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ABSTRACT: The emergence of Hybrid Digital Twin (HDT) architectures is transforming real-time decision-making in
Industry 4.0 by enabling intelligent automation, predictive maintenance, and optimized workflows. This research proposes a
novel, multi-layered HDT framework that integrates physics-based modeling, Al-driven analytics, and edge-cloud computing
to enhance industrial system responsiveness and resilience. The architecture incorporates reinforcement learning for adaptive
control, federated digital twins for privacy-preserving collaboration, and blockchain technology to secure data transactions and
ensure the integrity of virtual-physical synchronization. Experimental validation across smart manufacturing, energy grids,
and industrial robotics demonstrates the framework's superiority over conventional digital twin maodels, achieving a 30%
reduction in system downtime, a 45% improvement in predictive accuracy, and a 25% enhancement in operational efficiency.
The proposed HDT system facilitates real-time cyber-physical convergence, allowing industries to dynamically adapt to
fluctuating operational conditions and optimize decision-making in complex environments. This comprehensive approach
addresses key limitations of traditional digital twins, including scalability, latency, data privacy, and security. The findings
highlight the transformative potential of HDTs in driving more intelligent, resilient, and secure industrial ecosystems. The
results confirm that Federated Digital Twin technology is a promising advancement, paving the way for its application in smart
manufacturing, healthcare, and industrial 10T, with future research focused on optimizing aggregation techniques and reducing
computational overhead.
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optimization [1]. By creating a seamless digital thread
between the physical and virtual worlds, DTs facilitate a
deeper understanding of asset behavior and enable proactive
maintenance strategies, thereby minimizing unforeseen
downtime and operational costs [2]. However, despite their
considerable  potential, conventional  digital  twin
implementations frequently encounter significant limitations
when deployed in complex, dynamic, and data-rich industrial
environments. These challenges primarily stem from their
inherent reliance on static physics-based models and
centralized data processing architectures, which often
struggle to adapt to rapidly changing operational conditions
and scale efficiently across large, geographically distributed
systems [3].

To overcome these critical shortcomings, Hybrid Digital
Twin (HDT) architectures have been introduced as a superior
and more resilient framework for Industry 4.0 applications.
Unlike their traditional counterparts, HDTs represent a
synergistic  integration of multiple complementary
technologies, merging the rigor of physics-based simulations
with the adaptability of Al-driven data analytics and the
distributed efficiency of edge-cloud computing [4]. This
innovative  hybridization facilitates true  real-time
synchronization between virtual models and their physical
twins, thereby enabling highly accurate state estimation,
predictive foresight, and adaptive control mechanisms
essential for optimizing performance in volatile
environments [5]. The paradigm shift from static, isolated
models to dynamic, interconnected systems allows HDTs to
process and analyze high-velocity data streams generated by
industrial sensors, identifying subtle anomalies and complex
patterns that would remain undetected by conventional
approaches [6]. This enhanced capability is pivotal for
achieving true cyber-physical convergence, where the
boundaries between digital simulation and physical
execution become indistinct, enabling industries to achieve
new pinnacles of efficiency and resilience.

The proposed HDT framework extends the capabilities
of conventional digital twins by incorporating advanced
collaborative and security features, primarily through the
integration of federated learning and blockchain technology.
The integration of federated learning is particularly
transformative, as it allows multiple digital twins operating
across different organizational boundaries or geographical
locations to collaboratively train shared Al models without
the need to centralize sensitive or proprietary operational data
[7]. This decentralized approach to intelligence sharing is
crucial for cross-organizational collaboration, as it inherently
enhances data privacy and regulatory compliance while still

enabling the collective improvement of predictive models [8].

Simultaneously, the adoption of blockchain-enhanced
security mechanisms provides an immutable and transparent
ledger for all data transactions and model updates exchanged
between digital twins [9]. This decentralized and
cryptographic approach safeguards the integrity and
trustworthiness of the entire HDT ecosystem, ensuring that
data is resistant to tampering, unauthorized access, and cyber
threats, which is paramount for critical infrastructure sectors

like energy, aerospace, and healthcare [10].

The application domains of HDT architectures are
extensive and varied, with smart manufacturing, industrial
robotics, and energy grid management being among the most
prominent beneficiaries. In the context of smart
manufacturing, HDTs empower production lines to achieve
unprecedented levels of efficiency by continuously analyzing
operational data to identify bottlenecks, predict equipment
failures, and recommend real-time corrective actions, thereby
optimizing throughput and reducing waste [11]. In industrial
robotics, HDTs are instrumental in enhancing autonomous
operations, where they provide the predictive intelligence
necessary for anticipating mechanical wear or potential
failures, thereby enabling robots to dynamically adjust their
task execution strategies, maintain performance, and
proactively schedule maintenance activities [12]. Within the
critical domain of energy grid management, HDTs play a
vital role in ensuring grid stability and reliability by
integrating real-time data analytics, thereby enabling the
dynamic balancing of energy supply and demand, integrating
renewable sources more effectively, and predicting potential
infrastructure failures before they lead to large-scale outages
[13].

The efficacy of the proposed HDT framework is
corroborated by rigorous experimental validation across
multiple industrial scenarios. The comprehensive analysis of
its performance reveals substantial improvements over
traditional digital twin models, demonstrating a significant 30%
reduction in system downtime, a marked 45% improvement
in predictive accuracy, and a considerable 25% boost in
overall operational efficiency [14]. These compelling
findings underscore the transformative potential of HDTs in
constructing more intelligent, adaptive, and resilient
industrial ecosystems capable of navigating the complexities
of modern operational demands. The combination of
reinforcement learning for autonomous adaptive control,
federated learning for privacy-preserving collaboration,
blockchain for enhanced security, and edge-cloud computing
for efficient data processing collectively positions HDTs as a
cornerstone technology for the future of Industry 4.0 [15].
Future research endeavors will aim to further refine these
implementations by exploring novel Al algorithms,
developing more sophisticated multi-agent collaboration
frameworks, and enhancing cybersecurity mechanisms to
address the ever-evolving threat landscape, ultimately paving
the way for truly autonomous and intelligent industrial
systems [16].

2. RELATED WORKS

The foundational concept of the Digital Twin (DT) has been
a subject of intense research and development across various
industrial sectors, primarily conceived as a virtual and
dynamic representation of a physical object or system over
its lifecycle. Initial explorations into this domain focused on
the use of physics-based models and deterministic
simulations to create high-fidelity virtual replicas, which
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proved invaluable for design optimization, virtual testing,
and failure mode analysis [1]. While these early models
provided significant insights, they were predominantly static
and lacked the necessary adaptability to accurately reflect the
dynamic, real-time behavior of physical assets in complex
operational environments [2]. This inherent limitation
highlighted the critical need for a paradigm shift, prompting
researchers to investigate the integration of data-driven
methods to enhance the predictive and adaptive capabilities
of digital twins, thereby moving beyond the constraints of
purely deterministic modeling [3]. The evolution of digital
twin technology is, therefore, characterized by a progressive
integration of Al-driven analytics to bridge the gap between
static simulation and dynamic, real-world operations [4].

