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ABSTRACT: Glass-fiber-reinforced polymer (GFRP) pipes are increasingly used in aggressive environments due
to their high corrosion resistance and favorable mechanical properties. However, long-term exposure to saline
environments and elevated temperatures can lead to degradation of their structural performance. This study investigates
the influence of accelerated saltwater aging on the tensile behavior and structural characteristics of GFRP pipes and
proposes machine-learning-based predictive models for the ultimate tensile strength (UTS). Experimental specimens
were immersed in a 3.5% NaCl solution under controlled temperature and exposure time conditions. Tensile testing
revealed that the unexposed samples exhibited a maximum UTS of 79.63 MPa, while aged specimens showed a gradual
reduction in strength, although more than 80% of the initial tensile strength was retained after 60 days of exposure.
Statistical analysis indicated that temperature was the dominant factor, contributing 60.24% to the variation in UTS,
followed by exposure time with 33.72%, with the regression model explaining 93.96% of the total variance (R? = 0.9396).
X-ray diffraction analysis revealed a decrease in the degree of crystallinity from 20.49% in the reference sample to
15.05% in the most degraded specimen, corresponding to an approximate 26.5% reduction, which correlated with the
observed decline in mechanical strength. Several machine learning approaches were evaluated, including Artificial
Neural Networks (ANN), Exponential Gaussian Process Regression, and Boosted Trees. Among them, ANN provided
the highest predictive accuracy, demonstrating strong agreement between predicted and experimental UTS values. The
results confirm that hydrothermal aging significantly affects both the microstructural and mechanical properties of
GEFRP pipes, while machine learning models represent effective tools for predicting their long-term performance under
aggressive environmental conditions.
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1 Introduction

Fiber-reinforced polymer (FRP) composites have become widely used in structural, marine, and indus-
trial applications due to their high specific strength, corrosion resistance, and favorable durability compared
with traditional steel or iron materials [1-3]. Among these applications, FRP pipes are increasingly employed
in aggressive environments such as offshore platforms, desalination plants, and chemical processing facilities,
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where corrosion resistance and lightweight design are essential for long-term operational efficiency [4].
The superior mechanical performance and environmental resistance of FRP materials have made them
attractive alternatives to steel pipelines, particularly in environments where exposure to moisture, salts, and
chemicals can significantly accelerate corrosion processes in metallic structures [5]. However, despite their
advantages, FRP composites remain susceptible to environmental degradation mechanisms that may affect
their long-term mechanical behavior and structural reliability.

Environmental exposure, especially under hygrothermal and saline conditions, can lead to significant
changes in the physical and mechanical properties of polymer composites [6-8]. Moisture diffusion into the
polymer matrix can cause swelling, plasticization, and weakening of the fiber-matrix interface, ultimately
resulting in reductions in stiffness, tensile strength, and overall mechanical performance [9]. The long-term
exposure of FRP materials to aqueous environments may also induce microcracking, fiber debonding, and
interfacial degradation, which progressively compromise the structural integrity of composite systems [10].
For composite pipes specifically, such degradation mechanisms can significantly affect load-bearing capacity
and durability, particularly when the materials are exposed to seawater or saline environments for extended
periods [11-15].

Numerous experimental investigations have explored the effects of aggressive environments on the
mechanical properties of FRP composites. For example, Stamenovic¢ et al. [11] examined the influence of
acidic and alkaline environments on the tensile behavior of glass—polyester composite pipes and reported
notable reductions in tensile properties after prolonged exposure. Similarly, Liao et al. [16] investigated the
thermal aging behavior of E-glass fiber reinforced epoxy pipes and demonstrated that elevated temperatures
accelerate degradation processes, affecting both the matrix and the fiber-matrix interface.

Cilin et al. [7] analyzed the effects of temperature and chemical environments on GFRP pipes by
exposing specimens to salt water and alkaline solutions at 20°C and 50°C and the results showed that higher
temperature and alkaline conditions accelerate degradation, increasing diffusion and reducing mechanical
performance, with notable decreases in flexural and tensile strength, while temperature was identified as the
main factor affecting the mechanical behavior.

A similar work performed by Tanase et al. [6] evaluates the circumferential mechanical properties
of GFRP pipes using the split-disk method, focusing on the effects of aggressive environments. Hoop
tensile strength, elastic modulus, and Poisson’s ratio were determined after exposure to saltwater, and
alkaline solutions at 20°C and 50°C. and it was found that environmental conditions significantly influence
mechanical performance, with higher temperatures and alkaline environments accelerating degradation (the
ultimate tensile strength decreased by up to 21%, while the elastic modulus decreased by up to 21%, indicating
reduced stiffness and deformation resistance).

Other studies have confirmed that temperature significantly influences the aging kinetics of composite
materials by increasing diffusion rates and accelerating chemical reactions within the polymer matrix [17].
As temperature increases, the rate of moisture absorption and chemical degradation processes also rises,
which may lead to more rapid deterioration of mechanical performance.

The durability of FRP composites in marine or chemically aggressive environments has therefore
become an important research topic. Investigations into environmental aging have shown that immersion in
seawater or saline solutions can significantly affect the long-term behavior of glass-fiber-reinforced polymer
systems [14,15]. Salt ions can penetrate the polymer matrix and influence the stability of the fiber-matrix
interface, leading to reductions in mechanical strength and stiffness over time [17]. Similar observations
were reported by dos Santos et al. [18], who demonstrated that exposure to saline solutions can alter the
performance of polymer composites by modifying the matrix properties and weakening the reinforcement
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interface. In addition, environmental exposure can involve combined effects of moisture, temperature, and
chemical interactions, which makes predicting long-term performance particularly challenging [19].

