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Abstract 

The long-term viscoelastic degradation of natural fiber-reinforced polymers remains a significant barrier to their load-
bearing structural applications. This study introduces an integrated computational framework combining Artificial 
Neural Networks (ANN) and a Genetic Algorithm (GA) to model, predict, and optimize the chemical surface treatments 
of plantain pseudo-stem fiber-reinforced high-density polyethylene (HDPE) composites matrix at 20 percent weight 
fraction (wt.%) fiber loading. The biofibres were modified via alkaline mercerization in 0.1M, 0.5M and 0.8M Sodium 
hydroxide (NaOH) and subsequently an acetylation treatment with 5%, 10% and 15% acetic anhydride before thermo-
mechanical creep testing under sustained stresses of 35 MPa and 42 MPa across an isothermal gradient of 30℃, 60℃ 
and 80℃ for 240 hours. The optimized ANN framework successfully mapped the continuous, non-linear creep space 
across the coupled thermo-mechanical domains. Continuous response surfaces revealed that raising the temperature 
from 30℃ to 80℃ accelerated primary creep kinetics and increased maximum deformation by 87.5%, highlighting the 
matrix thermal sensitivity near the glass transition region. Notably, the smooth topology of the predictive profiles 
confirmed that the dual chemical modification maintained robust fiber-matrix interfacial integrity under all 
environmental conditions. To transition from empirical observation to intelligent material design, the validated ANN 
model was coupled with a heuristic GA to autonomously explore the treatment design space. The evolutionary 
optimization path was mathematically validated via a fourth-degree polynomial regression equation which 
demonstrates an exceptional coefficient of determination (R2) = 0.99. The framework successfully determined the 
optimal chemical concentration thresholds required to minimize temporal structural strain, and offers a scalable design 
methodology for smart manufacturing applications.  

Keywords: Artificial Neural Network; Genetic Algorithm; Natural Fiber Composites; Viscoelastic Creep; Mercerization; 
Acetylation; Material Design 

1. Introduction

The rising demand for sustainable infrastructure has positioned natural fiber-reinforced polymer (NFRP) composites 
as critical alternatives to conventional synthetic materials. Despite their economic and environmental benefits, NFRP 
composites are prone to time-dependent viscoelastic degradation, such as creep, which severely restricts their adoption 
in long-term structural applications [1]-[3]. The structural performance of these composites is fundamentally dictated 
by the fiber-matrix interface and the chemical treatments such as alkalization and acetylation which are commonly 
employed to enhance mechanical interlocking and moisture resistance [4]-[7]. 

While extensive literature has characterized the mechanical properties of these treated composites under static loads, 
the transient response to variable thermal environments remains a challenge. Current studies often rely on the Time-
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Temperature Superposition Principle (TTSP) to predict long-term material behavior by shifting short-term 
experimental data to establish master curves [5, 6]. However, these traditional models are frequently limited by the 
necessity for exhaustive, discrete experimental datasets, which fail to capture the complex, non-linear coupling between 
processing parameters and structural degradation [8]-[10].  

Recent advancements in Artificial Intelligence (AI) and machine learning offer a paradigm shift in materials engineering. 
The integration of Feed-Forward Neural Networks (FFNNs) has proven successful in surrogate modeling, thereby 
enabling the prediction of complex behaviors where closed-form analytical solutions are insufficient due to the 
multivariate nature of material variables [11]-[15]. Furthermore, the synergy between predictive modeling and 
heuristic optimization, particularly through metaheuristic techniques such as genetic algorithms (GAs), allows 
researchers to move beyond descriptive analysis toward "Digital Twin" frameworks capable of prescriptive design [16]-
[20]. 

Despite these advancements, a gap persists in the literature regarding the development of hybrid predictive artificial-
intelligent (AI) driven frameworks that explicitly correlate chemical treatment optimization with high-resolution creep-
resistant performance across diverse thermal regimes. This study addresses this gap by proposing an integrated AI-
driven methodology for the predictive modeling, and heuristic design of surface-modified biofibre reinforced HDPE 
composites. By developing a high-fidelity Digital Twin that captures the coupling between thermal activation and 
viscoelastic viscous flow, this research establishes a robust, sustainable design framework that minimizes the temporal 
and economic costs of traditional experimental material testing. 

