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Abstract
The use of polymer composite materials in healthcare is on the rise because of their adjustable
mechanical characteristics, biocompatibility and structural flexibility. Yet, it is difficult to ensure
stable quality of such composites due to process-related defects, heterogeneity of the material and the
lack of real-time adaptive control. The proposed study suggests the use of cognitive Al-based
framework of quality control and optimization of operation of polymer composite systems which are
specifically aimed at healthcare-grade uses. The framework combines convolutional neural networks
used to detect defects, the use of XGBoost-based regression to predict the quality, a reinforcement
learning model to optimize the adaptive process, and a digital twin to simulate the process in real-
time. The model development and validation were done using a multi-modal dataset, consisting of
material properties, processing conditions, and defect characteristics. The accuracy of the proposed
system in detecting defects was about 97% and there were great improvements in quality prediction
accuracy and process efficiency. Markedly, the reinforcement learning module allowed adjusting
curing parameters dynamically, which led to a decrease in the rate of defects and improved the
performance of composite. Comparative analysis shows the proposed framework to be better than the
traditional machine learning and inspection-based ones because it allows the closed-loop and
adaptive control of manufacturing. The results
indicate the possibility of using cognitive Al
together with polymer composite material
production to achieve the healthcare standard of
reliability. This direction provides a roadmap to
scalable production of intelligent, defect-aware,
and efficient production of advanced composite in
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INTRODUCTION

Polymer composite systems have increasingly
evolved in the current healthcare engineering
especially in designing and manufacturing of
implants, prosthetic parts and bio-compatible
structural apparatus. Composite materials offer the
exceptional combination of durability and
individual adaptability to the patient, since they
are used in fiber-reinforced prosthetic limbs, as
well as in thermoplastic polyurethane-based
implantable devices. This flexibility, however, is
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accompanied with a complexity. In contrast to homogeneous materials, polymer composites are
anisotropic in nature, process sensitive and microstructurally variable, which is directly related to the
behavior of these materials in crucial medical activities [1].

Although significant advancements have been made in composite processing technologies, it is still
difficult to realize the consistency of quality in healthcare grade polymer composites. Structural
integrity and long-term reliability are still compromised by manufacturing defects, e.g., the formation
of voids, fiber misalignment, delamination and non-complete curing. Even slight variations in
fabrication may cause great changes in mechanical response of such devices particularly in load-
bearing biomedical devices. These defects cannot always be detected at traditional inspection, thus
making it hard to detect them at the early stages and mostly causing downstream failures [2].

The next issue that is as important is the lack of quality consistency among the production lots. The
production of polymer composites is full of parameters that are interdependent such as temperature,
kinetics of curing, pressure gradient, and heterogeneity of the material. The slight variation in these
parameters may lead to non-uniform microstructures, which makes predicting mechanical properties
difficult. Such inconsistencies are not acceptable in healthcare applications where safety margins are
highly required. It is further exacerbated in additive manufacturing of composites, where deposition
by layers adds further sources of variability [3].

The third constraint comes about due to absence of real time monitoring and adaptive control in the
conventional manufacturing systems. The majority of the current quality control methods are based on
post-processing or offline testing, which does not allow to intervene during the fabrication. This
means that faulty parts are mostly detected during the manufacturing process and this results in more
material wastage and operating expenses are incurred. Regarding biomedical composites, the latency
in detection does not only impact efficiency, but also raises doubts about the safety of patients, as well
as regulatory adherence [4].

Artificial intelligence (Al) and machine learning (ML) have been the focus of discussions as
potential solutions to these issues in recent years. As an example, the prediction of mechanical
performance, curing behavior, and defect evolution in polymer composites have been performed with
promising accuracy using ML-assisted modeling [5]. Likewise, computational intelligence systems
have made possible simulation aided design and optimization which minimize experimental overhead
whilst enhancing process reliability [6]. On a larger scale, Al-based solutions are becoming known to
transform the material design and manufacturing paradigms of polymer science [7].

Nonetheless, a more in-depth analysis of the literature at hand will show that the current methods
are still disjointed. The majority of studies are aimed at the detection of defects or optimization of
processes, but seldom both issues are considered in one framework. Besides, most of the Al-based
models are categorized as being static and thus unable to change dynamically with the evolving
manufacturing conditions. Natural variability and continuous adaptation require that the applicability
of these systems is limited to cognitive, self-evolving quality control systems in the real-world
healthcare manufacturing setting, where variability cannot be avoided and continuous adaptation is
necessary [8]. Moreover, the adoption of the digital twin principles, which are able to reflect the real-
time process conditions and have predictive control, is under-researched in polymer composite
systems, especially in the biomedical field [9].

To overcome such restrictions, this research presents a cognitive Al-based framework of quality
control and optimization of the polymer composites in the healthcare setting. The suggested solution
combines the concept of machine learning to identify defects, predictive quality modeling, and
reinforcement learning-based process optimization into a digital twin architecture. Unlike traditional
systems, the framework is a closed-loop intelligent system, continually learning process data and real-
time adjusting control strategies [10].
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The novelty of this work is in the fact that several Al paradigms are holistically incorporated into
one, coherent system that is specific to manufacturing of polymer composites. The framework offers a
cognitive layer through the combination of perception (defect detection), prediction (quality
estimation) and decision making (process optimization), a resemblance that is similar to the human-
like reasoning in the industrial environment. This is particularly the case with the scenario of
healthcare-grade composites where accuracy, consistency and flexibility are paramount when it comes
to the issue [11].

