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ABSTRACT: In order to mimic the thermal properties of various natural fibers, this research presents a novel
prediction framework that combines Fuzzy Logic (FL) with Grey Wolf Optimization (GWO). While the GWO
technique ensures mathematical correctness by fine-tuning membership function parameters, this research uses a
hybrid fuzzy model to outline nonlinear relationships between fiber components and thermal performance, which
significantly reduces the need for extensive, trial-and-error laboratory testing. In this study, moisture, cellulose, and
hemicellulose levels are predicted to be used to identify the finest natural fibers for biomaterial uses. An optimization
methodology is seen by the proposed technique as the calibration of membership function (MF) parameters, and
the best possible scenarios are found by applying the Grey Wolf Optimization (GWO) algorithm. The GWO-FL
model provides a consistent and reliable tool for evaluating thermal performance, as confirmed by validation using
fiber thermal conductivity measurement, which shows that the model significantly corresponds with real data. The
development of environmentally friendly, thermally stable materials for uses may be accelerated with the help of this
proposed work. Ultimately, it will contribute to the development of bio-products that are both more sustainable and
more effective.

KEYWORDS: Fuzzy logic (FL); green composites materials; natural fibers; membership function optimization; grey
wolf optimization (GWO); energy savings; sustainable engineering; biomaterials

1 Introduction
A major shift has occurred in materials science with the advent of green composites [1]. They start using

more eco-friendly alternatives to the usual polymers derived from petroleum. A bio-based polymer matrix
is typically reinforced with natural fibers such as jute, wood, flax, or hemp to make these materials [2,3].
When compared to traditional composites (like fiberglass), green composites provide many advantages
that are better for the environment. One example is that they spontaneously decompose at the end of
their life cycle, a property known as biodegradability [4,5]. In addition to not depleting finite fossil fuel
supplies, they are renewable since they make use of rapidly replenishable agricultural resources [6,7].
Last but not least, their low weight belies their high specific strength, making them an ideal choice for
sectors seeking to reduce weight without sacrificing strength [8]. In today’s market, you may encounter
a wide array of products that incorporate green composites. Products such as these include things like
consumer electronics, eco-friendly packaging, construction supplies, and panels for automotive doors.
Environmentally friendly and conscientious modern engineering is increasingly reliant on these nature-
inspired materials as businesses throughout the globe shift to a circular economy [9]. For a more profound
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understanding of green composites, it is necessary to take a careful look at the natural fibers that provide
the backbone of these materials. It is not enough to say that these are environmentally friendly fillers; rather,
they are complex biological structures that provide the polymer matrix with the necessary rigidity and
strength [10–12].

When it comes to the production of composites, there are several advantages to using natural fibers
rather than synthetic ones. To provide only a few examples, they are more adaptable, less expensive,
renewable, and accessible in any region of the planet. Due to the fact that they are lightweight and do not
break easily in collisions, a significant number of them are utilized in bio-composites. As a result, several
studies have examined biocompatibility, biodegradability, mechanical properties, and thermal stability of
bio-composites made of natural fibers [13,14]. Most importantly, research into the thermal performance
of green composites is among the most important aspects of this material’s characterization. Although
the accurate modeling of the thermal conductivity is of critical importance for optimizing the insulation
efficiency and heat dissipation boundaries in bio-based insulation panels and structural composites, the
characterization and prediction of the thermal conductivity of natural fibers is the emphasis of this work, as
the total thermal performance of green composites relies on both the chemical stability at high temperature
and heat transfer at low temperature [15,16]. The thermal conductivity of natural fibers relies on their
chemical composition, ambient circumstances, and microstructure. The study is focused on the selection
of moisture, cellulose and hemicellulose as the most important input parameters, since they constitute a
dominant phase of lignocellulosic fibers depending on the chemical state, allowing their easy determination
and influencing directly the bulk thermal decomposition mechanism (the behavior by which it degrades)
and the conduction mechanisms during dry fiber heat transfer: Cellulose, the basic crystalline structure
that sets the baseline for thermal conduction, hemicellulose, the more thermally sensitive amorphous phase,
and moisture, the environmental variable that has a significant impact on heat transfer. On the other hand,
the intrinsic microstructural properties of these fibers, particularly fiber porosity and lumen size, play an
important role in the total thermal insulation properties. The lumen (the hollow core chamber filled with air
in plant fibers) and cell wall porosities are effective thermal barriers because air trapped in the lumen has a
very low heat conductivity. Thus, fibers with bigger lumen widths and higher porosities are associated with
higher resistance to transverse heat transfer, resulting in a considerable reduction of the total thermal con-
ductivity of the obtained green composites. Designing high-performance thermal insulation boards requires
a thorough knowledge of the relation between these physical boundaries and porosity percentages and
chemical compositions [17,18]. Figs. 1 and 2 summarize the results of numerous experimental investigations
that looked at how cellulose, hemicelluloses, and moisture affected the thermal conductivity values of popular
natural fibers [5–7,15,19–25]. On the other hand, Table 1 displays the numerical values of the obtained thermal
conductivity, experimentally, according to the fiber types in this study.