2. Materials and Methods 

The comprehensive experimental design, data acquisition and computational framework employed to develop the 
"Digital Twin" for creep-resistant biofibre/HDPE composites are outlined in 2.1 to 2.4. 

2.1. Materials and Composite Fabrication 

The composite matrix consisted of high-density polyethylene (HDPE) reinforced with 20 wt.% plantain pseudo-stem 
fibres. The fibres processing utilized systematic chemical surface modification to enhance the fibre-matrix interface. 
Three concentrations of NaOH solution (0.1 M, 0.5 M, and 0.8 M) were applied for mercerization, followed by acetylation 
using acetic anhydride solution at concentrations of 5%, 10%, and 15%. The treated fibres were compounded with the 
HDPE matrix using a twin-screw extruder, followed by injection molding into standard test specimens. The processing 
parameters including melt temperature, packing pressure and cooling rate were maintained as constant to ensure 
consistency across the experimental matrix. 

2.2. Experimental Characterization: Creep Testing 

To quantify the viscoelastic performance, 240-hour thermomechanical creep tests were conducted in accordance with 
ASTM D2990 standards [21]. Specimens were subjected to sustained tensile stresses of 35 MPa and 42 MPa across a 
thermal gradient of 30℃, 60℃ and 80℃. The resulting deflection data, captured through high-precision extensometers, 
formed the experimental foundation for both model training and empirical validation. This comprehensive dataset, 
organized into a six-table matrix, captured the non-linear degradation profiles across the full range of chemical 
treatments and thermal regimes. 

2.3. Hybrid Computational Framework: ANN-Based Digital Twin 

In order to bypass high-fidelity structural computational costs on the factory floor, modern cyber-physical production 
layouts increasingly rely on reduced-order rheological modeling and digital twins to monitor material behavior in real 
time [22]. In this study, a Feed-Forward Neural Network (FFANN) was developed to serve as the predictive “Digital 
Twin” of the composite. The input layer featured four primary vectors:  

Chemical concentration (NaOH molarity and acetylation percentage),  

• Thermal regime (°C),  
• Applied stress (MPa), and  
• Time (hours), with the output layer yielding the predicted creep extension (mm). 
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2.3.1. Model Architecture and Training 

The regression model was implemented using a feed-forward deep neural network architecture comprised of two 
hidden layers (32 and 16 neurons) with Rectified Linear Unit (ReLU) activation functions. The dataset, consisting of 246 
multi-dimensional observations derived from the full six-table experimental matrix, was utilized to train the network. 
The model was optimized using the Adam algorithm, with training conducted over 500 epochs to ensure convergence 
in the MATLAB environment. 

2.3.2. Validation and Performance Metrics 

The model’s ability to generalize across the multivariate design space was assessed by comparing predicted trajectories 
against experimental ground truth. The predictive performance was validated using the Root Mean Squared Error 
(RMSE) as the primary objective function and the coefficient of determination (R2) to assess goodness-of-fit. The model 
exhibited a high degree of correlation between experimental and predicted values (observed R2 = 0.99), confirming its 
robustness in mapping the complex relationship between fiber treatment, environmental factors, and time-dependent 
creep strain. 

2.4. Heuristic Optimization: Genetic Algorithm (GA) 

To transition the “Digital Twin” from a predictive surrogate to an active design tool, a genetic algorithm was employed 
to identify the chemical configuration that minimizes creep deformation. The algorithm explored the multivariate 
design space through the following evolutionary operators: 

2.4.1. Initial Population 

A uniform creation method (𝑔𝑎𝑐𝑟𝑒𝑎𝑡𝑖𝑜𝑛𝑢𝑛𝑖𝑓𝑜𝑟𝑚) was used to ensure unbiased exploration of the chemical treatment 
ranges. 