To address these challenges, accelerated aging tests are frequently used to simulate long-term environ-
mental exposure within a relatively short experimental period. Such tests involve exposing specimens to
elevated temperatures or aggressive environments to accelerate degradation processes and evaluate long-
term durability [13]. Accelerated aging approaches have been widely applied to FRP materials used in
civil infrastructure and marine structures to estimate service life and performance degradation [20]. For
instance, accelerated hydrothermal aging experiments have been used to evaluate the long-term durability
of glass fibers and composite laminates by extrapolating degradation trends through Arrhenius-type mod-
els [21]. Similarly, accelerated testing methods have been employed to predict durability of FRP bars and
reinforcement systems subjected to sustained loads and aggressive environments [22,23].

Several researchers have also developed models to estimate long-term mechanical property degradation
of FRP materials under environmental exposure. Early approaches relied on empirical degradation laws
and reliability-based models to estimate the service life of composite systems [24]. More recent research
has incorporated predictive approaches that combine experimental observations with mathematical models
to evaluate durability and long-term performance [25]. Other studies have proposed simplified predictive
models for evaluating mechanical behavior of composite materials subjected to salt-fog environments or
other aggressive conditions [26]. Additional durability studies have examined the influence of hygrothermal
environments on FRP rods and bars, providing insights into the mechanisms responsible for mechanical
property degradation [27-29].

Although these traditional modeling approaches have significantly contributed to the understanding of
FRP durability, they often rely on simplified assumptions and may not fully capture the complex nonlinear
relationships between environmental conditions, exposure time, and material properties. The degradation
behavior of polymer composites involves multiple interacting mechanisms, including moisture diffusion,
thermal aging, chemical reactions, and interfacial damage. As a result, conventional analytical models may
have limited capability in predicting mechanical performance when multiple environmental variables are
simultaneously involved.

In recent years, machine learning (ML) techniques have emerged as powerful tools for analyzing
complex material behavior and predicting mechanical performance in composite systems. Machine learning
algorithms can identify nonlinear relationships between input variables and target responses by learn-
ing from experimental datasets, making them particularly suitable for modeling material degradation
processes [30]. These approaches allow researchers to develop predictive models that integrate multiple
environmental parameters, material characteristics, and experimental conditions without requiring explicit
formulation of the underlying physical mechanisms.

The application of machine learning in FRP research has grown rapidly in recent years. Alhusban
et al. [31] highlighted the increasing use of artificial intelligence techniques for analyzing and predicting
the performance of FRP structures in civil engineering applications. Similarly, Avevor et al. [32] reviewed
the use of ML-based models for damage detection, fatigue prediction, and structural health monitoring in
FRP-strengthened systems, emphasizing their ability to improve prediction accuracy and support intelligent
structural management strategies. Machine learning approaches have also been applied to predict the
bond performance of FRP reinforcement in marine composite structures, demonstrating the capability
of data-driven models to capture complex relationships between material properties and environmental
conditions [33].
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Recent studies have further demonstrated the potential of combining experimental testing with machine
learning models to predict degradation behavior of composite materials under environmental exposure. For
example, Hasan et al. [34] developed predictive ML models to evaluate the degradation of FRP composites
subjected to hygrothermal aging conditions. Similarly, Karimi and Yu [35] integrated experimental aging
tests with machine learning techniques to correlate accelerated and natural aging of CFRP/aluminum
adhesive joints under hygrothermal environments. These hybrid experimental-computational approaches
enable more accurate predictions of long-term material performance while reducing the need for extensive
long-duration experimental campaigns.

Furthermore, machine learning models have also been proposed for predicting long-term durability
and service life of FRP and FRP-reinforced concrete structures. Ren and Wang [36] presented a compre-
hensive review highlighting the potential of ML algorithms in durability prediction of composite materials,
particularly when large datasets and multiple environmental variables are involved. Such models can analyze
degradation patterns and predict mechanical property evolution under various environmental conditions,
making them valuable tools for durability assessment and structural design optimization.

Despite the increasing use of machine learning methods in composite material research, only a limited
number of studies have specifically addressed the prediction of tensile behavior of FRP pipes exposed to
saline environments under varying temperatures and exposure durations. Given the widespread use of FRP
piping systems in marine and coastal infrastructure, there is a clear need for predictive frameworks capable
of estimating the mechanical performance of these materials under realistic environmental conditions.

Therefore, the present study investigates the influence of saline environmental exposure and tem-
perature on the tensile mechanical properties of FRP pipes. Experimental specimens were immersed in
saltwater for exposure periods of 30, 45, and 60 days at temperatures of 20°C, 40°C, and 60°C in order
to simulate accelerated environmental aging conditions. Following the exposure process, tensile tests were
conducted to evaluate the resulting mechanical behavior of the specimens. Subsequently, machine learning
models were developed using the experimental dataset to predict the tensile properties of FRP pipes as a
function of environmental exposure parameters. By integrating experimental characterization with data-
driven predictive modeling, this research aims to contribute to improved understanding of environmental
degradation in FRP pipelines and provide reliable tools for predicting their mechanical performance and
long-term durability in aggressive service environments.

2 Materials and Methods
2.1 Materials and Immersion Procedure

The specimens were prepared from a Glass-Fiber-Reinforced Epoxy (GRE) pipe with an inner diameter
0f105.2 mm and a wall thickness of 5.5 mm. For each exposure condition, three specimens were fabricated
to ensure the repeatability of the experimental results. The immersion environment consisted of a 3.5% NaCl
(sodium chloride) solution, with a measured pH of 7.05, simulating a saline corrosive medium commonly
encountered in practical applications.