Key Findings of This Paper are as Follows
Creation of a smart defect detection system of polymer composite structures based on data-driven
learning models.

Planning of a dynamic optimization of the adaptive process using reinforcement learning to control
manufacturing parameters dynamically.

Embedding a digital twin-based framework of real-time monitoring and predictive control of
composite fabrication.

Creation of a single cognitive Al platform that is reliable enough to be used in healthcare and is as
non-variating as possible.

Detailed comparison of the suggested system with the current methods of the baseline to prove the
enhancement of the quality consistency and efficiency of the functioning [12, 13].

It is hoped that the current work will help fill the gap in the current state of Al and the real-world
production of polymer composites with a particular emphasis on the healthcare industry, where the
properties of materials are directly related to human health.

The rest of the paper is structured as follows: Section 2 has a critical review of the related work in
polymer composite intelligence and Al-based quality control. Section 3 outlines the suggested
cognitive Al model, architecture, and mathematical model. Section 4 covers the experimental set up
and the characteristics of dataset. The results and comparative analysis are depicted in section 5.

LITERATURE REVIEW
Machine Learning in Polymer Composites

The introduction of machine learning into polymer composite studies has slowly transformed the
discipline of polymer composite out of empirical studies into data driven knowledge. The initial
attempts were mainly aimed at comparing processing conditions with mechanical results. More
current researches, however, attempt to simulate the complicated behavior in microstructures by using
supervised and unsupervised learning techniques. These are particularly important when it is required
to deal with heterogeneous composite systems, these that cannot be studied using analytical
formulations.

Another interesting direction is to use ML algorithms to estimate mechanical performance
characteristics like tensile strength, modulus, and fracture behavior. These models are able to predict
composite responses to different environments and loads by training on past datasets. This has
minimized the need to conduct physical testing that is time consuming besides enhancing predictive
accuracy within composite design processes [14].

Machine learning has also been used to predict process-structure-property relations besides
property prediction. This is a nonlinear relationship that is sensitive to various interacting variables in
the manufacture of polymer composite. Recent publications have shown that the ML-based surrogate
models are capable of well approximating these interactions, thus leading to a quicker optimization of
composite formulations [15].
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The other significant innovation is the use of ML in additive manufacturing of polymer composites.
The variability brought about by layer-wise fabrication is hard to regulate using conventional means.
Trained machine learning models based on process monitoring data have been promising as predicting
patterns that cause defects or performance loss [16].

Regardless of these innovations, there are a number of constraints. The majority of ML models are
used in a predictive fashion with no direct connection into control systems. They give insights but are
not actively involved in the manufacturing process. Consequently, they have not been widely used in
the real-time industrial settings [17].

Al in Manufacturing Optimization

Artificial intelligence has also been largely applied to the optimization of the manufacturing-
processes in composite material systems. The methods based on Al also have an ability to learn the
most optimal parameter settings with the help of the data (unlike the conventional methods that rely
on certain predetermined models). This skill is particularly relevant to the polymer composite
processing whereby the conditions in the process are often dynamically diverse.

The applications of Al algorithms, such as evolutionary computation and deep learning, to
optimization of parameters (curing temperature, pressure cycles, material composition) have been
studied in a few studies. These methods are oriented towards better quality of the products and little
amount of energy and time wastage in the production processes. The optimization frameworks that are
based on the data have been discovered to be more efficient as compared to the traditional trial and
error methods [18].

With the advent of digital twin technology, Al-based optimization strategies have been enhanced
further. Digital twins allow the monitoring of processes and simulation of their behavior by providing
a virtual representation of the manufacturing system. These systems, together with the Al models,
have the potential to predict possible failures and suggest corrective measures to the defects even
before they happen [19].

Moreover, reinforcement learning has become a topic of interest as a means of sequential decision-
making in manufacturing facilities. In contrast to the static optimization methods, the reinforcement
learning agents are able to interact with the process environment and optimize their strategies with
time. This renders them applicable in adaptive control of polymer composite fabrication process,
where circumstances can vary in the production process [20].

Nonetheless, the majority of the current implementations are isolated. The development of
optimization models is usually not coordinated with the quality inspection systems, which results in
the absence of coordination between process control and defect management. This disconnection
diminishes the effectiveness of the Al-based solutions to manufacturing as a whole and restrains the
scalability of the solutions to more complex industrial environments [21].

Al in Healthcare Polymers

The implementation of Al in healthcare-related polymer composites has opened new opportunities
in terms of customization of materials and improvement of their performance. In implants, prosthetics
and drug delivery systems, biomedical polymers must meet the rigid rules of the mechanical and
biological requirements. Meeting these challenging requirements of Al has been on the rise.

Design of self-healing and bioactive polymer composite is one of the key areas of concern. The
behavior of materials in physiological conditions is predicted using machine learning models, which
can be used to create composites that can respond to damage or repair themselves. These innovations
find their use especially in the application of long-term implants [22].

© STM Journals 2026. All Rights Reserved S574



Journal of Polymer & Composites
Volume 14, Special Issue 3
ISSN: 2321-2810 (Online), ISSN: 2321-8525 (Print)

The interaction of polymer composites with the biological environments has also been studied
using Al. Some of the factors that can be predicted using predictive models include biocompatibility,
degradation rates and mechanical stability with time. This enables researchers to come up with
materials that are not only structurally sound but also safe to be used by humans [23].

Moreover, Al-based structures have been used to maximize the printing of medical-grade polymer
composites. These systems are based on process data, material properties and performance indicators
to deliver the uniform quality of healthcare products. Predictability and control of variability is
essential in medical manufacturing where any deviation even minimal can be disastrous [24].

