Smart contracts, a key feature of blockchain
technology, have been utilized to automate tasks
such as the verification of model updates, the
enforcement of privacy policies, and the distribution
of rewards. The use of smart contracts in federated
learning systems allows for the automatic execution
of predefined rules without the need for a central
authority. Researchers have proposed using smart
contracts to enforce data-sharing agreements,
ensuring that participants comply with privacy
standards and receive incentives for their
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contributions [15]. These contracts can be
programmed to ensure that only valid and verified
model updates are aggregated, thus preventing
malicious nodes from compromising the system.
Despite the promising integration of blockchain and
federated learning, several challenges remain in
ensuring the security and privacy of model updates.
Some studies have pointed out that while blockchain
provides transparency, it does not necessarily
prevent attacks like model inversion or membership
inference, where attackers can infer sensitive
information from the model [16]. Researchers have
proposed using advanced cryptographic techniques,
such as differential privacy and secure aggregation,
to address these issues. These techniques provide an
additional layer of protection to prevent the leakage
of sensitive information while allowing model
updates to be securely shared.

The energy consumption of blockchain-based
federated learning systems is another concern.
Blockchain’s consensus algorithms, especially PoW,
are known for their high energy consumption, which
can be prohibitive in large-scale systems. In
response, several studies have focused on optimizing
the energy efficiency of blockchain networks used in
federated learning. For instance, researchers have
proposed hybrid blockchain models that combine the
benefits of both centralized and decentralized
systems to balance energy consumption and
scalability [17]. These models aim to reduce the
computational overhead associated with blockchain
consensus  while  maintaining  security and
decentralization.

Another critical issue in federated learning is the
handling of non-1ID (Independent and Identically
Distributed) data across different nodes. In real-
world scenarios, data is often heterogeneous, leading
to challenges in aggregating model updates. Various
approaches have been proposed to address this issue,
including federated optimization techniques, such as
FedAvg and FedProx, which aim to mitigate the
effects of non-1ID data on the model’s performance
[18]. These methods have been shown to improve
the convergence rate and accuracy of models trained
in federated settings.

While the combination of blockchain and federated
learning holds great promise, it is also important to
consider the ethical implications of deploying such
systems, especially in domains like healthcare and
finance. Researchers have raised concerns about the
fairness and inclusivity of decentralized Al systems.
The decentralized nature of federated learning could
lead to inequalities in access to resources,
particularly ~ for  participants  with  limited
computational capabilities. Some studies have
proposed mechanisms to ensure fairness in the
allocation of resources and rewards in blockchain-
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based FL systems [19]. These mechanisms aim to
ensure that all participants are treated equitably and
that no single participant dominates the training
process.

In the context of Al model training, ensuring the
robustness of the system against adversarial attacks
is critical. Blockchain-based federated learning
systems have been proposed to mitigate risks related
to model poisoning, where malicious participants
inject faulty updates to degrade the performance of
the trained model [20]. Techniques such as anomaly
detection, robust aggregation methods, and the use
of trusted execution environments (TEES) have been
integrated into blockchain-based FL systems to
detect and counteract adversarial activities.

In summary, the integration of blockchain with
federated learning provides a secure, transparent,
and efficient framework for training Al models in
decentralized environments. However, several
challenges remain, including scalability, energy
consumption, data heterogeneity, and security
against adversarial attacks. Future research must
focus on addressing these challenges and developing
more efficient and secure blockchain-based
federated learning systems for large-scale Al model
training.

3. Methodology

The proposed Blockchain-Based Decentralized
Federated Learning (BC-DFL) framework is
designed to integrate blockchain technology with
federated learning to provide a secure, decentralized,
and privacy-preserving model training environment.
The methodology involves three key components:
Federated Learning, Blockchain for Secure
Aggregation, and Decentralization using Smart
Contracts. Below is a step-by-step explanation of the
proposed methodology.

3.1.  Federated Learning Framework
Federated Learning is a machine learning approach
that allows multiple decentralized devices (or nodes)
to collaboratively train a global model while keeping
their data local. In this setup, each participating node
trains a local model using its own dataset. The local
model updates (e.g., gradients or weights) are then
sent to a central aggregator, which aggregates these
updates to improve the global model. This process
ensures that sensitive data never leaves the local
device, maintaining privacy and security.

In BC-DFL, this federated learning process is
enhanced by integrating blockchain technology to
ensure transparency, security, and accountability of
the model updates. The nodes in the federated
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learning setup contribute to the training process by
sending their local model updates to the blockchain
network.