The pH of the solution was measured at the beginning and end of the study period and a small variation
was observed, which demonstrates that the solution was not acidified. It is worth noting that the pH of the
solutions was around 7.

2.2 Design of Experiment

The Design of Experiments (DoE) was used to structure the experimental matrix, allowing the factors
influencing the behavior of the GFRP material and their corresponding levels to be systematically organized.
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A full factorial design, comprising nine experimental conditions, was implemented to evaluate the effects
of temperature (20°C, 40°C, and 60°C) and exposure time (30/45/60 days). The testing conditions are
summarized in Table 1.

Table 1: Experimental matrix of temperature and exposure time for accelerated aging conditions.

Exp. No. Temperature [°C] Exposure Time [Days]
1 20 30
2 20 45
3 20 60
4 40 30
5 40 45
6 40 60
7 60 30
8 60 45
9 60 60

2.3 Accelerated Aging of GFRP Samples

The GFRP samples were immersed in sealed glass containers containing salt water. To investigate the
effect of temperature, the containers were maintained at three different levels, namely 20°C, 40°C, and 60°C.

2.4 X-Ray Diffraction (XRD)

The X-ray diffraction (XRD) analysis was performed using a D8 Advance diftractometer (Bruker-AXS,
Karlsruhe, Germany) equipped with a 6-0 configuration and Bragg-Brentano geometry, employing Cu-Ka
radiation (\ = 1.54 A). The samples were analyzed over a 20 range of 5°~70°. The operating conditions set in
XRD Commander were 40 kV and 40 mA, while the scanning parameters included a step size of 0.1° and a
scan speed of 0.1°/5 s. Qualitative phase identification was carried out using DIFFRAC.EVA v14 software in
combination with the ICDD database.

The degree of crystallinity X¢ from the XRD spectra was determined using equation [7]:

_ > Ac
ZAC +2Aam

where Ac is the fitted areas of the crystal phase, and A,,, is the fitted areas of the amorphous phase.

Xc oy

Evaluating the precision of Rietveld structural analysis involves monitoring specific reliability factors,
primarily the Goodness-of-Fit (GOF) and the Durbin-Watson (DW) statistic. The GOF index is calculated
as the quotient of the weighted-profile R-factor (Rwp) to the expected R-factor (Rexp), with a theoretical
floor of 1.0. For a structural model to be deemed statistically sound, GOF values should ideally remain
below 1.5, though values up to 2.0 are often acceptable in practice. Complementing this, the DW index
assesses the degree of serial correlation among the residual errors. In an optimal XRD refinement, the
DW value should approach 2.0; deviations from this indicate systematic errors in the model. High-quality
refinements with minimized GOF and stabilized DW indices are essential for accurately detecting subtle
structural modifications.
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2.5 Tensile Testing

The experimental tests were performed at room temperature using a Walter + Bai LF300 universal
testing machine, shown in Fig. 1, at a constant strain rate of 3 mm/min. The machine was equipped with an
extensometer with a gauge length of 25 mm to ensure accurate measurement of the elastic modulus.

Figure 1: Tensile testing of GFRP samples.

3 Overview of Machine Learning

Machine learning (ML) is a field of artificial intelligence based on principles that allow systems to
learn from data and make autonomous decisions without explicit programming [37,38]. Unlike traditional
deterministic techniques, ML uses statistical models and adaptive algorithms capable of capturing complex
relationships within data and subsequently generalizing to new information [39,40].

The following machine learning categories are distinguished in the literature [38]:

«  Supervised learning, in this type of learning, the model receives input-output pairs from experimental
data to learn functional dependencies [41,42]. These models include regression, feedback neural
networks, support vector machine or boosting ensembles techniques [43].

«  Unsupervised learning, in this case, the models analyze hidden structures in unlabeled data using
methods such as clustering, principal component analysis, or density estimation [44].

«  Reinforcement Learning—this type of learning trains an agent to interact with environment in such a
way as to maximize a reward function and is commonly used in the optimization of autonomous control
and resource management strategies [39].

Machine learning methods are particularly effective for modeling complex relationships that lack
explicit analytical formulations. In this context, the durability of fiber-reinforced polymer (FRP) composite
pipes can be evaluated with improved accuracy, as ML models can capture nonlinear relationships between
stress—strain behavior and material degradation. This enables more reliable prediction of failure points and
early identification of critical structural conditions, contributing to enhanced service life and structural
health monitoring.

Recent studies highlight the increasing use of ML techniques for predicting the ultimate tensile strength
(UTS) of FRP composite pipes. For example, Ang et al. [45] developed an artificial neural network (ANN)
model that achieved approximately 90% prediction accuracy. Similarly, Mishra and Morisetty [46] compared
several algorithms, including Decision Trees, Random Forest, XGBoost, CatBoost, and AdaBoost, and found
that AdaBoost provided the best performance in terms of MSE, MAE, and R2. In addition, Verma et al. [47]
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reported superior predictive accuracy for ANN models compared to Gaussian Process Regression and
Linear Regression.

In this study, a comparative analysis is conducted between classical polynomial regression and three
supervised learning techniques for predicting the UTS of FRP composite pipes: Exponential Gaussian
Process Regression (EGP), Boosted Trees (BT), and Artificial Neural Networks (ANN). All models were
implemented using the Regression Learner toolbox available in the MATLAB environment.

Model performance was evaluated using standard statistical metrics, including the coefficient of
determination (R*), mean absolute error (MAE), root mean squared error (RMSE), and mean squared error
(MSE). The mathematical definitions of these metrics are provided in [43].