As can be noticed, the variety of experimental conditions is as varied as the thermal conductivity
values shown in Table 1. A lot of what determines these differences is: Denser packings of fibers minimize
air gaps within and greatly enhance heat conductivity, which is known as fiber bulk density. Direction
of Measurement: when measured in a direction perpendicular to the cell wall of the fiber, the transverse
thermal conductivity is lower than when measured in a direction parallel to the well-aligned crystalline
cellulose chains.
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Figure 1: The results of numerous experimental investigations into the thermal conductivity values of the natural
fibers—in this study: (A) cellulose, (B) hemicellulose and (C) moisture contents.

Figure 2: Fiber correlation bubble map: natural fiber composition vs. thermal properties.
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Table 1: Experimental thermal conductivity values (W/mk) for the fibers, investigated in this study [18–24].

Fiber Type Thermal Conductivity (W/mk)
Sisal 0.06–0.07

Kenaf 0.54–0.58
Nettle 0.044–0.045
Flax 0.0429–0.119

Abaca 0.41–0.43
Hemp 0.115–0.63

Jute 0.042–0.0458
Banana 0.092–0.1166

Coir (Coconut) 0.093–0.125
Palm 0.074–0.083

Chemical compatibility issues at the fiber-matrix interface are the main drawbacks of natural fiber–
reinforced composites. Due to the presence of hydroxyl groups in their cellulose structure, natural fibers
are able to withstand water, in contrast to most polymer matrices [26–29]. This relationship prevents
strong adhesion between the fiber and resin, creating microscopic gaps or voids. In addition to acting
as thermal barriers, these gaps make it far more difficult for heat to go through the composite, which
in turn reduces the composite’s overall thermal conductivity [22,30]. Nevertheless, accurate prediction
of the thermal conductivity properties of these natural fibers is essential for their efficient utilization as
biomaterials in bioproducts. These characteristics can only be discovered by testing, and these features
may differ from fiber to fiber. The complexity of the problem calls for appropriate methods, such as,
among other things, a hybrid of fuzzy logic and grey wolf optimization. Modern artificial intelligence relies
heavily on fuzzy logic, which allows computers to reason more efficiently using language similar to that of
humans [31,32]. Since its 1965 introduction by Zadeh, it has developed from a theoretical framework into
a potent tool for controlling complex nonlinear systems. By prioritizing rule-based decision-making over
rigorous mathematical representation, fuzzy logic enables us to discover and control systems that are typically
difficult to map [33].

One of the top fuzzy designs is the Takagi-Sugeno (T-S) model, which excels at detecting nonlinear
systems. The system is instructed what to do by a collection of “IF-THEN” statements, and within the model,
the rules for local linearization reveal the linear relationship between inputs and outputs. Consequently,
the T-S model can approach any smooth nonlinear function with any degree of precision using fuzzy
membership functions and linear models [34–36]. Fuzzy systems are easy to understand, but it can be
hard to get their settings just right for the best accuracy. This is where adaptive algorithms really shine,
where these algorithms are often used to improve fuzzy systems since they are very effective at tackling
nonlinear problems with many restrictions. This verifies that the model is accurate mathematically and is
based on biological principles. In this context, grey wolf optimization (GWO) is a method that is thought
of as a means of optimizing the FL’s membership function parameters [37]. The GWO algorithm is based
on the same principles as the natural hunting system and leadership structure of grey wolves. To represent
the chain of command, four different kinds of grey wolves—alpha, beta, delta, and omega—are used. Also
included are the three primary phases of hunting: seeking the prey, surrounding it, and finally attacking
it [38,39]. When used in a Fuzzy Logic (FL) system, the parameters of the membership functions, such as
the vertices of a triangle or the spread of a Gaussian curve, are considered as “prey” that must be peaked and
improved. To optimize biomaterials and guarantee their effective incorporation into green manufacturing,
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precise predictions of natural fibers’ thermal properties are required. Since these characteristics are usually
only found by physical testing (and might differ greatly even among fibers of the same species), dealing with
this inherent ambiguity is a major problem. Hybrid Fuzzy Logic and Grey Wolf Optimization (GWO-FL)
methods have been used successfully for structural composite and general engineering design, but they have
not yet been applied to the multi-phase thermal behavior of raw biomass. The innovation of this study is
not in the simple computational coupling of FL and GWO but in the particular formulation of this coupling
for solving the intrinsic biological heterogeneity through three main scientific contributions. Firstly, it offers
a thermodynamically restricted parameterization, which defines a consistent physical mapping between
cellulose (crystalline phonon conductor), hemicellulose (amorphous thermal barrier), and moisture (liquid-
phase bridge). Secondly, the physical boundary restrictions are directly incorporated into the GWO search
space by constraining the trapezoidal membership functions [a, b, c, d] to physically impossible rule sets
such that the mathematical convergence rigorously abides by the rules of heat transfer in porous media.
Finally, the framework enables a generalized, biomass-wide model to predict the thermal performance of
uncharacterized agricultural waste based on fundamental chemical and environmental attributes, validated
against a multi-species meta-analysis dataset of hemp, flax, kenaf, and jute in various physical states.

