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Abstract

Wood Plastic Composite has become increasingly notable in domestic and
industrial applications. The excessive thrust force and torque generated during drilling
lead to poor surface finish and potential damage to the work materials. The drilling
experiments were performed using Taguchi's L2z orthogonal array, with drilling
parameters (N, f, and d) as inputs and thrust force and torque as output responses.
The ANOVA analysis reveals that feed rate contributes (65.16% for thrust force and
64.41% for torque), followed by drill diameter (27.33% for thrust force and 20.39% for
torque), and spindle speed (4.90% for thrust force and 12.84% for torque).
Furthermore, machine learning models such as the extra-trees regressor, bagging with
decision trees, and the random forest regressor were built to predict the output
responses of WPC composite panels. To evaluate the performance of the predicted
outcomes, six error metrics were used: mean absolute percentage error, mean
absolute difference, Root mean square error, Standard error, mean square error, and
coefficient of determination. Compared with other models, random forest produces
more accurate predictions for thrust force and torque. This study provides a novel
approach for evaluating and identifying suitable process parameters to minimize thrust

force and torque induced during drilling of WPC composites.

Keywords: Wood plastic composites, Machine learning, Drilling, Thrust force, Torque,

Key performance indicator.



Nomenclature

ANFIS — Adaptive Neuro-Fuzzy Interference System
Al — Artificial Intelligence

ANOVA — Analysis of Variance

CNC- Computer Numerical Control

DD — Drill Diameter

ELM — Extreme Learn Machine

FFNN — Feed Forward Neural Network
FR — Feed Rate

Fz — Thrust Force

Ft — Torque

GPR - Gaussian Process Regression
HSS -High Speed Steel

KPI — Key Performance Indicator

LVQ — Learning Vector Quantization
ML - Machine Learning

MSE — Mean Squared Error

MAE — Mean Absolute Error

MAPE — Mean Absolute Percentage Error
MLP — Multi Layer Perception

MLP — Multi Layer Perception

R? — Coefficient of Correlation

RMSE — Root Mean Square Error

SS - Spindle Speed

SVM — Support Vector Machine

WPC — Wood Plastic Composite
XGBoost — Extreme Gradient Boosting



1. Introduction
Wood has been used as a structural material in various fields since ancient times, ever
since humans discovered its potential applications[1]. Wood is considered a complex
material that can be used for many purposes due to its anisotropic, biological nature
and excellent mechanical properties. It can be used for energy conversion, wastewater
purification, solar desalination, thermal insulation, structural purposes, and
more[2]The lack of plantations, governmental restrictions on local trade, international
trade in wood, deforestation, and the use of wood to produce charcoal force
researchers to seek alternatives to wood composite materials. [3];[4]. Products that
have been developed as alternatives to wood in recent years include Oriented Strand
Board, Parallel-Strand Lumber, wafer board, particle board, Medium Density
Fibreboard, hardboard, Wood Plastic Composite ,wood cement composite, pulp for
paper, and paperboard [5]. Wood composites have gained popularity in recent years
as a superior alternative to solid wood. Numerous advantages make them a top choice
for various applications in construction, furniture manufacturing, and other industries
due to their durability, consistency, eco-friendliness, versatility, and cost-
effectiveness[6]. Among the various wood composite materials, Wood Plastic
Composite (WPC) has gained more popularity than the others, especially after 2007,
due to its excellent properties, including durability, processing performance,
mechanical properties, physical properties, environmental protection, and
Aesthetics.WPC is an environmentally friendly, 100% recyclable product.[7].WPC is a
combination of natural wood fibres (wood flour, bamboo flour, hemp fibres, and crop
stalks), thermoplastic (polyethylene, polypropylene, polyvinyl chloride, etc), and an
appropriate amount of additives (coupling agents, antioxidants, flame retardants, etc)
[8], [9], [10]The application of WPC has been widespread in automotive interiors, doors
and windows, flooring, landscaping, decking, cladding, paneling, fencing, and
furniture[11 -15] WPC has reached approximately USD 417.00 million in 2024 and is
expected to reach USD 867.4 million in 2030 in the Indian market. As WPCs have
large applications in various fields of engineering, to utilize them in real-world
applications, they should be machined by numerous processes like sawing, milling,
drilling, deep routing, and edge finishing[16].

