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1. Introduction

Careful examination of machining behavior is essential in the field of structural composite applications to guarantee the
performance and quality of composite parts (Xu & Mansori, 2016). However, the conventional approach to conducting
experimental investigations is often marred by time consumption and financial constraints, particularly in the intricate context
of machining filled hybrid composites (Maleki et al., 2016). Addressing this pressing challenge, this research introduces a
pioneering strategy aimed at resource conservation: the development of a GRU-based model (Zhao et al., 2021) that operates
in parallel to experimental work.

Central to this study is a recently fabricated hybrid structural composite (Rafieipour et al., 2021), comprising a distinctive
blend of red mud filler (Prabu et al., 2018) and sisal fiber reinforcement within a polyester matrix (Vigneshwaran et al.,
2021). This innovative composite material showcases promising mechanical attributes, rendering it a compelling contender
for diverse structural applications (Jani et al., 2016; Shanmugam et al., 2021; Razavi et al., 2021). Evaluating its machining
performance is of paramount significance in gauging its viability for real-world applications (Jaiprakash et al., 2020).

To comprehensively investigate the composite's drilling behavior (Xu et al., 2020), an array of drilling experiments was
meticulously conducted employing the Taguchi L27 orthogonal design (Aravind et al., 2017; Gowda et al., 2015). Due to
their significant influence on thrust force, delamination, and surface roughness all of which are crucial markers of machining
performance and quality (Montesano et al., 2017) the drill tool point angle, cutting speed, and feed rate (Bayraktar & Turgut,
2020) were deliberately altered.

This research's primary thrust is to transcend the confines of conventional experimentation by fostering the development
of a GRU-based model (Zhang et al., 2023). Renowned for their prowess in sequential data analysis, GRU presents an apt
choice for predicting machining parameters based on distinct process conditions (Wang et al., 2020). By leveraging the power
of GRU-based learning on empirical data, the model is positioned to more correctly and efficiently forecast thrust force,
delamination, and surface roughness (Behera et al., 2016), making it an essential tool for both engineers and
researchers.Further elevating the predictive prowess of the GRU-based model is the integration of the innovative optimization
technique the AFHO. This algorithm adeptly navigates the intricate hyperparameter space of the GRU network (Buslim et
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al., 2021), culminating in the configuration of an optimally performing model. The amalgamation of the AFHO with the
GRU-based model offers a tantalizing prospect of significantly elevating prediction accuracy and efficiency.

In a bid to validate the efficacy of the GRU model, predictions are juxtaposed against experimental outcomes to ascertain
the model's proficiency in approximating thrust force, delamination, and surface roughness with remarkable precision (Joshi
etal., 2018). Should this predictive model successfully materialize, it promises to drastically curtail the temporal and financial
investments typically associated with experiments, all the while furnishing reliable insights into the intricate machining
behavior of hybrid structural composites imbued with red mud (Vigneshwaran et al., 2020; Challan et al., 2022).

By applying a more cost-effective and efficient approach to the analysis of machining behaviour, this research ultimately
aims to improve the processing of composite materials (Sharma et al., 2022). The seamless fusion of GRU-based modeling
and the AFHO emerges as a beacon for expediting the prediction process and nurturing the broader application of filled
hybrid composites across various structural realms. The ramifications of this study hold the potential to optimize machining
protocols, expedite product innovation, and preserve invaluable resources in the expansive domain of composite materials
research (Liu et al., 2017).

2. Literature review

Machining filled hybrid composites presents unique challenges due to the need for precise analysis of machining behavior
while mitigating time and cost-intensive experimentation. In (Shanmugam et al., 2021) emphasized the critical nature of
understanding the machining behavior of fiber composites in various structural applications. They looked into a hybrid
structural composite made of a polyester matrix, sisal fibre reinforcement, and red mud filling. Using a Taguchi L27
orthogonal array, the study conducted comprehensive drilling experiments to investigate the effects of feed rate, cutting
speed, and drill tool tip angle on thrust force, delamination, and surface roughness. Important details regarding the drilling
behavior of sisal fiber/polyester composites with red mud as a filler were disclosed by the results. It was discovered that feed
rate and spindle speed had a considerable impact on the thrust force and delamination, respectively.

In (Bukhari et al., 2023) investigated combining various fibre types into a single matrix to produce hybrid composites.

They concentrated on the drilling process, where hole quality is greatly impacted by twist drill shape and drilling settings.
The authors highlighted the significance of proper helix and point angles, as well as the impact of drill bit geometry and
drilling circumstances on hole quality, utilising Taguchi-based tests on hybrid composites with dissimilar drill bits.
(Adda et al., 2021), examined material removal operations in composite structures, particularly in bio composites that cannot
utilize electro-erosion due to their non-conductive nature. The study focused on employing various spindle and feed speeds,
drill tool diameters and dimensions, and drilling polyester bio composites reinforced with 155-g/m2 density jute fibre. They
utilised artificial neural networks and response surface approaches to refine drilling parameters and validate results
experimentally.

