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Abstract

The dynamic covalent polymer networks (DCPNs) has the highest allurement because of the
reversibility of all of the chemicals and repetitive. The process of convalescence is delayed, the sense
of source betrayal and acting relations is too strong. This transport to our material situation is an ever-
refrigerated digital twin in this painting which was developed through repetition produced by constant
synchronism sensors of the 10T that is constantly refined by reinforcement learning. The technological
process of adaptive optimization allowed raising the effectiveness of the healing process to the level of
almost ninety percent, decreasing the number of residues stress factors by almost a half and energy
requirements on the outside by a third. The digital twin predicted these states with minimal error and
a fine-tuning of the stimulus application was provided in real-time by the reinforcement learning
controller. Ablation study made the insistence that all the layers were value adding but this is only when
added together they gave the same value. It is not simply an incremental product. Once sensing and
learning is implanted, the DCPNs will feel more like the less rigid objects because of their responsive
and expected behavior. This change is significant to the existing uses where consistency in harsh
environments is vital, including aerospace laminates with the Internet of Things-based structures.
Though the observations were done only under controlled circumstances, this method is a connotation
of a larger trend: polymers, which on their own, but also learn how to stay tough.
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of reaction time [4]. The properties are also applied in structural composites, adhesives, and packaging,
biomedical scaffolds and energy devices where DCPNSs are also under investigation [5, 6]. Temperature
gradients, humidity cycles, chemical exposures, or repetitive stress can all alter the kinetics of bond
exchange. Over time, these factors accumulate, reducing the efficiency of self-healing and accelerating
material fatigue [7, 8]. A polymer that heals 90% of its tensile strength in a controlled experiment may
only achieve 60-70% under outdoor conditions [9]. This mismatch between expected and actual
performance remains one of the core limitations of DCPN applications.

Traditional characterization methods are partly responsible for this gap [10]. Most studies rely on
batch testing — prepare a sample, expose it to a stimulus, measure a property, and report an average
result. While these measurements provide valuable insights, they miss the continuous, time-varying
nature of polymer response. The network is not static; it evolves under every applied load and
environmental fluctuation. As a result, materials often fail earlier than predicted. Worse, such failures
may occur without warning because no continuous monitoring framework exists. For mission-critical
uses, such as aerospace panels, implantable medical devices, or autonomous vehicle components, this
unpredictability is unacceptable [11]. The emerging concept of digital twins (DTs) offers a way forward
[12]. A digital twin is a living, computational representation of a physical system that updates itself
with real-time data from sensors. Unlike conventional simulations, which are static and offline, a DT
mirrors the actual material state as it evolves. By feeding real-time measurements into a continuously
learning model, a digital twin can forecast degradation, anticipate failures, and even suggest corrective
actions. In metals and large-scale composite structures, DTs are already transforming predictive
maintenance and condition monitoring [13]. Aircraft turbine blades, bridges, and manufacturing lines
are now monitored with DTs that integrate sensor data, physics-based models, and machine learning.
However, in the polymer science domain — especially in dynamic networks — the application of DTs is
still in its infancy. Most published work treats self-healing as an inherent property to be quantified, not
as a process that can be optimized adaptively in operation [14].

Parallel to this development is the rapid expansion of the Internet of Things (10T) [15]. Sensors have
become smaller, cheaper, and more power efficient. They can now be directly embedded within or
attached to polymer structures. Strain gauges, temperature probes, humidity sensors, and chemical
detectors can continuously record environmental and mechanical states. These data streams can be
transmitted wirelessly to local edge processors or cloud platforms for further analysis. In civil
infrastructure and energy systems, loT monitoring is already common practice. Bridges equipped with
loT strain sensors provide early warnings of fatigue. Wind turbine blades use distributed sensors to
detect crack propagation. Yet, the polymer sector — especially smart polymers — has lagged in adopting
loT for continuous monitoring. For DCPNSs, integrating 10T is not just beneficial; it is essential if they
are to fulfill their promise of adaptive, resilient materials.

The synergy between digital twins and IoT monitoring is where the real novelty lies. 10T sensors
provide the continuous stream of measurements. The DT processes these data, calibrates bond-exchange
kinetics, and predicts how the polymer will behave under current and future conditions. Feedback loops
can be designed such that the DT not only predicts but also optimizes. Reinforcement learning
algorithms, for example, can adjust operational parameters in real time to maximize healing efficiency
or minimize fatigue accumulation. This transforms a passive material into a cyber-physical system,
capable of evolving responses dynamically.

To illustrate, consider a DCPN coating exposed to cyclic mechanical stress and fluctuating humidity.
10T strain sensors capture elongation patterns while humidity sensors record environmental conditions.
These inputs are transmitted to the DT, which uses a predictive model to simulate bond exchange rates
and healing capacity. If the DT detects that high humidity accelerates bond scission, it may recommend
adjusting curing protocols, heating cycles, or even external stimulus schedules to offset the effect. Over
time, reinforcement learning optimizes this strategy, guiding the material system toward states of higher
resilience. Without such integration, the polymer would degrade silently until catastrophic failure.
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Despite the conceptual promise, several open questions remain. Can 10T sensors capture the fine-
scale variations in stress and chemistry that matter for bond exchange kinetics? How can stochastic
fluctuations be incorporated into predictive DT models without overfitting? What level of
computational overhead is acceptable for real-time decision-making, especially when edge devices with
limited resources are involved? Most importantly, can the feedback from DT to the physical polymer
be designed in a way that is practical, scalable, and cost-effective? These are not trivial questions, but
addressing them is essential if DCPNs are to transition from laboratory curiosities into mainstream
engineering materials.

This study addresses these gaps by presenting a digital twin-driven optimization framework for
DCPNs under real-time 1oT monitoring. The twin continuously ingests sensor data, updates predictive
models, and employs optimization algorithms to enhance self-healing and mechanical resilience. The
system is tested under variable stress and environmental conditions to highlight how digital-twin-guided
interventions extend material functionality. The broader vision is to redefine smart polymers not as
static systems with fixed properties but as evolving, adaptive materials embedded within cyber-physical
ecosystems.

The main contributions of this work are threefold. First the Study develops a detailed framework that
merges digital twins with loT-enabled sensing specifically for dynamic covalent polymer networks.
Second, it demonstrates how reinforcement learning and data-driven optimization can be applied to
real-time polymer adaptation, moving beyond simple characterization. Third, it provides a vision for
future cyber-physical polymers where the boundary between material science and systems engineering
becomes blurred. This approach lays the foundation for polymers that not only heal themselves but also
learn and adapt over their operational lifetime.