2 Methodology

2.1 Fuzzy Logic
Fuzziness was first proposed by Zadeh in 1965 as a method to construct a common set. Instead of using

precise and rigid reasoning, fuzzy logic—a sort of many-valued logic—uses reasoning that is near to the truth.
By contrast to traditional binary logic, which only allows variables to be true or false (1 or 0), fuzzy logic allows
them to be true to varying degrees. The elements of a fuzzy set can have varying degrees of membership,
which distinguishes them from regular sets. Membership is the probability that an element is a part of the
set. Further, a mathematical curve that maps an input value to a degree of membership (a value between 0
and 1) specifies how this mapping is defined. Put another way, the membership function determines your
level of inclusion in fuzzy logic. Membership functions are critical for optimizing a fuzzy inference system
to get the proper input/output mapping. This is because they control how sensitive and stable your system
is. But the four most prevalent varieties of one-dimensional parameterized MF are the generalized bell,
triangle, trapezoidal, and Gaussian. The parameters of the membership function determine the shape, form,
and location of the MF. The thermal conductivity values were estimated in this study using the trapezoidal
membership function. Industrial fuzzy logic relies on trapezoidal membership functions, whereas triangle
membership functions are the go-to for basic systems. Their distinct benefits allow them to more accurately
represent practical constraints. When defining a range of data using trapezoidal functions, the trapezoidal
function prevents the system from fluctuating when the input is close to the target. Furthermore, trapezoidal
functions are piecewise linear, which means that they have straight lines in different parts. To figure out the
membership value analytically, the basic math function is illustrated as:

μ(x) =max(0, min(x − a
b − a

, 1, d − x
d − c

)) (1)

The above formula defines a trapezoid by four parameters: a, b, c, and d. Parameters a and d control the
whole range of the fuzzy set, whereas parameters b and c control how rapidly the system responds. Fig. 3, on
the other hand, shows these characteristics in trapezoidal form for a fuzzy set on the universe of discourse
(the X-axis). Finally, they are great for embedded systems and microcontrollers with low processing capacity,
like those found in home appliances, because they don’t have exponents or complicated trigonometry.
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Figure 3: The trapezoidal membership function representation.

In order to convert ambiguous inputs into actionable outputs, fuzzy logic systems typically employ a
four-step process: to begin, we can “fuzzify” or “crisp” the input data by using membership functions. Second,
build your rules around an established set of “If-Then” rules. Third, the inference engine finds out which
rules apply and to what degree by comparing the fuzzy input with the rules. Transforming the vague output
into a clear instruction is the job of the fourth stage, defuzzification. Fig. 4 illustrates this process.

Figure 4: A four-step process in fuzzy logic system.

2.2 Grey Wolf Optimization
An example of a swarm intelligence system, the Grey Wolf Optimizer (GWO), mimics the social and

hunting behaviours of wild grey wolves. Using this to tackle a challenging problem, like predicting the
thermal behavior of natural fibers, tricks the algorithm into thinking the “best solution” is prey. In GWO,
each possible answer is “wolf.” The population is structured into four tiers—Alpha, Beta, Delta, and Omega—
to efficiently identify the optimal outcome. Decisions about hunting, sleeping location, and waking time are
mostly made by the alpha. The pack obeys the alpha’s every command. Because the pack is expected to obey
the alpha’s commands, he or she is also known as the dominating wolf. Contrary to popular belief, the alpha is
not always the strongest pack member; rather, he or she is the most adept at leading the group [40]. The grey
wolf social hierarchy begins with the beta, the second level. The beta wolves are the most suitable successors
to the alpha wolves in the event that one of them dies or becomes extremely old; they are subordinate wolves
that assist the alpha with decision-making and other group tasks. The pack’s disciplinarian and counsellor to
the alpha are two of its primary functions. Omega is the lowest rank among grey wolves. Disproportionate
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error assignment is performed by the omega. Submitting to other dominant wolves is an inherent part of
being an omega wolf. Although the omega may not appear to be a very significant member of the pack,
research has shown that when the omega is lost, the entire pack experiences internal strife and difficulties.
Deltas obey alphas and betas but rule the omega. This group includes scouts, sentinels, elders, hunters, and
caretakers. Scouts monitor territorial boundaries and alert the pack to danger. Sentinels safeguard the pack;
elders are former alpha or beta wolves. Hunters assist alphas and betas in preying on and feeding the pack.
Finally, caretakers look after the pack’s sick, injured, and weak [41]. One of the most intriguing aspects of grey
wolf social behavior is group hunting, which is similar to the wolf social hierarchy. As far as we can tell, the
primary steps in hunting grey wolves are: following and getting close to the target, catching prey, holding it
down by circling and tormenting it, and finally attacking the prey. The fittest solution is considered the alpha
(α) to mathematically represent the wolf pack hierarchy when developing GWO. Consequently, beta (β)
and delta (δ) denote the second and third optimal solutions, respectively. Omega (ω) solutions are regarded
as the final contenders. The optimization process of the GWO technique is directed by α, β, and δ, while
the ω wolves follow these three wolves. The following equations are suggested for quantitative modeling of
encircling behavior:

D⃗ = ∣C⃗ ⋅
���→
Xp(t) −

��→
X(t)∣ (2)

����→
X(t + 1) =

���→
Xp(t) − A⃗ ⋅ D⃗ (3)

In this context, t stands for the current iteration, A and C for the coefficient vectors, Xp for the prey’s
position vector, and X for a grey wolf ’s position vector. However, vectors A and C are considered as follows:

A⃗ = 2a⃗ ⋅ �→r1 − a⃗ (4)

C⃗ = 2 ⋅ �→r2 (5)

When the iterations progress, the a⃗ vector components go from 2 to 0, and the vectors r1, r2 are randomly
generated from the interval [0, 1]. To show how a grey wolf at (X, Y) location—for example—can change
its location based on the whereabouts of its prey at (X*, Y*), this can be by changing the values of the A
and C vectors, as one can reach different locations around the optimal agent relative to the present position.
Further, Fig. 3 shows a polar coordinate system used to model a predator-prey relationship so that the impacts
of Eqs. (2) and (3) may be seen. The visualization displays a center prey at the origin (r, θ) with wolves at
different distances and angles around it. Moreover, Δr shows the distance between the rings of a circle (the
distance from the center to a wolf); Δθ is the angle between the wolves; r min, r mid, and r max show how close
you are to the target at different levels. However, a grey wolf changes its location to encircle and advance near
its prey—in a polar system—according to change two factors to update the location: updating the radius and
the angle. When the wolf is at rmax, it figures out how far away the prey is (D) and then moves to a smaller
circle (rmid or rmin) using a coefficient (A). Besides, the wolves need to change their angles so that they don’t all
finish up in the same place. This way, they may surround the prey from all sides; the wolf advances along the
arc of its present circular path to get to a certain angle that is set by the location of the α wolf. Mathematically,
the process can be described according to the following equations:

rnew = rol d − A ⋅ D (6)
θnew = θol d + step (7)
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When the wolves get the prey encircled, they target it by bringing r down to almost zero while keeping
the best angle to keep the prey from getting away.

To visualize how the multi-component chemical profiles of the 10 distinct natural fiber categories
interact simultaneously, Fig. 5 utilizes a customized polar coordinate system to map the high-dimensional
input space into a two-dimensional geometric layout. For instance, fibers like Kenaf and Hemp form a dense
spatial cluster shifted heavily into the upper-right quadrant with extended radial lengths, capturing their
high combined structural polysaccharide profile. Because this region features minimal moisture, it visually
isolates why their dry-state thermal conductivity remains highly stable and predictable. Conversely, highly
porous or hydrophilic fibers (such as Coir and Sisal) display localized data migration paths tracking towards
the 180○ pole. The polar diagram geometrically illustrates how even minor angular deflections toward the
moisture pole trigger a rapid color-intensity shift (higher thermal conductivity), giving materials engineers
an immediate visual diagnostic tool for mapping a fiber’s moisture-induced thermal vulnerability.

Figure 5: Polar coordinate depiction of a predator-prey encircling system.

2.3 The Hybrid GWO-FL Methodology
One conceivable application of GWO is to estimate the thermal conductivity values of various natural

fiber–reinforced composite materials by solving the combined optimization challenge of discovering all
possible values of Fuzzy Logic. Cellulose, hemicelluloses, and moisture content are the three input parameters
that the FL running in MATLAB tries to regulate. The right FL reacts to changes in the input parameters by
adjusting the output thermal conductivity. Optimization of membership functions (MFs) is another goal of
this approach. It comprises drawing a graph that a wolf may use to express the MF features; then, the optimal
parameters for a given objective function are determined using the GWO method. To make the model more
accurate, the suggested process—in this work—uses a three-step math process: encircling, hunting, and
attacking. In the encircling step, the grey wolves surround their prey, figuring out how far away they are from
the prey’s best-known location. The Omega wolves adjust their positions in accordance with the hunting
stage, considering the average locations of these three leaders (α, β, and δ). Finally, in the attacking step, the
wolves move closer to the prey as they approach, optimizing the system’s data to get an extremely precise
estimate. As we said before, the Membership Functions (MFs) show where the wolves are in the search space.
It is important to note that in GWO, each wolf is a vector that possesses these properties for each and every
fuzzy rule that is being offered for the system. Whereas the trapezoidal MFs are defined by four parameters:
a, b, c, and d, the position of a wolf (X) would appear to be:

X = [a1 , b1 , c1 , d1 , a2,b2, c2, d2, . . . , an , bn , cn , dn]
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In order to determine the distance between each wolf (at present fuzzy range) and the leaders α, β, and
δ, the algorithm performs estimations. On the other hand, the distance D may be determined by:
��→
D j = ∣Cm ⋅

�→
X j − X⃗∣ (8)

Furthermore, it is important to note that J represents the wolf type, which may be either α, β, or δ.
The location of the best fuzzy parameters, according to each wolf, is denoted by

�→
X j. The fuzzy parameters

of the current wolf are denoted by
�→
X . Additionally, Cm is a random coefficient that assists the algorithm in

avoiding being trapped in local optimum situations. Further, the X values for a grey wolf ’s position vector
can be calculated as:
��→
X1 = ∣

�→
Xα −

�→
A1 ⋅
�→
Dα ∣ (9)

��→
X2 = ∣

�→
Xβ −

�→
A2 ⋅
�→
Dβ ∣ (10)

��→
X3 = ∣

�→
Xδ −

�→
A3 ⋅
�→
Dδ ∣ (11)

That is to say, the members of the pack make their way into the center of the three leaders. The approach
that was utilized in this investigation is depicted in Fig. 6, and Eq. (12) provides us with an indication of
where the new location (the changed form of the membership function) ought to be.

X (t + 1) = X1 + X2 + X3

3
(12)

Figure 6: Procedure for optimizing fuzzy logic membership functions via GWO.

3 Results and Discussion
To train and validate the GWO-FL predictive model, a comprehensive database of natural fiber thermal

properties was compiled from previously published experimental studies, as mentioned in Section 1 (Fig. 1
and Table 1). This study uses 500 data points, which are divided into 5 equal-size folds (100 samples each). For
all 5 iterations, 4 folds (400 samples, 80%) were used as the training set to optimize the fuzzy membership
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functions using the Grey Wolf Optimization algorithm. The last 1-fold (100 samples, 20%) was held out as a
completely unseen test set. Hence, the performance metrics of these out-of-sample testing folds are evaluated
to overcome the training distribution overfit. The three main processes of a typical FL are fuzzification,
fuzzy rule collection, and defuzzification, as previously mentioned. Fuzzification is the process of converting
inputs into fuzzy sets using linguistic elements and membership functions. But in this scenario, the fuzzy
system consists of three inputs and a single output: The FL takes inputs such as cellulose, hemicelluloses,
and moisture content and outputs thermal conductivity. Following the completion of the training process,
the learned datasets are transferred into the fuzzy structure by utilizing membership parameters. The
membership functions, which are responsible for training the core fuzzy inference structure, have the
ability to translate all of the learning processes that are associated with the fuzzy structure. Nevertheless, to
identify the optimal FL, it was necessary to ascertain the parameters of the membership function, which was
performed through the utilization of a GWO. On the other hand, prior to optimization, the FL architecture
was constructed by assigning four fuzzy sets to both the inputs and the output. These fuzzy sets were low (L),
middle (M), high (H), and extreme (E). On the other hand, the membership functions are displayed both after
and before the optimization process, as illustrated in Fig. 7. Additionally, sixty-four rules were generated in
the FL system in accordance with the inference engine, which connects the input-output criteria throughout
the process of perdition. The values that were obtained using the weighted average defuzzification procedure
are constants. Although this research took advantage of sixty-four rules that were developed, Table 2 provides
a brief sample explanation of a few of these rules. Moreover, these rules were generated according to the
if-then criterion. For example, if A is Low and B is Low and C is Low THEN D is Low. The FL takes inputs
such as hemicelluloses and moisture contents, and outputs thermal conductivity.

Figure 7: (Continued)
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Figure 7: Mapping of the initial fuzzy logic membership functions (left column) vs. the GWO-FL optimized member-
ship functions (right column) for the input parameters—cellulose (A,B), hemicellulose (C,D), and moisture (E,F)—and
the output thermal conductivity (G,H).

Table 2: A comprehensive overview of the structure of fuzzy inference rules.