However, there are still hurdles in emulating these developments into use. Numerous experiments
are based on controlled laboratory samples, which might be unrealistic in terms of the actual
manufacturing conditions. Moreover, the combination of Al models and regulatory and safety
standards in the healthcare sector is still in an open question and will have to be carefully validated
and transparent [25].

Intelligent Inspection and Defect Detection

Manual inspection and non-destructive testing methods have been the main method of quality
assurance in the manufacturing of polymer composite products. Although both these methods are very
informative, they are at times very time consuming and prone to human error. With the advent of Al-
driven intelligent inspection, the efficiency and accuracy of defect detection have greatly increased.

The use of computer vision methods in the detection of surface and subsurface flaws in composite
materials has been popular. CNNs, especially, have been proven to be very effective in identifying
cracks, voids, and fiber misalignments based on imaging data. These systems are capable of
processing extensive amounts of inspection data in a short time hence it is applicable in the industrial
level of use [26, 27].

Table 1. Research gap analysis of Al-driven polymer composite quality control and optimization
approaches.

S. |Author(s) /| Title / Focus Area | Methodology / | Key Findings | Limitations / Relevance to the

N. |[Year / Ref. No. Tools Used Gaps Identified Current Study

1 |Karuppusamy [ML in  Polymer|ML-based Accurate No real-time QC|Supports need for
et al., 2025 [1] |Composites predictive property integration intelligent QC

modeling prediction

2 |Wu et al., 2025|Al-based Al-driven Improved No defect|Motivates integrated

[2] Manufacturing process efficiency detection linkage|framework
Optimization optimization

3 |Nikooharf etfML in Additive|Data-driven AM|Process Limited adaptive|Highlights need for

al., 2024 [3] Manufacturing modeling variability control RL-based adaptation
captured

4 |Kennedy et al.,|Self-Healing ML-assisted Enhanced No Connects to healthcare

2025 [6] Biomedical material design |functionality = |manufacturing- |composite domain
Composites level QC

5 |Zubayer et al.,|Intelligent Al-based defect|High detection|No feedback to|Basis  for  defect
2024 [11] Inspection Systems |detection accuracy process control |detection module

6 |Rabby et al.,|Quality Prediction in|ML using|Accurate cure|Oftline Supports  predictive
2023 [12] Composites dielectric prediction prediction only [modeling layer

features

7 |Li et al., 2024|Robotic Composite|Robotics + Al|Automated No optimization|Enables intelligent
[14] Inspection inspection inspection integration inspection system

8 |Khan et al,|Digital Twin in|Digital twin +|Predictive Limited Supports digital twin
2025 [27] Manufacturing ML control healthcare integration

capability application
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Sensors based monitoring systems used to detect defects in real-time are another great
development. Machine learning models can be used to analyze data obtained by acoustic, thermal, or
dielectric sensors to detect anomalies in the manufacturing process. This enables early detection of
defects and this will minimize wastage of materials and enhance production efficiency [28].

In spite of these advances, the current inspection systems tend to be single modules. They identify
flaws but do not play an active role in optimizing and controlling the processes. This is not very
integrative and does not allow them to have complete quality assurance. The inspection, prediction
and optimization should be interrelated and a more unified approach should be taken to achieve the
full potential of intelligent manufacturing systems [29, 30].

Altogether, the literature reviewed demonstrates that a lot of advancements were made in the area
of applying Al and machine learning to polymer composite systems. However, the disunity between
defect detection, process optimization, and real-time control is still apparent. The potential to move
between these fields with an integrative, cognitive Al-based system is a viable next step towards the
development of healthcare-grade production of polymer composites.

Table 1 provides an overview of critical research findings in Al-based polymer composite systems,
in terms of quality control, optimization, and inspection methods. It is a clear indication that the
current methods are disjointed, and they do not have a single cognitive Al framework, which
incorporates defect detection, adaptive optimization, and healthcare-oriented reliability.

METHODOLOGY
Proposed Cognitive AI Framework

The suggested framework will be a multi-layered, closed loop cognitive system to incorporate a
combination of sensing, learning, simulation, and decision making in manufacturing polymer
composite in healthcare settings. The design is deliberately modular with each layer able to change on
its own, but with a high level of inter-layer coupling.

The embedded sensors and IoT-enabled acquisition systems collect the real-time data in the data
layer at the bottom. These consist of thermal behavior curing sensors, pressure sensors that are
consolidated behavior and surface inspection imaging systems. The need to have such multi-modal
data capture is in polymer composite systems, whose process structure interactions are highly
nonlinear [1, 24].

This data is processed by the Al layer in a hybrid form of convolutional neural networks (CNNs),
gradient boosting models (XGBoost) and reinforcement learning (RL) form. Visual defects are
detected by CNNs, composite quality score predictions are based on XGBoosts and manufacturing
parameters are optimized dynamically based on RL agents. This versatile intelligence is reflective of
the new trends in computational architecture of materials and the adaptive manufacturing systems [8,
29].

The digital twin layer is above this and reflective of the physical manufacturing system. It
constantly harmonizes process states, allowing predictive simulations and what-if analysis, prior to
real execution. With the implementation of digital twins, it is possible to detect the deviations in the
processes early enough before defects propagate [27].

Lastly, the decision layer takes the output of all the modules and provides a recommendation to
correct or automatically make corrections to the process. This puts an environment of self-adjusting
polymer composite fabrication as opposed to a fixed environment.