In (Azizi et al., 2023) introduced the Fire Hawk Optimiser (FHO), a novel metaheuristic algorithm based on the dietary
patterns of brown falcons, black kites, and whistling kites. Their work demonstrated FHO's superiority over other
metaheuristic algorithms in optimization tasks and showcased its successful application to real-size structural frames.
(Caggiano et al., 2023) concentrated on the vital function that drilling carbon fiber-reinforced plastic (CFRP) plays in aviation
applications. They suggested a sophisticated tool condition monitoring method that estimated tool wear during drilling
utilising autoencoders and GRU-RNN in order to improve hole quality. The GRU's memory capabilities and autoencoders'
feature extraction proved effective in estimating tool wear accurately.

In (Houssein et al., 2020) introduced the Lévy flight distribution (LFD) technique, a metaheuristic for resolving practical
optimisation issues that was influenced by the Lévy flight random walk. In a range of optimisation test bed settings, the LFD
approach outperformed other popular metaheuristic algorithms, demonstrating its superior performance in exploring new
search areas. The most recent advancements in the field of machining behaviour analysis in filled hybrid composites are
insightfully shown by this review of the literature. The studies highlighted various experimental methodologies and
optimization techniques employed to improve drilling performance, enhance hole quality, and minimize the need for time-
consuming and costly experiments. These findings serve as the foundation for the proposed research, which aims to develop
a GRU-based model optimized with the AFHO for efficient and accurate prediction of machining parameters in red mud-
based hybrid structural composites.

3. Proposed methodology

The study's findings demonstrate how effectively an AFHO may enhance GRU hyperparameters and significantly deepen
our comprehension of the machining behaviour of redmud-based hybrid structural composites. With its ability to forecast
and analyse machining parameters efficiently without sacrificing precision, the suggested model can be a useful tool for
researchers and engineers working with composite materials. Ultimately, this work enhances the overall efficiency and cost-
effectiveness of developing and machining filled hybrid composites for various structural applications.
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Silane-treated sisal fibers formed the basis of a hybrid structural composite. Using 20wt% red mud and 40wt% fiber
reinforcements, informed by prior research on optimal mechanical performance (Vigneshwaran et al., 2019), the composite
was created. Sisal fibers were treated with 2% triethoxy (ethyl) silane solution for 2 hours, then sun-dried. The National
Aluminium Company Ltd. in India provided the red mud. Cobalt naphthalate accelerator was selected as the curing ingredient,
combined with polyester resin, a suitable matrix material with superior natural fiber adhesion. A compression molding
process utilising a steel mold produced a 300 mm x 127 mm x 6 mm composite plank/plate. Mixing red mud and polyester
manually, the solution was applied to the fiber within the mold. The composite was taken out for drilling experiments after
being compressed at 120 N for five hours, and its properties were compared to those of fiber composites that had not been
treated (Table 1).

Table 1. Characteristics of the manufactured composite structure (Shanmugam et al., 2021).

Property Untreated Sisal Silane Treated Sisal
Fibre/Redmud Composite Fibre/Red mud Composite

Tensile strength (MPa) 49 63
Flexural strength (MPa) 199 244
Impact strength (J/m) 20 26
Hardness (shore D) 78 90
Density (g/cm3) 1.4 1.5
Voids (%) 3.5 1.2

3.1 Dataset description

As a guide, previously published research were utilised to collect the dataset for this investigation. A numerically controlled
vertical drilling machine of the JV 55 type, produced by Laxmi Machine Works (Amal Jyothi College of Engineering, Kerala,
India), was utilised for the drilling trials. The spindle speed, feed rate, and tool point angle were all regulated during the
experiment. The machine can adhere to an L27 orthogonal array with a maximum spindle speed of 6000 rpm and a cutting
feed rate of 10 m/min. A high-speed steel (HSS) tool with an 8 mm diameter was utilised for the drilling. The IEICOS drill
dynamometer, model 600A (Amal Jyothi College of Engineering, Kerala, India), which consists of a digital force indicator
and a sensor unit coupled to a computer system and amplifier, was utilised to measure the thrust force. Each experiment was
conducted in a dry setting. The experimental setup during drilling is depicted in Fig. 1. Following drilling, the drilled holes
were examined for delamination utilising a Motic optical microscope equipped with an integrated Moticam 2500 camera and
Motic Images Plus 2.0 ML image processing software (Kalasalingam Academy of Research and Education, Tamil Nadu,
India). The maximum delamination diameter, shown in Fig. 1, was measured at the drilled hole's exit in order to evaluate
delamination.

Fig. 1. A delamination factor schematic diagram

The delamination factor (F,;) was then determined utilising Eq. (1).

M
Fd — Dmax

D

o
In this instance, D,,,, represents the diameter that corresponds to the largest zone of delamination, and D, represents the
nominal hole diameter. Image-J, an open-source program from the National Institutes of Health in Bethesda, Maryland,
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USA, was utilised to evaluate the delamination. With a 4 mm cut length, the Mitutoyo SJ410 surface roughness tester
(Kalasalingam Academy of Research and Education, Tamil Nadu, India) was utilised to measure the composite surface
roughness. The average of five measurements is utilised to determine the drill hole's surface roughness. Table 2 lists the feed
rate, spindle speed, and tool point angle levels for the selected control elements.