3.1 Polynomial Regression

Polynomial regression (PR) is one of the classical analytical methods used for processing experimental
data to determine the parameter values of mathematical models based on approximation relationships. The
approximation function is represented by an n-th order polynomial that is shown in Eq. (2):

n
youtputzzai'xl (2)
i=1

where (x;, i), i =1, n denote the experimental data points.

The objective of the algorithm is to determine the coefficients a;, i =1,...,n, by minimizing an
objective function defined as the sum of squared errors between the experimental values and the predicted
outputs, Eq. (3) [48]:

FA) =Y (=Y ) ®)
j=1 i=1

The polynomial regression model, although mathematically simple, was included as a baseline method
and as a practical engineering tool. Its role is to provide a fast and straightforward approximation of the mate-
rial behavior based on the available experimental data, without requiring complex training procedures. This
approach enables a direct comparison with more advanced machine learning models, thereby highlighting
the relative advantages and limitations of each method in terms of accuracy, complexity, and applicability.

3.2 Exponential Gaussian Process Regression

Exponential Gaussian Process Regression (EGP) is a machine learning technique that combines linear
regression with exponential regression by employing a squared exponential kernel as its core function
for modeling relationships between processed data. This approach results in correlations that decay expo-
nentially with increasing distance between data points, enabling Gaussian Process Regression (GPR) to
effectively interpolate the available data [49].

The interpolation relationship between the input-output data can be expressed by Eq. (4):

_Gmw?
2

y:Ae 20

+¢€ (4)

where x is the input data, y the output data, y is mean (central Gaussian distribution), o standard deviation,
€ error.
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3.3 Boosted Trees

Boosted Trees (BT) construct a predictive model by sequentially combining multiple decision trees.
Each tree is trained to correct the errors made by the previous one through the minimization of a loss
function, as described by Eq. (5) [50]:

Vored = . i+ hi(xi) (5)
i=1

where y; denote the learning coefficient, m represents the number of trees, /; is the i-th decision tree and x;
the input data.

3.4 Artificial Neural Networks

Artificial Neural Networks (ANN) represent adaptive machine learning models inspired by the infor-
mation processing mechanisms of the human brain. They consist of interconnected computational units,
referred to as artificial neurons, organized into an input layer, one or more hidden layers, and an output layer,
through which information is propagated in a sequential manner. The network learns by iteratively adjusting
the synaptic weights between neurons to minimize a predefined loss function, enabling the approximation
of complex nonlinear relationships between input variables and output responses. As the training process
progresses and the model is exposed to additional data, the predictive performance of the network is
progressively improved. The equation of the function activation of ANN is shown Eq. (6) [45]:

}/output = Z?:l wi - Iz' (6)

where y,u1pur the output value of each layer, w—weight of the neuron, I—weight of the neurons.

4 Results and Discussion
4.1 Tensile Testing Results

Fig. 2 shows the variation in ultimate tensile strength and strength retention of the GFRP specimens
with exposure time and temperature. The unexposed specimens exhibited the highest tensile strength
(79.63 MPa). After environmental exposure, a gradual decrease in tensile strength was observed as both
temperature and exposure time increased. At 20°C, the reduction was moderate, while higher temperatures
(40°C and 60°C) led to a more pronounced decrease in strength.

The variability of the experimental results was within +7% of the mean values, indicating good
repeatability of the measurements.

The strength retention results follow the same trend, decreasing from 0.92 (20°C, 30 days) to 0.83 (60°C,
60 days). These results indicate that elevated temperatures accelerate the degradation of GFRP, although the
material retains more than 80% of its initial strength after 60 days of exposure.

A detailed analysis of the degradation mechanisms at the fiber-matrix interface for the same material
system and identical saltwater immersion conditions has been previously reported by the authors in
work [7]. In that study, scanning electron microscopy (SEM) revealed significant microstructural changes
after exposure to saline environments, particularly at elevated temperatures. The formation of corrosion-
related precipitates (orange-brown deposits) was observed on the surface of samples immersed at 50°C,
indicating chemical interactions between the environment and the polymer matrix. Furthermore, SEM
images highlighted clear differences between unexposed and aged specimens, showing that the polymer
matrix undergoes surface exfoliation and localized degradation. These microstructural alterations indicate
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weakening of the fiber-matrix interface and support the observed reduction in ultimate tensile strength in
the present study.
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Figure 2: Tensile test results: (a) ultimate tensile strength; (b) strength retention.

4.2 XRD Results

The XRD spectra of GFRP samples (Fig. 3) exhibit a broad asymmetric halo in the range of 10°-25°
(20), with a maximum around 18°, characteristic of the predominantly amorphous structure of the epoxy
matrix and E-glass fibers [51]. In addition, diffraction peaks at 27.56°, 36.20°, 41.20°, 54.46°, and 56.54° are
associated with microcrystalline silica phases originating from the glass fibers (ICDD-JCPDS 01-070-3755).

From a qualitative point of view, in the spectrum of the control sample R, the broad peak at 18° (20
degrees) and a minor peak at 27.56° (011 plane) corresponding to the presence of microcrystalline silica fibers
were recorded.

In the X-ray spectra of GFRPs (samples 1-9) a trend of decreasing intensity and broadening of the peak
at 18° can be observed, suggesting a decrease in the degree of crystallinity of samples 1-9 (Fig. 3) correlated
with the increase in temperature and exposure time to saline environments of the investigated samples. The
broadening of the peaks and the decrease in the intensity of the peaks at 18° in the XRD spectra could be
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associated with an increase in micro-tensions (micro-strain) at the GFRP surface caused by salt crystals
penetrating and expanding the polymer structure [52-54].