Within the realm of smart manufacturing, the
application of digital twins has been extensively explored for
tasks such as real-time production monitoring, process
optimization, and predictive maintenance. Research efforts
have been particularly focused on developing Al-enhanced
DT models that can analyze streaming sensor data from
industrial equipment to improve anomaly detection and fault
prediction [5]. By leveraging sophisticated machine learning
algorithms, these models can identify subtle deviations from
normal operational patterns, thereby enabling more reliable
prognostic health management. However, the proliferation of
these data-intensive applications also brought to the forefront
significant challenges related to system scalability,
communication latency, and immense computational
overhead [6]. These challenges often render centralized DT
architectures impractical for large-scale, geographically
distributed industrial operations, where the need for real-time
insights is paramount. Consequently, this realization has
driven the field towards hybrid approaches that can
effectively balance the accuracy of physics-based models
with the flexibility of data-driven learning.

The emergence of Hybrid Digital Twins (HDTs) has
been a direct response to the limitations of conventional
architectures, representing a significant methodological
advancement by synergistically combining physics-based
simulations with Al-driven learning mechanisms. Research
has shown that this hybridization enables the creation of more
robust and accurate system models that can continuously
adapt to changing operational conditions, -effectively
maintaining fidelity over extended periods [7]. A key enabler
of this enhanced adaptability is the integration of
reinforcement learning, which allows HDTs to optimize
complex decision-making processes autonomously. By
interacting with the environment and receiving feedback in
the form of rewards, reinforcement learning algorithms
enable industrial systems to learn and refine optimal control
policies, thereby dynamically adjusting system parameters to
achieve peak performance in response to real-time data [8].
This autonomous learning capability is crucial for
applications where operational environments are uncertain or
volatile, as it allows the HDT to operate without the need for
constant human intervention.

The architectural realization of HDTs is critically
dependent on the integration of edge-cloud computing

frameworks, which provide the necessary infrastructure for
scalable and efficient data processing. Cloud computing
offers vast computational resources and storage capabilities,
making it suitable for non-time-critical applications like
model training, historical data analysis, and complex
simulations [9]. However, the inherent latency associated
with cloud communication can be a significant drawback for
real-time control and monitoring, where millisecond-level
responses are essential. To address this challenge, edge
computing has been identified as a vital complementary
technology, enabling the processing of time-sensitive data
streams at the edge of the network, closer to the data source
[10]. By distributing computational tasks between edge and
cloud layers, HDTs can achieve a balance between low-
latency responsiveness and deep analytical capabilities, a
combination that is indispensable for real-time industrial
applications.

Recent research has increasingly focused on addressing
the critical issues of data privacy and security in digital twin
ecosystems, leading to the exploration of federated learning
and blockchain technology as key enabling solutions.
Federated learning has emerged as a powerful privacy-
preserving paradigm for distributed Al training, allowing
multiple digital twins to collaboratively train a shared global
model without sharing their raw, sensitive data [11]. This
approach is particularly valuable in multi-stakeholder
environments where data cannot be centralized due to
commercial sensitivity, intellectual property concerns, or
data protection regulations, thereby facilitating cross-
industry collaboration and intelligence sharing in a secure
and compliant manner [12]. Parallelly, blockchain
technology has been proposed to ensure the security,
integrity, and traceability of digital twin data transactions.
Researchers have investigated blockchain-integrated DT
frameworks for applications like supply chain management
and energy grids, demonstrating that a decentralized,
immutable ledger can effectively prevent unauthorized data
manipulation and enhance overall data accountability [13].
This integration is essential for building trust in distributed
industrial data exchanges, where the authenticity and
reliability of information are paramount [14].

The practical benefits and efficacy of HDTs have been
validated through extensive research in various high-value
application domains, such as industrial robotics and energy
grid management. In the field of industrial robotics, HDTs
have been employed to significantly enhance autonomous
decision-making and predictive maintenance capabilities
[15]. These sophisticated models enable robots to anticipate
mechanical failures by analyzing real-time performance data,
such as vibrations, temperature, and torque, and subsequently
optimize their task execution strategies to preempt failure and
prolong operational life [16]. In the energy sector, researchers
have developed advanced HDT frameworks that leverage Al-
driven analytics to tackle the complex challenge of
dynamically balancing energy demand and supply, a crucial
task for improving grid resilience, stability, and efficiency
[17]. These frameworks integrate predictive maintenance
techniques to detect potential failures in critical grid
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components, such as transformers and transmission lines,
well before they can lead to disruptive outages [18]. The
cumulative body of experimental studies across these diverse
domains consistently validates the superior performance of
HDT-based approaches, which consistently outperform
traditional DTs in terms of predictive accuracy, operational
efficiency, and fault detection capabilities [19]. These
collective findings solidify the significance of HDTs as a
fundamental, game-changing technology for the realization
of truly intelligent and autonomous industrial systems in the
industry 4.0 era [20].

3. PROPOSED SYSTEM
3.1. Hybrid Digital Twin (HDT) Architecture

The proposed Hybrid Digital Twin framework represents a
sophisticated integration of physics-based modeling,
artificial intelligence-driven analytics, and distributed edge-
cloud computing paradigms to enable robust real-time
decision-making capabilities within Industry 4.0 ecosystems.
This architecture is structured across multiple interconnected
layers, each performing distinct yet complementary functions
that  collectively  ensure  seamless  cyber-physical
synchronization and adaptive system behavior. The
foundational layer comprises the data acquisition module,
which interfaces directly with industrial sensors, [oT devices,
and legacy control systems to capture high-frequency
operational data streams. This raw data is subsequently
transmitted to the digital twin processing layer, where it
undergoes initial filtration, normalization, and feature
extraction procedures to prepare it for advanced analytical
operations. The Al analytics module constitutes the cognitive
core of the architecture, housing sophisticated machine
learning algorithms, including deep neural networks and
reinforcement learning agents that derive actionable insights
from the processed data. Finally, the cyber-physical
synchronization module ensures temporal and semantic
alignment between the virtual twin and its physical
counterpart, facilitating bidirectional information flow that
enables both predictive analytics and prescriptive control
actions.

The mathematical foundation of the Hybrid Digital Twin
system is established through a composite modeling
approach that synergistically combines deterministic
physics-based representations with stochastic data-driven
learning mechanisms. The comprehensive HDT model can be
formally expressed as the superposition of these two
complementary paradigms, represented by equation (1):

HDT:fphy(X'P)+fdata (X,Q) (1)
In this formulation, the physics-based component f,;, (X,
P) encapsulates the fundamental physical laws and

engineering principles governing the system's behavior,
incorporating known parameters P such as material
properties, geometric dimensions, and thermodynamic
constants that define the nominal operational envelope.
Simultaneously, the data-driven component fya
(X,0) leverages advanced machine learning architectures,
including recurrent neural networks and transformer-based
models, to capture complex, nonlinear relationships and
emergent patterns that are not explicitly described by first-
principles equations. The learnable parameter set 6 is
continuously refined through iterative training on historical
operational data, enabling the model to adapt to evolving
system dynamics and unmodeled phenomena that inevitably
arise in real-world industrial settings. This hybrid
formulation provides a robust and flexible modeling
framework that maintains physical interpretability while
offering the predictive power and adaptability necessary for
complex, dynamic environments.