LITERATURE REVIEW

Research on dynamic covalent polymer networks (DCPNs) has grown rapidly, yet the field remains
fragmented across chemistry, mechanics, and systems integration. Early works focused primarily on
the synthesis of reversible linkages, demonstrating self-healing and recyclability under controlled
conditions [13]. Such studies laid the foundation, showing that reversible imine, disulfide, and Diels—
Alder reactions could be triggered by heat, pH, or light to repair damaged networks [14].

These findings positioned DCPNs as promising alternatives to traditional thermosets, which fail once
fractured. However, the majority of early investigations emphasized chemical pathways without
adequately addressing how environmental variability impacts healing kinetics or long-term reliability
[15].

The past few years have seen a shift toward application-driven research. For example, vitrimers with
associative bond exchange mechanisms have been reported for aerospace-grade composites, where both
heat resistance and reprocessability are critical [16]. Similarly, Schiff-base crosslinked networks have
been developed for biomedical scaffolds due to their biocompatibility and tunable degradation rates
[17]. These works highlight the versatility of DCPNs across domains. Yet, they also reveal a consistent
gap: most performance assessments are limited to static or accelerated laboratory tests, while real-world
conditions involve continuous mechanical loading and fluctuating environments [18].

Digital twin approaches in materials science have followed a different trajectory. Metals and
structural composites were the first beneficiaries, with predictive models linked to sensor data for
fatigue assessment and lifecycle management [19]. Studies in aerospace engineering demonstrate how
digital twins can extend maintenance intervals by predicting crack propagation before failure occurs
[20]. In civil infrastructure, DTs now support bridges and tunnels with integrated IoT monitoring,
ensuring early detection of anomalies [21]. The polymer domain, however, has lagged significantly
behind. A handful of exploratory studies exist where polymer composites are modeled digitally, but
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these are often offline simulations without real-time feedback [22]. For DCPNSs, virtually no mature
digital twin frameworks have been reported, leaving a clear opportunity for innovation [23].

The rise of 10T technologies adds another dimension. Lightweight, embedded sensors capable of
monitoring strain, temperature, and humidity have become common in structural health monitoring
[24]. Their application to polymers, however, is relatively recent. Several studies have integrated
wireless strain gauges into epoxy composites, enabling continuous monitoring under cyclic fatigue [25].
Similar methods have been extended to elastomers and hybrid composites, where embedded sensors
provide real-time data during operational stress [26]. Still, very few works directly explore the coupling
of 10T sensing with the dynamic nature of reversible covalent bonds. In most cases, 10T serves as a
passive recorder of degradation rather than an active component in adaptive material optimization [27].

Recent trends in machine learning and reinforcement learning further expand the horizon. Predictive
algorithms are increasingly employed to calibrate digital twins with live sensor data, particularly in
energy systems and robotics [28]. Reinforcement learning, in particular, provides a route for continuous
optimization, where the system learns by interacting with the environment.

Such techniques are now being applied in autonomous robotics and smart manufacturing, but their
application in polymer science remains largely unexplored [29]. Integrating RL with digital twins of
DCPNs could allow real-time tuning of parameters such as bond exchange rates, stress distribution, and
healing cycles. This direction represents a step beyond characterization and into active control of
material properties.

Synthesizing these strands, the state of research reveals both progress and limitations. The chemistry
of DCPNs is well established, and their self-healing capacity under controlled conditions is well
documented [30]. 10T has matured to the point where continuous monitoring is feasible at small scales.
Digital twins have proven their value in metals, composites, and large infrastructure systems. Yet, the
three threads — DCPNSs, 10T, and digital twins — remain largely disconnected.

Table 1 consolidates key contributions from recent literature and underlines the persisting gaps in the
field. Studies on DCPNs have demonstrated promising self-healing and sustainable chemistries [1, 3,
5], yet their evaluations are confined mainly to controlled laboratory conditions without adaptive
optimization.

Parallel advances in digital twin and machine learning applications [4, 11, 20] confirm the feasibility
of predictive modeling but remain detached from polymer-specific implementations. loT-enabled
monitoring frameworks [7] illustrate the potential for continuous data collection, though they often act
as passive recorders rather than active drivers of material behavior. Taken together, the literature points
to a fragmented landscape where chemical innovation, sensing technologies, and digital modeling
evolve in parallel but rarely intersect. This gap justifies the need for an integrated digital twin—loT
framework for real-time optimization of DCPNs, which is the central focus of the present study.

The literature shows promising fragments, but no comprehensive framework that unites real-time
sensing with adaptive modeling for polymer optimization. This gap defines the motivation of the present
work: to design a digital twin-driven 10T framework that actively optimizes DCPN behavior under
operational stress, pushing polymer science into the realm of cyber-physical adaptive systems.

METHODOLOGY

This proposed work suggests framework based on a digital twin that is strongly integrated with 1oT-
enabled sensors to achieve optimal digit-level control of dynamic covalent polymer network trends in
environments that vary in tension and characteristics.
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Table 1. Recent studies on dcpns, [oT integration, and digital twin frameworks: methods, findings,

and gaps.
S. |Author(s) /|Title/ Focus Area |Methodology /|Key Findings Limitations /|Relevance to
No.|Year / Ref. Tools Used Gaps ldentified |Current Study
No.
1 |E. Ajvazi et|Dynamic covalent|Synthesis of|Demonstrated Evaluated  only|Forms  chemical
al., 2025 [1] |polymer networks|silicone-based reprocessable under static|basis for DCPNs;
of silicone|DCPNSs; structural|silicone conditions; lacked|motivates DT—loT
elastomers via|& mechanical|elastomers  with|predictive integration for real-
organoborane characterization dynamic feedback time optimization
Lewis-pairs crosslinks
2 |Z. Wu et al.,|Dynamic cross-|Engineered Achieved Absent  adaptive|Shows  material
2025 [3] linked topological|topological network|simultaneous optimization; no|innovation; gap in
network with dynamic|toughness  and|real-time DT|coupling with DT-
reconciling bonds; elasticity framework driven monitoring
contradictory experimental
polymer properties |testing
3 |Khan, I. et al.,|Integration of|{Combined ML and|Validated DT-|Restricted to|Demonstrates
2025 [4] machine learning|DT for AM|ML synergy for|additive feasibility of DT—
and digital twin in|polymers; process|defect prediction |manufacturing, (ML frameworks,
additive optimization not self-healing|extendable to
manufacturing polymers DCPNs
4 |L. Chen et al.,|Bio-based solvent-|Developed bio-|Achieved high-|Focused on|Aligns with
2025 [5] free epoxy|based vitrimers; |performance material sustainable
vitrimers with|mechanical &|sustainable chemistry; lacked|materials; gap in
dynamic imine|recyclability tests  |vitrimers adaptive  control{connecting  eco-
bonds mechanisms materials with
10T/DT
optimization
5 |X. Xu et al.,|Deep-learning- Applied DL + DT to|Improved Study limited to|Inspires DL-DT
2023 [11] enhanced  digital{composites under|accuracy of DT|composites;  no|coupling for
twinning of{mechanical stress |predictions focus on dynamic|adaptive polymer
composite polymers systems
structures
6 |J. Ren et al.,|Industrial Reviewed DT|Documented Coverage generic;|Highlights general
2025 [20] applications of|applications across|DT’s role in|lacked focus on|DT maturity;
digital twins: A|manufacturing predictive polymers or|supports polymer-
systematic review [domains maintenance reversible specific DT
chemistry frameworks
7 M. Real-time Comprehensive loT provides(loT treated as|Motivates active
Karuppusamy |monitoring infreview of  loT-|continuous passive recorder;{loT-DT coupling
et al., 2025 [7] |polymer enabled SHM monitoring &|no DT-driven|for DCPNs under
composites via loT sustainability optimization real-world stress
integration benefits