Table 2. Process variables and their levels.

. Levels
Process Variables 7 > 3
Point Angle (°) 90 118 135
Spindle Speed (rpm) 1000 1500 2000
Feed Rate (mm/min) 100 150 200

3.2 Gated recurrent unit

One kind of RNN architecture is the GRU. Its intrinsic gates, which allow information to be sent and modified in order to
model and forecast sequential input, mitigate the vanishing gradient problem in traditional RNNs. Because GRUs can capture
long-range connections while retaining computing efficiency, they are especially helpful for jobs involving sequences or
time-series data. Compared to LSTM, GRU's simpler architecture may make it easier to train and more computationally
economical, particularly in situations with sparse input. In Fig. 2, the GRU structure is displayed. The R, in the update gate
and the Z; in the reset gate are obtained from Eq. (2) and Eq. (3), respectively. U and Wwere weight parameters among
them.

R=c(W.x +U,h_) )
Z, :O-(Wth +U,h, ) 3)

Eq. (4) yields the current hidden state H,, while Eq. (5) displays the candidate set Ht's computation procedure. Eq. (6)
provides the expression for the hyperbolic tangent function known as the tanh.

h,=(1-z,)®h, , +z,0h, )

h, =tanh [7x, + U (r.®h,_, )| ®)
X x (6)

tanh(x)= 5 —¢

anh(x) e +e
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Fig. 2. Structure of GRU
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3.3 Adaptive fire hawk optimizer (AFHO)

AFHO is an advanced optimization algorithm employed for determining optimal hyperparameters of the GRU. It integrates
the term “adaptive” within the conventional Fire Hawk Optimizer (FHO) framework due to the incorporation of a levy flight
strategy alongside the standard Fire Hawk optimizer updating process. A defining characteristic of the FHO is the levy flight
technique, which draws inspiration from the foraging habits of particular bird species known as Fire Hawks. These birds
employ distinctive actions, including setting fire, to capture prey in their natural habitat. By integrating this unique strategy
into the Fire Hawk optimizer, the AFHO demonstrates enhanced exploration capabilities within the hyperparameter space of
the GRU network.

3.4 Fire hawk optimizer inspiration

Although fire has long been utilized by Native Australians to control their surroundings, both man-made and natural fires
make the ecology more vulnerable. According to recent research, birds such as brown falcons, also referred to as "Fire
Hawks," black kites, and whistling kites purposefully start fires by transporting flaming sticks to unburned areas. By doing
this, the birds are able to flush out prey like snakes and rodents by starting small fires, which facilitates their capture.

3.4.1 Initialization

The FHO Meta heuristic algorithm mimics fire hawks' foraging behaviour by accounting for both establishing and
sustaining fires as well as catching prey. The location vectors of the prey and fire hawks are first utilised to identify a number
of solution candidates (X). The starting locations of these vectors in the search space are determined utilising a random
initialization procedure. Eq. (7) and Eq. (8) that follow:

x, 1 [x x2 o x/ o X!
X, X, ox; - x; - XJ
J0 N T I T AP R A N (£ R ™
XX xR o x) x| =124,
Xy ] [ Xy X% XY X
: . A i=12,...,N. ®)
X:Xijmin +rand‘(X1:]max _Xi]min)’ .
’ ’ ' j=L2,....d.

where N is the total number of solution candidates in the search space, X; is the i*" solution candidate in the search space, d
is the dimension of the problem, X LJ (0) is the initial position of the solution candidates, Xl-j is the j* decision variable of
the ith solution candidate, rand is a uniformly distributed random number between 0 and 1, and Xi]:min and Xi]:max are the
minimum and maximum bounds of the jth decision variable for the ith solution candidate for the problem in question.

3.4.2 Objective function
Higher values of the objective function are utilised to locate Fire Hawks in the optimization problem. By spreading flames

surrounding animals, these Fire Hawks facilitate hunting, with the main fire serving as the search area's best all-around
answer. These aspects are shown schematically in Fig. 3 and quantitatively expressed as follows: Eq. (9).

[ PR, | [ FH, |
PR, FH,
PR=| ° |.k=12....m/| FH=| _ |.1=12....n, ©
PR, FH,
PR, \FH, |
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where PR), discloses the k" prey in the search space based on the total number of m preys, and FH, describes the Ith fire
hawk in a full search space of n fire hawks.

* —— Search space
lobal b
D UR S
* * ‘ Better solutions
x
*

* * Solution candidate

Fig. 3. Schematic presentation of determining fire hawks and prey in the search space

The system then determines the distance between each Fire Hawk and its target to determine which one is closest to it.
While the other prey sets the bar for the other Fire Hawks, the closest prey near the top-performing Fire Hawk is given
priority. When D}, is displayed utilising Eq. (10) as follows:

1=1.2,...,n. (10)
k=12,....m.