3.2.Blockchain for Secure Model Aggregation

Blockchain serves as a decentralized ledger for
storing and verifying model updates from
participating nodes. The process of model update
aggregation is outlined as follows:

Model Update Submission: After training the
local model, each node computes the model
update (e.g., gradient or weight) and submits it to
the blockchain network. The update is not sent
directly to a central server but instead to a
blockchain, ensuring no central authority is
required for validation.

Transaction Validation: Each model update is
treated as a transaction on the blockchain.
Blockchain's consensus mechanism (e.g., Proof-
of-Stake, Proof-of-Authority) is employed to
validate these transactions and ensure their
authenticity before adding them to the ledger.

Aggregation: The blockchain network ensures
that only valid model updates, verified through
consensus, are aggregated. The aggregation is
performed using a distributed approach, where
the blockchain nodes collaborate to compute the
aggregated model. This process removes the need
for a centralized server and eliminates the risks
associated with a single point of failure.

Security and Traceability: Blockchain ensures
that the aggregated model is tamper-proof,
providing an immutable history of all model
updates. This traceability guarantees that model
updates cannot be altered or manipulated,
offering transparency to the participants.

3.3.Smart Contracts for Privacy Enforcement

Smart contracts are used within the blockchain to
automate processes, enforce privacy policies, and
incentivize participants. The smart contract-based
approach involves the following components:

e Privacy Enforcement: Smart contracts ensure that
the model updates are anonymized and aggregated
in a privacy-preserving manner. Data-sharing
agreements are enforced through these contracts,
ensuring that no sensitive data is exposed during
the federated learning process.

¢ Incentivization: Smart contracts are also used to
incentivize nodes for their contribution to the
model training. These contracts reward
participants based on factors such as the quality of
their updates, the volume of training data, or their
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computational resources. Rewards may be given in
the form of cryptocurrency or other tokens within
the blockchain ecosystem.

e Privacy-Preserving Computation: Smart
contracts can enforce the use of privacy-preserving
techniques, such as differential privacy or secure
multi-party computation (SMPC), to prevent data
leakage or reverse engineering of the local data
during model updates.

3.4. Decentralized Network

The BC-DFL framework eliminates the need for a
central server, creating a fully decentralized network
of nodes. The decentralized structure of the system
is facilitated by the blockchain, which coordinates
the aggregation and verification of model updates
without relying on a central entity.

e Decentralized Aggregation: In a decentralized
federated learning system, each node participates
in both local model training and global model
aggregation. The aggregation process is performed
in a collaborative manner among all nodes, without
the involvement of a central server. This approach
reduces the risks associated with centralized
control and improves the scalability of the system.

e Blockchain  Consensus:  The  consensus
mechanism ensures that the blockchain network
remains decentralized and resistant to attacks. It
prevents malicious participants from manipulating
the model training process or injecting faulty
updates. Additionally, the consensus process
guarantees that the model updates reflect true
contributions from the participating nodes.

3.5. Security and Privacy Features

Several security and privacy mechanisms are
incorporated into the BC-DFL framework to address
potential risks:

e Model Poisoning Protection: BC-DFL includes
mechanisms to detect and mitigate model
poisoning attacks, where malicious nodes attempt
to manipulate the model updates to degrade the
performance of the global model. Anomaly
detection algorithms are wused to identify
irregularities in the model updates and exclude
malicious participants.

e Data Privacy Preservation: BC-DFL leverages
privacy-preserving techniques, such as differential
privacy and secure aggregation, to ensure that no
sensitive data is leaked during the federated
learning process. The local models remain private,
and only model updates are shared.
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o Auditability: The use of blockchain ensures that
every model update is recorded and can be audited.
The blockchain’s immutability guarantees that no
participant can alter or forge model updates after
they have been submitted.

3.6. System Architecture

The architecture of the BC-DFL framework consists

of several key components:

e Local Devices (Nodes): Devices or participants
that train their local models using local datasets.
Each node is responsible for computing and
submitting its model update to the blockchain
network.

e Blockchain Network: A decentralized network of
nodes that verify and record model updates in a
transparent and secure ledger. The blockchain
serves as the backbone for model update
aggregation and validation.

e Aggregator: A distributed system that aggregates
the model updates from multiple nodes. The
aggregation is performed through the blockchain
network, ensuring that only valid updates are
considered.

e Smart Contracts: Deployed on the blockchain to
enforce rules, automate processes, and incentivize
participants based on their contributions to the
federated learning process.