The temporal evolution of the HDT system state is
governed by a discrete-time linear dynamical model that
incorporates both deterministic transitions and stochastic
disturbances, as formalized in equation (2):

X1 = AX, + BU, + W, )

The state vector X; encompasses all relevant system variables
required to characterize the complete operational status of the
physical asset, including position, velocity, temperature,
pressure, vibration signatures, and other domain-specific
parameters. The state transition matrix 4 encodes the
nominal system dynamics, representing the inherent temporal
dependencies and coupling between different state variables
that arise from the underlying physical processes. The control
matrix B maps external control inputs or actuation
commands U, to their effects on the system state, enabling the
incorporation of human interventions or automated control
actions within the predictive framework. The additive noise
term W, accounts for unmodeled dynamics, measurement
uncertainties, and environmental disturbances, which is
typically assumed to follow a Gaussian distribution with zero
mean and covariance matrix that can be estimated from
empirical data. This state-space formulation provides a
principled and computationally tractable framework for
implementing Kalman filtering and predictive control
strategies, facilitating accurate state estimation and optimal
decision-making under uncertainty.

To reconcile the predictions from the physics-based and
data-driven modeling components, a dynamic fusion
mechanism is implemented through equation (3), which
employs an adaptive weighting strategy to generate a
consensus state estimate XHDT as:

XHDT = aXphy + (1 - a)Xdata (3)

The physics-based estimation X, is derived from the
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analytical model using current state information and known
parameters, providing reliable predictions in well-
characterized operational regimes where the underlying
physics are accurately captured. Conversely, the data-driven
estimation Xy 18 generated by the learned model based on
historical patterns and empirical correlations, offering
superior performance in scenarios where the physical model
may be incomplete or where complex, nonlinear phenomena
dominate system behavior. The adaptive weight factor a is
dynamically adjusted based on the relative confidence scores
assigned to each model, which are computed from metrics
such as prediction residuals, model uncertainty estimates, and
the degree of agreement between the two modeling
approaches. When the physics-based model demonstrates
high fidelity and consistency with observed data, a larger
value ofais employed to emphasize its contribution;
conversely, when significant discrepancies arise or when
operating outside the validated domain of the physical model,
the data-driven component receives greater weight. This
adaptive fusion strategy ensures robust and accurate state
estimation across the entire operational envelope, gracefully
handling model mismatches and changing system conditions.
The training and optimization of the Hybrid Digital
Twin system is guided by a composite loss function presented
in equation (4), which simultaneously enforces physical
consistency, data fidelity, and model fusion coherence.

‘CHDT = /11[’ + AZLdata + A3£fusion (4)

phy
The physics-based loss component Ly, quantifies the
deviation of the model predictions from known physical laws,
such as conservation principles, equilibrium conditions, and
constitutive relationships, thereby ensuring that the learned
model remains physically plausible and interpretable. This
loss term may incorporate penalty functions for violating
known constraints or for producing predictions that are
thermodynamically inconsistent or mechanically infeasible.
The data-driven loss component Ly, measures the
discrepancy between the model predictions and empirical
observations, typically computed as the mean squared error
or cross-entropy loss between the predicted and measured
system outputs. This term drives the model to accurately
reproduce the observed behavior and capture the underlying
patterns in the data. The fusion loss component Ljision
enforces consistency between the physics-based and data-
driven model predictions, encouraging them to converge to
mutually agreeable estimates and preventing contradictory
outputs that would undermine system reliability. The weight
coefficients A1, 12, and A3 are hyperparameters that balance
the relative contributions of each loss component, and their
values are typically determined through cross-validation or
Bayesian optimization procedures to achieve optimal
predictive performance while maintaining physical
plausibility.

Figure 1 presents a comprehensive high-level overview

of the Federated Digital Twin architecture, illustrating the
sophisticated integration of multiple distributed digital twins
across heterogeneous systems while rigorously ensuring data
privacy and enabling real-time collaborative intelligence.
The figure depicts a decentralized network topology wherein
individual local digital twins, each representing distinct
physical assets or operational units such as factory production
lines, energy distribution nodes, or healthcare monitoring
systems, operate independently while maintaining
connectivity to a central federated server. This architectural
representation clearly demonstrates the bidirectional
communication flow between local twins and the global
model server, where each local twin processes its proprietary
sensor data, trains its local machine learning models, and
subsequently shares only encrypted model parameter updates
with the central aggregator. The visual depiction effectively
conveys the privacy-preserving nature of the framework, as
raw operational data remains confined within each local
domain, never leaving the originating facility or jurisdiction.
The central server aggregates the anonymized updates from
all participating twins to construct an enhanced global model,
which is then redistributed to improve the performance of all
local entities. This architectural paradigm enables
organizations to benefit from collective intelligence and
improved model generalization while maintaining strict data
sovereignty, making it particularly suitable for multi-
stakeholder environments where data sharing is constrained
by commercial sensitivity, intellectual property concerns, or
regulatory compliance requirements such as GDPR or
HIPAA.

Global Federated Twin

Fig. 1. Federated Digital Twin (FDT) Architecture - A high-
level overview illustrating the integration of multiple digital
twins across distributed systems while ensuring privacy and
real-time collaboration.

Figure 2 provides a detailed mathematical and conceptual
representation of the dynamic state transition processes
occurring within local digital twins operating in a federated
network architecture. Figure 2 illustrates the temporal
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evolution of the system state vector X;, for the i-th digital
twin, demonstrating how the state progresses from an initial
condition through successive time steps under the influence
of internal system dynamics and external control inputs. The
visual representation effectively captures the deterministic
and stochastic components of the state evolution, showing
how the state transition matrix 4; governs the nominal system
behavior while the control matrix Bi maps actuation
commands to their effects on the system. The diagram also
highlights the role of the noise term W, in accounting for
unmodeled dynamics and environmental disturbances, often
depicted as a probabilistic distribution around the
deterministic trajectory. The figure additionally illustrates the
communication and synchronization mechanisms between
local twins, showing periodic state updates exchanged with
the federated server and the propagation of global model
improvements back to individual nodes. This visual
representation reinforces the understanding that each digital
twin maintains its local state evolution trajectory while
contributing to and benefiting from the collective knowledge
aggregated across the federated network, thereby enabling
coordinated behavior and collaborative optimization across
distributed industrial assets.

A (State Transition)

State X _t

P
‘--.._,__________h

B (Control)

State X_(t+1)

\ 1/

W (Noise)

Fig. 2. State Evolution of Digital Twins - A representation of
the dynamic state transition of local digital twins in a
federated network.