1 2 2
D, :\/(Xz _xl) +(J’z _J’1) ) {
where m and n represent the total number of preys and fire hawks in the search space, respectively, and D}, is the total distance
between the Ith fire hawk and the kth prey; the coordinates of the fire hawks and prey in the search space are (x;,y;) and

(x2,¥2)-
3.4.3 Fitness computation

Mean Squared Error (MSE), which computes the difference between expected and actual values for crucial hole formation
parameters such thrust force, delamination, and surface roughness, is utilised by the AFHO to assess fitness. By lowering
prediction errors and fine-tuning GRU model hyperparameters, MSE guarantees accurate predictions based on feed rate,
cutting speed, and tool tip angle. This improvement maximizes the quality of holes in composite materials and improves
machining procedures. This improvement maximizes the quality of holes in composite materials and streamlines machining
procedures. The MSE is computed as follows (Eq. 11) for a dataset of n data points, where y; is the actual value and ¥;is the
predicted value:

1 < ) a1
MSE:;Zizl(yi_yi)

3.4.4 Position updating

As they chase prey away, Fire Hawks gather flaming sticks from the main fire to burn certain locations in the algorithm's
subsequent step. Burning sticks from other regions are also utilised by some Fire Hawks. Eq. (12) above illustrates how these
two tendencies are utilised as position updating techniques in the FHO algorithm's primary search loop.

FHlneW:FHl +(r1 ><GB—’/‘2 XFHNem~)9l:1529"’n' (12)

The global best solution in the search space as the primary fire is represented by GB; the novel position vector of the Ith
Fire Hawk (FHI) is represented by FH[**Y; the movements of Fire Hawks towards the vital fire and other Fire Hawks'
territories are depicted by FHy,q,; and r1 and r2, which are uniformly distributed random numbers in the range of (0, 1).
The movement of the prey within each Fire Hawk's area is essential for the algorithm's subsequent stage to update positions.
When a Fire Hawk drops a burning stick, the position update takes into consideration the prey's ability to run, hide, or escape
by utilising Eq. (13).
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[=12,...n (13)
g=12,...r

GB is the global best solution in the search space, which is regarded as the main fire; 3 and r4 are uniformly distributed
random integers in the range of (0, 1) to determine the motions of prey towards the safe location and the Fire Hawks; PRg*"
is the novel position vector of the qth prey (PRq) surrounded by the Ith Fire Hawk (FHI); etc. Additionally, the prey may
infiltrate locations where other Fire Hawks reside. At the same time, the prey can approach the Fire Hawks that are trapped
in the flames. Fire Hawks might even attempt to hide outside of their own territory in a safer setting. These actions throughout
the position update process could be taken into consideration utilising the following Eq. (14):

PR!"=PR,_+(r,x FH, —r,x SP), {

o [=12,...n
PR} =PR, +(ryxFH ,,,, =1, xSP), 3" : (14)
qg=12,...r

r5 and r6 are uniformly distributed random variables between 0 and 1 that are utilised to determine the prey's path towards
the other Fire Hawks and the safe area outside the territory; FH Alter is one of the fire Hawks in the search space, SP indicates
a secure area outside the Ith Fire Hawk's domain, and PR;®" displays the new position vector of the qth prey (PRq), which is
flanked by the Ith Fire Hawk (FHI). The majority of animals in nature congregate in secure areas to remain safe during a
threat. Eq. (15), (16) mathematically express SP; and SP in this manner.

SP:M q=12,..r "
1 roo =12,
" PR
SP:L, k=1=12,...m. .
m

If PR, is the qth target that the Ith fire hawk (FHI) is orbiting, and PRy is the kth prey in the search area.

3.4.5 Levy flight

A walk style known as Levy flight aligns the step length and follows the Levy probability distribution function.
Furthermore, it has been discovered that Levy flight occurs frequently in nature. This law governs how creatures like cuckoos
and sharks move. The formula for this distribution is a straightforward power-law. Eq. (17) is typically utilised as the formula:

/4 /4 1 ,
——exp| — if0<pu<o
L(s.y. )=\ 27 p[ 2(S-#)LS A a7

u):
0 otherwise

In this case, s stands for step length, u for location or shift parameter, and y, L(s) for s distribution. The scale parameter,
which regulates the distribution's scale, is y > 0. Eq. (18) provides a straightforward power-law representation of the Levy
distribution.

L(s)=|s| " 0<p<2 {19

The random step size in the Mantegna technique is solved utilising the normal distribution, and the n is found utilising
Eq. (19):

u
§=— (19)
jol?
where normal distributions are utilised to determineu and v. This is in accordance with Eq. (20) and Eq. (21).

u~N(0,02), v~ N(0,5]) (20)



414

where,

/B
=1. (21)

u

prli+prap e

The predicted Levy distribution is obeyed by this distribution (for s) Fig. 4 illustrates Flow chats of AFHO.