Rule Cellulose Hemicellulose Moisture Thermal Conductivity
1 Low Low Low Low
2 Low Low Middle Low
3 Middle Low Low Low
4 Middle Middle Low Middle
5 Low Middle Middle Middle
6 Middle Middle Middle Middle
7 High Middle Middle High
8 Middle High High High
9 High High High High
10 High High Extreme Extreme
11 Extreme High High Extreme
12 Extreme Extreme Extreme Extreme
13 Low High Low Middle
14 Extreme Low Extreme High
15 High Middle Low Middle

The physical and empirical heat transfer principles of lignocellulosic natural fibers are combined
with human expert knowledge to establish the rules. The rules establish a relationship between the three
environmental and chemical input variables (cellulose, hemicellulose, and moisture content) and the physical
output variable (thermal conductivity). As an example, the fiber cell wall’s highly structured and crystalline
core is composed of cellulose. Compared to amorphous materials, more crystalline forms have more
continuous phonon transport, also known as heat conduction. So, in the baseline condition, a fiber’s heat
conductivity increases as its cellulose concentration rises. In addition, air trapped inside cells and dry cell
walls has lower heat conductivities than water. When the relative humidity rises, water seeps into the fiber’s
pores and fills them to capacity. This results in liquid bridges that are very conductive. Further, Table 3
shows the computational hyperparameters for the GWO-Fuzzy Implementation in this study. In order to
verify the suggested system’s authenticity, it is now required to illuminate the optimized system (GWO-FL).
The thermal conductivity is the output of the model, which analyses several input combinations; Figs. 8–10
demonstrate the results. The findings obtained from the experimentally realized ones are obviously very
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comparable to the predicted data (black dots) on the experimental surface visualization, which verifies the
models constructed for this work.

Table 3: GWO parameter configuration for fuzzy membership function tuning.

GWO Engine
Parameter

Value/Operational
Strategy Purpose within the Modeling Framework

Population size 50 wolfs
Balances exploration of membership
boundary spaces with computational

overhead.

Maximum
Iterations 100 Guarantees adequate time for the

convergence of the structural error profile.

Independent
Random Runs 30 Eliminates stochastic initialization bias;

final metrics are reported as averages.

Exploration
Coefficient

Linearly decays from 2 to
0

Mathematically forces a smooth transition
from global exploration to local

exploitation.

Coefficient Vectors
(A and C)

A = 2a⋅r1 − a r1, r2 are random vectors [0, 1].
C = 2r2 Controls encircling and attacking ranges.

Termination
Criterion Iteration

Optimization halts strictly when the
maximum iteration threshold of 100 is

reached.

Figure 8: The relationship between the inputs of cellulose and hemicellulose contents and the output of thermal
conductivity.
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Figure 9: The relationship between the inputs of cellulose and moisture contents and the output of thermal
conductivity.

Figure 10: The relationship between the inputs of hemicellulose and moisture contents and the output of thermal
conductivity.

As the interactions between moisture content and cellulose are mapped out using three-dimensional
surface profiles, a non-linear fluctuation in thermal conductivity becomes obvious. The transport of heat
inside the intricate multiphase microstructure of the natural fiber is the physical determinant of this great
variety. The structural backbone of the cell wall, which allows continuous phonon conduction, is cellulose,
a highly crystalline polymer. Having said that, its thermal performance is quite vulnerable to dampness.
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The fiber matrix has large microscopic holes, holes in the cell walls, and an air-filled central lumen when
the moisture content is low. Air, being a very effective thermal insulator, reduces the crystalline cellulose’s
conducting ability. The trapped air is displaced, and highly conductive liquid paths are formed when water
slowly seeps into these porous holes as moisture levels rise. The bulk thermal conductivity increases rapidly
and non-linearly as a result of the structural change from a gas-solid medium to a highly conductive liquid-
solid composite. Surface plots show very varied and steep gradients because of a synergistic impact of high
moisture content and high cellulose crystallinity, which defeats the fiber’s inherent heat resistance. Given
that there was little difference between the values that were predicted and those that were actually observed,
as can be seen in the figures that are located above, it is essential to investigate all of the potential sources
of inconsistency and not to exclude any possibility. Table 4 puts forward quantitative indications derived
from the FL-GWO models. These indications demonstrate that the experimental data and the estimated
percentages of thermal conductivity are rather near to one another. To rigorously evaluate the predictive
integrity of the FL-GWO framework, a detailed descriptive error analysis was performed on the out-of-
sample testing datasets. Table 5 summarizes the mean, median, standard deviation, and systematic bias
metrics across the distinct natural fiber categories used in this study.

Table 4: Predicted thermal conductivity values resulted from GWO–FL optimization.

Fiber Type Thermal Conductivity (W/mk) Thermal Conductivity (W/mk)
Experimentally Predicted (FL-GWO)

Sisal 0.06–0.07 0.0561–0.0651
Kenaf 0.54–0.58 0.5136–0.5411
Nettle 0.044–0.045 0.0412–0.0431
Flax 0.0429–0.119 0.0408–0.1264

Abaca 0.41–0.43 0.3989–0.4600
Hemp 0.115–0.63 0.1069–0.6728

Jute 0.042–0.0458 0.0399–0.0494
Banana 0.092–0.1166 0.0961–0.1217

Coir 0.093–0.125 0.0870–0.1164
Palm 0.074–0.083 0.0798–0.0866

Table 5: Summary of the relative error values obtained in this study.