The presence of other prominent peaks at 29 degrees—27.56°, 36.20°, 41.20°, 54.46° and 56.54° in the X-
ray spectra of the composite material (GFRP) samples 1-9 indicates that degradation of the polymer matrix
and exposure in relief of the microcrystalline silica fiber, more resistant to degradation, occurred.
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Figure 3: (Continued)
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Figure 3: XRD spectra for GFRP samples exposed to different temperatures: (a) 20°C; (b) 40°C; (¢c) 60°C.

With increasing exposure temperature (20°C-60°C) and immersion time, a progressive decrease in
peak intensity and broadening of the amorphous halo can be observed, indicating an increase in structural
disorder within the composite. The calculated crystallinity (X¢) values (Table 2) decrease from 20.49% for
the reference sample to 15.05% for the most degraded specimen, confirming the influence of saline aging
on the internal structure of the material. These are similar to those obtained on different GFRP samples in
previous works [7,51,55-57] and indicates the amorphous, sometimes semi-crystalline nature of the analyzed
GFRP samples. The crystallinity values calculated from the X-ray spectra indicate a decreasing trend with
increasing temperature and exposure time of the materials to the aggressive saline environment. These results
are supported by those obtained from the mechanical tests.

The XRD patterns were quantitatively analyzed using Topas 4.1 software through the Rietveld refinement
method over the 20 range of 5°~70°. The amorphous contributions of the epoxy matrix and glass fibers were
modeled using calibrated halo functions, while crystalline phases were fitted using pseudo-Voigt profiles.
The refinement quality was assessed using weighted profile factors (Rwp < 10%), indicating a reliable fit for
the complex composite structure. To evaluate reproducibility, selected samples were analyzed in triplicate,
and the variation in relative crystallinity (RC) values was within +2%-3%.

The observed decrease in RC and the broadening of diffraction features should not be interpreted as
a direct cause of mechanical degradation, but rather as structural indicators of progressive hydrothermal
aging. In epoxy-based GFRP systems, the tensile performance is primarily governed by fiber integrity, fiber—
matrix interfacial bonding, and matrix properties. The diffusion of Na* and Cl” ions, accelerated at higher
temperatures (especially 60°C), leads to plasticization of the epoxy network, increasing chain mobility and
reducing stiffness. Simultaneously, hydrolysis and degradation of silane coupling agents weaken the fiber—
matrix interface, resulting in reduced load transfer efficiency [52,53,58-60].
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Table 2: Degree of crystallinity of GFRP samples.

R-Val

Sample Xcxrp [%] Decrease of Xc [%] Cry Size [nm]  Error alues
Rexp, Rwp GOF (y’) DW

R 20.49 0 12.41 092  Rexp:707 102 194
Rwp: 719

1 18.91 771 14.22 0.64 ReXpZAL 00 gy
Rwp: 8.08

2 18.32 10.59 8.06 071 Rexp: 7ol 109 2.00
Rwp: 8.19

3 17,65 13.86 5.07 081 REXPTS 00 og
Rwp: 8.02

4 19.29 5.86 9.98 057 REPEIB 006
Rwp: 7.39

5 15.05 26.55 9.82 0.68 Rexpi868 o e
Rwp: 9.17

6 18.79 8.30 9.07 078  ROPOL 05 50s
Rwp: 6.29

7 19.05 703 9.59 082 Rexp:778 105  2.02
Rwp: 9.18

172

8 18.28 10.79 9.19 069  exp:726 102 207
Rwp: 7.37

9 17.89 12.69 9.84 065 RSP0 65 oy
Rwp: 7.39

The broadening of diffraction peaks further indicates the development of micro-strains and internal
stresses within the composite structure, consistent with standard interpretations of XRD peak broaden-
ing [52,53,58-60]. In saline environments, these effects can be associated with ion ingress and localized
swelling phenomena, as well as the formation of salt deposits within microvoids and interfacial regions,
contributing to microstructural damage and mechanical weakening [61-63].

A strong correlation between degree of crystallinity and ultimate tensile strength (UTS) is observed
(Fig. 4), with a Pearson correlation coefficient of approximately r ~ 0.9. However, this relationship should
be interpreted as indirect: RC reflects the extent of structural disorder induced by environmental exposure,
while the reduction in UTS is primarily controlled by interfacial degradation and matrix plasticization
[61-63].

The degree of crystallinity values presented in Fig. 4 were derived from Rietveld refinement and
represent volume-averaged structural parameters, as the X-ray beam irradiates an area of several mm?.
Therefore, each data point integrates information from a large number of microstructural regions, providing
a statistically representative characterization of the material. Although local variations in fiber distribution
or resin-rich areas may occur, the consistency of the diffraction profiles and the low refinement residuals
support the robustness of the observed correlation. Consequently, the XRD-derived crystallinity index can be
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considered a reliable indicator of the cumulative physico-chemical degradation of GFRP composites under
saline aging conditions.
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Figure 4: Correlation between degree of crystallinity (X¢) and ultimate tensile strength (UTS) for GFRP compos-
ites aged in saline solution at different temperatures. Each XRD data point was derived from Rietveld refinement
(Rwp < 10%), representing a volume-averaged structural indicator from a scanned surface area of approximately
10\times 10 mm”.

4.3 Machine Learning Prediction
4.3.1 Ultimate Tensile Strength Prediction Using Machine Learning

To estimate the UTS using machine learning techniques, experimental data obtained from 18 inde-
pendent tests were utilized. In each experiment, the FRP pipe specimens were subjected to controlled
temperature conditions and exposed for different durations to account for time-dependent degradation
effects. Each test generated approximately 800 data samples, which were employed for training and validating
the machine learning models as well as the classical polynomial regression approach.