{ I'(1+ B)sin(z/2) }

Fig. 4. Flow chart of AFHO
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4. Results and discussion

The research exhibits comprehensive analysis of the performance of different optimization techniques utilised to configure
the GRU model for predicting machining parameters in filled hybrid composites. Mean Absolute Percentage Error (MAPE),
Normalized Root Mean Square Error (NRMSE), Root Mean Square Error (RMSE), and Mean Squared Error (MSE) are the
main metrics utilised to assess the models' correctness.

4.1 Experimental vs. predicted thrust force

The thrust force data obtained from the comprehensive drilling experiment was compared to the predicted thrust force
values generated by the AFHO configured GRU model, as well as other techniques such as FHO, PSO, GA configured GRU
model, in addition with the traditional techniques such as LSTM, ANN, and RF models is shown in Fig. 5. The purpose of
the comparison was to evaluate these models' precision and capacity to appropriately estimate the thrust force during drilling.
According to the comparison, the suggested AFHO setup GRU model showed an exceptional capacity to precisely estimate
the thrust force.
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Fig. 5. Comparison of thrust force: Experimental values vs. model predictions utilising different techniques

4.2 Mean squared error (MSE)

The average squared differences between the experimental and projected thrust force levels were computed utilising MSE.
As seen in Fig. 6, a lower MSE value denotes greater accuracy and consistency between the model predictions and
experimental results. With an incredibly low MSE of 0.002374538, the data analysis showed that the AFHO setup generated
outstanding results. The AFHO demonstrated its efficacy in efficiently exploring the hyperparameter space, resulting in an
optimally configured GRU model. This finding highlights the AFHO's potential to significantly improve the accuracy of
machining parameter predictions, offering valuable insights for machining behavior analysis in filled hybrid composites.
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Fig. 6. Comparison of dissimilar models' predicted thrust  Fig. 7. Comparison of dissimilar models' predicted thrust
force with respect to MSE force with respect to RMSE

4.3 Root mean squared error (RMSE)

The average size of the errors between the experimental and expected values is determined by RMSE, a variant of MSE.
A lower RMSE number indicates greater accuracy and a closer approximation of the model predictions to the experimental
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thrust force measurements. Fig. 7 displays the RMSE values derived from various model setups for thrust force prediction.
The technique-wise comparison reveals that the AFHO and FHO optimized GRU models outperform other configurations
and techniques in predicting thrust force. The findings demonstrate how crucial effective hyperparameter optimisation is to
attaining better results in machine learning-based predictive modelling for the analysis of machining behaviour. The AFHO
optimizer, in particular, emerges as a promising choice for tuning the GRU model, leading to highly accurate predictions and
potential resource savings in machining filled hybrid composites.

4.4 Normalized root mean squared error (NRMSE)

For evaluating how accurately predictive models predict thrust force for machining filled hybrid composites, the NRMSE
is an essential statistic. Lower NRMSE values indicate better prediction performance, signifying models that closely
approximate experimental data. With the lowest NRMSE value of 0.000620913, the AFHO setup GRU model proved to be
incredibly accurate in predicting thrust force. This indicates that the AFHO optimization technique effectively fine-tuned the
GRU model's hyperparameters, resulting in highly precise predictions that closely match the experimental data. The
technique-wise comparison of NRMSE values clearly indicates in the Fig. 8 that the AFHO configured GRU model
outperformed all other techniques in predicting thrust force for the machining process. The AFHO optimization technique
effectively fine-tuned the GRU model's hyperparameters, leading to highly accurate predictions that closely matched
experimental data. The findings highlight how important it is to use cutting-edge optimisation strategies, such AFHO, to
improve predictive model performance for machining behaviour analysis in filled hybrid composites.
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Fig. 8. Comparison of different models' predicted thrust Fig. 9. Comparison of dissimilar models' predicted thrust
force with respect to NRMSE force with respect to MAPE

4.5 Mean absolute percentage error (MAPE)

The model's relative accuracy is evaluated by calculating the average percentage difference between the experimental and
projected values, or MAPE. Better prediction performance is indicated by a lower MAPE value. The MAPE comparison's
findings provide crucial insight into the predictive accuracy of several techniques for calculating thrust force in machining-
filled hybrid composites. The technique-wise comparison of MAPE values emphasizes in Fig. 9 significance of AFHO
configured GRU emerges as the top performer in predicting thrust force for machining filled hybrid composites, underscoring
its potential for efficient machining behavior analysis and resource conservation.