Drilling is a common machining operation in wood composite materials, among
various other machining operations, to produce holes of high quality in a composite

material when connecting it to other components, including rivets, fasteners, and bolts



[17]. Usually, when drilling wood composite materials, defects include delamination,
roughness, fiber pull-out, micro-cracking, matrix burning, chipping, and spalling [18].
These defects are caused by the anisotropic and layered structure of wood composite
materials. Defects such as delamination are especially concerning. For example,
during the final assembly of airplanes, delamination caused by the drilling process
accounts for around 60% of all component rejections [19], [20]. Such damage to the
wood composite material can affect the product's finish, ultimately impacting its final
performance, appearance, and surface quality. The hole quality during drilling
operations is influenced by several elements, including the workpiece material, cutting
conditions, drill tool geometry, and tool material[21]. The twist drill and brad point drill
are common types of drill used for drilling wood composite material with a special
coating for wood composite material[22], [23].

Two quality indicators that impact the strength and quality of composite
materials are delamination and Ra. While Ra is caused by excessive amounts of Ft
and FR during drilling, delamination in the composite material is caused by excessive
amounts of Fz.[24]. Delamination, Ra, and other quality parameters of the hole are
important factors that could improve the efficiency of mechanical joining of wood
composite materials. The proper selection of drill bit material and optimization of input
parameters could improve the quality indicators of the composite material. Numerous
studies examining wood-composite materials have been published. Slamani et al.
(2024) investigated the impact of drill material on the hole quality of a hybrid composite
using three distinct drill materials: HSS, HSS-Co5, and a solid carbide drill bit that
could produce the fewest delaminations, circularity, and cylindricity errors [25].
Bedelean et al. (2024) have optimized the drilling parameters for particle board, MDF,
and plywood composite materials, and the dominant parameters for delamination are
the material type, Fz, and Ft [26]. In order to ascertain the impact of cutting parameters
on hole circularity, Kumar et al. (2023) examined the drilling parameters of Sabai
grass-reinforced composite and concluded that FR and SS are the significant
elements. [27]. The Fz, Ft, and Ra developed during drilling of wood composites are
strongly influenced by the point angle and FR[28], [29]. Elhadi et al. (2025) examined
the FR and SS of dry drilling using solid carbide, HSS, and HSS-Co5 to ascertain the
impact on chip formation and hole quality. Shorter, broken chips are formed at a lower
SS and a higher FR, according to the research [30]. Palanikumar et al. (2016) further



stated that the right drill geometry design can result in better performance. Itis possible
to decrease Fz, Ft, and Ra by changing the drill bit's tip angle[31].

Researchers are currently using artificial intelligence to simulate machining
conditions in the manufacturing sector. In this study, machine learning is used to model
machining parameters. This section outlines the machine learning methodology and
reviews the literature on the development of machine learning models across various
manufacturing engineering domains.

A subfield of Al called machine learning (ML) creates statistical models and
algorithms that allow computers to carry out tasks without explicit programming by
identifying patterns in data [32]. Machine learning (ML) uses datasets to train models
to generate predictions or judgments in order to enhance performance through
experience rather than predefined rules [33]. By enabling the handling of complex,
high-dimensional data that would be impossible for human-engineered solutions, the
paradigm shift from conventional rule-based programming to data-driven learning
has transformed numerous industries[34]

Machine learning, according to Arthur Samuel (1959), is a field of study that
allows computers to learn without explicit programming [35]. This is expanded in
contemporary interpretations to include techniques where algorithms iteratively modify
settings to optimize accuracy or minimize errors on unseen data [36]. Supervised
learning, unsupervised learning, reinforcement learning, and semi-supervised learning
are the four primary types of machine learning [37][38]

Model selection, training, evaluation, deployment, feature engineering, and
data preparation are all essential elements of machine learning [39] .ML algorithms
can range from basic linear models to sophisticated neural networks and ensemble
techniques.[40]. For instance, supervised learning often employs regression for
continuous predictions or classification for discrete labels, while unsupervised
techniques like clustering group similar data points [41]. Multi-layered neural networks,
which have grown in popularity, are used in deep learning, a machine learning
paradigm that enhances their ability to handle unstructured inputs such as text and
images.[42];[43].