The operational interaction among sensing, prediction, simulation, and control modules is presented
in Figure 1, while the executable logic of the proposed framework is formalized in Algorithm 1.
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Figure 1. Layered architecture of the proposed cognitive Al-based polymer composite manufacturing
framework.

Table 2. Summary of dataset variables used for polymer composite quality analysis.

S.N. Variable Name Type Unit Description

1 Fiber Type Categorical |— Type of reinforcement used (e.g., carbon, glass, natural fiber)
2 Resin Type Categorical |— Polymer matrix material (e.g., epoxy, polyester, TPU)
3 Fiber Volume Fraction |Numerical (% Ratio of fiber content within the composite structure

4 Curing Temperature (T)|Numerical |°C Temperature applied during polymer curing process

5 Applied Pressure (P)  |Numerical (MPa Pressure applied during composite consolidation

6 Curing Time (t,) Numerical |minutes Duration of curing cycle

7 Humidity Level Numerical |% Ambient humidity during fabrication

8 Thermal Gradient Numerical |°C/min Rate of temperature change during curing

9 Void Fraction Numerical |% Percentage of voids present in composite

10 Crack Density Numerical |cracks/mm?|Number of micro-cracks per unit area

11 Delamination Index Numerical |- Indicator of interlayer separation severity

12 Surface Defect Class  |Categorical |— Label for defect type (void, crack, delamination, none)
13 Tensile Strength Numerical |MPa Measured mechanical strength of composite

14 Cure Quality Index Numerical |— Indicator of curing completeness and uniformity

15 Energy Consumption |Numerical (kWh Energy used during manufacturing process

Data Acquisition

An all-encompassing database was generated through integration of the material, process and defect
related data pertaining to polymer composite systems.

The characteristics that are considered material properties are fiber type, resin composition, fiber
volume fraction and interfacial characteristics. These variables play an important role in mechanical
performance, and curing behavior, especially in biomedical-grade composites [5, 25].

The process parameters were measured at the high time resolution. They are the curing temperature
T, pressure PPP, curing time tc and the humidity of the environment. The parameters were sampled
periodically so as to capture any transient variations that are experienced during fabrication.
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Imaging systems and non-destructive evaluation techniques were used to get defect data. Typical
defects that are taken into consideration are voids, micro cracks, delamination areas and fiber
misalignment. The samples were also labeled in terms of the severity of defects in order to be
supervised in learning.

Table 2 shows the multi-modal dataset variables that were utilized in this paper, which comprised
materials composition, process parameter, and defect properties that are critical in predicting the
quality of the system accurately and optimizing it adaptively using polymer composite systems.

Defect Detection Model

A convolutional neural network, specific to composite surface and subsurface anomaly detection is
used to detect defects. The model takes in images of fabricated polymer composite specimens with
high-resolution as input.

The input image is represented as | RH W C, and H, W, C are the height, width and channels,
respectively. The CNN uses convolution and pooling to extract hierarchical features, and use fully
connected layers to classify.

The result is a probability distribution of the classes of defect (1):

The output is a probability distribution over defect classes (1):
Y = fenn 5 0) (1

where y” is the predicted class vector and 0 represents trainable parameters.
The model is trained using cross-entropy loss (2):

Leg = — X yilog® o) ()

Y; is the actual label and N the number of classes.

This would allow defects that are hard to detect by manual inspection to be detected automatically in
line with the new innovations on intelligent composite inspection systems [ 14, 26].

3.4 Quality Prediction Model

An XGBoost regression model is used to predict mechanical performance and quality of curing. This
model represents nonlinear relationships among variables in the process and output properties.

The quality measure Q that is predicted is (3):

Q = fxeg(X) 3

where X={T,P,t.,material features} represents the input feature vector.
The objective function for XGBoost is given by (4):

L=Y2(y,—9,) +35,Q06) )

where Q(fi) is the regularization term controlling model complexity.

Other important outputs that this model predicts are tensile strength, modulus and cure quality
index. Previous research has demonstrated that predictive modeling using machine learning would be
able to decrease the number of experimentation runs during the creation of composite [12], [30].

Reinforcement Learning Optimization

A reinforcement learning agent is introduced to optimize manufacturing parameters dynamically.
The formulation follows a Markov Decision Process (MDP).

e State (s,): Current process conditions including temperature, pressure, and predicted quality.

e Action (a): Adjustment of process parameters.

e Reward (R;): Function of quality improvement and defect minimization.
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The policy m(als) is optimized to maximize cumulative reward (5):

J(m) = [EXT_yV'Re] )

where v is the discount factor.

An agent of reinforcement learning is presented to optimize dynamically the manufacturing
parameters. It is formulated based on a Markov Decision Process (MDP).

This adaptive learning process enables a continuous optimization of the conditions of the processes
in contrast to the traditional optimization methods [9], [20].

Digital Twin Integration
The reinforcement learning agent does not work in isolation, but is a part of a single decision step
in the overall CAAPCO workflow depicted in Figure 2 and defined in Algorithm 1.

Let S, denote the physical system state and Sq the digital twin state. The synchronization is defined
as (6):

Sa(t) = F(Sp(t) (6)

where F represents the mapping function.

The digital twin is an actual simulation environment in real-time that corresponds to the real
manufacturing system. It takes as input sensor data in real-time and makes predictions of the
outcomes of the processes at diverse conditions. The virtual experimentation provided by the digital
twin helps minimize the risk and enhances the quality of decisions. This is especially useful in

healthcare polymer composites where the cost of trying and error is too high and the practice is
limited by the regulations [27], [28].