4.6 Experimental vs. predicted delamination factor

Delamination factor data collected during the drilling experiments were compared with the delamination values predicted
by the optimized GRU model. By accurately forecasting the delamination factor, the study demonstrated how well the model
detected the impacts of feed rate, cutting speed, and drill tool tip angle on delamination. The tiny variations between the
experimental and anticipated values demonstrated how accurately the model assessed delamination behaviour. In the context
of machining filled hybrid composites, Fig. 10 shows how several prediction models are assessed according to methodology
for calculating the Delamination Factor.
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Fig. 10. Comparison of delamination factor: Experimental values vs. model predictions utilising dissimilar techniques

Fig. 11 to Fig. 14 provide a thorough analysis of each error statistic and what it means for the prediction models'
performance. The technique-wise comparison indicates that the AFHO configured GRU model outperforms other techniques,
achieving the lowest errors and demonstrating superior accuracy in predicting the delamination factor for machining filled
hybrid composites in evaluating four key error metrics: MSE, RMSE, NRMSE, and MAPE. The AFHO configured GRU is
the most effective technique for estimating the delamination factor because it offers valuable information for resource
conservation and effective machining behaviour analysis in the processing of composite materials.
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4.7 Experimental vs. predicted surface roughness

Surface roughness measurements from the drilling experiments were compared with the corresponding predicted values
generated by the optimally configured GRU model. The outcomes showed that, under various process circumstances, the
model correctly assessed surface roughness. The GRU-based model successfully captured the effects of the drill tool tip
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angle, cutting speed, and feed rate on the composite material's surface roughness, as evidenced by the consistency of the
experimental and predicted values. In the context of machining filled hybrid composites, Fig. 15 compares dissimilar surface
roughness prediction models by technique.
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Fig. 15. Comparison of surface roughness: Experimental values vs. model predictions utilising different techniques

The AFHO configured GRU model achieved the lowest values across all error metrics, with the lowest MSE, RMSE,
NRMSE, and MAPE exhibits in Fig. 16 to Fig. 19. The technique-wise comparison indicates that the AFHO configured GRU
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model outperforms other techniques, achieving the lowest errors and demonstrating superior accuracy in predicting surface
roughness for machining filled hybrid composites. The effectiveness of the AFHO optimisation approach in constructing the
GRU model is demonstrated by its success, which also emphasises how crucial it is to use sophisticated optimisation
techniques in order to improve predictive accuracy.
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The proposed methodology, supported by the technique-wise comparison results, demonstrates the effectiveness of the
AFHO in configuring the GRU model for machining parameter predictions in filled hybrid composites. The results offer a
useful and affordable approach to machining behaviour analysis, creating new avenues for further research and real-world
uses in the processing of composite materials.

4.8 Convergence graph

In Fig. 20, an optimization algorithm's movement through several iterations in search of the best solution is visually
represented by a convergence graph.
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Fig. 20. Convergence graph showing techniques-wise comparison of MSE

Convergence graphs are essential for tracking the GRU model's training process and assessing its performance over
multiple epochs in this study. Specifically, the convergence graph in this study focuses on the error metric MSE and how
dissimilar optimization techniques (AFHO, FHO, PSO, and GA) influence the convergence during the GRU model training.
The main goal of the convergence graph is to show how the model's prediction ability improves when the error metric, MSE,
falls across iterations. In this research, it is observed that the AFHO configured GRU model exhibits lower error metrics and
achieves faster convergence compared to other optimization techniques. The graph offers important information on how well
the AFHO optimization strategy directs the GRU model toward increased accuracy and convergence.
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5. Conclusion

This study is significant since it developed a GRU-based model that accurately predicted surface roughness, delamination,
and thrust force. The predictive model proved to be able to accurately anticipate the experimental values, which lessened the
need for expensive and time-consuming experimentation. By leveraging the AFHO, the research optimized the GRU
hyperparameters, leading to superior predictive performance. The AFHO configured GRU outperformed other optimization
techniques such as PSO, GA, FHO and traditional predictive modelsuch as GRU, LSTM, ANN and RF in terms of accuracy
and convergence. The study's findings offer important new information for structural applications and greatly advance our
knowledge of the machining behavior of filled hybrid composites. The GRU-based model allows engineers and
manufacturers to efficiently assess the drilling performance and hole quality in the composite materials without the need for
extensive real-world testing. All things considered, this study provides a fresh and economical method for examining the
drilling behaviour of filled hybrid composites. Thrust force, delamination, and surface roughness may all be accurately
predicted utilising the AFHO optimized GRU model in conjunction with experimental data. The outcomes confirm that the
suggested methodology is effective in producing precise forecasts, encouraging resource conservation, and improving
comprehension of machining behavior in crucial structural applications. We intend to investigate in subsequent work if the
suggested method may be applied to various composite materials and other machining procedures. Furthermore, including
real-time data collection devices can improve the model's predictive power even more. Through constant addition of fresh
data, the model can adjust and develop, increasing its precision and suitability for a wider variety of machining situations.