The theoretical foundations of ML are derived from computer science, statistics,
and optimization; key issues include underfitting (inadequate learning from data) and

overfitting (where the model performs well on training data but not on new data) [44].



These issues are addressed using cross-validation and regularization strategies [45].
The metrics used in practice are accuracy, mean Squared Error, mean absolute error,

mean absolute percentage Error, coefficient of correlation, and root mean square error
[46]

ML has applications in many sectors, including manufacturing (predictive
maintenance), healthcare (disease prediction), and finance (fraud detection) [47], [48].
Recent developments highlight the consideration of ethical concerns, interpretability,
and robustness in any open context, and/or when performing in adaptive conditions or
when data distributions shift [49], [50]. ML continues to develop and combine with big

data and big computing [51], [52]

Hua et al. (2025) developed ML model to predict the thermomechanical
behavior of wood plastic composite[53]. The authors created the models by relating
the dynamic thermomechanical attributes obtained through a 3-point bending test.
They compared the ELM to other machine learning models, such as SVM, RF, BP
neural network, and PSO-BP neural network. Compared to other models, ELM
outperformed in terms of higher prediction accuracy and data fitting, achieving an R?
of 0.982, a MAE of 1.363, and an RMSE of 3.311.

Vignesh et al. (2025) developed a multi-output RF regression model with
hyperparameter tuning to predict Fz, Ft, and Fq in a CNC vertical machining center for
CNT-filled GFRP composite[54]. The model was created by establishing the
relationship between input process parameters, such as SS, FR, and filler percentage,
and the output process parameters. Out of 27 experimental samples, 20 were used
for training and 7 for testing data. The model achieves 98% accuracy on the training
data and 3% on the testing data, indicating overfitting due to the small dataset. Zhang
et al. (2025) developed an ANN model to predict fatigue life responses under multiple
defects (delamination, tearing, and scratches on the hole wall). The ANN model was
built using the experimental dataset. The hyperparameters, namely, hidden layer 1 (20
neurons) and hidden layer 2 (10 neurons), were used to develop the model for
predicting fatigue life. The model took 50 epochs to reach a MAPE of 1.263% and an
R? of 0.913. The final architecture comprises a 4-20-10-1 structure, with four input
features (delamination factor, tearing factor, surface roughness, and width difference),

two hidden layers with 20 and 10 neurons, respectively, and a single output neuron for



fatigue life[55]. Biruk et al. (2023) used a variety of machine learning algorithms. When
drilling GFRP composite, drilling parameters (SS and FR), cutting force, and
delamination are developed using various regression models. These algorithms are
trained by relating Fz to delamination using the Kistler dynamometer and the Keyence
VHX-5000 optical microscope. The Gradient Boosting Regressor outperforms the
other machine learning models, achieving an R? of 0.948, an MAE of 6.13, and an
RMSE of 8.46 [56].