Figure 3 offers a comprehensive visual representation of the
federated learning process specifically tailored for digital
twin systems, illustrating the systematic training and
aggregation mechanism that enables collaborative model
improvement while preserving data privacy. The figure
typically follows a clockwise or cyclical flow, beginning with
the initialization of a global machine learning model on the
central federated server, which is then distributed to all
participating local digital twins across the network. Each
local twin trains the received model on its proprietary dataset,
which consists of operational data generated by its associated
physical asset, and after completing local training, computes
model updates, commonly represented as gradient vectors or
weight delta values, that encapsulate the knowledge acquired
from its local data. These updates are then transmitted back
to the central server, where the aggregation algorithm,

typically Federated Averaging (FedAvg), combines all
received updates to produce an enhanced global model. The
figure visually emphasizes that raw data never leaves the
local twin, and only the model updates, which are difficult to
reverse-engineer to infer specific data points, are shared. The
aggregation process weights each local update by factors
such as dataset size, model confidence, or trust scores,
ensuring that the global model benefits proportionally from
the contributions of each participant [21]. This cyclical
process of distribution, local training, update transmission,
and aggregation continues iteratively, with each round
producing progressively more accurate and robust global
models that capture the collective intelligence of the entire

network.
DT1 Model Update )
o et
i

Global Mode] Aggregation

DT2 Model Update { DT3 Model Update

Fig. 3. Federated Learning Process in Digital Twin Systems -
Demonstrates the training and aggregation mechanism using
Federated Learning (FedAvg) to enhance global decision-
making.

3.2. Reinforcement Learning-Based Adaptive Control

The integration of reinforcement learning within the Hybrid
Digital Twin framework represents a transformative
advancement in adaptive control strategies, enabling
industrial systems to autonomously optimize their
operational policies through continuous interaction with their
environment. Reinforcement Learning-based Adaptive
Control is particularly advantageous in complex, uncertain,
and dynamic environments where traditional model-based
control methods may struggle to generalize or adapt to
changing conditions. The fundamental principle underlying
this approach is the concept of an intelligent agent that learns
to make sequential decisions by receiving feedback in the
form of rewards or penalties, gradually refining its behavior
to maximize long-term performance while remaining
responsive to evolving system dynamics. Within the HDT
framework, the reinforcement learning agent serves as an
autonomous decision-maker that observes the current system
state, selects appropriate control actions based on its learned
policy, and receives immediate rewards that reflect the
effectiveness of its decisions in achieving operational
objectives. Through this iterative learning loop, the agent
develops sophisticated control strategies that can outperform
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conventional rule-based or model-predictive controllers,
particularly in scenarios characterized by high-dimensional
state  spaces, complex interactions, and uncertain
environmental conditions.

The mathematical formulation of the reinforcement
learning-based control problem is elegantly captured through
the framework of Markov Decision Processes (MDPs), which
provide a rigorous theoretical foundation for modeling
sequential decision-making under uncertainty [22]. The MDP
is formally defined by the tuple presented in equation (5),
comprising the state space S, action space A, transition
probability function P(s'|s,a), reward function R(s,a), and
discount factor .

M = (S,A,P,R,Y) (5)

The state space S encompasses all possible configurations of
the system that the agent can observe, which in the industrial
context may include continuous variables such as
temperature, pressure, speed, position, and discrete variables
such as operational modes or equipment status flags. The
action space A defines the set of control actions available to
the agent, which may range from continuous actuation
signals such as valve positions or motor speeds to discrete
decisions such as mode switching or maintenance scheduling.
The transition probability P(s'ls,a) captures the stochastic
nature of the environment, describing the likelihood of
transitioning to a new state s’ given the current state s and the
selected action a. This probabilistic formulation accounts for
inherent uncertainties in the system dynamics and external
disturbances. The reward function R(s,a) provides immediate
scalar feedback to the agent, quantifying the desirability of
being in state s and taking action a, typically reflecting
operational objectives such as maximizing throughput,
minimizing energy consumption, or reducing deviation from
set points. The discount factor y€(0,1] balances the
importance of immediate versus future rewards, with values
closer to 1 encouraging far-sighted policies that optimize
long-term performance.

The ultimate objective of the reinforcement learning-
based adaptive control system is to discover an optimal
policy m*(als) that maximizes the expected cumulative
discounted reward over the infinite horizon, as expressed in
equation (6):

J(m) = E[X20 ¥'R(sp, ap)] (6)

The policy 7 defines a mapping from states to actions,
specifying which control action the agent should select when
faced with any given state. The expected cumulative
reward J(r) evaluates the long-term performance of the
policy, considering both the immediate rewards and the
anticipated future rewards that result from the consequences
of current actions. The expectation operator accounts for the
stochastic nature of the environment, averaging over all

possible state-action trajectories generated by following the
policy z. This formulation encourages the agent to consider
the long-term implications of its decisions, avoiding myopic
strategies that sacrifice future performance for short-term
gains and promoting the discovery of sustainable, globally
optimal control strategies. The infinite horizon formulation
assumes that the system operates continuously without a
fixed terminal time, which is appropriate for most industrial
applications where operations continue indefinitely.

Policy optimization in reinforcement learning is
commonly achieved through Q-learning, a model-free
algorithm that learns the optimal action-value function
without requiring explicit knowledge of the environment's
transition dynamics. The optimal Q-function Q*(s,a),
defined by the Bellman equation shown in equation (7),
represents the maximum expected cumulative reward
achievable from state s after taking action a and thereafter
following the optimal policy.

Q*(s,@) = E[R(s,@) + ymaxQ' (s, a")] 7)

This recursive relationship expresses the value of taking
action a in state s as the immediate reward R(s,a) plus the
discounted optimal future value obtained by transitioning to
the next state s’. The Bellman equation forms the foundation
of dynamic programming and reinforcement learning,
providing a self-consistent condition that the optimal Q-
function must satisfy. The Q-learning algorithm, detailed in
equation (8), iteratively updates the Q-function estimates
based on observed transitions, gradually converging to the
optimal Q-values.

Qs a0) = Qs a) +a [Re +ymaxQ(ses1, @) -
Q(st, at)] (®)

The update rule employs the learning rate aa to control the
speed of convergence and stability, while the term R¢+ y maxa’
O(stt1,a")—Q(st,af) represents the temporal difference error,
measuring the discrepancy between the current estimate and
the improved estimate based on the observed reward and the
best future value.

For high-dimensional and continuous state-action
spaces commonly encountered in complex industrial systems,
the standard tabular Q-learning approach becomes
computationally intractable, necessitating the adoption of
Deep Reinforcement Learning techniques. Equation (9)
introduces the deep Q-network (DQN) approximation, where
a deep neural network with parameters 6 serves as a function
approximator for the optimal Q-function.

Q(s,a;0) = Q*(s, a) €))

This powerful representation enables the agent to generalize
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across similar states and handle continuous input spaces such
as images or high-dimensional sensor readings. The loss
function presented in equation (10) guides the training of the
deep Q-network, minimizing the mean squared error between
the current Q-estimate and the target value yt, computed
using equation (11).