2.4.2. Crossover and Selection 

A scattered crossover function (𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟𝑠𝑐𝑎𝑡𝑡𝑒𝑟𝑒𝑑) was paired with stochastic uniform selection 
(𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛𝑠𝑡𝑜𝑐ℎ𝑢𝑛𝑖𝑓) to maintain population diversity and ensure robust convergence toward the global optimum. 

2.4.3. Mutation 

An adaptive feasible mutation operator(𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛𝑎𝑑𝑎𝑝𝑡𝑓𝑒𝑎𝑠𝑖𝑏𝑙𝑒) was utilized to maintain structural integrity within 
the defined chemical bounds, and further allow the algorithm to navigate complex, non-linear constraints. 

The optimization process was governed by a 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑇𝑜𝑙𝑒𝑟𝑎𝑛𝑐𝑒 stopping criterion, defined as the threshold for the 
average change in the fitness value between consecutive generations. Convergence was established when the fitness 
evolution fell below this threshold, which confirms that the algorithm had identified a stable global minimum.  

3. Results and Discussion 

The results obtained validate the efficacy of the proposed AI-driven Digital Twin framework in characterizing the 
viscoelastic creep behavior of surface-modified biofibre reinforced HDPE composites. By integrating high-fidelity 
experimental data spanning diverse thermal regimes and chemical treatment concentrations, the results bridged the 
gap between empirical observation and predictive modeling. The subsequent discussion systematically evaluates the 
model’s predictive accuracy and its capacity to identify optimal interfacial configurations for long-term structural 
applications 

3.1. Standalone Experimental Component Structural Creep Deflection Analysis 

The time-dependent structural performance of the surface-modified natural fiber-reinforced polymer composites was 
evaluated through mid-span creep deflection profiles over a 240-hour duration under coupled thermo-mechanical 
loads, as illustrated in Figure 1. 
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Figure 1 Standalone Experimental Creep Deflection profile for Biofibre Reinforced HDPE Composites at 
30℃, 𝟔𝟎℃ 𝐚𝐧𝐝 𝟖𝟎℃ 

Across all tested configurations, the component deflection tracks a characteristic three-stage viscoelastic deformation 
curve, dominated by a rapid primary elastic-viscoelastic transition within the first 25 hours, followed by a highly stable, 
linear secondary creep state. The material exhibits profound sensitivity to both thermal activation and mechanical 
loading scales. Increasing the sustained stress from 35 MPa to 42 MPa at the 30°C baseline accelerates the final 
deflection by approximately 36.6% (from 0.041 mm to 0.056 mm). The trend shows that this deformation behavior is 
significantly magnified at elevated temperatures, where the highest environmental regime of 42 MPa at 80°C induces a 
maximum structural deflection of 0.139 mm. This pronounced acceleration highlights severe thermal softening and 

free-volume expansion within the polymer matrix as it approaches its glass transition region (𝑇𝑔). The absence of a 

tertiary creep acceleration or sudden geometric rupture across any of the profiles indicates that the chemical surface 
modification of the biofibers successfully preserved strong interfacial adhesion and stable shear stress transfer at the 
fiber-matrix boundaries under prolonged thermo-mechanical stress. 

3.1.1. ANN Simulated Experimental Characterization of Creep Behaviour 

The ANN simulated viscoelastic response of the 20 wt.% plantain fiber-reinforced HDPE composite experimentally 
characterized through a 240-hour creep test regimen across three isothermal conditions of 30℃, 60℃ and 80℃ are 
displayed in Figures 2-7. This experimental baseline provides the necessary quantitative ground truth for the 
subsequent neural network training and validation. 
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Figure 2 ANN Simulated Experimental Creep Deflection profile for Biofibre Reinforced HDPE Composites at 30℃ 

 

 

Figure 3 ANN Simulated Experimental Creep Deflection Profile for Biofibre Reinforced HDPE Composites at 60℃ 
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Figure 4 ANN Simulated Experimental Creep Deflection Profile for Biofibre Reinforced HDPE Composites at 80℃ 