Akdulum et al. (2023) proposed a model to predict Fz in the drilling of aluminum
alloy using a U drill, by employing various machine learning techniques such as FFNN,
GPR, SVM, XGBoost, and hybrid models like GPR+FFNN, GPR+SVM, SVM+FFNN,
XGBoost+FFNN, XGBoost+GPR, XGBoost+SVM, and XGBoost+GPR+SVM+FNN.
The proposed model associates the material's chemical and mechanical properties
with the Fz developed during the process. The hybrid models XGBoost + FFNN and
XGBoost + GPR performed best, showing high R? values and low prediction errors[57].
Dedeakayogullari et al. (2022) developed an ANN model (MLP, LVQ) to predict the Ra
of SLM-Ti6AI4V material based on features extracted from piezoelectric sensor
signals. The ANN models (MLP and LVQ) achieved 99.9% accuracy, surpassing the
ANFIS model[58]. Lee et al. (2025) developed an ENN model to determine the surface
quality of a hole and the cutting tool condition during robotic drilling of an Hexcel IM7
carbon fiber-reinforced Hex Ply 8552 epoxy composite material. The model is
constructed by mapping the robotic drilling parameters and the servo motor torque
sensor's features (fixed beneath the workpiece) to measured hole quality and tool
condition. The ANN architecture is characterized by 4-13-11-1. The model resulted in

100% prediction accuracy[59].

In summary, ML is a disruptive mechanism for solving problems that permits
systems to generalize from examples and respond to new observations [60], [61] .ML
is interdisciplinary in nature, which warrants continued research to address issues

such as data bias and expensive computations [61]

A careful review of past research shows that there are few ML models for
predicting Fz and torque Ft. Surprisingly, only a limited amount of research has
examined forecasting these parameters during drilling in wood-plastic composites

(WPC). Fz and Fineed to be forecast when machining wood and wood composites, as



these materials are used in a variety of applications, including automotive interiors,
doors and windows, flooring, landscaping, decking, cladding, paneling, fencing, and
furniture. Developing an accurate machine learning-based forecasting model will help
improve production efficiency, optimize resources, and enhance the impact on

industrial productivity.

The present research investigates an ML-based approach to predicting Fz and
Ftin a CNC vertical machining center. In the previous study by the authors [23], they
have used box-Behnken experimental design and used response surface
methodology and Binary Whale Optimization Algorithm (BWOA) for modeling and
optimization. The current study focuses on developing a machine learning model to
accurately predict Fz and Ft using data generated during the drilling process. The
experiments are conducted by using L2z orthogonal array. The performance of the
developed model was calculated and evaluated using several assessment criteria.
When modeling techniques are adopted for various aspects of drilling operations, their
application to predicting Fz and Ft in driling WPC composites requires further
exploration. A single-point measurement might only cover a portion of the wellbore. A
continuous predictive model that can deliver real-time data on Fz and Ft is therefore
crucial. In this study, the aim is to estimate the Fz and Ft induced during the drilling of
a WPC composite panel board made of carbon steel with an aluminum finish, using a
machine learning algorithm that takes cutting parameters as input. The popular
machine learning techniques, such as Extra Tree regressor, bagging with decision
trees, and random forest regressor, were employed to predict the Fz and Ft induced
during drilling of WPC composite, as well as to build a machine learning model that

takes into consideration the cutting parameters.

2. Materials and Measurements

2.1 Machining experiment and Measurement

In recent years, Wood Plastic Composite (WPC) materials have become popular for
use in applications including decks, fencing, wall panels, and furniture due to their
appearance, corrosion resistance, and lower weight than wood. The properties of the
WPC composite being studied are presented in Table 1. Drilling is essential for creating
holes in WPC materials for the assembly of components. The key factors affecting the
performance of drilling wood-composite materials are SS, FR, and DD. The input



parameters for drilling WPC composite materials are selected based on a preliminary

study[62] [63], [64]. The experimental limits for this investigation have been selected

after a detailed analysis. Based on this analysis, the limits are as follows:

From existing studies, it is indicated that Fzrises with lower N and declines with
higher N[65]. This happens because the cutting force increases at lower
speeds. A better surface finish and minimum Fz occur at higher speeds.
Typically, SS is chosen between 1000 and 3000 rpm.

From existing studies, it is indicated that an increase in FR results in a higher
Fz, which in turn leads to more delamination and surface damage. Conversely,
a lower FR contributes to a reduced Fz, leading to smooth drilling and better
quality[66]. Typically, FR is chosen between 75mm/min and 225mm/min.