The digital twin, as illustrated in Figure 2, is a predictive layer between data interpretation and the
ultimate control action, thus minimizing the chances of suboptimal real-time intervention

Mathematical Model
The mathematical formulation is built around a single mathematical formulation to fulfill quality
prediction, defect detection and optimization.

The total quality (function) can be described as (7):

Qtotar = aQs + Q. —¥D (7

where Qs is structural strength, Qc is cure quality, D represents defect severity, and o,p,y are
weighting coefficients.

The reinforcement learning reward is formulated as (8):
R=aQ—-pD—-6 (8)

Where E is the energy consumption.

The loss functional of the system is calculated using (9):

Liotar = Lcp + ALreg ©
Where A represent is the regularization parameter.

Before training, all variables are normalized in order to achieve numerical stability. Sensitivity

analysis was done in order to balance the mechanical performance and defect minimization and the
weighting coefficients a=0.5, p=0.3 and y=0.2 were chosen.
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In general, the proposed methodology provides a highly connected model in which the defects
detection, quality prediction, and process optimization are in a circular action. This makes sure the
manufacturing of polymer composite is not just smart, but also flexible, and meets the strict
requirements of health care uses.

Proposed Novel Algorithm: Cognitive AI-Driven Adaptive Polymer Composite Optimization
(CAAPCO)

A novel algorithm, called Cognitive Al-Driven Adaptive Polymer Composite Optimization
(CAAPCO), needs to be proposed, to operationalize the proposed framework in a reproducible
fashion. The algorithm is developed to combine the perception of defects, quality prediction, and
simulation of digital twins and reinforcement learning-based control into one closed-loop decision
pipeline. In contrast to the single learning plans, CAAPCO does not consider defect detection and
process optimization as the independent activities. It connects them in sequence and the
manufacturing system is able to react to the probability of defects and to anticipated composite quality
in real time.

The algorithm has a simple logic, but a compounding impact. To provide a complete and optimal
system, first, the system takes multi-modal data on the polymer composite production line such as
sensor measurements, process states and inspection images. A CNN-based defect detector is utilized
next to assess the current state of the specimen and the XGBoost predictor predicts mechanical
strength and quality of a cure. These are then fed into the digital twin which then simulates the
probable result of the current process state with candidate control actions. According to this forecasted
reaction, the reinforcement learning agent chooses an adaptive parameter modification that optimizes
the anticipated quality reward, and inhibits the growth of defects. By doing so, the physical line and
the digital model are always in sync and the control policy is enhanced over time as the line continues
to operate [2, 11, 12, 21, 27] etc.

This algorithmic model is particularly suitable to manufacturing polymer composites since
disturbances in the processes are seldom single occurrences. Any low thermal imbalance may change
the progression of cure and this could further change the content of the void, interfacial bonding and
strength of the final product. Such interactions are typically missing in a static control model.
CAAPCO, in its turn, is not made up of rules but rather decisions are updated in accordance with the
changing evidence. That provides the suggested methodology with a profoundly intellectual nature,
which is the main contribution of the given work.

Algorithmic Workflow

The CAAPCO process starts with the process initiation, where baseline operating parameters,
material descriptors are entered into the system. Continuous collection of sensor streams and
inspection images are then taken. Once the preprocessing step is completed, the CNN identifies
features associated with defects and classifies the level of defects and the XGBoost model forecasts
important quality variables like composite strength and cure quality index. These are the predicted
states which are inputted into the digital twin which emulates potential future responses under a
collection of candidate control actions. These options are considered by the reinforcement learning
agent and the action with the highest reward in the long term is chosen. The control command chosen
is then implemented on the physical process and the cycle would repeat till the process converges or
the fabrication is completed. This is a closed-loop process, which can be summarized in Algorithm 1.

Algorithm 1. Pseudocode of the proposed CAAPCO framework for adaptive quality control and operational
optimization of polymer composites.

Algorithm 1: CAAPCO for Polymer Composite Manufacturing
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Figure 2. Flowchart of the proposed CAAPCO algorithm integrating sensing, defect detection, quality
prediction, digital twin simulation, and reinforcement learning-based adaptive control.
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Input:
Sensor data stream S
Composite inspection images I
Material property vector M
Initial process parameters PO
Output:
Optimized process parameters P*
Defect class D
Predicted quality score Q
1: Initialize CNN defect detection model f{CNN
2: Initialize XGBoost quality prediction model fXGB
3: Initialize reinforcement learning policy m(als)
4: Initialize digital twin model DT
5: Set current process state st «— {S, M, PO}
6: while manufacturing process is active do
7:  Acquire real-time sensor data S _t
8:  Capture inspection image I t
9:  Preprocess S tand I t
10:  Predict defect class:
D t«— fCNN(I t)
11: Predict composite quality:
Q t—fXGB(S t,M,P t)
12:  Update digital twin state:
DT t<—DT(S t M,P t,D t,Q t)
13: Simulate candidate actions a_t*1,a t*2, ..., a t*nusing DT t
14: Compute reward for each action based on quality gain, defect reduction, and energy efficiency
15:  Select optimal action:
a_t* «— m(als_t)
16: Apply action a_t* to adjust process parameters
17: Observe new state s_t+1
18: Update reinforcement learning policy using reward feedback
19: end while
20: Return optimized process parameters P*, final defect class D, and final quality score Q

Analytical Significance of the Proposed Algorithm

The addition of CAAPCO provides depth to the methodology in three aspects. Originally, it
converts the framework into a conceptual architecture to an executable control strategy. Second, it
offers a clear linkage between prediction and intervention, which most studies on polymer composites
tend to lack. Third, it increases reproducibility since every step of the computation is clearly defined
and can be implemented, tested and benchmarked separately. This, in practice, implies that the
proposed system can be not restricted to passive monitoring. It is capable of proactively transforming
the production pathway to produce more dependable healthcare grade polymer composite products.