As illustrated in the creep deflection profiles of Figures 2 - 4, the material exhibits a distinct transition in viscoelastic 
behaviour as thermal activation increases: 

• Low-Temperature Regime (30℃): The composite demonstrates high dimensional stability, with a total creep 
extension of 0.44 mm at 240 hours. The profile is characterized by a rapid primary creep phase followed by a 
quasi-linear secondary creep slope, indicating efficient interfacial load transfer between the plantain fibers and 
the HDPE matrix. This indicates that the optimized chemical surface treatment (0.1M NaOH / 5% Acetic 
Anhydride) effectively promotes interfacial adhesion and suppresses matrix deformation. 

• Intermediate-Temperature Regime (60℃): Increasing the temperature to 60℃ results in a 24% increase in total 
creep extension, reaching 0.55 mm. This acceleration suggests a reduction in the storage modulus of the HDPE 
matrix, leading to increased molecular chain mobility. Obviously, the divergence is consistent with the Time-
Temperature Superposition Principle (TTSP), wherein elevated temperatures increase free volume and 
molecular mobility within the HDPE chains, leading to a reduction in matrix stiffness and a subsequent loss of 
structural rigidity. 

• Elevated-Temperature Regime (80℃): At 80℃, the creep response undergoes a severe transition. The maximum 
deflection reaches 0.90 mm, representing a 104% increase over the 30℃ baseline. The trajectory at this regime 
demonstrates reduced resistance to prolonged thermomechanical stress, confirming that the fiber-matrix 
interface reaches a critical softening point near the matrix glass transition temperature. 

These results indicate that while the plantain fibres provide reinforcement, their efficacy is highly temperature-
dependent. The quantified non-linear increase in creep extension from 0.44 mm to 0.90 mm over the 50℃ thermal 
gradient provides the empirical bounds necessary for the ANN based “Digital Twin” to accurately map this temperature-
dependent degradation. This hybrid simulation result confirms that the model has successfully internalized the complex 
coupling effects between thermal activation and viscoelastic viscous flow. 

The structural performance of natural fiber-reinforced polymer composites is fundamentally governed by the complex 
interplay between physical fibre characteristics, chemical composition, and the resultant fiber-matrix interface [1]. In 
line with the findings of [6], these results suggest that the chemical modification process specifically the 0.1 M NaOH 
and 5% acetic anhydride solutions treatment, successfully enhanced the interfacial bonding. This optimization of the 
fibre-matrix interface is critical for improved load-transfer efficiency, a sentiment echoed by [5], who noted that such 
modifications are essential for ensuring material compatibility in demanding structural applications. 
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3.1.2. Comparative Analysis of the Creep Profiles of Experimental and Numerical Components  

The correlation between the standalone experimental mid-span deflection profiles and the artificial neural network 
(ANN) assisted structural simulation histories demonstrate, the high fidelity of the predictive framework across all 
isothermal boundaries (30°C, 60°C and 80°C). Physically, the experimental mid-span deflections are strictly bounded 
by localized mechanical constraints, which culminates in a maximum localized displacement of 0.139 mm under the 
most severe coupled environment (42 MPa at 80°C). In contrast, the numerical simulation curves map the full-field 
unconstrained maximum structural displacement across the entire component geometry, resulting in higher integrated 
magnitudes that reach 0.44 mm, 0.55 mm, and 0.91 mm at 30°C, 60°C, and 80°C, respectively. Worthy of note, is that, 
the simulation tracks the underlying viscoelastic mechanics with exceptional precision; by accurately capturing the 
parabolic, free-volume-driven strain acceleration at the 30°C baseline, as well as the transition into a highly linear, 

constant-rate steady-state secondary creep slope as thermal activation crosses the glass transition region (𝑇𝑔) at 60°C 

and 80°C. This close agreement in both the primary elastic-viscoelastic offsets and the secondary deformation kinetics 
mathematically validates the hybrid modeling approach as a robust tool for predicting the long-term, coupled thermo-
mechanical performance of surface-modified bio-composite components. 