The DD had a considerable effect on Fz, Ft, delamination, and the overall quality
of holes in NFRPCs. The larger diameter during drilling increases material
removal resistance, which in turn can cause fiber pullout, matrix cracking, and
surface irregularity. Whereas a small diameter tends to produce a cleaner hole
with minimal delamination and a better surface finish[67]. Therefore, in this
investigation, the DD was chosen between 6 and 10mm. The experimental

factors and their nomenclature are shown in Table 2.

Table 1

WPC wood composites' constituents

WPC Material Composition

Wood Fibers (40%) Thermoplastics (54%)  Additives: Colour pigments, UV

stabilizers, and antifungal agents
(6%)

Table 2

The levels and their values of input process parameters

Input parameter

Spindle speed(N) 1000-3000 rpm
Feed rate (f) 75-225 mm/min
Drill diameter(d) 6-10 mm

The CNC vertical machining Centre, model BMV40T20, made by Bharath Fritz
Verneer, has an SS range of 60-6000 rpm. It is equipped with a Kistler multi-

component dynamometer, model 9277B, and a charge amplifier, model 5070A. The
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Kistler multicomponent dynamometer was calibrated in accordance with 1ISO 376 for
FZ measurement and DIN 51309 for Ft measurement. The uncertainty in both Fz and
Ftmeasurements was within £1%, which is acceptable for machining experiments. The
scheme of the investigation is illustrated in Fig. 1. In the present investigation, drilling
experiments are performed using a brad Centre point drill bit (carbon steel with an
aluminium finish), with a point angle of 118°, flute type -spiral 2 flute, rake angle of 25°,
diameters of 6,8 and 10 mm, is used for investigation. Since WPC is a lightweight
material compared to other wood composite materials, carbon steel with an aluminium
finish could enhance the quality of the hole more than the uncoated drill bit. Fig. 2
depicts the experimental setup for creating a hole in the WPC composite using drill
bits.

Start

|

Problem definition : To determine the minimum thrust force and torque to
improve the surface quality of drilled component

!

Ishikawa diagram: Identify input variable levels that affect
the quality of drilled holes

|

Experiment, regression modeling, statistical analysis, and
prediction using Machine learning models

!
Experiments:
Machining Process: CNC drilling process
Workpiece Material: Wood Plastic Composite (WPC)
Tool Material: Carbon steel with aluminium coating
Drill diameter: 6, 8, and 10mm
Input Variables: Spindle speed, Feed rate and Drill diameter
Output Variables: Thrust force and Torque
Experiment Method: L27 orthogonal array

Regression Modeling and Statistical Analysis

Experiment according to the L27 orthogonal array

Experiment on input-output data

Derive the regression equations representation

output as a function of input variables

Surface plot analysis to know the response behaviour with a change in
the input variable

Testing model performance: MAPE, MSE, RMSE, MAD, SE, R?

Prediction of output response using Machine Learning
Extra Trees

Bagging

Random Forest

Fig. 1. Methodology used for conducting the experiment and analysis.
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This study used a WPC composite panel purchased from EVERWOOD India;
the manufacturer has not disclosed the exact formulation details, such as the species
of wood fiber or the type of thermoplastic matrix, because they are proprietary. Still,
the supplier’s technical information states that the WPC panels are made of about 40
wt.% wood fibers, 54 wt.% thermoplastic matrix, and 6 wt.% additives, which include
colour pigments, UV stabilizers, and antifungal agents. It was cut to dimensions of
100mm x 100mm x 17mm to fit within the Kistler dynamometer setup, which measures
the Fz and Ft generated during drilling. The L2z Taguchi orthogonal array is used to
design the tests, which are conducted on the CNC vertical machining center. The
experiments followed the design outlined in Table 3, with 27 experiments. To ensure
reliability and reduce random error during the measurement of cutting force,
experiments were performed three times under dry conditions (27 x 3 = 81) to improve
the statistical validity of the result. Using cooling or lubrication methods like
compressed air, MQL, or mist cooling can improve quality. However, these methods

12



may also cause swelling or moisture absorption in wood-based fibers, which are

naturally hydrophilic. This can affect their dimensional stability.