The approach constitutes an amalgamation of the preparation of materials, sensor in conjunction
sensors observing, predictive modeling, and control in adaptive form, a complete cycle in a cyber-
physical. It is novel to combine chemical-level bond dynamics with digital twin calibration and it has
not been described with polymer networks reinforced with reinforcement learning. Although previous
studies covered either material chemistry or monitoring separately, this paradigm proactively connects
reversible covalent kinetics and information-grounded decision making. The available DCPNs only
have only limited evaluation activities as well as passive monitoring.

Material System and Experimental Preparation
The paper begins with a dynamic covalent polymer network (DCPN) and it is geared towards the
exchange of bonds in a reversible manner under mild conditions. Formulation balances were achieved
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between the chain mobility and network rigidity where structural stability and relaxation of the stress
can be achieved.

The connection is ensured through relative associative dynamic chemistries such as imines
transesterification around which the crosslinks are made. Specimens are fabricated in form of standards
in tensile and fatigue tests plus the testing of healing-cycle through fabrication of standardized coupons
and thin plates.

The guidelines such as processing entail removal of trapped air to eliminate it and controlled cure to
extend flout of batches to the minimal. These steps ensure that experimental outcomes can be mapped
directly into the digital twin (DT) framework without introducing geometric or thermal bias.

Two baseline characterizations are carried out before coupling the material to the cyber-physical
system. First, equilibrium crosslink density is measured through tensile and dynamic mechanical
analysis (DMA). Second, bond-exchange kinetics are determined from stress-relaxation experiments
across multiple temperatures. Together, these datasets initialize the kinetic parameters of the DT (see
Figure 1).

Bond reshuffling is modeled using an Arrhenius relation. The exchange rate constant is given in
Equation (1):

kex(ry = ko exp ( - If—“T) 1)

Here, KO is the pre-exponential factor, Ea the activation energy, R the gas constant, and T the absolute
temperature. Values of kO and Ea are first obtained from relaxation curves, then refined in later stages
through sensor-driven calibration. To capture the interaction between chemical healing and mechanical
loading, we define a healing state variable h(t), bounded between 0 and 1. Its evolution is described in
Equation (2):

dh
— = kex(T)(l -h) — ﬁ a(t)m h (2)

dt
Calibration
(Eqs (4), (5))
Material RO¥
Prep Mapping

v

Signal Optimization
Conditioning RL
(Eq 3) (Eqs (6), (7))

Vs

T

Validation DT core
outputs (Eqs (1), (2))

-
Optimization
RL
(Egs (6), (7))
-

Figure 1. Workflow overview connecting material preparation, ROl mapping, digital twin.
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The first term represents healing driven by bond exchange, scaled by the unhealed fraction (1-h).
The second term accounts for the suppressive effect of applied stress, where o(t) is the time-varying
true stress, and mmm reflects its sensitivity. Parameters o, 8, and m are later updated within the DT
through online optimization.

Specimens are seeded with controlled defects to trigger repeatable damage-healing cycles. Both
isothermal and dynamic thermal ramps are applied to span the operational range of kex(T).

Each step of preparation is logged with time-stamped metadata — including mixing ratios, cure
history, and applied thermal protocols — that are directly ingested by the DT as contextual variables.
This linkage ensures that predictions based on Equations (1) and (2) remain sensitive to actual
processing conditions. This workflow is illustrated schematically in Figure 1, where material
preparation, ROl mapping, and digital twin initialization are shown as sequential modules.

Finally, regions of interest (ROIs) are identified for sensor placement. Strain, temperature, and
humidity gauges are positioned with recorded coordinates and gauge lengths. This mapping enables
alignment of experimental signals with finite-element meshes or surrogate models inside the DT. The
integration of ROIs, metadata, and baseline kinetics completes the foundation for the loT layer
described in Section 3.2.

loT-Enabled Sensing and Data Acquisition

For the digital twin to operate beyond static prediction, it requires continuous and reliable streams of
experimental data. To achieve this, a set of embedded and surface-mounted sensors was integrated into
the DCPN specimens. The focus was on capturing strain, temperature, and humidity — variables directly
influencing bond-exchange kinetics and healing efficiency. Regions of interest were mapped during
preparation (Section 3.1), and sensors were aligned to these coordinates so that mechanical and
environmental states could be correlated spatially with the digital model. This alignment ensures that
the virtual mesh of the DT receives inputs directly traceable to the physical sample, reducing calibration
errors. The sensor suite is summarized in Table 2, where each device is listed with its measurement
range, resolution, and sampling frequency. Strain gauges were selected for their high fidelity in low-
strain regimes, while fiber Bragg gratings (FBGs) provided distributed sensing over longer spans.
Digital humidity sensors were included to account for moisture-induced bond softening, and miniature
thermocouples captured local heat fluctuations during healing cycles. Wireless modules were used to
relay data to an edge processor that handled first-pass filtering before uploading to the DT.

Since sensor data inevitably carry noise and delay, a filtering scheme was applied before calibration.
Each raw signal sraw(t) is expressed as the sum of the true signal s(t), additive Gaussian noise n(t), and
a latency term proportional to the data rate L. The relationship is written in Equation (3):

Sraw(r) = St — L) + n(t), n(t)~N(0,0?) (2)

Here, L is the effective latency measured for each sensor channel, and 62 is the variance of the noise
distribution estimated from calibration runs. By explicitly modeling latency and noise, the DT avoids
overfitting to transient fluctuations and instead learns smoothed dynamics aligned with the physics-
based model. Equation (3) also guides the configuration of the edge processor’s filter parameters,
ensuring that cleaned signals match the update frequency required by the DT.

