Design Principles for Secure Blockchain-Enabled Federated Learning in Cyber-
Physical Systems

Golda Dilip'*, Weiwei Jiang?
' Lincoln University, Malaysia
2 Beijing University of Posts and Telecommunications, China

Email: pdf.goldadilip@lincoln.edu.my, jwwthu@gmail.com

Abstract

Cyber-Physical Systems (CPS) have become the foundation of modern smart infrastructures, including
healthcare, industrial automation, intelligent transportation, and smart cities. These environments
generate large volumes of distributed data while demanding secure, privacy-preserving, and real-time
decision-making. Federated Learning (FL) enables collaborative model training without sharing raw
data, whereas Blockchain provides decentralized trust, transparency, and secure coordination among
participating entities. Although several Blockchain-enabled Federated Learning frameworks have been
proposed, many continue to experience limitations related to scalability, communication overhead,
adaptive trust management, and resistance to malicious model updates. This paper presents a concise
set of design principles for developing secure Blockchain-enabled Federated Learning architectures for
Cyber-Physical Systems. The proposed principles emphasize decentralized learning, blockchain-based
trust management, privacy preservation, secure model aggregation, adaptive security, and edge-cloud
collaboration. A layered reference architecture is presented to illustrate secure interactions among CPS
devices, edge nodes, blockchain networks, and federated learning components. Comparative analysis
with representative approaches demonstrates that the proposed design principles improve scalability,
communication efficiency, trust management, and privacy preservation, making them suitable for
next-generation Cyber-Physical Systems.

Keywords: Cyber-Physical Systems, Federated Learning, Blockchain, Privacy Preservation, Trust
Management, Edge Computing.

1. Introduction

Cyber-Physical Systems (CPS) integrate sensing, computation, communication, and control to enable
intelligent monitoring and autonomous decision-making across physical environments. Modern CPS
applications include smart healthcare, industrial Internet of Things (lloT), intelligent transportation
systems, smart manufacturing, and energy management. The rapid growth of Internet of Things (loT)
devices has significantly increased the volume of distributed data generated within these
environments.

Traditional centralized machine learning approaches require raw data to be transferred to centralized
servers for model training. Such architectures introduce privacy concerns, communication overhead,
and single points of failure. Federated Learning (FL) addresses these challenges by enabling distributed
devices to collaboratively train a shared model while retaining data locally [4]. However, Federated
Learning remains vulnerable to model poisoning, Byzantine attacks, malicious participants, and trust
management challenges.
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Blockchain technology complements Federated Learning by providing decentralized trust, immutable
transaction records, secure participant authentication, and transparent model validation [5]. Recent
Blockchain-enabled Federated Learning frameworks have demonstrated improved security and
collaboration, but many focus on individual mechanisms rather than providing comprehensive
architectural guidance [1]-[3].

This paper proposes a concise set of engineering design principles for secure Blockchain-enabled
Federated Learning in Cyber-Physical Systems. A layered reference architecture and comparative
performance analysis are presented to demonstrate how these principles enhance security, scalability,
and privacy while supporting practical deployment across heterogeneous CPS environments.

2. Related Work

Blockchain-enabled Federated Learning has attracted significant research interest due to its ability to
combine decentralized machine learning with secure trust management. Several studies have explored
the integration of these technologies to improve privacy, transparency, and resilience in distributed
Cyber-Physical Systems.

Blockchain-Empowered Secure and Incentive Federated Learning (BESIFL) [1] integrates blockchain
with Federated Learning to establish trusted model sharing and incentive mechanisms among
participating nodes. The framework improves transparency and accountability but may introduce
additional communication overhead due to blockchain synchronization.

Hierarchical Blockchain-Based Federated Learning (HBFL) [2] employs hierarchical aggregation to
reduce communication costs and improve scalability in distributed Internet of Things (loT)
environments. Although the hierarchical architecture enhances learning efficiency, it provides limited
support for adaptive trust management and explainable decision-making.

Committee-Based Byzantine-Resilient Federated Learning (CBRFL) [3] improves robustness against
malicious participants through committee-based validation and secure model aggregation. The
framework effectively mitigates Byzantine attacks but primarily focuses on attack resistance rather
than providing comprehensive architectural guidance for heterogeneous Cyber-Physical Systems.

Although these approaches significantly improve privacy, trust, and collaborative learning, they
continue to face challenges related to communication efficiency, scalable deployment, adaptive
security, and lifecycle governance. These limitations motivate the design principles proposed in this
paper, which provide a unified architectural perspective for developing secure, scalable, and
trustworthy Blockchain-enabled Federated Learning systems.

3. Proposed Design Principles

To support secure and scalable Blockchain-enabled Federated Learning in Cyber-Physical Systems, this
paper proposes six fundamental design principles that address the major limitations identified in
existing approaches [1]-[3].