2.2 Data setting and preprocessing

The dataset includes 27 experiments, each with three trials, resulting in a total
of 81 drilling tests on WPC composite panels. Each experiment recorded process
parameters and their outcomes. The output variables measured were Fz and Ft. This
dataset, with its 81 results, was chosen to ensure reliable predictions. No missing
values were found, and all variables were standardized as needed to avoid bias from
differences in scale. The data set generated during the drilling process is split into

training (70%) and testing (30%) sets to assess the developed model's performance.

2.3 Development of machine learning models

2.3.1 Machine Learning Algorithms Employed

This section details the three ensemble algorithms employed in the project. Extra
Trees, Bagging with Decision Trees (DT), and Random Forest. These are tree-based
methods, particularly effective for regression tasks, as seen when predicting
continuous outputs such as Fz and Ft. To increase accuracy and reduce variability,

each algorithm constructs several decision trees and averages their predictions.

2.3.2 Extra Trees Regressor
An ensemble learning technique called Extra Trees (Extremely Randomized Trees)
builds on the ideas of decision trees by adding more randomness to improve
generalization and lower variance. Developed by Geurts et al. in 2006, it builds
multiple unpruned decision trees from the whole data set, unlike Random Forests,
which are not optimized by randomly selecting feature subsets and threshold splits.
This additional randomization results in faster training times and often leads to better
performance on noisy data, as it mitigates overfitting by averaging predictions across
diverse trees.

In regression tasks, such as predicting thrust force, Extra Trees aggregates
predictions from individual trees. The average of the outputs from M trees is the final
forecast y, given an input x. Equation (1) gives the formula for the Extra Tree

Regressor. Fig. 3 illustrates the architecture of the model.
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where f(x) is the prediction from the t-" tree. During tree construction, for each node,
K features are randomly selected (where K is typically the square root of the total
features). Split points are chosen uniformly at random from the feature's range, rather
than seeking the optimal sciencedirect.com. This method has been applied in various
fields, such as stock price forecasting and permeability prediction, demonstrating its
efficacy in handling complex, non-linear relationships.

2.3.3 Bagging with Decision Trees
By reducing variance through averaging, Bagging, also known as Bootstrap

Aggregating, is a fundamental ensemble approach that Breiman introduced in 1996 to
enhance the accuracy and stability of unstable base learners, such as decision trees.
In this work, Bagging is applied with Decision Tree Regressors as the base estimators
(Bagging (DT)), where bootstrapped subsets of the training data (random samples
with replacement) are used to train multiple trees. This method is particularly effective
for regression problems like thrust force prediction, as it smooths out the high variance
typical of individual decision trees.

The core formula for the bagged prediction f{(x) is the average across B
bootstrap models, as shown in Equation (2). Fig. 4 illustrates the architecture of the

model.

14



f(x =%Zn1f‘*”(x) 2)
b=l1
O

Original Data

y y y
Ccoe O O®O O @ O®
| Classifier . Classifier | | Classifier |
| | Addgregating
A4
Ensemble Classifier Bagging

Fig. 4. Architecture of bagging with decision trees

2.3.4 Random Forest Regressor
To further decorrelate the trees and improve model robustness, the popular ensemble
approach, Random Forest Regressor, expands on Bagging by adding random feature
selection at each node split. To prevent prominent features from dominating the model,
it generates numerous decision trees on bootstrapped subsets of the data, but only a
random subset of features (usually Vp for regression, where p is the total number of
features) is considered at each split. Because Random Forest is so good at capturing
non-linear correlations and generating feature importance metrics, it is especially well-
suited for regression issues like forecasting Thrust Force. Fig. 5 illustrates the
architecture of the model.