The suggested algorithm is unique as it treats the inspection, prediction, simulation, and control in
one adaptive loop. The literature in polymer composite research has mostly considered these functions
individually. Conversely, CAAPCO creates an end-to-end cognitive pipeline that is able to detect and
predict defects, as well as actively adjust process conditions to maintain healthcare-grade composite
reliability.

Experimental Setup and Reproducibility

The experimental design was going to be rigorous and reproducible and was also aligned to the
manufacturing conditions of polymer composites such as the ones in health care. Laboratory-scale
composite fabrication data set was taken and synthetically augmented samples to compose a broader
set of defect scenarios and process variability to form a hybrid dataset. The data pertains to the fibre-
reinforced polymer specimens that were cured under controlled conditions whereby temperature,
pressure and curing duration were the parameters that were systematically perturbed to obtain the
optimal and defective conditions [11, 12].
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The experimental system is divided into three general components, such as: (i) a data acquisition
unit to measure the process parameters and inspection images, (ii) an Al-computation unit to train the
model and come up with inferences, and (iii) a simulation unit to model the digital twin. Each of the
models was tested using scientific libraries (in Python) and training on a platform with a GPU to
ensure performance. The system pipeline (data ingestion, decision output) was implemented in a
modular fashion with each stage being able to be independently verified.

To prefer reproducibility, all the input variables were normalized by min maximum scaling and all
the data was divided into training (70 %), validation (15 %) and testing (15 %) subsets. This stratified
division got equal representation of classes of defects and conditions of the process. In addition, the
models were developed five times through cross-validation to make sure that there is a decrease on
overfitting and create a better generalization. All of the experiments were done with random seeds that
were fixed to ensure that the same outcomes would be achieved in repeat run.

Hyperparameter Configuration

The hyperparameters of the models are sensitive to the performance of the proposed framework.
These parameters were chosen using a mixture of grid search and empirical tuning, using validation
performance.

The important hyperparameters of the CNN-based defect detector model are the learning rate 1,
batch size B, and the number of convolutional layers L. The best setup was achieved with 0.001 eta,
B=32 and L.=4 which strikes a balance between the rate of convergence and the accuracy of
classification. To avoid overfitting dropout regularization (rate = 0.3) was used.

The XGBoost quality prediction model was trained with the following parameters; maximum tree
depth d, learning rate nx and estimators Nt. The best regression results with the least variance were
those with the final set up (d=6, nx=0.1, Nt=150).

The learning rate a, discount factor y and exploration rate € of the reinforcement learning agent
were tuned. The balance of exploration and exploitation in training was achieved by selecting 0.01 as
0, 0.95 as 0 and 0.1 as O respectively. These conditions enabled the agent to approach optimum
process control policies without leading to big swings [9, 20]

Data Validation and Model Evaluation Strategy

A systematic validation plan was adopted to find out the validity of the proposed system. The
accuracy, precision, recall and F1-score performance measures were computed in the classification
tasks. Root mean square error (RMSE) and mean absolute error (MAE) were used to assess the results
of regression. The measures provide complementary data on the predictive performance and error
distribution.

Additional statistical validation was also performed to make sure that the robustness is further
ensured by using confidence interval estimation and hypothesis testing.

where n is the number of samples and are the averages of the performance measurements of the
folds. The confidence interval is given as (10):
- g
Cl=x"+z- N (10)

where ¢ is the standard deviation and z is the critical value corresponding to the desired confidence
level.

Moreover, ablation experiments were carried out to determine the role of each of the modules in the
framework. Particularly, the system was verified in three conditions: (i) no reinforcement learning, (ii)
no digital twin integration and (iii) full model.
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Reproducibility Considerations

The data set in this report is available upon request with the author of the cross ponding, and
implementation scripts and configuration files.

Moreover, the CAAPCO framework is designed in modular structure so that it can ensure that the
separate components of the framework (detecting defects or optimization) can be validated or
substituted separately. This guarantees that the suggested methodology is not only reproducible, but
also can be used in future studies of polymer composite systems.

RESULTS AND ANALYSIS
Defect Detection Accuracy

Standard metrics of classification, such as accuracy, precision, recall, and F1-score, were used to
evaluate the performance of CNN-based defect detection module. To be able to generalize, the model
was trained using labeled composite defect images and tested using unknown samples. The proposed
method resulted in a classification of 97.2 %, having a higher precision and recall of over 96 %, which
implies that the method can identify faults (voids, cracks and delamination) with high accuracy.

Normalized confusion matrix
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0.8 -
o
=
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2 alal 0.6 o
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Figure 3. Confusion matrix and classification performance of the CNN-based defect detection model
for polymer composite defects.
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As shown in Figure 3, the CNN model achieved strong class-wise separability across key polymer
composite defect categories, with low off-diagonal confusion and consistently high precision, recall,
and F1-score. The combined visual evidence confirms that the proposed defect detection pipeline can
reliably distinguish voids, cracks, delamination, and defect-free regions under a healthcare-oriented
composite quality control setting.