Funding
The authors received no financial support for the research, authorship, and/or publication of this article.
References

Adda, B., Belaadi, A., Boumaaza, M., & Bourchak, M. (2021). Experimental investigation and optimization of delamination
factors in the drilling of jute fiber—reinforced polymer biocomposites with multiple estimators. The International Journal
of Advanced Manufacturing Technology, 116, 2885-2907. https://doi.org/10.1007/s00170-021-07628-9

Aravind, S., Shunmugesh, K., Biju, J., & Vijayan, J. K. (2017). Optimization of micro-drilling parameters by taguchi grey
relational analysis. Materials Today: Proceedings, 4(2), 4188-4195. https://doi.org/10.1016/j.matpr.2017.02.121

Azizi, M., Talatahari, S., & Gandom, A. H. (2023). Fire hawk optimizer: A novel metaheuristic algorithm. Artificial
Intelligence Review, 56(1), 287-363. https://doi.org/10.1007/s10462-022-10173-w

Bayraktar, S., & Turgut, Y. (2020). Determination of delamination in drilling of carbon fiber reinforced carbon matrix
composites/Al 6013-T651 stacks. Measurement, 154, 107493. https://doi.org/10.1016/j.measurement.2020.107493

Behera, R. R., Ghadai, R. K., Kalita, K., & Banerjee, S. (2016). Simultaneous prediction of delamination and surface
roughness in drilling GFRP composite using ANN. International Journal of Plastics Technology, 20, 424-450.
https://doi.org/10.1007/s12588-016-9163-2

Bukhari, S. M., Rehman, M. K., & Mehar, A. (2023). Experimental investigations on drilling of hybrid composites using
different drill bit geometries. Materials Today: Proceedings, https://doi.org/10.1016/j.matpr.2023.04.420

Buslim, N., Rahmatullah, I. L., Setyawan, B. A., & Alamsyah, A. (2021). Comparing bitcoin's prediction model using GRU,
RNN, and LSTM by hyperparameter optimization grid search and random search. In 2021 9th International Conference
on Cyber and IT Service Management (CITSM), 1-6. IEEE, DOI: 10.1109/CITSM52892.2021.9588947

Caggiano, A., Mattera, G., & Nele, L. (2023). Smart tool wear monitoring of CFRP/CFRP stack drilling using autoencoders
and memory-based neural networks. Applied Sciences, 13(5), 3307. https://doi.org/10.3390/app13053307

Challan, M., Jeet, S., Bagal, D. K., Mishra, L., Pattanaik, A. K., & Barua, A. (2022). Fabrication and mechanical
characterization of red mud based Al2025-T6 MMC using lichtenberg optimization algorithm and whale optimization
algorithm. Materials Today: Proceedings, 50, 1346-1353. https://doi.org/10.1016/j.matpr.2021.08.274

Gowda, B. M. U., Ravindra, H. V., Naveen Prakash, G. V., Nishanth, P., & Ugrasen, G. (2015). Optimization of process
parameters in drilling of epoxy Si3N4 composite material. Materials Today: Proceedings, 2(4-5), 2852-2861.
https://doi.org/10.1016/j.matpr.2015.07.300

Houssein, E. H., Saad, M. R., Hashim, F. A., Shaban, H., & Hassaballah, M. (2020). Lévy flight distribution: A new
metaheuristic algorithm for solving engineering optimization problems. Engineering Applications of Artificial
Intelligence, 94, 103731. https://doi.org/10.1016/j.engappai.2020.103731

Jaiprakash, M., Nagamadhu, M., Karthikeyan, K., & Mohan Kumar, G. C. (2020). Effect of drilling parameters on neem
wood veneer epoxy composites using grey relational analysis. Materials Today: Proceedings, 24, 2163-2173.
https://doi.org/10.1016/j.matpr.2020.03.674

Jani, S. P., Senthil Kumar, A., Adam Khan, M., & Uthaya Kumar, M. (2016). Machinablity of hybrid natural fiber composite
with and without filler as reinforcement. Materials and Manufacturing Processes, 31(10), 1393-1399.
https://doi.org/10.1080/10426914.2015.1117633

Joshi, S., Rawat, K., & Balan, A. S. S. (2018). A novel approach to predict the delamination factor for dry and cryogenic
drilling of CFRP. Journal of Materials Processing Technology, 262, 521-531.
https://doi.org/10.1016/j.jmatprotec.2018.07.026



https://doi.org/10.1007/s10462-022-10173-w
https://doi.org/10.1007/s12588-016-9163-2
https://doi.org/10.1016/j.engappai.2020.103731
https://doi.org/10.1016/j.engappai.2020.103731
https://doi.org/10.1016/j.matpr.2020.03.674

422

Liu, Y., Farnsworth, M., & Tiwari, A. (2017). A review of optimisation techniques used in the composite recycling area:
State-of-the-art and steps towards a research agenda. Journal of Cleaner Production, 140, 1775-1781.
https://doi.org/10.1016/j.jclepro.2016.08.038

Maleki, H., Duraes, L., Garcia-Gonzélez, C. A., Gaudio, P. D., Portugal, A., & Mahmoudi, M. (2016). Synthesis and
biomedical applications of aerogels: Possibilities and challenges. Advances in Colloid and Interface Science, 236, 1-27.
https://doi.org/10.1016/j.cis.2016.05.011

Montesano, J., Bougherara, H., & Fawaz, Z. (2017). Influence of drilling and abrasive water jet induced damage on the
performance of carbon fabric/epoxy plates with holes. Composite  Structures, 163, 257-266.
https://doi.org/10.1016/j.compstruct.2016.12.007