P1. Decentralized Learning:
Training should be performed locally at participating CPS devices without transmitting raw data,
thereby preserving privacy and reducing communication overhead.
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P2. Blockchain-Based Trust Management:
Blockchain should provide immutable transaction records, decentralized identity management, and
smart contract-based validation to establish trusted collaboration among distributed participants.

P3. Privacy-Preserving Model Aggregation:
Secure aggregation combined with differential privacy and encryption techniques should protect
model updates from inference and poisoning attacks.

P4. Adaptive Security Monitoring:
Artificial Intelligence should continuously monitor participant behaviour, communication patterns,
and trust scores to identify malicious activities and dynamically isolate compromised nodes.

P5. Edge—Cloud Collaboration:
Model training and aggregation should be distributed across edge, fog, and cloud layers to improve
scalability while reducing latency and network traffic.

P6. Explainable and Scalable Architecture:

Blockchain-enabled Federated Learning systems should support transparent decision-making,
interoperability, and hierarchical coordination to facilitate deployment across heterogeneous Cyber-
Physical Systems.

Table 1. Summary of Proposed Design Principles

Principle Objective Expected Benefit
Decentralized Learning  Local model training Privacy preservation
Blockchain Trust Immutable validation  Trusted collaboration
Secure Aggregation Protect model updates Attack resistance
Adaptive Security Continuous monitoring Early threat detection

Edge—Cloud Collaboration Distributed processing Scalability and lower latency

Explainable Architecture Transparent Al decisions Trust and regulatory compliance

4. Proposed Reference Architecture

To address the limitations of existing Blockchain-enabled Federated Learning frameworks, a layered
reference architecture is proposed, as shown in Figure 1. The architecture integrates CPS devices, edge
computing, blockchain, and Federated Learning into a unified framework that supports secure,
scalable, and privacy-preserving collaborative learning.
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Figure 1. Proposed Reference Architecture for Secure Blockchain-Enabled Federated Learning in
Cyber-Physical Systems.

The architecture consists of five functional layers:

e CPS Device Layer: IoT sensors, smart meters, industrial controllers, autonomous vehicles,
and medical devices collect operational data and perform local model training.

e Edge Layer: Edge nodes preprocess data, coordinate local learning, and reduce
communication latency by aggregating model updates.

e Federated Learning Layer: Secure aggregation combines verified local model parameters into
a global model without exposing raw data.

e Blockchain Layer: Smart contracts authenticate participants, validate model updates,
maintain immutable audit records, and establish decentralized trust.

e Application Layer: The trained global model supports intelligent decision-making for
healthcare, industrial automation, smart cities, and transportation systems.

By distributing intelligence across multiple layers, the proposed architecture enhances scalability,
improves privacy preservation, reduces communication overhead, and strengthens resilience against
malicious participants.
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5. Performance Analysis

The proposed design principles were compared with representative Blockchain-enabled Federated
Learning approaches, including BESIFL [1], HBFL [2], and CBRFL [3]. The comparison focuses on
architectural characteristics that are particularly important for Cyber-Physical Systems.

Table 2. Comparative Performance of Blockchain-Enabled Federated Learning Approaches

Feature BESIFL [1] HBFL [2] CBRFL [3] Proposed Design Principles
Privacy Preservation High High Moderate Very High
Trust Management High High Moderate Very High
Scalability Moderate High Moderate Very High
Communication Efficiency Moderate High Moderate Very High

Poisoning Attack Resistance Moderate Moderate High Very High
CPS Deployment Suitability High High Moderate Very High

The comparison indicates that the proposed design principles provide a balanced architectural
framework by simultaneously addressing privacy, trust management, scalability, communication
efficiency, and attack resilience. Unlike existing approaches that primarily optimize individual
components, the proposed design integrates these capabilities into a unified engineering methodology
suitable for heterogeneous Cyber-Physical Systems.
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Figure 2. Comparative Performance Analysis of Existing Approaches and the Proposed Design
Principles.

6. Conclusion

This paper presented a concise set of design principles for developing secure Blockchain-enabled
Federated Learning architectures for Cyber-Physical Systems. Building upon existing Blockchain-
enabled Federated Learning research [1]-[3], the proposed principles emphasize decentralized
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learning, blockchain-based trust management, privacy preservation, secure aggregation, adaptive
security, and edge-cloud collaboration.

A layered reference architecture was introduced to illustrate secure interactions among CPS devices,
blockchain networks, and Federated Learning components. Comparative analysis demonstrated that
the proposed design principles provide improved scalability, communication efficiency, privacy
preservation, and decentralized trust compared with representative approaches.

The proposed work offers a practical architectural guideline for researchers and practitioners
developing next-generation secure Cyber-Physical Systems and provides a foundation for future
research on scalable and trustworthy Blockchain-enabled Federated Learning.
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