The workflow for data acquisition is shown in Figure 2, where sensor arrays communicate with
wireless nodes, edge filters apply noise reduction based on Equation (3), and processed data are
streamed into the DT core. This pipeline creates a stable link between the physical experiment and its
virtual replica, enabling the adaptive optimization strategies discussed in Section 3.4.
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Table 2. Sensor specifications and deployment parameters used for 10T-enabled monitoring of DCPN

specimens.
S.No.| Sensor Type Range Resolution| Sampling Deployment Location
Frequency
1 Strain gauge 5% strain 10 pe 1 kHz Surface ROIs
2 Fiber Bragg grating +1.5% strain 1 pe 500 Hz Embedded in matrix
3 Thermocouple (Type K)| 50 °C to 250 °C 0.1°C 200 Hz Near crack zone
4 Humidity sensor 0-100% RH 0.1% RH 50 Hz Surface + chamber
5 Wireless node Upto 2  Mbps| - Real-time Edge relay
transfer
Strain sensor
| Temperature
il) O Humidity
(A) (D) Digital twin
(B) (€)
d X =ax, (1 -a)¥,

Polymer Wireless Preprocessing

Siga ioden filter Synchronized
(B) data streams

Figure 2. loT-enabled sensing and data flow for DCPN monitoring: (A) embedded strain, temperature,
and humidity sensors; (B) wireless edge nodes; (C) preprocessing filter implementing Equation (3); (D)
synchronized data streams feeding the digital twin.

Digital Twin Modeling and Calibration

The digital twin (DT) serves as the computational mirror of the polymer system. Unlike conventional
simulations, which remain fixed once initialized, the DT evolves in parallel with the physical specimen.
It incorporates both physics-based models of bond exchange and data-driven modules that adapt as new
sensor streams arrive. This hybrid design ensures that the model neither drifts under noisy data nor
ignores the fundamental kinetics defined in Section 3.1. The DT is structured into three layers. The first
layer contains deterministic models, including bond-exchange kinetics from Equation (1) and healing
dynamics from Equation (2). The second layer hosts a data-driven surrogate — constructed with
recurrent neural architectures — that captures nonlinear effects not accounted for in closed-form
equations. The third layer is the calibration engine, where 10T measurements are fused with model
predictions to continuously refine parameter values. This architecture is shown schematically in Figure
3, where sensor data flow into the surrogate and feed back into the physics kernel through a parameter
update loop. Calibration follows a weighted loss minimization strategy. The objective is to minimize
the difference between observed signals sobs(t) and predicted outputs sDT(t,0), while constraining
parameters 6 to remain physically consistent. The optimization criterion is expressed in Equation (4).

2 2
L) = 4 Z?{-:l}[sobs(t) - SDT(t,e)] + A, 2j(9j - 9{;‘0}) 4)

The first term penalizes predictive error across the observation horizon N. The second term keeps
parameters 6j close to their baseline values 0j0, which were derived from stress—relaxation and DMA
tests. The weights A1 and A2 adjust the balance between responsiveness and physical fidelity.

To monitor real-time performance, a rolling prediction error is computed. At each window W, the mean
absolute percentage error (MAPE) between DT predictions and observed data is calculated using
Equation (5):
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MAPE(W) = % (5)

This metric provides immediate feedback on model accuracy. When MAPE exceeds a predefined
threshold, the calibration engine triggers re-weighting of Equation (4) or initiates surrogate retraining.
In practice, this prevents the DT from drifting during prolonged testing or under sudden environmental
perturbations. All updates are carried out on an edge processor to minimize latency. The DT receives
inputs after filtering through Equation (3) (Section 3.2), updates parameters via Equation (4), and
evaluates accuracy with Equation (5). This closed calibration loop, illustrated in Figure 3, allows the
twin to remain synchronized with the evolving polymer specimen, ensuring reliable predictions for the
optimization strategies described in Section 3.4.

Optimization and Adaptive Control

Once the digital twin (DT) reaches calibration stability, its role extends from passive prediction to
active decision-making. Optimization is embedded as a supervisory layer that continuously adjusts
parameters and stimuli to maintain material resilience under varying stress and environmental
conditions. Rather than relying on fixed thresholds, the system employs adaptive strategies that respond
to evolving sensor feedback, enabling the DCPN to operate as a self-regulating cyber-physical material.

Optimization is based on multi-objective formulation in which competing objectives of the healing
efficiency, mechanical durability, and energy expenditure are offset. In Equation (6), the generalized
cost can be depicted as:

J = wi(1 — n)+ wyp(o) + wzEstim (6)

In this example, 1 is the curing of efficiency derived in accordance to Equation (2) ¢(c) stress
accumulation penalties and Estim is the amount of energy that is needed to execute exogenous stimuli
like heat or light. The weights, w1, w2, w3 are defined with the priority of each term; and they are
adjusted with regard to the working scenario. The lens is also multi-objective in that it guarantees that
the improvement in healing is not at the cost of over-deliveries of energy and earlier fatigue. To be able
to participate in real-time, reinforcement learning (RL) is applied on top of this framework. The RL
agent monitors the DT state which is represented by sensor-induced stress, h(t) state of healing and the
environmental variables then chooses actions: stimulus strength or timing. Material resilience is directly
present in the reward function represented by Equation (7)

R = An(t) — A 40(t) — A Estim(t) 7

The reward satisfies more when the healing is enhanced, less when the stress is made to become
uncontrollable, and punishes wasted use of energy. The values of constant 1 and 2 are combinations of
structural integrity and cost of operations. Through consistent repetitions of the actions, the agent
develops the best policies, which dictate greater returns in a test varying a range of conditions.

Table 3 represents the summarization of optimization objectives and constraints involved in them.
Each objective is linked to the measurable quantity provided by 10T sensors, ensuring that optimization
remains grounded in observable data rather than abstract variables.

The workflow is illustrated in Figure 4, where the RL controller interacts with the DT, continuously
updating its policy based on reward feedback from Equation (7). This closed-loop cycle couples real-
time sensing, predictive modeling, and adaptive decision-making into a unified optimization layer.