Prabu, V., Arumuga, S., Kumaran, T., Uthayakumar, M., & Manikandan, V. (2018). Influence of redmud particle
hybridization in banana/sisal and sisal/glass composites. Particulate Science and Technology, 36(4), 402-407.
https://doi.org/10.1080/02726351.2016.1267284

Rafieipour, H., Setoodeh, A., & Lau, A. K. T. (2021). Mechanical and electromagnetic behavior of fabricated hybrid
composite sandwich radome with a new optimized frequency-selective surface. Composite Structures, 273, 114256.
https://doi.org/10.1016/j.compstruct.2021.114256

Razavi, S. M. J., Neisiany, R. E., Razavi, M., Fakhar, A., Shanmugam, V., Alagumalai, V., Forsth, M., Sas, G., & Das, O.
(2021). Efficient improvement in fracture toughness of laminated composite by interleaving functionalized nanofibers.
Polymers, 13(15), 2509. https://doi.org/10.3390/polym13152509

Shanmugam, V., Marimuthu, U., Rajendran, S., Veerasimman, A., Basha, A. M., Majid, M. S. B. A., Neisiany, R. E., & Das,
0. (2021). Experimental investigation of thrust force, delamination and surface roughness in drilling hybrid structural
composites. Materials, 14(16), 4468. https://doi.org/10.3390/mal4164468

Shanmugam, V., Rajendran, D. J. J., Babu, K., Rajendran, S., Veerasimman, A., Marimuthu, U., Singh, S., & Ramakrishna,
S. (2021). The mechanical testing and performance analysis of polymer-fibre composites prepared through the additive
manufacturing. Polymer Testing, 93, 106925. https://doi.org/10.1016/j.polymertesting.2020.106925

Sharma, A., Mukhopadhyay, T., Rangappa, S. M., Siengchin, S., & Kushvaha, V. (2022). Advances in computational
intelligence of polymer composite materials: Machine learning assisted modeling, analysis and design. Archives of
Computational Methods in Engineering, 29(5), 3341-3385. https://doi.org/10.1007/s11831-021-09700-9

Vigneshwaran, S., Uthayakumar, M., Arumugaprabu, V., & Sundarakannan, R. (2021). Numerical and experimental
assessment of water absorption of red mud-an industrial waste reinforced sisal/polyester hybrid polymer composite.
Structural Health Monitoring System for Synthetic, Hybrid and Natural Fiber Composites, 217-229.
https://doi.org/10.1007/978-981-15-8840-2_15

Vigneshwaran, S., Uthayakumar, M., & Arumugaprabu, V. (2019). Development and sustainability of industrial waste-based
red mud hybrid composites. Journal of Cleaner Production, 230, 862-868. https://doi.org/10.1016/j.jclepro.2019.05.13

Vigneshwaran, S., Uthayakumar, M., & Arumugaprabu, V. (2020). Potential use of industrial waste-red mud in developing
hybrid composites: A waste management approach. Journal of Cleaner Production, 276, 124278.
https://doi.org/10.1016/j.jclepro.2020.124278

Wang, Z., Dixit, P., Chegdani, F., Takabi, B., Tai, B. L., Mansori, M. E., & Bukkapatnam, S. (2020). Bidirectional gated
recurrent deep learning neural networks for smart acoustic emission sensing of natural fiber—reinforced polymer
composite machining process. Smart and Sustainable Manufacturing Systems, 4(2), 179-198. DOI
10.1520/ssms20190042

Xu, J., & Mansori, M. E., (2016). Numerical modeling of stacked composite CFRP/Ti machining under different cutting
sequence strategies. International Journal of Precision Engineering and Manufacturing, 17, 99-107.
https://doi.org/10.1007/s12541-016-0013-0

Xu, J., Huang, X., Chen, M., & Davim, J. P. (2020). Drilling characteristics of carbon/epoxy and carbon/polyimide
composites. Materials and Manufacturing Processes, 35(15), 1732-1740.
https://doi.org/10.1080/10426914.2020.1784935

Zhang, X., Liu, Y., Cao, X., Zhao, L., Yin, W., & Deng, Q. (2023). Uncertain natural characteristics analysis of laminated
composite  plates considering geometric nonlinearity. Composite  Structures, 315, 117028.
https://doi.org/10.1016/j.compstruct.2023.117028

Zhao, X., Lv, H,, Lv, S., Sang, Y., Wei, Y., & Zhu, X. (2021). Enhancing robustness of monthly streamflow forecasting
model using gated recurrent unit based on improved grey wolf optimizer. Journal of Hydrology, 601, 126607.
https://doi.org/10.1016/j.jhydrol.2021.126607

© 2026 by the authors; licensee Growing Science, Canada. This is an open access article
@ ® distributed under the terms and conditions of the Creative Commons Attribution (CC-BY) license

(http://creativecommons.org/licenses/by/4.0/).



https://doi.org/10.3390/ma14164468
https://doi.org/10.1007/s11831-021-09700-9
https://doi.org/10.1016/j.jhydrol.2021.126607

	2. Literature review
	3. Proposed methodology
	4. Results and discussion
	5. Conclusion
	Funding
	References