Table 3 shows the assessment measures of the CNN-based defect detection model, which has a high
classification power in terms of major indicators like accuracy, precision, recall, and F1-score. The
high values obtained consistently indicate that the model is effective in detecting polymer composite
defects with low misclassification, which suggests that it is suitable in ensuring quality control in the
manufacture of composite is reliable.

Quality Prediction Performance

The XGBoost-based regression model has been assessed to predict some of the critical composite
quality parameters such as tensile strength and cure quality index. The model had a Root Mean Square
error (RMSE) of 4.85 MPa and a Mean Absolute error (MAE) of 3.12 MPa which implies that it has a
high predictive error.These findings prove that gradient boosting algorithms may be effectively used
to derive nonlinear correlation between the process parameters and composite performance. The same
tendencies were noticed in previous research on the quality prediction of polymer composites [12,
30], but the current model is more stable as it incorporates features and tunes Hyperparameters.

The XGBoost model maintained a high level of agreement between predicted and measured values
of composite strength as demonstrated in Figure 4 and this implies that the regression model was
consistent throughout the reported range of strengths. The associated clear nonlinear response surface
is an additional explanation of how the temperature of curing and pressure used combine to create
strength prediction space, and provide a more readable perspective of the model behavior within
polymer composite process space.

Table 3. Performance metrics of defect detection model.

Metric Value (%)
Accuracy 97.2
Precision 96.8
Recall 96.5
F1-Score 96.6
l:’Predicled vs Actual Composite Strength |:| Nonlinear Strength Response Surface of the XGBoost Prediction Space
®  Test samples e o’
—— _Jdcalifit 7 ® Observed strength samples
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Figure 4. Predicted vs actual composite strength showing regression accuracy of the XGBoost model.
Optimization Performance
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The optimization module of reinforcement learning was evaluated based on the capability to
enhance efficiency of the manufacturing process and decrease the number of defects. The results
indicate that the proposed CAAPCO model was able to achieve:

e 18.6% decrease in defect rate.

e 12.4% improvement in energy efficiency

e 10.2% increase in overall composite quality index

These improvements can be explained by the adaptive nature of the RL agent, which continuously
optimizes the parameters of the processes, with real-time feedback. Contrary to the approach of the
traditional optimization methods, the suggested method is dynamically coupled with changes in the
conditions of the curing process and the behavior of the material. This is consistent with the recent
discoveries of Al-based optimization of the processes in composite manufacturing [9, 27].

As illustrated in Figure 5, the reinforcement learning agent exhibits stable convergence after
approximately 200 training episodes, with reward stabilization and simultaneous reduction in training
loss, indicating effective policy learning and system adaptation.

Comparative Analysis

It was compared to recent studies on Al-driven polymer composites with a specific focus on
comparing its predictive accuracy and its operational capabilities. Published literature mainly focuses
on either modeling or optimization, seldom to a tightly coupled, adaptive pipeline.

Predictive modeling methods in polymer composites [1, 8, 30] claim high predictive power on
mechanical behavior, but they are offline and non-interventional, therefore they cannot have an effect
in real-time manufacturing. On the same note, Al-based optimization models [2, 9, 29] enhance
efficiency of the process, but do not provide defect-conscious feedback, which is essential in the
healthcare-grade composite fabrication. The intelligent inspection systems [11, 14] have proven to be
reliable in detecting defects in additive manufacturing, but are independent units that do not have the
ability to correct the process. More recent digital twin implementations [27] add predictive control,
but this is a less used approach in adaptive quality assurance and biomedical constraints.
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Figure 5. Convergence behavior of the reinforcement learning agent showing reward stabilization

over training iterations.
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In comparison, the suggested CAAPCO model unites defect detection, quality prediction, and
control based on the reinforcement learning in a single loop and allows simultaneous perception and
intervention. This combination results in an observable enhancement, with a defect detection rate of
~97% and high operational efficiency, surpassing recent dislodged methods

The findings in Table 4 are clear evidence that it is integration and not the individual model strength
that counts.. Integrating learning, simulation, and control into the same architecture allows the
proposed approach to be more consistent and reliable, which are crucial in the use of polymer
composites in healthcare settings. The model proposed is more accurate and efficient in its operation
than the current models. Although the performance of traditional CNN-based inspection systems is
reasonable, it does not contain any integration with optimization mechanisms. Equally, ML-based
quality control systems enhance monitoring, but lacks adaptive control. CAAPCO framework fills this
gap through a single architecture, which incorporates detection, prediction, and optimization.

Ablation Study

An ablation study was carried out to assess the role of each of the components of the framework.
Three configurations were experimented:

1. Without Reinforcement Learning (No RL)

2. Without Digital Twin (No DT)

3. Full Proposed Model

The findings show that optimization efficiency is decreased by about 9.3 percent when the RL
module is eliminated and by 7.8 percent when the digital twin is eliminated, with it being reduced by
7.8 percent in terms of prediction error and faults. The results of these studies validate that the two
components are important in improving performance of systems.

Figure 6 presents a multi-perspective ablation analysis using diverse visualization strategies,
highlighting the consistent superiority of the full CAAPCO framework across accuracy, efficiency,
defect reduction, and energy optimization metrics.

Statistical Validation

In order to make the results reliable, statistical validation was conducted in terms of hypothesis
testing and estimation of the confidence interval. The accuracy of the defects detection and quality
prediction was statistically significant as the p-value was less than 0.01 (p-value < 0.01) which shows
that there is strong evidence against the null hypothesis. Calculation of the 95% confidence interval of
the model accuracy: CI=97.2+1.3:

which validates the predictability of the model with other test samples.