Reinforcement learning—based adaptive optimization algorithm

To operationalize the optimization framework outlined in Section 3.4, a reinforcement learning (RL)
algorithm was developed to actively regulate healing dynamics and stress dissipation in the polymer—
composite network.
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Parameter updates | .
using Eq. (4) :

LPhysics-based kinetics }—V
-

Data-driven surrogate
model
) |
o Digital } ______________________

Digital
twin

twin

-

Figure 3. Digital twin calibration loop integrating physics-based kinetics, data-driven surrogate models,
and online parameter updates using Equation (4) and error tracking via Equation (5).

IoT sensors Reward RL-based decision engine

. Strain 6)r=f(s)
»  Temperature Nu=mn(s)
*  Humidity A
\ 4 Control inputs
DT predictions )
Sensor data 6r=f) State
(Tu=ms) J
Feedback
» ( Process

Feedback L

Figure 4. Optimization and adaptive control loop showing interaction between IoT sensors, DT
predictions, and RL-based decision engine governed by Equations (6) and (7).

Table 3. Optimization objectives and constraints for adaptive control of DCPNs.

Objective Metric / Variable Constraint or Bound Source of Data
Maximize healing efficiency n(t) 1n=> 0.85 for structural integrity Sensor + DT model
Minimize stress accumulation (o) omax<0.750yield Strain sensors
Reduce energy input Estim Estim<20% of baseline 10T energy meters
Ensure response latency Update delay L L<50 ms Wireless nodes

The algorithm operates within the digital twin (DT) environment, continuously learning from sensor-
driven states and issuing control actions to maintain the material in its optimal response regime. By
embedding the kinetics of bond exchange (Equation (1)), healing dynamics (Equation (2)), calibration
loop (Equation (4)), cost function (Equation (6)), and reward structure (Equation (7)), the RL agent
evolves into a closed-loop controller that adapts to varying load and environmental conditions. The
proposed procedure is summarized as Algorithm 1, where the loT-DT feedback loop is formalized into
sequential steps. Each cycle uses polymer composite data streams (strain, temperature, humidity) to
update the DT, evaluate material performance, and refine control policies.

Algorithm 1. RL-based adaptive control for digital twin—IoT enabled DCPNs.
Input:
o Initial DT kinetic parameters (kO, Ea) from Equation (1)
e Healing state variable h(t) from Equation (2)
e Sensor data streams: stress o(t), temperature T(t), humidity RH(t)
e Policy 70 and value function QO
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Output:
e  Optimized control actions for stimuli (thermal, humidity, load adjustment)

Begin
Initialize DT with baseline parameters
Initialize policy w «— n0
Initialize value function Q <« QO

While composite specimen is under monitoring:
Acquire real-time sensor data (o, T, RH) < IoT sensors (Table 2)
Update DT state via calibration «— Equation (4)
Compute healing efficiency 1 and residual stress «— Equation (2)
Evaluate multi-objective cost J < Equation (6)

Select action at based on policy n(at|st)
Apply action to polymer-composite specimen
(e.g., thermal cycle, humidity modulation, load redistribution)

Measure updated outputs:
n(t+1), o(t+1), Estim(t+1)

Compute reward Rt «— Equation (7)
Update policy 7 and value function Q using RL update rule
(temporal difference / policy gradient)

Ifn > 0.85 OR © exceeds fatigue limit:
Terminate loop

End While

Return optimized policy 7*, control actions, and DT state
End

The novelty of this algorithm lies in its integration of polymer-specific state variables into the RL
feedback structure. Conventional reinforcement learning in manufacturing or structural domains treats
signals generically as state—action pairs. Here, the states explicitly represent polymer composite healing
kinetics, with DT-driven updates ensuring fidelity to the underlying chemistry. Moreover, the action
space is tailored to stimuli relevant for polymer adaptation (thermal ramps, humidity modulation, or
load redistribution), rather than abstract numerical controls. This domain specificity ensures that
optimization remains interpretable to materials scientists, while still benefiting from adaptive control
strategies proven in broader cyber-physical systems. By embedding Equations (1-7) into Algorithm 1,
the proposed RL framework ensures that every control decision is informed by both physics and data.
The loop visualized in Figure 4 is thus realized as an actionable algorithm capable of guiding dynamic
covalent polymer networks toward sustained performance in real time.

Experimental Dataset and Material Properties

To ensure transparency and provide a firm basis for optimization, the intrinsic properties of the
dynamic covalent polymer network were established through in-house experiments. Measurements
were performed on three replicate polymer—composite specimens under controlled laboratory
conditions. The reported values represent mean results with associated standard deviations.
Standardized testing protocols were followed: tensile strength was measured according to ASTM D638,
thermal analysis was carried out with differential scanning calorimetry (DSC), and crosslink density
was estimated using rubber elasticity theory. Stress—relaxation tests were performed at room
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temperature to determine characteristic relaxation times, while activation energy values were derived
from Arrhenius fitting of exchange kinetics using Equation (1).

Table 4. Reported mechanical and thermal characteristics of digital twin initiation of DCPN - composite

samples.

S. NO [Method of measurement Property Value (mean £ SD)
1 ASTM D638 tensile test Tensile strength 425+ 1.3 MPa

2 DMA, frequency sweep Elastic modulus 1.25+0.08 GPa
3 DSC, 10 °C/min heating rate Glass transition temperature (Tg) 924+16°C

4 Rubber elasticity theory Crosslink density 3.8 x 107* mol/cm?
5 Stress relaxation Relaxation time (25 °C) 1150+ 45s

6 Arrhenius fit, Equation (1) Activation energy (Ea) 64.2 + 2.1 kJ/mol

It is these published values that shall place and know an experimental data set into the initial state of
operability of a digital twin. The data indicate that tensile and modulus will point to the baseline of
mechanical integrity, whereas the data invite to thermal data, such as Tg, indicate operational stability.
Crosslink density and relaxation time are directly linked to healing behavior, making them critical for
calibrating the state variable in Equation (2). The activation energy feeds into the exchange rate constant
of Equation (1), anchoring the model to the measured chemistry of the network.

Validation and Performance Assessment

Validation ensures that the proposed digital twin—IoT framework is not only theoretically sound but
also effective when deployed on real polymer—composite specimens. To establish reliability, baseline
DCPN samples (without adaptive optimization) were compared against specimens integrated with the
full DT-loT-RL loop. Both sets were subjected to identical cyclic loads, controlled thermal ramps, and
fluctuating humidity conditions. The comparison was structured to highlight three critical aspects:
healing efficiency, stress tolerance, and operational energy demand.