The prediction formula mirrors that of Bagging, but with the added randomness

in feature selection, is shown in Equation (3)

- 1<

YX)=7 2 (%) 3)
=1

where h:(x)is the result of the t-" tree, which was trained using random feature
subsets at splits on a bootstrapped sample. The split criterion often minimizes MSE,
defined as in Equation (4)
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2.3.4 Performance evaluation criteria
The dataset generated during the drilling operation was partitioned into 30% for testing

and 70% for training to ensure balanced model training and evaluation. The training
dataset is prepared using ML techniques, and unused testing data were used to
evaluate the performance of the developed model. The following performance
evaluation metrics help to identify the most suitable machine learning model to ensure
optimal performance and accurate prediction. The formulas for mean absolute
percentage error (MAPE), mean absolute difference (MAD), root mean square error
(RMSE), standard error (SE), mean square error (MSE), and coefficient of
determination (R2) used in performance evaluation are given in equations (5-10).

_lz
1&g gy
MSE= n; (Fei=1,) (6)
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Where n indicates the quantity of samples, Fe ;indicate the actual value Fp ; indicates

the predicted value and F'e,i indicates the mean of the actual value

3 Results and discussion

The aim is to predict Fz and Ft using ML models such as Extra Trees, Bagging,
and Random Forest. This study aims to achieve high-quality driling of a WPC
composite panel using a coated carbon steel tool with an aluminum finish. The input
parameters chosen for the drilling process, SS, FR, and DD, were fed to the model for
predicting the Fz and Ft. Various machine learning models were utilized. The RSM
model is often created utilizing a number of process factors to predict the output
responses. The data were generated from various signals during the experiment.
However, data received from various signal sources during the experiment requires
significant time to become an expert. The RSM model's findings cannot be applied to
other process materials. Nevertheless, by providing the input values, the suggested
approach seeks to predict the Fz and Ft. Three input parameters were used to build
the dataset, which was then modeled using machine learning methods to predict the
Fz and Ft. The CNC drilling machine used the three input parameters to predict Fz and
Fi. Because the input features and output responses were quantitative in nature, RSM

models were employed.
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Fig. 6. Response graph of a) Fz, b) F, for various drilling parameters.

The Fz and Ft are essential elements in drilling wood composite material
because they influence drilling efficiency, tool performance, and hole quality of the
machined surface. F: is defined as an axial force acting along the feed direction of the
tool during machining, resulting from the resistance of the material against the tool's
penetration. Meanwhile, Ft is defined as the rotational force acting on the drill around
its axis during material removal. This causes shear deformation during drilling by the
drill lips, as the resistance to rotation is caused by the material. A Kistler
multicomponent dynamometer, type 9257 B, installed beneath the workpiece fixture,
is used to measure the Fz and Ft produced during the drilling of the WPC composite
panel. A charge amplifier (Model 5070B) is attached to the dynamometer to transform
the piezoelectric signal into an equivalent electric voltage. Dynamometer software is
used to process the gathered data, which is then summarized in Table 3. Fig. 6
illustrates the graphs obtained from the Kistler dynamometer for the output response
(Fz and Ft) of experiment no.10.The Fz and Ft values obtained during the measurement
correspond to the peak (maximum) values obtained from the cutting force

measurement during each drilling operation
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Table 3 Experimental design and results

Run Number Inputs Fz-(N) Fi-(N-m)