3.2. ANN-Based Digital Twin: Predictive Performance and Validation 

The robustness of the predictive Digital Twin was established through a systematic training process and subsequent 
validation against the experimental ground truth. The model, configured as a feed-forward neural network with two 
hidden layers (32 and 16 neurons), was trained over 500 epochs using the Adam optimizer to minimize the objective 
loss function. 

 

Figure 5 ANN Training Progress demonstrating RMSE and Loss Convergence over 7,500 iterations 

The training history, illustrated in Figure 5, depicts the evolution of the Root Mean Square Error (RMSE) and loss metrics 
over 7,500 iterations. The Adam optimizer demonstrated high efficiency, evidenced by a rapid decay in both metrics 
within the initial 500 iterations, indicating that the model successfully navigated the loss landscape to identify 
significant patterns early in the training phase. 

Following this rapid convergence, the RMSE stabilized at a baseline below 0.01, and the “Training” line remained 
effectively flat after the 1,000th iteration, confirming a robust weight distribution without signs of overfitting, gradient 
stagnation, or divergence. These performance outcomes, maintained under a constant learning rate of 0.001 throughout 
the 7,500 iterations, demonstrate the stability of the architecture and establish a credible, reproducible basis for 
subsequent predictive analysis. 
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Figure 6 Correlation Plot Comparing Experimental Creep Extension against ANN-Predicted Values 

The regression analysis, presented by the parity plot in Figure 6, provides critical validation for the predictive 
performance of the Artificial Neural Network (ANN). The blue data points indicate the model's predicted creep 
extension across the dataset, while the red dashed line signifies the ideal parity between experimental measurements 
and computational outputs. As can be observed from the graph, the model achieved a high coefficient of determination 
(R2 = 0.9975), signifying that it successfully accounts for over 99% of the variance observed in the experimental creep 
extension data. In the context of computational materials science, where viscoelastic creep involves highly non-linear, 
time-dependent stress-strain relationships, an R2 exceeding 0.99 is indicative of exceptional predictive fidelity. 

The tight clustering of data points along the ideal 1:1 (45°) parity line indicates high predictive accuracy with minimal 
dispersion across both low-strain and high-strain regimes. While many traditional empirical models struggle with the 
multi-dimensional dependencies of fiber-reinforced composites, this ANN-based “Digital Twin” demonstrates superior 
alignment between experimental observations and network predictions. This robust confirmation proves that the 
model has effectively learned the underlying viscoelastic constitutive relationships, ensuring it serves as a reliable 
surrogate for physical testing and a high-precision tool for interpolating material behavior across the entire multivariate 
design space. 

The work of [14] which reported that ANNs demonstrated high accuracy in modeling complex mechanical behaviour 
under varying process parameters; is corroborated in this pipeline’s high predictive correlation (R2 = 0.99) achieved by 
the Digital Twin. Consistent with the study of [12], these results confirm the efficacy of machine learning as a robust 
framework for interpreting multifaceted materials science tasks. Furthermore, this model’s capacity to capture thermal 
influences on stress distribution aligns with established thermodynamic effects in viscoelastic systems [9]-[10]. 
Consequently, these findings enhance the model’s reliability for assessing creep behavior which is a critical parameter 
for ensuring long-term structural safety and design precision. 
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3.3. Parametric Sensitivity and Viscoelastic Stress Analysis  

To fully understand the coupled, non-linear interactions governing the creep deformation behavior of the surface-
modified biofibre polymer composites, a continuous multi-variable mapping was executed across the investigated 
stress (𝜎) and time (𝑡) domains. Figures 7(a), 7(b) and 7(c) depict the neural network's predicted 3D response surfaces 
for creep extension (∆𝐿) at isothermal operational boundaries of 30°C, 60°C and 80°C respectively.  

 

Figure 7 (a) ANN Predicted Creep Extension Surface Plot across Normalized Stress and Time Regimes at 𝟑𝟎℃ . 