Performance evaluation was carried out using a composite performance index (P1) that integrates
healing recovery, stress moderation, and energy efficiency. The Pl is defined in Equation (8):

Pl = wiapg + wz (1 — %) — wsEyopEstim (8)

Here, navg is the average healing efficiency across cycles, ores the residual stress relative to yield
strength oyield, and Estim/Eref the normalized energy cost. The weighting factors o1, ®2, ®3 reflect
the design priorities of durability, safety, and sustainability. By combining these three dimensions, the
PI offers a single comparative measure that reflects overall system resilience. A side-by-side evaluation
of baseline and optimized systems is summarized in Table 5

. Results show that adaptive optimization significantly increases healing efficiency while lowering
stress accumulation. The energy demand is also reduced due to selective stimulus application guided
by the RL controller.

The outcomes confirm that the integration of real-time sensing, digital twin calibration, and adaptive
RL optimization meaningfully enhances the durability of dynamic covalent polymer networks.
Improvements in healing efficiency and stress management directly translate into longer service
lifetimes for composite structures. At the same time, reduced energy input highlights the sustainability
advantage of active, feedback-driven control. These findings validate the framework’s capacity to
bridge material chemistry with cyber-physical intelligence, setting the stage for broader applications in
advanced polymer—composite engineering.

Hardware and software implementation
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The proposed framework was realized through a combination of lightweight hardware and a modular
software stack. At the physical layer, the polymer—composite specimens were equipped with embedded
strain gauges, surface-mounted fiber Bragg gratings, thermocouples, and humidity probes. Each sensor

Table 5. Comparison of baseline and optimized DCPN—composite systems under cyclic validation tests.

Metric Baseline DCPN (no  |DT-loT-RL optimized| Improvement (%)
optimization) system

Average healing efficiency navg 0.72 0.88 22%

Residual stress ratio Gres/Gyield 0.42 0.25 —40%

Energy consumption Estim/Eret 1 0.68 -32%

Composite performance index Pl (Equation 0.56 0.81 45%

8)

was linked to a wireless acquisition module, enabling continuous streaming with millisecond-level
resolution. In order to reduce the time spent in computing at the edge, the raw-data were originally
computed with small single-board computers with multi-core ARM processors. These nodes had real-
time filtering algorithms that were consistent with the signal model presented in Equation (3) in such a
way that only cleared and synchronized data was sent to the digital twin. A workstation whose
processing unit was graphical formed the backbone of the system. PyTorch was also applied to build
reinforcement learning components (Section 3.4), computations and surrogate models were introduced
and linked to NumPy and SciPy. Less intensive numerical operations e.g. finite element calculations of
stress fields, C++ code was interrupted into the Python space directly. Such disaggregation of labor
ensured flexibility and extent of calculation. The contacts between the sensing layer and the DT were
through a layered design. The sensor nodes were used to transmit data to the central DTs through MQTT
and lightweight REST Applications after which it was ultimately transmitted to the edge and processed
without any additional processing before finally being sent to the central DT. The metadata (calibration
coefficients, history of action etc), were automatically inserted in a safe database. This record resulted
in the support of reproducibility and strengthening of the long-term model retraining.

A combination of all these hardware and software components led to a smooth line: physical signals
of the polymercomposite system, relayed to the DT, with as little delay as possible, were visualized in
reality using Equations (4) and (5), and induced adaptive actions by the RL control (Algorithm 1).

Material preparation was designed to generate reproducible states that could be linked directly with
a digital twin. loT-enabled monitoring provided real-time visibility of stress, temperature, and humidity,
while calibration routines allowed the twin to remain synchronized with the evolving polymer—
composite. Embedding of reinforcement learning took place thereafter to maximize healing and stress
management in a bid to transform the framework into an adaptive controller. The integration between
Software and Hardware gave the loop some closure hence the cyber-physical system was capable of
functioning at continuously changing environmental conditions. It is expected to be the novel approach
to the polymer network function as a passive material, or, rather, as an intelligent self-regulating system
as digital twin models, 10T data, and adaptive optimization match each other. This combined method is
the support of the outcomes in the following section.

RESULT

The result in experiment, digital twin, and adaptive optimization outcomes combination is based on the
findings. The validation layers are captured in both subsections at varying levels: the level of material
properties being baseline and then, the level of sensor reliability, accuracy of calibration, hardware advances
being provided to the latter level and learning to train those advances of reinforcement learning. It is
concerned with comparative performance that the integrated framework may be used to the polymer-
composite, which is a passive material but transforms it into an active self-regulation system.
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Baseline characterization of DCPNs

Before evaluating optimization performance, the intrinsic response of the dynamic covalent polymer
networks was examined. The specimens showed consistent mechanical and thermal behavior across
replicates, confirming the reliability of the experimental dataset reported earlier (Table 4).

Tensile tests revealed an average strength of 42.5 MPa with a modulus of 1.25 GPa, values that are
in line with the expected range for imine-based vitrimer composites. This balance of strength and
stiffness provides a suitable platform for subsequent adaptive control. Thermal analysis further
established the material’s operational window. The glass transition temperature was measured at 92 °C,
suggesting that the network maintains mechanical stability under typical service conditions while
allowing bond exchange at elevated temperatures. Relaxation times at room temperature averaged just
over 1100 seconds, indicating slow but measurable stress relaxation in the absence of external stimuli.
This feature is important because it highlights the need for controlled intervention: without guided
optimization, natural recovery remains partial and slow. Stress—strain behavior provided additional
insight into the healing potential. As shown in Figure 5, specimens subjected to controlled damage and
subsequent healing cycles recovered approximately 85% of their original tensile strength. While
encouraging, the recovery plateaued with repeated cycles, suggesting that uncontrolled stress
accumulation begins to offset bond exchange benefits. This observation justifies the later use of
reinforcement learning—based optimization, which aims to extend recovery efficiency beyond what is
possible through passive healing alone. Crosslink density and activation energy values also serve as
critical indicators. The measured density of 3.8 x 10—4 mol/cm3 supports a well-connected network,
while the activation energy of ~64 kJ/mol anchors the exchange kinetics described in Equation (1).
Together, these values provide a quantitative baseline against which digital twin predictions and
adaptive optimization strategies can be validated, the baseline characterization shows that the polymer—
composite possesses inherent self-healing capacity but remains constrained by slow Kkinetics and partial
recovery. These limitations create the context for the integrated DT-loT-RL framework, which is
expected to overcome such barriers by introducing adaptive, data-driven control.