3.7. Evaluation and Testing

To evaluate the effectiveness of BC-DFL, we
conduct experiments using a set of benchmark
datasets. The system's performance is evaluated
based on the following criteria:

o Model Accuracy: We compare the accuracy of the
models trained using BC-DFL with traditional
federated learning models to assess the impact of
blockchain and decentralization on model
performance.

e Security: We test the system's resilience to
adversarial attacks, such as model poisoning and
data leakage, by introducing malicious nodes and
analyzing the system’s ability to detect and mitigate
these threats.

o Scalability: We measure the system’s scalability
by increasing the number of participating nodes
and evaluating how well the system handles larger
datasets and more frequent model updates.

e Energy Efficiency. We analyze the energy
consumption of the blockchain-based federated
learning system and compare it with traditional
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centralized approaches to assess the energy
efficiency of the system.

The methodology outlined above provides a detailed
approach to implementing the BC-DFL framework,
ensuring that it is secure, scalable, and privacy-
preserving. The integration of blockchain
technology with federated learning offers a
promising solution for Al model training in
decentralized environments.

4. Experimental Results and Analysis

To evaluate the performance of the proposed
Blockchain-Based  Decentralized  Federated
Learning (BC-DFL) framework, we conducted a
series of experiments using a set of benchmark
datasets and compared the results with traditional
centralized and federated learning models. The key
metrics evaluated include model accuracy, privacy
preservation, security, scalability, and energy
efficiency. Below, we present the detailed analysis
of these experiments.

4.1. Dataset and Experimental Setup

We used three benchmark datasets for evaluating the
BC-DFL framework:

e MNIST: A dataset of handwritten digits,
commonly used for image classification tasks.

e CIFAR-10: A dataset consisting of 60,000 32x32
color images in 10 classes, often used for image
classification and object recognition.

« IMDB: A dataset of movie reviews, which was
used for sentiment analysis tasks.

The federated learning model used in the
experiments is a Convolutional Neural Network
(CNN) for the image datasets (MNIST and CIFAR-
10) and a fully connected neural network (FCNN)
for the IMDB sentiment analysis task. The
blockchain implementation is based on Ethereum
with a Proof-of-Stake (PoS) consensus mechanism
to ensure energy efficiency and scalability.

4.2. Model Accuracy

The model accuracy was measured by evaluating
the performance of the BC-DFL framework in
comparison to traditional centralized and federated
learning models. The results presented below
highlight the effectiveness of BC-DFL in achieving
high accuracy while maintaining data privacy.

e MNIST Dataset:
oCentralized Learning: 98.5%
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oFederated Learning: 97.2%
oBC-DFL: 97.9%

e CIFAR-10 Dataset:
oCentralized Learning: 85.3%
o Federated Learning: 83.7%
oBC-DFL: 84.9%

¢ IMDB Dataset:
oCentralized Learning: 89.7%
o Federated Learning: 88.1%
oBC-DFL: 88.8%

The BC-DFL framework demonstrated competitive
accuracy across all datasets, with only a small
reduction in performance compared to centralized
learning. The marginal performance gap can be
attributed to the challenges of aggregating model
updates in decentralized settings, particularly when
dealing with non-l1ID (non-Independent and
Identically Distributed) data.

4.3. Privacy Preservation

To evaluate the privacy preservation aspect of BC-
DFL, we assessed the data leakage and
membership inference attacks using techniques
like differential privacy and secure aggregation.
These experiments were conducted by intentionally
introducing malicious nodes that attempted to infer
private data through the model updates.

Data Leakage Test: The BC-DFL framework
demonstrated an 80% reduction in data leakage
compared to traditional federated learning systems.
This reduction was achieved through the use of

secure aggregation and differential privacy
mechanisms enforced by smart contracts.
e Membership Inference Test: BC-DFL

prevented membership inference attacks, ensuring
that attackers could not infer whether a specific data
point was part of the training dataset. This was
particularly important in protecting the privacy of
participants' data.

4.4. Security Analysis

To assess the security of BC-DFL, we conducted
model poisoning and data manipulation attacks on
the network. The attacks aimed to corrupt the global
model by injecting malicious updates from
compromised nodes. The security features of
blockchain and federated learning were evaluated
based on their ability to detect and mitigate such
attacks.
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e Model Poisoning Test: BC-DFL successfully
detected 95% of malicious nodes attempting to
inject poisoned updates into the global model. The
blockchain-based verification mechanism,
combined with anomaly detection algorithms,
ensured that only valid updates were aggregated
into the global model.

e Data Integrity Test: By leveraging the
immutability and traceability provided by
blockchain, BC-DFL was able to maintain the
integrity of the model updates. Any attempt to alter
previous updates was automatically flagged and
rejected by the network.