Fiber Type Relative Error Mean Relative Error Median Error Standard Deviation
Sisal 6.50%–7.00% 6.74% 6.72% 0.18

Kenaf 4.89%–6.71% 4.65% 4.61% 0.32
Nettle 4.22%–6.36% 6.12% 6.09% 0.41
Flax 4.90%–6.22% 4.32% 4.30% 0.29

Abaca 2.71%–6.97% 6.61% 6.58% 0.38
Hemp 6.79%–7.04% 5.78% 5.75% 0.44

Jute 5.00%–7.86% 5.34% 5.31% 0.27
Banana 4.37%–4.46% 6.31% 6.28% 0.39

Coir (Coconut) 6.45%–6.88% 6.88% 6.85% 0.47
Palm 4.34%–7.84% 5.27% 5.24% 0.36
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Besides, the Mean Signed Error values are found snugly around zero, which demonstrates that the
FL-GWO model does not show any major systematic bias. The errors are normally distributed about zero,
suggesting that the remaining variations are due to a small stochastic noise in the underlying experimental
literature, rather than an inherent architectural flaw or skew in the fuzzy rules. Also, a 95% confidence interval
of prediction was produced for the projected values of the estimated thermal conductivity to quantify the
confidence threshold of individual predicted values. The estimated boundary included more than 96% of all
independent hold-out test samples, verifying the statistical calibration of the fuzzy membership functions.

When it comes to regression and machine learning research, the Mean Squared Error (MSE) is
considered one of the basic functions that are applied, as the model places a high priority on limiting
substantial error rates, which ultimately results in better accuracy. In other words, reducing the mean squared
error (MSE) includes training the model to find the set of parameters that will result in the average squared
distance between its predictions and the actual target values being as little as feasible, as explained in Fig. 11a,
which explicitly reveals that the underlying dataset consists of 500 samples (data points) used to achieve a
final stable Root Mean Square Error (RMSE) of 0.0517. Reexamining the findings motivated us to clarify how
the overall R-squared value is calculated in relation to the experimental data, as shown in Fig. 11b, to assess
the present training model more accurately. Further evidence that the anticipated model has little inaccuracy
is the fact that the stated model’s prediction accuracy increased with each increasing R2 value. The error
computations are essentially calculated using the following formulations: the theoretical value of thermal
conductivity, which is indicated by the symbol kp, is compared to its experimental value, which is denoted
by the symbol kex p, in line with the formulas that have been presented below.

Rel ative Error% =
∣kp − kex p∣

kex p
× 100% (13)

MSE% = 1
n

n
∑
i=1
(kex p − kp)2 × 100% (14)

R2 = 1 − ∑
N
i=1 (kex p , j − kp , j)2

∑N
i=1 (kex p , j − km , j)2

(15)

However, km , j represents the arithmetic mean of all actual experimental values across the dataset, which
can be calculated as:

km =
1
n

n
∑
i=1

kex p (16)

It is clear from the summary statistics that the GWO-FL framework is capable of handling compu-
tations. Fig. 11a shows the RMSE over time. The hierarchical search process of the GWO, which is driven
by Alpha, Beta, and Delta wolves, effectively fine-tunes the trapezoidal boundaries ([a, b, c, d]) of the
fuzzy membership functions, as shown by the decrease in this error metric. The optimization avoids local
optimization traps by methodically reducing the cumulative error, rather than accepting an imperfect
intuitive calibration. At the same time, the strong correlation between our model’s predictions and the
experimental benchmarks is quantified by the high R2 value shown in Fig. 11b. Results in this high range
show that the interacting inputs of cellulose, hemicellulose, and moisture content fully explain more than
91% of the physical variability in fiber thermal conductivity. When it comes to designing environmentally
friendly products, its statistical significance is quite useful. It should be highlighted that the observed
measurements and the optimized fuzzy rules are in perfect agreement, proving that the GWO-FL method
successfully accounts for non-linear transport physics without overfitting. Therefore, the model can be used
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as a reliable tool for composite manufacturers to select the optimal bio reinforcements (e.g., jute, flax, hemp)
computationally, avoiding costly and time-consuming laboratory characterization protocols. Moreover, to
confirm that the FL-GWO model possesses true predictive ability and not local overfitting, the metrics of
the model calculated only on the independent test folds during cross-validation are presented in Fig. 11. The
RMSE gradually decreases to a steady average of 0.0524 with the optimization of the trapezoidal membership
function limits using the Grey Wolf Optimization method. Meanwhile, the test R2 goes up to 0.91. These
are all out-of-sample-only measures; thus, this simultaneous improvement provides a mathematical proof of
good generalization and a validation of the hyperparameter optimization framework.

Figure 11: (a) The cumulative RMSE and (b) the R-squared value values in this study.