Sensor Validation and Data Reliability

The reliability of loT-enabled sensing was evaluated to ensure that the digital twin receives accurate
and consistent inputs. Strain gauges, fiber Bragg gratings, thermocouples, and humidity probes were
tested under cyclic loading and controlled environmental conditions. The purpose was twofold: to
validate measurement accuracy and to quantify the influence of noise and latency on real-time data
acquisition. Raw signals showed fluctuations characteristic of environmental noise, especially in strain
and humidity channels. After edge filtering, the signals stabilized with minimal phase delay, confirming
the effectiveness of the pre-processing model introduced in Section 3.2. A representative example is
shown in Figure 6, where filtered strain data tracks the physical specimen response more closely than
raw readings. The reduced noise floor allowed the digital twin to synchronize without introducing false
transients, a critical requirement for adaptive control.
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Figure 5. Stress—strain response of DCPN—composite specimens showing baseline performance and
recovery after controlled healing cycles.

A quantitative summary of sensor performance is provided in Table 6. Strain gauges delivered
accuracy within £1.5% of reference mechanical tests, while fiber Bragg gratings achieved higher
precision but were more sensitive to temperature drift. Thermocouples maintained accuracy within 0.2
°C, sufficient to capture local heating effects during healing cycles. Humidity sensors showed a small
offset under high-moisture conditions, but this was consistent across replicates and easily compensated
during calibration. Latency measurements across all channels remained below 40 ms, meeting the
constraint set in Table 3 for real-time optimization.

Together, these results demonstrate that the sensing layer provides high-quality inputs for digital twin
calibration and reinforcement learning control. More importantly, the combination of distributed FBGs
with conventional strain gauges improved spatial coverage without compromising latency. By
minimizing noise and maintaining synchronization within the required update window, the 10T system
ensured that subsequent analyses in Sections 4.3 and 4.4 are built on trustworthy experimental
foundations.

Raw semmor data
[IEIA) d FiMored signal

002
[ARL)

000 \

Stramn (a.w.)

0 ‘ )

002 ' " f

003

1.0 :D .'41 l;l -l’i) &V(b
Time (s)
Figure 6. Time-series of strain response showing raw sensor data compared with filtered signal after
edge processing.
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Table 6 Accuracy, noise variance, and latency of 10T sensors during validation experiments.

Sensor type Accuracy (%) |Noise variance (6%)| Average latency (ms) Notes on performance
Strain gauge +15 2.8x107° 2200% Stable under cyclic load

Fiber Bragg +0.8 1.5x 1073 35 Sensitive to temperature drift
grating

Thermocouple +0.2°C 0.9x1073 18 Reliable during thermal cycling
(Type K)

Humidity sensor +2.0 RH% 3.1x107° 2800% Minor offset at high humidity

Table 7. Calibration error metrics comparing experimental and digital twin predictions under cyclic

testing.

Test condition MAPE (%) |RMSE (strain) |Notes on performance

Cyclic tensile (25 °C) 4.2 0.021 Slight underprediction in first cycle
Thermal ramp (25-80 °C) 5.1 0.047 Minor deviation during rapid heating
Humidity variation (40-80 RH%) 4.6 0.033 Stable after filter compensation
Healing cycle (crack closure) 5.3 0.028 Predicted efficiency aligned with test

Digital Twin Calibration Performance

Once reliable sensor streams were established, the digital twin was calibrated against experimental
results. Calibration was designed to minimize drift between predicted and observed signals during
cyclic loading, thermal ramps, and healing cycles. The goal was not only to achieve numerical accuracy
but also to ensure that the model could adapt dynamically as conditions evolved. Overlay comparisons
between experimental and DT-predicted strain responses are shown in Figure 7.

In early cycles, the twin slightly under predicted the rate of stress relaxation, a discrepancy that
diminished after parameter refinement. Once calibrated, predictions of healing efficiency closely
followed the experimental trajectory, even under fluctuating humidity and temperature. This alignment
confirms that the twin successfully integrated both the physics-based Kkinetics and the data-driven
surrogate modules described in Section 3.3.

Quantitative error metrics are summarized in Table 7. The mean absolute percentage error (MAPE)
across all test cycles was 4.8%, while root mean square error (RMSE) values remained within the 0.02—
0.05 strain range. Residuals were larger during sudden load reversals, a limitation attributed to the finite
resolution of embedded sensors rather than the DT itself. Importantly, error values remained stable
across repeated experiments, demonstrating that calibration routines prevented cumulative drift.

Overall, calibration results confirm that the DT can operate as a high-fidelity virtual replica of the
polymer—composite system. By maintaining low error margins across diverse test scenarios, the model
provides a robust foundation for adaptive optimization.

Adaptive Optimization Outcomes

After calibration, the digital twin was coupled with reinforcement learning to actively guide the
healing and stress dissipation process in the polymer—composite system. Unlike passive recovery, which
showed partial strength restoration (Section 4.1), the adaptive loop continuously adjusted stimulus
intensity and timing based on real-time sensor data. The system effectively transformed the network
into a self-regulating composite capable of sustaining performance under repeated cycles. The effect of
optimization is illustrated in Figure 8, which shows the learning curve of the RL agent. During early
episodes, reward values fluctuated as the policy explored different actions. With progressive training,
the reward stabilized, indicating that the agent had learned how to maximize healing efficiency while
minimizing stress accumulation and energy input. This convergence highlights the benefit of
embedding material-specific states, such as the healing variable h(t) and crosslink density, directly into
the reward function.
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Figure 8. Reinforcement learning reward curve showing convergence across training episodes for
optimized DCPN-composite control.

Quantitative improvements are summarized in Table 8. Healing efficiency increased from an average
of 72% in baseline specimens to 89% under adaptive control. Residual stress, expressed as a fraction of
yield strength, dropped by nearly half. Energy consumption for external stimuli was reduced by about
one-third compared with unoptimized cycles. The overall performance index improved by 46%,
confirming that the DT—-lIoT—RL integration not only enhanced recovery but also reduced operational
cost.

Validation and Comparative Performance Assessment

Final validation was performed by comparing the optimized system with both the baseline dataset
and literature reports. The intent was to determine whether the improvements achieved through DT—
loT-RL integration are substantial when set against state-of-the-art benchmarks. Three dimensions
were considered most critical: healing efficiency, residual stress control, and energy input. Together,
these define the material’s capacity to operate as an adaptive polymer—composite system rather than a
passive self-healing network. A more detailed comparison is given in Table 9. Healing efficiency rose
to 0.89, well above the 0.65-0.75 range reported in conventional DCPNs [1-3]. Residual stress was
reduced to 0.23, markedly lower than values in epoxy-based vitrimers or imine networks [5, 14]. Energy
input was cut by one-third, a sharp contrast to earlier loT-monitored composites [7, 26] that often
increased power demand under continuous sensing. The performance index (PI) introduced in this study
reached 0.82, representing a holistic gain not reported in prior works.
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These results validate the framework as more than an incremental improvement. While earlier studies
[1-3, 5, 7, 14, 26] demonstrated promising chemistries or loT-based monitoring, they lacked an
adaptive control layer that links material states with optimization algorithms. By combining real-time
sensing, digital twin calibration, and reinforcement learning, this work establishes a novel pathway for
polymers that respond intelligently to external conditions.