 

Figure 7 (b) ANN Predicted Creep Extension Surface Plot across Normalized Stress and Time Regimes at 𝟔𝟎℃. 
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Figure 7 (c) ANN Predicted Creep Extension Surface Plot across Normalized Stress and Time Regimes at 𝟖𝟎℃ 

Table 1 summarizes the fibres degradative creep response surface characteristics at three different thermal gradients. 

Table 1 Creep Response Surface Trends 

30℃ Regime 𝟔𝟎℃ Regime 80℃ Regime 

Stable viscoelastic  Thermal Acceleration Severe Degradation 

Max ∆𝐿 ≈ 0.8 𝑐𝑚 Max ∆𝐿 ≈ 1.4 𝑐𝑚 Max ∆𝐿 ≈ 1.5 +  𝑐𝑚 

Linear-like slope Non-linear curvature Steep primary ascent 

By capturing the complete topological profile of the material state, these continuous surfaces map the safe operating 
limits of the bio-composite across intermediate regimes that are often difficult to capture through discrete experimental 
coupon testing. The regimes are: 

3.3.1. Coupled Stress-Time Interaction Mechanics 

Across all three isothermal regimes, the response surfaces exhibit an asymmetrical upward curvature, showing a 
distinct interactive effect where the combined impact of stress and time exceeds their individual linear contributions. 
At the lower temperature threshold of 30°C displayed in Figure 7a, the response surface maintains a relatively linear, 
predictable gradient across the time domain up to t = 240 hours. Under these conditions, the rigid framework provided 
by the surface-modified biofibres restricts long-chain matrix slip, maintaining a stable secondary creep rate. 

However, as the applied mechanical stress steps up from 35 MPa to 42 MPa, the slope along the time axis becomes 
noticeably steeper. This progression demonstrates that while the biofibre modification successfully restricts matrix 
mobility under lower loads, higher stress profiles supply enough activation energy to accelerate free-volume growth 
within the polymer system. 

3.3.2. Thermal Activation and Viscoelastic Softening Mechanisms 

Comparing the response surfaces across the temperature gradient highlights how thermal energy accelerates creep 
degradation: 
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At 60°C (Figure 7b): The peak predicted creep extension increases significantly, rising from a maximum of sim 0.8 cm at 
30°C to approximately 1.4 cm. This pronounced increase represents the transition of the polymer matrix toward its 

glass transition region (𝑇𝑔), where enhanced molecular mobility weakens the secondary intermolecular bonds within 

the polymer matrix. 

At 80°C (Figure 7c): The response surface shifts, showing a steep, non-linear ascent during the early stages of the time 
domain (t < 50 hours). This rapid initial rise indicates that the combined effect of high temperatures (80°C) and elevated 
stress (42 MPa) causes the material to surpass its primary creep threshold almost immediately upon loading. 

3.3.3. Role of Biofiber Surface Modification on Deformation Control 

The ability of the response surfaces to maintain a stable, uniform profile without abrupt, localized structural collapse 
highlights the mechanical benefits of the biofiber's chemical surface modification. In standard, untreated biofiber 
composites, high thermal environments typically lead to severe micro-cracking and interface failure, which would 
appear on an ANN-mapped surface as chaotic, highly localized peaks. 

Instead, the smooth, predictable surfaces generated by the neural network show that the silane or alkali surface 
modification maintains strong interfacial adhesion at the fiber-matrix boundary. This robust interface ensures efficient 
stress transfer from the softening polymer matrix to the high-tensile biofibers even at 80°C, significantly extending the 
material's structural life under sustained loads. 

3.3.4. Critical Engineering Boundaries for Creep-Resistant Design 

From a design standpoint, these response surfaces establish clear operational limits for safe engineering use. The flat, 
blue-to-cyan regions (< 0.4 cm extension) outline safe, long-term operating windows, indicating that the material 
performs reliably up to 42 MPa at 30°C, but must be limited to under 35 MPa if operating temperatures approach 60°C. 

The steep, red-shaded zones on the 80°C surface map clear material limitations, providing structural designers with the 
precise boundaries needed to prevent premature failure in load-bearing automotive or industrial applications. 
Furthermore, the model’s capability extends to spatial stress analysis, as evidenced by the predicted viscoelastic Von 
Mises stress profiles at 240 hours displayed on Figures 8 and 9. 