In total, 27 independent experiments were conducted, each generating approximately 800 data points
corresponding to the stress—strain curve. Given the intrinsic dependence between the points belonging to
the same curve, these cannot be considered independent observations. Therefore, to avoid introducing a
“data leakage” bias, the dataset was partitioned at the experiment level rather than at the individual data-
point level. More specifically, each experiment was entirely allocated to either the training or vali-dation
set, thus ensuring a robust and realistic assessment of the performance of machine learning models and
polynomial regression.

Fig. 5illustrates the comparative graphical results obtained using the three machine learning approaches
alongside the classical polynomial regression method for each experiment. These plots highlight the ability
of the investigated models to approximate the stress—strain behavior. Table 3 summarizes the performance
metrics for each method, including R%, MAE, RMSE, and MSE, as well as the predicted and experimental
UTS values for each experimental case, allowing a quantitative comparison of the predictive performance.



14

80
70
60 [
50
g
s 401
‘@
1724
L 30 O Experimental data
2] Model ML (GPR)
20 Model ML (BT)
Neural Network(ANN))
Regression polynomial(PR)
10 Maxim (GPR)
Maxim (BT)
0 O Maxim (NN)
() Maxim (Regression polynomial)
.10 . L . L )
0 0.005 0.01 0.015 0.02 0.025
Strain
(@
80
70
60
=90
[2 %
=
w40
n
Y
n 30l O  Experimental data
Model ML (GPR)
Model ML (BT)
20 + Neural Network(ANN)
Regression polynomial (PR)
O Maxim (GPR)
10 F Maxim (BT)
O Maxim (NN)
0 | Maxim (Regression polynomial)
0 0.002 0.004 0.006 0.008 0.01
Strain
(©)
80
70 +
60
90T
o
=
w40
173
S O Experimental data
(2 Model ML (GPR)
Model ML (BT)
Neural Network(ANN))
20 Regression polynomial(PR)
O Maxim (GPR)
Maxim (BT)
10 O Maxim (NN)
() Maxim (Regression polynomial)
0 A . . L . )
0 0.002 0.004 0.006 0.008 0.01 0.012
Strain

(e)

Figure 5: (Continued)

70

60

50

Stress [MPa]

Comput Model Eng Sci. 2026;147(3):7

O Experimental data
Model ML (GPR)
Model ML (BT)
Neural Network (ANN)
Regression polynomial(PR)
Maxim (GPR)

Maxim (BT)

O Maxim (NN)

() Maxim (Regression polynomial)

70 r

60

0.005 0.01 0.015
Strain

(b)

O Experimental data
Model ML (GPR)
Model ML (BT)
Neural Network(ANN))
Regression polynomial(PR)
Maxim (GPR)

Maxim (BT)

O Maxim (NN)

() Maxim (Regression polynomial)

70

60

50

30

Stress [MPa]

20

40 [

0.004 0.006 0.008 0.01
Strain

(d)

O  Experimental data
Model ML (GPR)
Model ML (BT)
Neural Network(ANN)
Regression polynomial(PR)
O Maxim (GPR)

Maxim (BT)
O Maxim (NN)
O Maxim (Regression polynomial)

0.005 0.01 0.015
Strain

®)



Comput Model Eng Sci. 2026;147(3):7

70 1
60
50
E 40
=
(2}
%)
L3t O  Experimental data
%] Model ML (GPR)
Model ML (BT)
20 F Neural Network (ANN)
Regression polynomial(PR)
O Maxim (GPR)
L Maxim (BT)
10
O Maxim (NN)
) Maxim (Regression polynomial)
0 0.002 0.004 0.006 0.008 0.01 0.012 0.014
Strain
(®
70 1
60 [
50 [
= 401
s
% 30Ff o ©
3 o
g O| O Experimental data
(2R Model ML (GPR)
Model ML (BT)
Neural Network (ANN)
10 Regression polynomial(PR)
O Maxim (GPR)
7 Maxim (BT)
045 Maxim (NN)

O

Maxim (Regression polynomial)

Strain

@

0 0.002 0.004 0.006 0.008 0.01 0.012 0.014 0.016 0.018

Stress [MPa]

Stress [MPa]

70 1
60 [
50 [
40 r
30 [
O Experimental data
20| Model ML (GPR)
Model ML (BT)
Neural Network (ANN)
10 Regression polynomial(PR)
O Maxim (GPR)
Maxim (BT)
0 O Maxim (NN)
Maxim (Regression polynomial)
-10 . A . . .
0 0.002 0.004 0.006 0.008 0.01
Strain
()
80
70
60 -
50 [
40
30 O Experimental data
Model ML (GPR)
2 Model ML (BT)
Neural Network (ANN)
L Regression polynomial(PR)
10 O Maxim (GPR)
Maxim (BT)

O Maxim (NN)
Maxim (Regression polynomial)

0.012

0.002 0.004 0.006 0.008

0.01
Strain

@

0.012 0.014 0.016

15

Figure5: Comparative graphical results using ML and PR for: (a) experiment no. 1; (b) experiment no. 2; (c) experiment
no. 3; (d) experiment no. 4; (e) experiment no. 5; (f) experiment no. 6; (g) experiment no. 7; (h) experiment no. 8;
(i) experiment no. 9; (j) unexposed (reference) sample.

Table 3: Performance metrics for UTS prediction models.

