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Abstract—This work presents a blockchain-based communi-
cation architecture for multi-agent smart manufacturing sys-
tems, enhanced with federated learning to improve security,
data privacy, and scalability. Comparative evaluation with
traditional centralized systems across various configurations
reveals that our approach achieves up to 12% higher model
accuracy and 15% greater security, particularly in large-
scale deployments, with scalability scores surpassing those of
centralized systems by 18% as agent numbers increase. Al-
though initial latency and energy consumption are higher, these
factors improve significantly as the system scales, indicating
suitability for complex manufacturing networks. This research
underscores the potential of combining federated learning and
blockchain to enhance resilience, security, and efficiency in
Industry 4.0 smart manufacturing systems.

Index Terms—Blockchain, Federated Learning, Security,
Scalability, Smart Manufacturing, Industry 4.0.

I. INTRODUCTION

Centralized smart manufacturing systems face challenges
such as single points of failure, scalability issues, and
data privacy concerns. Traditional architectures often lack
transparency and struggle to adapt to real-time dynamic
conditions. This work proposes a decentralized architecture
combining federated learning and blockchain to address these
limitations. Federated learning ensures secure, decentralized
model training, preserving data privacy [1], [2], while
blockchain enhances data integrity and transaction traceabil-
ity [3]. By merging intelligent agents, federated learning, and
blockchain, we optimize manufacturing processes through
decentralized decision-making and enhanced responsiveness.
This approach addresses transparency and accountability
issues, enabling research in cooperative intrusion detection
and explainable Al (XAI), thereby enhancing cybersecurity
and fostering trust in the ecosystem trust [4]. Key chal-
lenges include designing secure multi-agent architectures,
developing intrusion detection mechanisms, exploring XAl,
and addressing scalability and interoperability [2], [4]. Our
work aims to enhance data privacy, system optimization, and
secure model aggregation in multi-agent systems, advancing
trustworthy Al in smart manufacturing for more efficient,
secure, and adaptive Industry 4.0 processes.

II. PROPOSED ARCHITECTURE

This section presents a secure, resilient multi-agent ar-
chitecture for smart manufacturing using federated learning

and blockchain, aligned with NIST’s Smart Manufacturing
Ecosystem framework [5]. It integrates product lifecycle,
production systems, and business operations.

As shown in Figure 1, the architecture comprises four
layers:

« Integration Layer: Integrates data, processes, and sys-
tems across SME dimensions.

o Smart Manufacturing Environment: The core layer
for manufacturing processes and decision-making.

o Federated Trust Layer: Leverages blockchain and fed-
erated learning (FL) to ensure security and privacy. FL.
enables collaborative model training while preserving
data privacy, formalized as:

K
N
W1 = Wt + n E ;(wf — wt) (1)
k=1

where w; is the global model, wf is the local model, n
is the learning rate, and ny is the number of data points
at agent k. A private Ethereum network (Ganache) en-
sures secure data management with a custom consensus
algorithm and smart contracts.

« Edge Layer: Hosts intelligent agents for process con-
trol, predictive maintenance, quality control, and re-
source allocation.

The architecture includes security and resilience features
such as encrypted communication, blockchain-based verifi-
cation, privacy-preserving training, continuous monitoring,
adaptive threat response, and distributed consensus.

Algorithm 1 details the federated learning process in our
manufacturing network, corresponding to Equation (1).

III. METHODOLOGY AND EVALUATION METRICS

The experimental setup includes up to 100 intelligent
agents, a federated learning server, a private Ethereum
blockchain with 10 validator nodes, and a simulated smart
manufacturing environment. Experiments with 20, 50, and
100 agents compare a baseline (centralized ML with-
out blockchain) to the proposed federated learning with
blockchain approach using Adaboost, repeated 10 times for
statistical significance. Data is collected from sensors, pro-
cesses, and supply chains. Evaluation metrics include model
accuracy, security, scalability, latency, and energy efficiency.
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Fig. 1: Secure and Resilient Multi-Agent Smart Manufactur-
ing Architecture

Algorithm 1 Federated Learning in Manufacturing Network

Require: Agents A = aq,...,ak, learning rate 7, rounds 7’
Ensure: Final global model wr

1: Initialize wqg

2: fort =1to T do

3 wtk < LocalTrain(A,wt —1) > Train local
model

4: Aw,n < 0 © Initialize model update and total data
points

5 for each a; in A do

6: ny < GetDataPoints(ag)

7: Aw + Aw + (nk/n) - (wF — wt — 1)

8 n < n-+ ng

9 end for

10: wt «—wt—1+n-Aw > Update global model

11: DistributeModel(A,w;) > Distribute updated
global model

12: end for

13: return wp

The multi-step process tests system capabilities, resilience,
and advantages over traditional methods, offering insights
into this new manufacturing paradigm.

IV. RESULTS AND DISCUSSION

In Figure 2, approach 2, integrating federated learning
and blockchain, outperforms Approach 1 in model accuracy,
security, and scalability, especially for larger systems. While
Approach 2 initially shows higher latency and lower energy
efficiency, it becomes more efficient as the system scales,
making it ideal for large-scale, secure manufacturing net-
works.

V. CONCLUSION

This paper presents a Multi-Agent Architecture integrating
blockchain and federated learning for Smart Manufacturing
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Fig. 2: Performance Comparison of Approach 1 and Ap-
proach 2

systems. It outperforms traditional centralized systems, es-
pecially in large deployments, with key findings including
improved model accuracy, security, and scalability. While
smaller systems experience initial overhead, larger systems
benefit from better performance. Future research should focus
on optimizing smaller systems and exploring real-world
implementation challenges, advancing secure, efficient, and
scalable solutions for Industry 4.0.
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