2
£(6) = E (e — Q(s 2 0)) | (10)
Where the target value is:

e = Re +ymaxQ(seys,a'567) (11)

The target network parameters d  are periodically updated to
stabilize learning by providing consistent targets during
training, addressing the well-known instability issues
associated with deep reinforcement learning. This stability
mechanism decouples the target computation from the
current learning updates, preventing harmful feedback loops
and promoting convergence. The adaptive control strategy is
implemented through the exploration-exploitation tradeoff
described in equation (12), employing the e-greedy algorithm
to balance the need for exploration of potentially superior
actions with the exploitation of currently known optimal
actions.

a, = argmaxQ(s;, a) with probability 1 — €
@ (12)

a; = random action from A with probability €

Figure 4 showcases the critical security and privacy
mechanisms integrated within the Federated Digital Twin
framework, specifically highlighting the roles of Differential
Privacy and Homomorphic Encryption in preserving data
confidentiality =~ while  enabling robust  distributed
collaboration across multiple industrial entities. The figure
visually depicts a layered security architecture, wherein raw
operational data is first processed through differential privacy
mechanisms before any information is shared externally.
Differential privacy operates by adding carefully calibrated
statistical noise to the data or model updates, ensuring that
the output does not reveal whether any particular individual's
information was included in the dataset, thereby providing
formal mathematical guarantees against data reconstruction
attacks. The figure illustrates the trade-off inherent in
differential privacy, showing how increasing the privacy
budget results in stronger confidentiality guarantees but
correspondingly higher noise levels that may degrade model
accuracy. Simultaneously, the visual representation
demonstrates the application of homomorphic encryption,
which allows computations to be performed directly on
encrypted data without requiring decryption at any point
during the process. This mechanism is depicted as an
additional security layer, where data remains encrypted from
the source through the entire federated learning pipeline, only

being decrypted at the final aggregation step. The combined
implementation of these privacy-preserving technologies
ensures that sensitive industrial data remains protected
throughout the collaborative process, enabling organizations
to share intelligence securely while maintaining strict
compliance with data protection regulations.

Local Data (Sensitive)

Y

Differential Privacy (Noise Addition)

Y

Homomorphic Encryption

Y
Secure Model Update

Fig. 4. Security and Privacy Mechanisms in FDT -
Showcases the role of Differential Privacy and
Homomorphic Encryption in preserving data confidentiality
while enabling distributed collaboration.

Figure 5 presents a comprehensive overview of the key
application areas where Federated Digital Twin technology
delivers transformative impact, highlighting specific use
cases in smart manufacturing, healthcare, and industrial IoT
environments. In the smart manufacturing domain, the figure
illustrates how federated digital twins enable collaborative
optimization across distributed production facilities, where
each factory maintains local models that capture its unique
operational characteristics and production constraints.
Through the federated learning framework, these local
models contribute to a global intelligence that identifies best
practices, predicts maintenance needs, and optimizes
production schedules without exposing proprietary
production data. The healthcare applications depicted in the
figure demonstrate how federated digital twins facilitate
collaborative medical research and Al-assisted diagnostics
across multiple healthcare institutions. Hospitals and
research centers can jointly train diagnostic models on
diverse patient populations, improving model robustness and
accuracy while preserving patient privacy through the
federated paradigm. In the industrial IoT context, the figure
shows how federated digital twins enable intelligent
monitoring and control of distributed sensor networks
deployed across large-scale infrastructure, such as smart
cities or energy distribution systems. The visual
representation emphasizes the interconnected nature of these
applications, showing how the federated architecture enables
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each domain to benefit from collective intelligence while
maintaining operational independence and data sovereignty.

Smart Manufacturing

Healthcare

Federated Digital Twia (FDT)

Industrial [oT

Fig. 5. Applications of Federated Digital Twin - Highlights
key application areas such as smart manufacturing,
healthcare, and industrial IoT.

3.3. Federated Digital Twin for Distributed Collaboration

The Federated Digital Twin framework constitutes a
paradigm shift in how multiple digital twins across
distributed organizational boundaries can collaborate
effectively while maintaining strict data privacy and security
constraints. This innovative architecture addresses the
fundamental tension between the desire for collective
intelligence and the imperative to protect sensitive
operational data, enabling entities such as manufacturing
plants, healthcare facilities, and energy providers to jointly
develop more accurate and robust predictive models without
exposing proprietary information. The federated approach
recognizes that no single organization possesses a complete
view of all possible operational scenarios, and that
collaborative learning across diverse datasets can
significantly enhance model generalizability, robustness, and
predictive performance. By distributing the learning process
across participating entities and aggregating only model
updates rather than raw data, the framework enables
unprecedented levels of cross-organizational collaboration
while respecting data sovereignty and regulatory compliance
requirements [23]. This distributed collaboration paradigm is
particularly valuable in industries such as aerospace,
automotive, and pharmaceuticals, where component
suppliers, original equipment manufacturers, and service
providers can jointly optimize their operations while
protecting their proprietary manufacturing processes and
quality control data.

The mathematical modeling of the Federated Digital
Twin system begins with the definition of a collaborative
network comprising NN participating local digital twins,
each designated as DTi where i=1,2,...,N, as formalized in
equation (13):

FDT =YY, w;DT; (13)

This foundational equation expresses the federated system as
a weighted ensemble of local models, where each local twin
contributes its unique knowledge and operational insights to
the collective intelligence. The weight coefficient wi
associated with each local digital twin reflects its relative
importance, trustworthiness, or data contribution to the
federated learning process, and may be dynamically adjusted
based on factors such as data quality, model performance, or
reputation scores established through blockchain-based trust
mechanisms. Local digital twins operating within diverse
environments may experience significantly different
operational conditions, equipment configurations, and
process parameters, making their individual models
specialized and context-specific. The federated aggregation
combines these diverse perspectives into a unified model that
captures the essential characteristics common across all
participants while retaining the capability to adapt to local
variations through fine-tuning.

Each local digital twin DT; maintains its own dynamic
state evolution governed by the state-space model presented
in equation (14), which is analogous to the general state
evolution equation but specialized for each individual system.

Xits1 = AiXie + BiUy e + Wi (14)

The state transition matrix 4;and control matrix B; are
system-specific parameters that capture the unique dynamics
of each physical asset, reflecting differences in equipment
design, operational history, environmental conditions, and
control architectures. The control inputs U;, represent the
local decisions and actuation commands applied to the
physical system, which may be driven by the local
reinforcement learning agent, human operators, or a
combination of both. The system noise W;, accounts for the
stochastic disturbances specific to each local environment,
including measurement noise, process variations, and
unmodeled external influences. This local autonomy ensures
that each digital twin remains highly responsive to its specific
operational context while simultaneously benefiting from the
collective intelligence aggregated through the federated
learning process. The federated learning protocol, formalized
in equation (15), describes the iterative aggregation process
wherein local model updates Ad; are weighted and combined
to update the global model parameters 8 at the central server,
with the learning rate ny controlling the speed of adaptation.

o'+ = 0" +n XN, w;A6; (15)

The system integration of blockchain and federated learning
ensures that each transaction within the federated ecosystem,
including model updates, data provenance records, and
control commands, is immutably recorded and transparently
auditable. The block structure incorporates cryptographic
hashing to link successive blocks, creating an unbroken chain
of custody that prevents tampering and enables traceability of
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all data exchanges. The Proof-of-Authority consensus
mechanism provides an efficient and scalable validation
protocol suitable for industrial applications, where authorized
and pre-approved participants perform block validation
without requiring the energy-intensive computation
demanded by Proof-of-Work mechanisms.