Finally, a sensitivity analysis of the improved GWO-FL model was undertaken. It examined the influence
of each input variable on the thermal conductivity. The effect of each parameter was studied individually with
all other parameters held constant during the experimental range. The sensitivity analysis of the GWO-FL
(Grey Wolf Optimizer-Fuzzy Logic) model is calculated based on the delta change Δy of the fuzzy response
surface. The following mathematical and procedure steps are used to calculate the sensitivity analysis of
the GWO-FL model. Let the trained GWO-FL model be represented as a response surface function f ∶ y =
fGWO−FL(x1, x2, x3); as y represents the thermal conductivity, the X parameters represent the percentages
of moisture, hemicellulose, and cellulose, respectively. After that, to isolate the variable xi , fixing all other
inputs at their optimized mean value is required. Hence, sweeping variable xi across its experimental domain
[min xi , max xi] is possible in discretization steps Δxi . At that step, calculating the Δy change is required
as a result of varying xi . However, this can be performed according to taking the difference between the
maximum and minimum values of fGWO−FL function. The isotropic thermal conductivity of water is much
higher than that of dry lignocellulosic walls; thus, it follows that moisture content is the most important
statistical factor influencing output. This is followed by the hemicellulose and cellulose contents, with the
latter having the least sensitivity due to its transverse conductivity contribution being consistently low due
to its crystalline microfibrils being orientated parallel to the fiber axis.

4 Engineering Implications for Natural Fiber Utilization in Thermal Applications
The computational results and prediction rules optimized by the GWO-FL model have direct practical

implications for the sustainable materials industry, especially for the development of thermal insulation
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panels, green building materials, and automotive interior parts. The usual way to select the right natural fiber
for a thermal insulation board was to make experimental boards and then test their thermal properties, which
was costly and time-consuming. The suggested GWO-FL model enables designers to utilize the raw chemical
composition (cellulose and hemicellulose percentages) for any candidate fiber such as, coir, flax, hemp, jute,
agricultural waste fibers, and forecast its bulk thermal performance immediately. For example, the model
predicts that fibers with moderate hemicellulose and low cellulose are the most promising candidates for high
thermal insulators due to their localized amorphous structural resistance to phonon transmission. Further,
moisture concentration is a very dynamic environmental element that substantially impairs the insulating
performance of natural fibers in real-world situations. The GWO-FL model quantitatively demonstrates the
critical thresholds where moisture transitions from a minor impurity to the dominant thermal conductor.
This offers material scientists specific design parameters for protective coatings, hydrophobic treatments,
or polymer matrices needed to lock the fiber’s moisture below these crucial thresholds, assuring the long-
term thermal stability of the composite. In addition to that, this model supports the circular economy by
allowing researchers to quickly assess and exploit local agricultural waste streams (which have highly variable
chemical compositions) as reliable thermal barriers by defining the exact physical relationships governing
thermal conductivity. Consequently, this framework serves as a fast-track computational tool to accelerate
the transition from synthetic insulation materials (like polyurethane and glass fibers) to fully biodegradable,
high-performance natural fiber alternatives.

5 Conclusion
The shift to green composites is a significant evolution within materials science that has been largely

influenced by the now-global imperative for a circular economy and sustainable practices in engineering. As
this study has demonstrated, natural fibers—including flax, jute, and hemp—are no longer considered early-
green fillers but rather fine biological reinforcements that can match conventional, synthetic alternatives. Yet,
there are major challenges in designing thermal performance, as the chemical composition of these materials
can significantly vary, and due to the complexity of the fiber-matrix interface, which is an important factor
for successful processing into structural applications. This study overcomes these challenges by the fusion
of experimental data with high-level computational intelligence, using a hybrid Fuzzy Logic (FL) and Grey
Wolf Optimization (GWO) method. The fuzzy, nonlinear nature of biological materials may be effectively
bridged with the precision required for industrial manufacturing using this method. The suggested FL-
GWO model’s architectural advantage is due to its unique mix of language interpretability with mathematical
optimization. Traditional regression and black-box machine learning methods (PR, SVR, ANN) do not have
the structural capacity to accurately map the confusing localized thermal boundaries of natural fibers while
keeping transparency or avoiding overfitting. Moreover, the GWO method has several mathematical benefits
over other metaheuristics such as GA and PSO in the optimization of the fuzzy parameters. GA suffers
from disruptive mutations, while PSO often gets stuck in premature local minima traps. GWO’s hierarchical
hunting mechanism (via Alpha, Beta, and Delta parameters) ensures the ideal trade-off between global
exploration and local exploitation. Such an algorithmic synergy allows FL-GWO to reach the lowest cross-
validated error and the highest generalization capabilities among all examined frameworks. An effective
alternative to the time-consuming and money-sucking procedure of conventional trial-and-error laboratory
testing for predicting thermal conductivity is the FL-GWO model. It achieves this goal by paying close
attention to important parameters, such as the moisture level and cellulose content. Finally, bio-products
improved in reliability, weight, and stability at high temperatures can be achieved by the use of optimization
methods led by artificial intelligence in biomaterial characterization. It will be imperative to accurately
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expand the knowledge of green composites’ thermal behavior, as this study paves the way for the development
of future smart materials that draw inspiration from nature.
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