Moreover, the analysis of the variance in the different runs established that there was little variation
thus supporting the soundness of the suggested framework. These results can be compared to the
recent works highlighting the significance of statistical validation in Al-based composite systems [17,

22].

Table 4. Comparative evaluation of proposed framework with recent Al-driven polymer composite

approaches.

Model / Study Type Accuracy (%) Capability Type Limitation Ref
ML-based Property Modeling ~90-93 Prediction only No real-time control [1,30]
Al Process Optimization ~92-94 Optimization only No defect feedback [2,9]
Intelligent Inspection (CNN) ~91 Defect detection No adaptive optimization [11]
Digital Twin + ML ~94-95 Predictive simulation  |Limited healthcare integration |[27]
Proposed CAAPCO ~97 Integrated cognitive|- -
Framework control
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Figure 6. Ablation study results comparing system performance under different configurations.

All in all, the findings indicate that the suggested Al-based cognitive framework can greatly
improve defects detection, quality forecasting and optimization of the processes involved in
manufacturing polymer composite materials.

DISCUSSION

The results obtained suggest that the increase in performance does not just occur as a by-product of
better individual models, but rather, it can be achieved as a result of the interaction between
perception, prediction and control in the proposed framework. In polymer composite regimes, system
defects and mechanics are controlled by thermo-mechanical and curing dynamics that are
interdependent. These interactions are implicitly contained within the framework. It does not regard
defect detection and quality prediction as separate processes but connects them with a feedback-based
optimization process. This structural coupling is the reason why the observed stability in both defect
suppression, and consistency of quality is seen, especially under different process conditions.

One of the factors that explain the enhanced performance is the mechanism of learning that is
context-aware. The CNN model is not a passive classifier; the results of the model affect downstream
decision-making. Likewise, the XGBoost predictor is not merely an estimator of strength, but it is a
signal which, in a way, is quantitative and which is used to inform the actions of reinforcement
learning. By combining with the digital twin, the system is a good predictor of the outcome of the
processes, even before they are physically carried out. This foresight helps in prediction thus
minimizing trial-and-error modifications that are prevalent in the fabrication of polymer composites.
Therefore, the structure is capable of adapting to process drift, variability of materials and
environmental alterations than single stage or stationary models.

The material wise, the process is more in line with the natural act of polymer composites. These
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materials are sensitive to the curing kinetics, fiber-matrix interaction and microstructural
development. These relationships are implicitly learnt by the proposed model using data, without the
need to explicitly constitute model. This can be especially beneficial in healthcare-grade composites,
in which even minor imperfections in microstructure can have a huge impact on the reliability of
implants or the performance of a prosthetic. The fact that the quality can be kept constant under these
limitations is an indicator of the practicality of the framework.

Adaptive control enables material to be integrated into the production that allows a reduction of
material wastage and minimization of post-production rejection rates. This is particularly applicable in
the high-value composite production where quality failures are directly equated to loss of money.
Besides, a digital twin can be used to conduct experiments with the process in a safer way, whereby
manufacturers can test and experiment with the parameters virtually and then implement them on the
actual systems. This minimizes operational risk and reduces the time to develop the processes.

The medical applicability is also of great importance. Bio-medical devices that require polymer
composites require a high level of quality assurance since failure may affect the safety of the patient.
The suggested framework advocates ongoing quality check-up, instead of using post-fabrication
examination. This change of direction to active quality control increases confidence in applications
like implants, orthopedic supports and bio-compatible composite structures. Moreover, flexibility of
processing conditions by changing them real-time can enable customization, which is becoming more
and more demanded in patient-specific healthcare solutions.

Limitations

Whilst the proposed framework has its benefits, there are some limitations that should be taken into
consideration. The implementation which is currently used is based on controlled and augmented
datasets partially, which might not be able to represent the variability that is involved in the large
industrial contexts. Although the digital twin makes predictions more accurate, the accuracy of the
digital twin is necessarily conditional on the fidelity of the underlying models and input data.
Moreover, combining various Al elements adds to the complexity of computations, which can be
problematic when attempting to implement it in real-time in manufacturing systems with limited
resources. Lastly, the framework is consistent with the requirements of the healthcare grade polymer
composite, but still, they need to be extensively tested under regulatory standards and clinical
circumstances before they can be used in practice

CONCLUSION AND FUTURE SCOPE

This paper outlines a cognitive Al-based quality control and optimization of the operation of
polymer composites systems, particularly with references to the healthcare-grade applications. The
suggested CAAPCO model enables the combination of defect finding, quality forecasting,
reinforcement learning, and the digital twin simulation into a single framework. The proposed
methodology, in contrast to the traditional methods that are run independently, provides a closed-loop
response of perception and control, which allows adapting processes to changes in real time. These
findings show that the detection accuracy of defects is higher, prediction more reliable, and the
processes are much more efficient. The most important innovation is the fact that the multi-modal
learning and the adaptive decision-making are seamlessly combined, thus making production of
polymer composites a dynamic process, rather than a static one.

In the future, the next working direction will be the extension of the framework to full scale work in
the industries. This can be further automated and made more precise by interconnection with robotic
inspection systems that can be used to locate defects in even more complex composite geometries.
Also, the Al models will be deployed on edges in real-time to minimize latency and enable making
decisions on-site. It will also be necessary to further validate with large-scale industrial data and
adhere to the standards of healthcare regulations. The developments will enhance the practicability of
cognitive Al in the next-generation polymer composite manufactures.
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