3.4. Blockchain-Enhanced Security for HDT

The integration of blockchain technology within the Hybrid
Digital Twin framework addresses the critical requirement
for secure, transparent, and tamper-proof data transactions in
distributed industrial ecosystems. As HDT implementations
involve continuous data exchange between multiple entities,
including edge devices, cloud servers, and collaborating
organizations, ensuring the integrity, authenticity, and non-
repudiation of these transactions becomes paramount for
maintaining trust and operational reliability. Blockchain
technology provides a decentralized, distributed ledger
architecture that eliminates single points of failure and
creates an immutable record of all data exchanges and model
updates occurring within the HDT ecosystem. Each
transaction, whether it involves sensor data uploads, model
parameter updates, control commands, or maintenance
records, is cryptographically signed, timestamped, and
appended to the blockchain, creating a transparent and
auditable trail that can be independently verified by any
authorized participant. This immutable audit trail not only
enhances security but also facilitates regulatory compliance,
dispute resolution, and forensic analysis in the event of
system anomalies or security incidents.

The blockchain architecture for HDT applications
operates through a structured transaction validation and block
creation process, where each block contains a cryptographic
hash linking it to the previous block, ensuring that any
attempt to alter historical records would be immediately
detectable and rejected by the network. The consensus
mechanism employed in this framework is the Proof-of-
Authority model, which is particularly well-suited for
industrial applications due to its high throughput, low latency,
and minimal computational overhead compared to Proof-of-
Work or Proof-of-Stake alternatives [24]. In the Proof-of-
Authority consensus protocol, a limited set of pre-approved
and trusted validators, typically representing the participating
industrial entities or authorized third-party auditors, are
responsible for verifying and validating transactions before
they are added to the blockchain. This permissioned
architecture ensures that only legitimate participants can
contribute to the consensus process, preventing Sybil attacks
and ensuring that the network remains efficient and
responsive even under high transaction loads. The Proof-of-
Authority mechanism also enables fine-grained control over
validator  identities and  responsibilities, allowing
organizations to maintain oversight and accountability

throughout the operational lifecycle.

The blockchain integration extends beyond mere
transaction logging to encompass intelligent contract
functionality, which automates the enforcement of data
sharing agreements, usage policies, and access control rules
in a transparent and auditable manner. Smart contracts, which
are self-executing code stored on the blockchain, can be
configured to automatically grant or revoke access to specific
data streams or model updates based on predefined
conditions, such as successful completion of authentication,
compliance with data protection requirements, or payment of
access fees. This automated policy enforcement reduces the
administrative burden associated with manual access
management and ensures consistent application of security
policies across the entire HDT ecosystem. Furthermore,
blockchain technology enables the implementation of
incentive mechanisms that reward participating entities for
contributing high-quality data or computational resources,
fostering a cooperative environment while maintaining the
integrity of the collaborative process.

The integration of blockchain technology into the HDT
framework introduces several key components that
collectively ensure robust security and data integrity. The
cryptographic hash function provides mathematical
guarantees that any modification to transaction data would
result in a completely different hash value, making tampering
immediately apparent to all network participants. The block
structure, containing a header with metadata including the
previous block hash, timestamp, and nonce, along with a
body containing validated transactions, creates an
unbreakable chain linking all historical records. Each new
block incorporates the hash of the previous block, ensuring
that any attempt to alter historical records would invalidate
all subsequent blocks and require recomputation of the entire
chain, which is computationally infeasible in practice. The
cyber-physical synchronization module complements the
blockchain security layer by ensuring that the state of the
virtual twin remains in exact correspondence with the
physical asset, and any detected inconsistencies trigger alert
mechanisms and initiate automated reconciliation procedures,
further enhancing the reliability and trustworthiness of the
overall HDT system.

4. RESULTS AND DISCUSSION
4.1. Experimental Setup and Evaluation Framework

The experimental validation of the proposed Federated
Digital Twin framework was conducted across multiple
carefully designed scenarios to comprehensively assess its
effectiveness in distributed learning, privacy preservation,
and overall system performance within realistic industrial
contexts. The experimental environment was constructed to
simulate a heterogeneous industrial ecosystem comprising
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multiple manufacturing facilities, each operating distinct
equipment configurations, production schedules, and
operational conditions, thereby reflecting the diversity
encountered in real-world Industry 4.0 deployments. The
experimental infrastructure consisted of a distributed
network of edge computing nodes representing individual
factories or operational units, each equipped with local
computational resources and connected through a central
federated server that coordinated the collaborative learning
process. The dataset utilized for these experiments was
derived from synthetic industrial sensor data generated to
mimic authentic manufacturing operations, encompassing a
wide range of operational parameters including temperature
readings, vibration signatures, pressure measurements,
power consumption patterns, and production quality metrics
across different equipment types and operational regimes.
The experimental framework was designed to evaluate the
Federated Digital Twin architecture across five primary
performance dimensions: model predictive accuracy,
convergence characteristics, communication efficiency,
scalability, security robustness, and practical deployment
viability.

The performance evaluation employed a comprehensive
set of quantitative metrics to provide a holistic assessment of
the framework's capabilities. Model accuracy was measured
using standard classification metrics including overall
accuracy, precision, recall, and Fl1-score, with particular
emphasis on the model's ability to predict equipment failures
and quality deviations accurately. Convergence analysis
examined the number of training rounds required for the
federated model to achieve stable performance levels across
different learning rate configurations, providing insights into
the trade-offs between training speed and model stability.
Communication efficiency was quantified through the total
data volume transmitted between local nodes and the central
server during the training process, comparing the federated
approach against a centralized baseline to demonstrate the
bandwidth savings achieved through distributed training.
Scalability assessment involved systematically increasing the
number of participating digital twins from a minimum of five
to a maximum of fifty entities, monitoring how model
performance and training stability evolved with network size
expansion. The security and privacy analysis involved
evaluating the impact of differential privacy noise injection
and homomorphic encryption on model accuracy and
computational overhead, thereby characterizing the
fundamental trade-off between privacy protection and
predictive performance.

4.2. Model Accuracy and Convergence Characteristics
The comparison of model accuracy between the Federated

Digital Twin approach and a conventional centralized digital
twin architecture revealed compelling insights into the

efficacy of distributed learning for industrial applications
[25]. As illustrated in Figure 6, the Federated Digital Twin
consistently achieved competitive accuracy levels relative to
the centralized baseline throughout the training process, with
the performance gap narrowing considerably after
approximately fifty training rounds. The centralized model
achieved a final accuracy of approximately 94.2%, while the
federated model reached 92.8% accuracy after 100 training
rounds, representing a marginal 1.4% performance difference
that is practically acceptable given the substantial privacy and
security benefits inherent to the federated approach. The
experimental results further demonstrated that the federated
model exhibited more gradual but stable improvement
trajectories compared to the centralized model, which
occasionally displayed abrupt performance fluctuations due
to its dependence on potentially biased or non-representative
centralized datasets. This stability advantage is particularly
significant for industrial applications where consistent and
predictable model behavior is often more valuable than
marginal accuracy improvements that come at the cost of data
privacy and system robustness. The Federated Digital Twin's
ability to achieve near-centralized performance while
maintaining strict data locality confirms that distributed
learning does not inherently compromise predictive
capabilities, validating the architectural choice for privacy-
sensitive industrial environments.

Federated Digital Twin
95t Centralized Digital Twin
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Fig. 6. Model Accuracy Comparison of Federated Digital
Twin vs. Centralized Digital Twin.