T
Performance Metrics R? MAE RMSE MSE UTS_ Predicted U S Strain
Experimental
Experiment No. 1

EGP 0.99 0.63 2.077 4.31 71.308 71.378 0.01309

BT 0.91 2.44 5.6 31 71.116 71.378 0.0091

ANN 0.98 1.38 2.36 5.61 71.349 71.378 0.01309

PR 0.99 0.96 2.24 5.02 71.129 71.378 0.01309

Stress(strain) = 1.0e+7 * (—3.3482 = strain® + 0.0311 * strain® + 0.0007 * strain)

(Continued)
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Table 3 (continued)

UTS
Performance Metrics R? MAE RMSE MSE UTS_Predicted . Strain
Experimental
Experiment No. 2
EGP 0.97 1.69 4.25 18.08 74.561 76.54 0.203
BT 0.96 3.20 4.8 23132 74.579 76.54 0.0196
ANN 0966 141 4.06 16.51 76.53 76.54 0.014
PR 0967 147 4.03 16.25 77158 76.54 0.014
Stress(strain) = 1.0e+7 * (—1.385 * strain® + 0.0194 * strain? + 0.0006 * strain)
Experiment No. 3
EGR 093 1524 5497 30.224 71.209 71.468 0.00959
BT 0.92 2.69 6.20 38.51 71.359 71.468 0.00868
ANN 0997 0.524 1.081 1.168 71.460 71.468 0.00958
PR 0.997 0.57 1114 1.242 71.941 71.468 0.0095
Stress(strain) = 1.0e+7 * (—4.1644 * strain® + 0.0516 * strain® + 0.0006 = strain)
Experiment No. 4
EGP 1 0.32 1.09 1.19 74.521 74.85 0.012
BT 0.99 1.89 2.35 5.53 74.65 74.85 0.012
ANN 0.99 0.32 1.02 1.06 74.87 74.85 0.012
PR 0.99 0.31 1.05 1.102 74.521 74.85 0.012
Stress(strain) = 1.0e+7 * (—2.1848 * strain® + 0.0254 = strain® + 0.0006 * strain)
Experiment No. 5
EGP 1 0.190 0.35 0.12 70.306 70.246 0.0108
BT 0.99 1.55 1.80 3.25 70.125 70.246 0.0107
ANN 099 0.168 0.292 0.085 70. 235 70.246 0.0108
PR 0.99 0.67 0.804 0.6467 72.048 70.246 0.0108
Stress(strain) = 1.0e+7 * (6.0219 * strain® — 0.150 * strain? + 0.0016 * strain)
Experiment No. 6
EGP 099 0374 1487 221 65.369 65.59 0.0140
BT 0.99 1.67 2.23 4.99 65.063 65.59 0.0140
ANN 0,99 0401 144 2.088 65.564 65.59 0.0140
PR 099 0.417 1.44  2.087 64.671 65.59 0.0140
Stress(strain) = 1.0e+7 * (=1.555 * strain® + 0.0160 * strain? + 0.005 * strain)
Experiment No. 7
EGP 1 0.325 1.206 1.45 68.440 68.842 0.136
BT 0.99 1.73 2146 4.608 68.069 68.842 0.136
ANN 0.99 0.33 1.135 1.33 68.772 68.842 0.136
PR 0.99 0.32 1.16 1.35 68.069 68.842 0.136

Stress(strain) = 1.0e+7 * (—3.4077 * strain® + 0.067 * strain® + 0.0002 * strain)

(Continued)
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Table 3 (continued)

UTS
Performance Metrics R? MAE RMSE MSE UTS_Predicted . Strain
Experimental

Experiment No. 8
EGP 1 0.188 0.33 0.109 65.552 65.699 0.0167
BT 099 1506 197 3.88 65.731 65.699 0.0158
ANN 099 0.168 0.233 0.054 65.509 65.699 0.0159
PR 0.99 0.69 0.837 0.701 66.984 65.699 0.0156

Stress(strain) = 1.0e+7 * (—1.5198 * strain® — 0.0682 * strain® + 0.0072 = strain)

Experiment No. 9
EGP 099 0.409 1729 2991 65.975 65.85 0.0176
BT 0.97 1.87 3.34 11.17 65.922 65.85 0.0169
ANN 099 0417 1579 2.494 65.966 65.85 0.0169
PR 099 051 1.63  2.66 64.578 65.85 0.0169

Stress(strain) = 1.0e+7 * (—1.2951 * strain® + 0.0210 * strain® + 0.0004 * strain)

Reference sample
EGP 1 0.23 0.77  0.607 79.524 79.676 0.0105
BT 099 1751 2132 4.54 79.396 79.676 0.0151
ANN 099 0.23 0.707 0.500 79.455 79.676 0.0152
PR 099 0.38 0.81 0.656 77.986 79.676 0.0152

Stress(strain) = 1.0e+7 * (3.0554 * strain® + 0.0630 »* strain? + 0.0003 * strain)

An analysis of the performance metrics reported in Table 3 indicates that the Artificial Neural Network
(ANN) model generally provides the most accurate approximation of the stress—strain response across the
investigated experiments. This observation is supported by the consistently high values of the coefficient of
determination (R?), together with relatively low error indicators (MAE, RMSE, and MSE), in comparison
with Exponential Gaussian Process Regression (EGPR), Boosted Trees (BT), and classical polynomial
regression (PR).

However, it should be noted that the very high R? values (close to 1.0) observed for all models are
influenced by the smooth and deterministic nature of the stress—strain curves, which are inherently easier
to approximate. Therefore, these results should not be interpreted as evidence of strong generalization
capability, but rather as an indication of the models’ ability to accurately fit the available experimental data.