 

Figure 8 Predicted Viscoelastic Von Mises Stress Distribution within the Composites Component after 240 hours of 
Creep at 60℃ 
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Figure 9 Predicted Viscoelastic Von Mises Stress Distribution within the Composites Component after 240 hours of 
Creep at 80℃ 

The Digital Twin’s predictive capabilities are further evidenced by the viscoelastic Von Mises stress profiles at 60℃ and 
80℃ in Figures 8 and 9 respectively. At these elevated temperatures, the model identifies localized stress accumulation 
at the composite boundaries, a phenomenon consistent with non-uniform load distribution and viscoelastic relaxation 
within the fiber-reinforced HDPE matrix. 

Comparative analysis of these profiles reveals three key findings: 

• Localized Stress Concentrations: Both thermal regimes exhibit pronounced stress gradients at the loaded 
interface, transitioning into a stable, lower-magnitude bulk region. 

• Thermal Sensitivity of Stress Gradients: While the spatial distribution of stress remains structurally consistent 
across temperatures, the internal stress gradients become significantly more complex as the temperature 
increases from 60℃ to 80℃. This intensification highlights the model’s sensitivity to temperature-dependent 
viscoelastic flow. 

• Mechanistic Failure Prediction: The observed increase in stress intensity at 80 ℃  is directly linked to the 
enhanced thermomechanical relaxation of the HDPE matrix, which compromises the uniformity of load transfer 
between the reinforcing biofibres and the polymer. 

By mapping these stress fields, the Digital Twin identifies critical zones of potential structural failure, offering a 
visualization of mechanical states that are often difficult to isolate during physical experimental testing. Consequently, 
the model serves as a high-fidelity, computationally efficient surrogate for time-intensive finite element simulations. 
This parametric sensitivity analysis confirms the Digital Twin’s robust ability to capture the complex coupling between 
environmental factors and structural performance, thereby enabling preemptive material optimization and the 
establishment of safe operational thresholds before physical fabrication.   

While the preceding parametric analysis successfully characterized the composite’s sensitivity to environmental 
stressors, it also identified the performance limitations of the baseline material formulation. To transcend these limits, 
the Digital Twin was transitioned from a passive predictive surrogate to an active design tool. By integrating a Genetic 
Algorithm (GA), we sought to navigate the complex, non-linear landscape identified by the ANN to mathematically 
isolate the fiber-matrix configuration that minimizes creep deformation, thereby optimizing the material for high-
performance structural applications.  

3.4. Heuristic Optimization of Composite Formulation 

A Genetic Algorithm (GA) was employed to identify the chemical configuration that minimizes creep deformation to 
transition the “Digital Twin” from a predictive surrogate to an active design tool. The algorithm navigated the complex, 
non-linear design space defined by the ANN, searching for the global minimum within the chemical treatment 
parameters. So, the convergence history on Figure 10 illustrates the iterative optimization process.  
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Figure 10 Generic Algorithm Convergence profile showing the evolution of the best and mean fitness values over 50 
generations 

While the mean fitness initially exhibits high variance as the algorithm traverses the design landscape, the “Best” fitness 
value achieves stability near the objective minimum rapidly, with both metrics converging toward an optimal creep 
response of 0.99 by the 15th generation. The stabilization of these values at the defined 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑇𝑜𝑙𝑒𝑟𝑎𝑛𝑐𝑒   threshold 
confirms that the algorithm successfully identified a stable global minimum, demonstrating high computational 
efficiency. 

The optimization isolated the optimal formulation of 0.1 M NaOH and 5% acetic anhydride as the configuration 
providing the highest resistance to creep deformation. Notably, this convergence toward the lower end of the 
investigated design space carries significant engineering implications; as it suggests that peak viscoelastic performance 
in biofibre reinforced HDPE composites is achieved through moderate, rather than intensive, chemical modification. 
Mechanistically, the finding represents a precise balance as follows: 

• M NaOH: Sufficient to remove amorphous hemicelluloses and lignin without compromising the structural 
integrity of the cellulose fibers. 