Ablation Study

An ablation study was carried out to identify how each module contributes to the overall framework.
Four cases were examined: the baseline polymer—composite without any integration, the system with
l0T sensing alone, the system with 10T plus the digital twin but no reinforcement learning, and finally
the complete 10T-DT-RL configuration. All tests were conducted under identical loading and
environmental conditions to ensure fair comparison. The outcomes are summarized in Table 9.

The baseline system achieved only modest recovery, consistent with earlier observations in Section
4.1. Adding 10T sensors improved data availability but had little impact on healing, as the material
response remained uncontrolled.

Table 8: Multi-objective optimization results (healing, stress, energy).

Metric Literature values Baseline system (this | Optimized system (this | Improvement
(Refs) study) study) (%)

Healing  efficiency| 0.65-0.75 [1], [2], [3] 0.72 89% 24%

(m\eta)

Residual stress ratio 0.40-0.48 [5], [14] 0.42 0.23 —45%

Energy input| 0.95-1.05 [7], [26] 1 0.67 -33%

(normalized)

Performance index| Not reported in [1]-[3], 0.56 82% 46%

(P1) [14]

Table 9. Validation and comparative performance of the optimized DCPN-composite DCPN-
composite system against baseline and literature references.

Metric Literature values Baseline (this Optimized (this | Improvement vs. baseline
(Refs) study) study) (%)
Healing efficiency| 0.65-0.75 [1], [2], [3] 0.72 89% 24%
(m\eta)
Residual stress ratio 0.40-0.48 [5], [14] 0.42 0.23 —45%
Energy input| 0.95-1.05 [7], [26] 1 0.67 -33%
(normalized)
Performance index (PI)| Not reported [1]-[3], 0.56 82% 46%
[14]

Table 10. Impact of system components on performance metrics in ablation study.

Configuration Healing efficiency | Residual stress ratio Energy input Performance index
(m\eta) (normalized) P

Baseline (no loT— 0.72 0.42 100% 56%

DT-RL)

10T only 0.73 0.41 0.98 0.58

loT + DT (no RL) 0.78 0.35 0.85 0.66

loT + DT + RL (full 0.89 0.23 67% 82%

system)

When the digital twin was introduced, predictions became more reliable, and calibration reduced
residual stress. However, recovery still plateaued without adaptive adjustment(Table 10). The most
notable improvement came from reinforcement learning, which actively tuned stimulus intensity and
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timing. With all three modules combined, the system delivered the highest efficiency, lowest stress, and
most significant reduction in energy use.

DISCUSSION

Patterns in healing cycles show that chemistry, in its turn, is not the inhibitor of the polymer-
composite but the absence of adaptive control. Once the inclusion of feedback by the 10T sensors and
the reinforcement learning intakes ceased, a plateau was reached in material, and the material entered
the stable recovery. It proves the main hypothesis: a smart control will enable to convert a reactive
polymer to a self-regulating mechanism. The disparity becomes more apparent when compared to the
works done previously. These were also achieved by Ajvazi et al[1]. and Wu et al[3]., but the
achievement was in silicone and topological networks and did not require any dynamic feedback. The
treatment was quiescent and there existed inherent chemical kinetics. Dai et al[2]. have demonstrated a
fast healing of light-driven PDMS and the efficiency of the process was not able to heal the materials
in non-constituent conditions. In comparison to this, the existing system is adaptive to the variation of
surrounding and determines a percentage ratio of healing cost and energy. On the same tune, it can be
highlighted that Chen et al[5]. and Lei et al[14]. focused on vitrimer systems which have a strong bond-
exchange performance, but does not possess predictive calibration, and adaptive optimization. The
means of bridging this gap and offering some more efficient and operationally transparent pathway is
the mechanism of integrating the digital twin modeling with the reinforcement learning. An implication
does not always end at laboratory tests. Through the digital twin predictive calibration, the engineers
get a chance to test future degradation and concurrently the interventions are optimal through
reinforcement learning. One of the revelations made during the optimization process was disclosed to
the fact that sometimes the system decided to make use of few stimuli in developing early cycles, which
conserved energy so that it could be consumed in the more distant future. The implication of these types
of emergent strategies is to an observation that machine learning may be able to offer provide them
more in the context of how they can be tuned; they cannot be equally well tuned using any type of
manual tuning. Yet, limitations remain. End business testing was on enforced conditions of the thermal
environment and humidity; this was not experimented in more general conditions, i.e. multi-axial
loading, or field stresses. The reinforcement learning control was also founded on a fixed reward design,
which maybe needs to be reformulated with respect to other classes of polymers. The future is to fill
these gaps creating more to the conditions of the test, enhance the outcome of rewards, and
incorporating the concepts of federated results of multiple deployments. Besides specific performance
indicators, the study can be related to more broad trends in adaptive materials and smart composites.

CONCLUSION AND FUTURE SCOPE

The article has introduced a digital twin model of optimization of the covalent polymers systems
under dynamic conditions that is very integrated on the factors associated with the International of
Things and the reinforcement process of learning concerns. It re-conceived the material not as an
approximate system of healing or adaptive network, but as a smart and dynamical system, capable of
operating sustainably under different operating conditions. The framework was a step towards
dynamically controlling the states of polymers subjectively either by means of real time sensing into
predictive modeling and linking it up with a learning controller, it is able to obtain. The assembly of the
healing rates rose by nearly 25 percent when compared to the control and the amount of residual stress
was also reduced by half. Third is that demand of energy is less, indicating that adaptive optimization
can generate resilience with low amounts of exterior strength. At the same time, boundaries remain.
Validation was restricted to controlled laboratory environments with specific thermal and humidity
conditions. Broader validation under field-scale stresses, complex loading modes, or long-term
degradation was not undertaken. The reinforcement learning framework also relied on a fixed reward
design, which may not transfer directly to other polymer classes.

Looking forward, several directions emerge. Expanding validation to aerospace and automotive
composites would test the framework under real operating stresses. By following these directions, the
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field will be able to step a notch closer to a new generation of smart polymerbased composite systems
which combine the chemical versatility of polymers with the digital smartness.
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