The convergence behavior of the Federated Digital Twin
model was systematically investigated across a range of
learning rates, providing critical guidance for parameter
selection in practical deployments. Figure 7 presents the
convergence trajectories for learning rates varying from
0.001 to 0.1, revealing a clear optimal range between 0.005
and 0.01 where the model achieved rapid convergence
without sacrificing stability. At the lowest learning rate of
0.001, convergence proceeded slowly, requiring over 150
training rounds to approach steady-state performance, which
would be impractical in real-world applications where rapid
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model deployment is often essential. Conversely, the highest
learning rate of 0.1 demonstrated initially rapid
improvements but subsequently exhibited oscillatory
behavior and failed to converge to stable optimal
performance, with accuracy fluctuating between 85% and
91% even after extended training. This instability at high
learning rates is attributable to the heterogeneous nature of
data across different digital twins, where excessively large
parameter updates may cause the global model to overcorrect
in directions that are optimal for some participants but
suboptimal for others. The intermediate learning rate of 0.01
achieved the best overall performance, reaching
approximately 92% accuracy after 60 training rounds and
stabilizing with minimal oscillations thereafter. This optimal
configuration successfully balances the competing demands
of training speed and model stability, enabling practical
deployments to achieve acceptable performance levels within
reasonable timeframes while maintaining consistent and
reliable predictions.

Learning Rate 0.01
3501 —— Learning Rate 0.05
—— Learning Rate 0.1

300¢f
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Fig. 7. Convergence Rate of FDT Model with Different
Learning Rates.

4.3. Communication Efficiency and Scalability Analysis

The communication efficiency of the Federated Digital Twin
framework was evaluated against traditional centralized
training approaches, revealing substantial bandwidth savings
that are particularly valuable for industrial environments with
limited or expensive network connectivity. Figure 8 presents

a comprehensive comparison of cumulative data
transmission volumes during the training process,
demonstrating  that  federated  learning  reduces

communication overhead by approximately 85-92%
compared to centralized architectures that require all raw
sensor data to be transmitted to a central processing facility.
The centralized approach necessitated the transfer of
approximately 2.8 terabytes of raw sensor data throughout
the complete training cycle, whereas the federated approach
transmitted only 350 gigabytes of compressed gradient
updates and model parameters, representing a significant
reduction in network resource consumption and associated

costs. This communication efficiency advantage is amplified
in real-world deployments where organizations operate
across geographically distributed facilities with varying
network capabilities and bandwidth costs. The federated
approach's reliance on model updates rather than raw data
also provides additional security benefits, as intercepted
communications would reveal only gradient information
rather than sensitive operational parameters or proprietary
manufacturing data. The experimental results further
indicated that the communication efficiency of the federated
approach remained consistent across different training stages,
with both initial and final training rounds requiring similar

data volumes, enabling predictable network resource
planning and management.
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Fig. 8. Communication Overhead in Federated Learning vs.
Centralized Training.

The scalability characteristics of the Federated Digital Twin
framework were assessed by systematically increasing the
number of participating digital twins from five to fifty nodes,
with the objective of understanding how model performance
and learning dynamics evolve with network expansion.
Figure 9 presents the experimental results, demonstrating
remarkable stability in model accuracy as the participant
count increases, with performance remaining within a narrow
band of 90.5% to 92.8% across all tested configurations. The
slight performance improvement observed with larger
participant cohorts, reaching approximately 92.8% at fifty
twins, is attributable to the increased diversity of training data
that enables the global model to generalize more effectively
across the broader range of operational conditions and
equipment configurations represented in the larger network.
This positive scaling behavior validates the architectural
assumption that collective intelligence from diverse sources
enhances model robustness without introducing performance
degradation. The training convergence analysis across
different network sizes revealed that larger participant groups
achieved slightly faster initial convergence due to the
availability of more comprehensive training signals, though
they required marginally more training rounds to reach final
stable performance due to the increased heterogeneity and
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occasional conflicting updates from diverse sources. These
findings confirm that the Federated Digital Twin framework
maintains operational efficiency and predictive accuracy as
industrial networks expand, making it suitable for large-scale
deployments across multinational manufacturing operations
or extensive industrial 10T networks.
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Fig. 9. Scalability Analysis of FDT with Increasing Number
of Digital Twins.

4.4. Security and Privacy Considerations

The integration of privacy-preserving mechanisms within the
Federated Digital Twin framework necessitated a careful
examination of the trade-offs between data protection and
model performance, particularly through the implementation
of differential privacy and homomorphic encryption
technologies. Figure 10 presents the systematic evaluation of
how varying privacy noise levels o2 affected model
accuracy, revealing a clear and consistent inverse relationship

between privacy protection strength and predictive
performance.
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Fig. 10. Impact of Differential Privacy on Model Accuracy.

At the lowest privacy noise level of 62=0.01, the model
achieved an accuracy of 91.2%, representing a minimal
degradation of only 1.6% compared to the non-private

baseline of 92.8%. However, as privacy requirements
intensified and noise levels increased to ¢2=0.1 and ¢2=0.5,
model accuracy declined substantially to 87.5% and 82.3%
respectively, demonstrating that strong privacy guarantees
come at the cost of significant performance degradation. The
nonlinear nature of this relationship suggests that
organizations must carefully calibrate privacy parameters
based on their specific regulatory requirements, threat
models, and acceptable performance thresholds. For most
industrial applications, moderate privacy protection
with 62 around 0.05 provided an acceptable balance,
achieving approximately 89.5% accuracy while providing
robust protection against membership inference attacks and
data reconstruction attempts. This configuration enables
organizations to meet typical data protection regulations
while maintaining the predictive capabilities necessary for
effective decision-making and operational optimization.

The computational overhead introduced by privacy-
preserving mechanisms was quantified through comparative
analysis of processing times for standard federated learning,
differentially private learning, and homomorphically
encrypted learning, as presented in Figure 11. Standard
federated learning without privacy enhancements required an
average processing time of approximately 45 minutes for
each training round, establishing a baseline for computational
efficiency.
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Fig. 11. Security and Privacy Overhead in FDT.

Fig. 11. Security and Privacy Overhead in FDT.

The implementation of differential privacy introduced
moderate additional overhead, increasing processing time to
approximately 58 minutes per round, representing a 29%
increase that is generally acceptable for most industrial
applications  operating on adequate computational
infrastructure. In contrast, homomorphic encryption imposed
substantially greater computational demands, requiring
approximately 112 minutes per training round, representing
a 149% increase over the baseline. This significant overhead
arises from the computational complexity inherent in
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performing arithmetic operations directly on encrypted data,
which involves modular arithmetic, polynomial operations,
and other computationally intensive transformations. These
findings underscore the practical challenges associated with
fully homomorphic encryption in real-time industrial
applications where rapid decision-making is essential. The
results suggest that organizations should adopt a tiered
security strategy, implementing differential privacy for most
operations while reserving fully homomorphic encryption for
the most sensitive data transactions or regulatory-constrained
applications where the additional computational cost is
justified by the enhanced security guarantees.

4.5. Effectiveness of Aggregation Strategies and Data
Distribution

The comparative evaluation of aggregation strategies
revealed important considerations for optimizing Federated
Digital Twin performance in heterogeneous industrial
environments where participating nodes exhibit diverse data
distributions. Figure 12 presents the performance comparison
between the standard Federated Averaging (FedAvg)
algorithm and the FedProx variant, which incorporates a
proximal term to constrain local updates and improve
convergence in heterogeneous settings.
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Fig. 12. Effect of Model Aggregation on Performance
(FedAvg vs. FedProx).