• 5% Acetic Anhydride: Provides an optimal hydrophobic barrier for interfacial bonding with the HDPE matrix. 

A 4th-degree polynomial regression equation fitted to the best objective fitness decay path established a predictive 
baseline, tracking the efficiency of the heuristic optimizer: 

𝑦 = 5.928 × 10−7𝑥4  − 8.008 × 10−5𝑥3 + 0.004026𝑥2 − 0.09157𝑥 + 0.0018 

The resulting coefficient of determination (R2) of 0.99 demonstrates an exceptional fit, mathematically validating the 
smooth, predictable nature of the evolutionary path. The strong correlation between the polynomial model and the 
actual GA run proves that the hybrid ANN-GA system functions as a highly reliable design tool, capable of accurately 
characterizing and optimizing the long-term viscoelastic performance of natural fibre-reinforced polymer composites. 

In alignment with Rozikin et al. [5] and Verma and Goh [6], who observed that composite structural stability depends 
heavily on interfacial stress transfer efficiency across the evaluated parameter boundaries, this outcome underscores a 
critical “boundary” of interfacial enhancement. Beyond these optimal concentrations, additional chemical treatment 
likely degrades fibre integrity or matrix crystallinity which counteract any benefits in interfacial adhesion. By 
identifying this specific optimal point (the 0.1 M NaOH and 5% acetic anhydride formulation) through heuristic design 
rather than exhaustive, resource-intensive trial-and-error, this study establishes a sustainable, data-driven pathway for 
the development of high-performance, creep-resistant bio-composite materials. More so, these results are in line with 
[16], who reported that ANNs provide a scalable and high-accuracy framework for navigating expansive design spaces, 
and that AI driven framework offers a practical, data-driven alternative to computationally prohibitive physical 
simulations. 

The predictive strength of the Digital Twin in this study affirms the findings of [19] and [20], who demonstrated that a 
hybrid ANN-GA framework effectively reproduces experimental trends and serves as a powerful, computationally 
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efficient tool for systemic optimization. Furthermore, corroborating the work of [17] and [18], this integration of a GA 
significantly reduces predictive error, underscoring the transformative potential of digital twins in intelligent 
manufacturing; particularly regarding process monitoring, predictive optimization, and the comprehensive life-cycle 
management of composite systems  

4. Conclusion 

This study established a high-fidelity "Digital Twin" for predicting and optimizing the viscoelastic creep performance of 
plantain fibre-reinforced HDPE composites. By integrating experimental thermomechanical testing conducted in 
accordance with ASTM D2990 with a multi-layered Artificial Neural Network (ANN), a robust surrogate model capable 
of mapping complex, non-linear material responses across varying stress, time, and thermal regimes of 30℃ to 80℃ 
was developed. 

The Digital Twin's predictive accuracy, validated by a coefficient of determination (R2) of 0.99, confirms its reliability as 
a computational surrogate for physical testing. Furthermore, the parametric sensitivity analysis provided critical 
insights into temperature-dependent viscoelastic flow, visualizing stress concentrations and internal load-transfer 
mechanisms that are otherwise difficult to isolate during physical experimentation. 

The heuristic optimization identified 0.1 M NaOH and 5% acetic anhydride as the optimal formulation for creep 
resistance. The 0.1 M NaOH and 5% acetic anhydride formulation achieves a critical balance by cleaning the fiber surface 
and establishing a robust hydrophobic interfacial barrier without compromising the structural integrity of the cellulose 
fibres or the matrix crystallinity. 

This research provides a sustainable, data-driven methodology that replaces resource-intensive trial-and-error 
experimentation with efficient computational design. The validity of this framework demonstrated by the precision of 
the optimized chemical formulation offers a scalable pathway for developing high-performance, creep-resistant bio-
composites, thereby, facilitating the transition toward more advanced, sustainable structural engineering solutions.  
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