In this context, the machine learning models, including ANN, demonstrate strong interpolation
capabilities within the range of the available experiments. The predicted UTS values show good agreement
with the experimental measurements, further supporting the consistency of the obtained results.

Nevertheless, given the relatively limited number of independent experiments, the proposed ML

approach should be regarded as a comparative and exploratory tool rather than a fully generalizable
predictive framework.
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4.3.2 UTS Estimation as a Function of Operating Conditions

Temperature and exposure time (days) are identified as the primary operating factors affecting the UTS.
A two-dimensional interpolation method is employed to estimate the yield stress by capturing the combined
influence of these operating conditions.

A two-dimensional interpolation method consists of organizing the experimental data in the form of a
matrix, as presented in Table 4, where the first column contains the numerical values of the exposure time
(days) and the first row contains the numerical values of temperature. The remaining elements of the matrix
represent the ultimate tensile stress (UTS, MPa) values associated with each temperature-time pair.

Table 4: Matrix used for UTS calculation.

Temperature [°C]

Expose Time [Day] 20 40 60
30 72.975 71.1 67.68
45 71.065 69.12 66.725
60 69.485 66.395 66.2

For the numerical estimation of UTS (MPa), the authors employed a two-dimensional interpolation
technique as a computational tool, which estimates the numerical value of UTS as a discrete function
F(x1,x,), expressed by an equation of the form

UTP(xl,xz)=a0+a1-x1+a2-x2+a3-x1-x2 (7)

where x; —exposure time (days) and x,—temperature.

The implementation of this two-dimensional interpolation method in MATLAB® was carried out by
the authors using the gridded Interpolant function. This function returns the interpolated values of the
variable Z corresponding to the queried pairs (X, Y;).

Table 5 reports the numerically estimated UTS values corresponding to different combinations of
temperature and exposure time (number of days).

Table 5: Numerically estimated UTS values for different combinations of temperature and exposure time.

Temperature [°C]

Expose Time [Days] 20 30 40 50 60 70
30 72.975 72.136 71.1 69.42 67.68 66.4179
35 72.404 71.551 70.521 68.9575 673434 66.1209
45 71.065 70.095 69.12 67903 66.725 65.7627
50 70.506 69.272 68.1922 67.3162 66.5357 65.6862
60 69.485 67.795 66.395 66.215 66.2 65.4520

70 68.45 67.020 64.93 65.4890 65.236 64.6740
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This trend is further substantiated in Fig. 6 through contour (level-curve) plots, which consistently
demonstrate the progressive reduction of the UTS across the parameter space defined by temperature and
exposure time.
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Figure 6: Three-dimensional representation of the two-dimensional interpolation function.

By analyzing the data presented in Table 5, it can be observed that the numerical UTS values are identical
to those reported in Table 3 for the same numerical pairs of exposure time (day) and temperature. This
agreement demonstrates the correctness and reliability of the two-dimensional interpolation method for the
numerical estimation of UTS.

Fig. 7 presents the three-dimensional surface representation of the function defined in Eq. (7), which
reveals a pronounced decreasing trend in UTS values with increasing temperature and exposure duration.

Temperature[0C]

Figure 7: Graphical representation of contour curves associated with function (7).

5 Conclusion

This study provides a comprehensive assessment of the effects of saline environmental exposure on
the mechanical and structural stability of glass-fiber-reinforced polymer pipes. These findings confirm
that saltwater aging (especially at higher temperatures) degrades the polymer structure of GFRP pipes,
reducing crystallinity and UTS. The experimental regression model is strong (R? ~ 0.94), and our ML models
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(particularly Gaussian Process and ANN) can accurately capture the UTS trends (all R? ~ 0.99 on validation
data). Thus, ML-based models, trained carefully with sufficient validation, show promise for predicting FRP
performance under realistic environmental aging.

The results demonstrate that although aggressive environments can influence the internal structure
of the polymer matrix and gradually reduce mechanical performance, the investigated composite mate-
rial maintains a relatively stable structural response under the tested conditions. These findings confirm
the suitability of GFRP pipes for applications where corrosion resistance and long-term durability are
critical requirements.

The microstructural analysis highlighted that environmental exposure induces modifications in the
internal organization of the polymer matrix, which are associated with the observed mechanical degradation.
Such structural changes indicate that hydrothermal aging processes play a key role in influencing the
long-term behavior of composite materials used in pipeline systems.

Another important outcome of this research is the demonstration that data-driven modeling approaches
can successfully support the prediction of mechanical performance under varying environmental conditions.
The application of machine learning techniques showed that predictive models can capture the complex
relationships between environmental factors and material response, offering a valuable tool for performance
estimation and durability assessment.

The superior performance of ANN highlights its ability to effectively capture the complex nonlinear
relationships between the operating parameters and the mechanical response of the FRP pipes, making it the
most reliable estimation technique among those considered in this study.

The results obtained from the two-dimensional interpolation analysis clearly indicate that both temper-
ature and exposure time have a significant influence on the degradation of UTSof FRP pipes. The consistent
decreasing trends observed in both the three-dimensional surface plot and the contour representations
confirm the progressive reduction of mechanical resistance under more severe operating conditions. These
findings highlight the suitability of the proposed interpolation-based approach for capturing the combined
effects of thermal and time-dependent factors on material performance, providing a reliable tool for the
predictive assessment of structural integrity and long-term durability of FRP piping systems.

It should be noted that the present study is limited by the relatively small number of experimental
specimens per condition, which may influence the statistical robustness of the findings. Future investigations
involving larger datasets and additional validation are recommended to further confirm the reliability and
generalizability of the proposed models.
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