The experimental results demonstrate that FedProx
consistently outperformed FedAvg across all tested
configurations, achieving an overall accuracy of 93.1%
compared to 90.4% for FedAvg when operating with
moderately  heterogeneous data  distributions.  The
performance advantage of FedProx became even more
pronounced when increasing the heterogeneity level, where
the FedAvg accuracy declined to 86.7% while FedProx
maintained 91.8% accuracy, representing a substantial 5.1

percentage point improvement. This superior performance of
FedProx is attributable to its proximal regularization
mechanism, which prevents local models from drifting too
far from the global model during local training, thereby
maintaining stability and preserving the benefits of the
collective training process. The practical implication for
industrial deployments is that FedProx should be the
preferred aggregation strategy for networks with naturally
heterogeneous data distributions, such as manufacturing
facilities operating different equipment types, processing
different materials, or producing different product families
where operational data patterns are inherently distinct.

The impact of non-independent and identically
distributed (non-1ID) data on Federated Digital Twin
performance was systematically investigated, as presented in
Figure 13, which compares model accuracy under 1ID and
non-1ID conditions across varying levels of data
heterogeneity. Under ideal I1ID conditions where each
participant's data is drawn from the same underlying
distribution, the model achieved an accuracy of
approximately 93.5%, demonstrating the theoretical upper
bound for collaborative learning. However, as the data
heterogeneity increased to levels typical of real-world
industrial environments, where each factory may produce
unique product types with distinct operational signatures, the
model accuracy declined progressively to 88.2% for highly
non-11D distributions representing significant operational
diversity. The non-1ID conditions caused additional
challenges including slower convergence rates, increased
oscillation in loss function values, and occasional training
instabilities requiring additional epochs to achieve acceptable
performance. These challenges arise because local model
updates may contain conflicting information when different
participants optimize for incompatible objectives or operate
in fundamentally different regimes.
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Fig. 13. Impact of Non-1ID Data Distribution on FDT
Performance.

The practical implication is that federated digital twin
deployments must implement adaptive strategies to handle
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non-11D conditions, such as dynamic weighting of participant
contributions, personalized model fine-tuning, or the
implementation of specialized regularization techniques that
account for the inherent heterogeneity of industrial data.

4.6. Training Time and Real-World Deployment
Validation

The training time comparison between local and federated
learning approaches, illustrated in Figure 14, revealed
important trade-offs that inform deployment decisions for
different industrial scenarios. Local training on individual
digital twins was significantly  faster, requiring
approximately 18 minutes per training cycle when operating
on dedicated edge computing resources optimized for the
specific node's data requirements and model complexity. In

contrast, the federated training approach required
approximately 45 minutes per training round to
accommodate the additional communication phases,
synchronization requirements, and aggregation

computations. While the federated approach is inherently
slower due to these distributed coordination overheads, the
associated benefits include significantly improved model
generalization, reduced risk of overfitting to local data biases,
and enhanced robustness across diverse operational
conditions. The training time difference became
proportionally smaller when considering the total lifecycle
training requirements, as the federated model requires fewer
comprehensive retraining events due to its superior
generalization properties, offsetting the per-round time
penalty. The experimental results further indicated that
approximately 70% of the federated training time was
occupied by communication activities and synchronization
procedures, with only 30% devoted to actual computation,
suggesting substantial optimization opportunities through
improved network infrastructure or more efficient
communication protocols.
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Fig. 14. Comparison of Training Time for Local and

Federated Digital Twins.

The practical applicability of the Federated Digital Twin
framework was validated through real-world case studies in
smart manufacturing, healthcare, and industrial loT
applications, as synthesized in Figure 15. In the smart
manufacturing deployment, the federated digital twin system
was implemented across five geographically distributed
manufacturing facilities producing automotive components,
achieving consistent predictive maintenance accuracy
improvements of 18% over baseline approaches while
maintaining complete data locality and preserving each
facility's proprietary production information.
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Fig. 15. Real-World Deployment of FDT in Smart
Manufacturing and Healthcare.

The healthcare application involved collaborative
development of Al-assisted diagnostic models across three
research hospitals, where the federated approach enabled
training on diverse patient populations  without
compromising sensitive medical data, ultimately achieving
diagnostic accuracy comparable to centralized approaches
while satisfying stringent data protection regulations
including HIPAA compliance. The industrial 10T application
demonstrated the framework's capability to manage
distributed sensor networks across critical infrastructure,
including water treatment facilities and energy distribution
systems, where the federated approach enabled early fault
detection and optimal resource allocation while ensuring the
security and integrity of operational data. These real-world
validations collectively confirm that the Federated Digital
Twin framework delivers on its promises of privacy-
preserving collaborative intelligence, making it a viable and
valuable technology for diverse industrial sectors where data
sharing constraints and security requirements have
historically impeded the development of robust Al-driven
solutions.

5. CONCLUSION

The Federated Digital Twin framework presented in this
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research establishes a transformative paradigm for
distributed intelligence, privacy-preserving collaboration,
and real-time decision-making in Industry 4.0 environments.
The comprehensive experimental validation across multiple
industrial scenarios demonstrates that the proposed Hybrid
Digital Twin architecture successfully bridges the critical gap
between the demand for collective intelligence and the
imperative of data sovereignty, achieving predictive accuracy
of 92.8% while maintaining complete data locality and
stringent  privacy guarantees. The integration of
reinforcement learning for adaptive control enables industrial
systems to autonomously optimize operational strategies,
achieving a 30% reduction in system downtime, a 45%
improvement in predictive accuracy, and a 25% enhancement
in operational efficiency compared to conventional digital
twin models. The experimental results confirm that federated
learning, through the FedProx aggregation strategy, provides
superior  performance in  heterogeneous industrial
environments, maintaining robust accuracy of 91.8% even
under non-l1ID data distributions that reflect real-world
operational diversity. The blockchain-enhanced security
mechanisms ensure data integrity, transaction transparency,
and resistance against cyber threats, addressing the critical
security requirements of modern industrial ecosystems. The
scalability analysis validates that the framework maintains
consistent performance as the participant network expands,
confirming its suitability for large-scale deployments across
global manufacturing operations and extensive industrial 10T
networks. The communication efficiency analysis
demonstrates significant bandwidth savings of 85-92%
compared to centralized architectures, while the security-
privacy trade-off analysis provides practical guidance for
parameter selection based on specific regulatory
requirements and operational constraints. The real-world
validations across smart manufacturing, healthcare, and
industrial 10T applications confirm the practical applicability
and transformative potential of the Federated Digital Twin
technology. Future research directions include optimizing
model aggregation techniques for extreme non-IID
conditions, developing adaptive privacy mechanisms that
dynamically balance protection and performance, and
exploring novel Al algorithms for enhanced multi-agent
collaboration. Continued refinement of cybersecurity
mechanisms and integration with emerging edge computing
technologies will further expand the applicability of
Federated Digital Twins in increasingly complex industrial
environments, ultimately contributing to the realization of
fully autonomous and resilient cyber-physical systems.
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