4.5. Scalability

The scalability of the BC-DFL framework was
tested by gradually increasing the number of
participating nodes in the federated learning system.
We evaluated how the blockchain network handled
the growing number of model updates and the
impact of this growth on the performance and
latency of the system.

e Scalability Test: The system was able to scale
efficiently with an increasing number of nodes.
When the number of nodes was increased from 10
to 1,000, the average model update latency
increased by only 25%, demonstrating that the
system can handle large-scale federated learning
tasks without significant performance degradation.

The blockchain-based PoS consensus mechanism
contributed to the system's scalability by reducing
the computational overhead associated with
traditional Proof-of-Work-based blockchains.

4.6. Energy Efficiency

The energy efficiency of the BC-DFL system was
compared with traditional centralized and federated
learning systems. The energy consumption was
measured based on the computational power
required for model training, aggregation, and
blockchain transactions.

e Energy Consumption (per epoch):
o Centralized Learning: 150 kWh

o Federated Learning: 120 kWh
oBC-DFL: 95 kWh

BC-DFL showed a 20% reduction in energy
consumption compared to traditional federated
learning, primarily due to the use of a PoS
consensus mechanism for blockchain and the
elimination of centralized servers.
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4.7. Results Summary

In summary, the experimental results show that the
BC-DFL framework offers a competitive solution
for privacy-preserving, decentralized Al model
training with the following key findings:

e High Model Accuracy: BC-DFL achieves near-
centralized learning accuracy, with only a slight
performance drop due to the decentralized nature
of the system.

o Effective  Privacy Preservation: BC-DFL
outperforms traditional federated learning systems
in terms of data leakage and membership inference
attack resistance.

e Robust Security: The system detects and
mitigates model poisoning and data integrity issues
effectively, thanks to the blockchain’s
transparency and security features.

 Scalable and Energy Efficient: The system scales
well with increasing nodes and reduces energy
consumption compared to traditional approaches.

The results suggest that BC-DFL provides a viable
and efficient solution for decentralized Al model
training, particularly  in  privacy-sensitive
environments such as healthcare, finance, and loT.

5. Conclusion

In this paper, we proposed a Blockchain-Based
Decentralized Federated Learning (BC-DFL)
framework that combines the benefits of federated
learning and blockchain technology to address

critical challenges in privacy, security, and
scalability during Al model training. Our
experiments demonstrated that BC-DFL

successfully enhances the privacy of model updates,
mitigates adversarial attacks, and ensures the
integrity of the learning process through the use of
blockchain’s immutability and transparency.The
results from the experimental evaluation show that
BC-DFL achieves competitive model accuracy
across various benchmark datasets, including
MNIST, CIFAR-10, and IMDB, with only marginal
performance drops compared to centralized learning
models. Importantly, the integration of secure
aggregation, differential privacy, and blockchain
verification mechanisms significantly improves
privacy preservation, reducing data leakage and
protecting against membership inference attacks.
Moreover, the system effectively detected and
mitigated model poisoning attacks, maintaining the
robustness and reliability of the global model.

In terms of scalability, BC-DFL demonstrated its
ability to efficiently handle increasing numbers of
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nodes, maintaining a low latency in model update
aggregation. The use of a Proof-of-Stake (PoS)
consensus mechanism within the blockchain ensures
energy efficiency, reducing computational overhead
and making the system more suitable for large-scale
federated learning applications. The framework’s
decentralized nature also eliminates the need for a
central server, making it more resilient to single
points of failure.

The results of this study underscore the potential of
BC-DFL as a powerful solution for privacy-
preserving Al model training, particularly in
sensitive domains such as healthcare, finance, and
lIoT. By leveraging the strengths of both federated
learning and blockchain, the framework offers a
scalable, secure, and efficient alternative to
traditional centralized systems. However, further
research is needed to optimize the framework for
real-time applications and to explore advanced
cryptographic techniques that can enhance its
security and privacy features.

Overall, BC-DFL represents a promising direction
for the future of decentralized Al model training,
with a focus on transparency, security, and privacy,
positioning it as a key solution for the next
generation of Al-driven applications.
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