N (rpm) f(mm/min) | d (mm) Run -1 Run -2 Run-3 Run-1 Run-2 Run-3
1 1000 75 6 12.59 12.09 11.59 13.83 14.33 14.83
2 1000 75 8 10.98 12 12.24 13.62 14 14.74
3 1000 75 10 14.13 14.63 15.13 17.29 17.79 18.29
4 1000 150 6 13.12 13.5 134 14.45 15.23 15.68
5 1000 150 8 14.93 15.43 15.93 15.95 16.45 16.95
6 1000 150 10 15.89 16 16.47 18.3 18.8 19.54
7 1000 225 6 17.16 17.66 18.16 18.88 19.38 19.88
8 1000 225 8 16.75 17 17.61 19.12 19.89 20.85
9 1000 225 10 19.59 20.09 20.59 20.73 21.23 21.73
10 2000 75 6 10.89 11.4 114 10.35 10.8 12.09
11 2000 75 8 12.21 12.71 13.21 12.03 12.53 13.03
12 2000 75 10 13 13.4 13.38 14.25 14.4 15.15
13 2000 150 6 12.54 13.04 13.54 13.81 14.31 14.81
14 2000 150 8 13.55 13.8 14.59 14.4 14.8 15.71
15 2000 150 10 17.64 18.14 18.64 17.13 17.63 18.13
16 2000 225 6 14 14.5 15.69 16.8 17 17.56
17 2000 225 8 17.48 17.98 18.48 18.35 18.85 19.35
18 2000 225 10 17.12 18 18.55 20.8 21.2 21.69
19 3000 75 6 10.42 10.92 11.42 10.72 11.22 11.72
20 3000 75 8 10.12 11 10.86 10.95 12 12.6
21 3000 75 10 13.27 13.77 14.27 12.28 12.78 13.28
22 3000 150 6 11.12 11.56 12.96 12.6 13 13.73
23 3000 150 8 14.24 14.74 15.24 14.23 14.73 15.23
24 3000 150 10 13.85 14.7 15.43 16.2 16.7 16.9
25 3000 225 6 14.66 15.16 15.66 15.63 16.13 16.63
26 3000 225 8 14.12 14.5 14.55 16.95 17.95 18.65
27 3000 225 10 19.48 19.98 20.48 19.51 20.01 20.51
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3.1 Experimental values

Table 3 shows the output responses obtained from the multicomponent Kistler
Dynoware using Taguchi's L27 orthogonal array. The experiment is performed three
times to improve the reliability and accuracy of the measuring system and reduce
random experimental error. Table 3 shows that as SS increases from 1000 to 3000
rom, Fz and Ft decrease. This indicates that higher SS leads to increased frictional
heating. The heating softens the polymer matrix, reducing cutting resistance and thus
Fz and Ft. Both Fz and Ftincrease with DD, from 6 to 10mm. A larger diameter engages
more material and increases contact area and radius, which increases Fz and Ft.
Additionally, Fz and Ftdecrease with a lower FR. For example, at 3000 rpom and 10mm
diameter, Fz and Ftdrop from 20.48 N and 20.21 N - m at 225 mm/min to 14.27 N and
13.38 N - m at 75 mm/min. At lower FR, the material removal rate per revolution
decreases, resulting in minimum Fz and Ft, which matches previous literature
results[68]. From the table, it can be concluded that 3000 rpm, 75 mm/min, and 6 mm
result in the minimum Fz and Ft

To determine the extent of subsurface flaws and the impact of drilling
parameters on hole quality and structural integrity of the WPC composite, a more
thorough examination of damage within the drilled hole was conducted. Figure 7
presents SEM micrographs of the interior of the drilled hole. The images, captured at
magnifications of 206X and 1.2KX, reveal that the wood fibers are well bonded with
the thermoplastic matrix, such as polyethylene and polypropylene. These micrographs
correspond to a drilled surface produced under conditions of 2000 rpm, 150 mm/min,
and 8 mm, with an average Fz of 13.55N and F: of 14.4 N - m. Under these conditions,
the composite panel exhibits significant surface cavities, micro-cracks, fiber fracture,
surface irregularity, and filler particles. These defects are likely caused by thermal

softening of the material during drilling at intermediate SS, FR, and DD.
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Fig. 7. SEM images observed during the drilling of the WPC composite.
(Experiment No.14, Trial 1)

3.2. Correlation between input parameters and output responses
3.2.1. Heat maps

An overview of the relationship between the drilling parameters and output
responses is given by the Pearson correlation coefficient. Fig. 8 shows a heat map of
the Pearson correlation between the output response (Fz and Ft) and the input
parameters (N, f, and d). The pairwise correlation coefficient is calculated between the
input and output responses. The range of the correlation is -1 to +1. A strong positive
association is indicated by values closer to 1; a strong negative association is indicated
by values closer to -1; and a non-significant linear correlation is indicated by values
near 0. According to the figure analysis, there is a significant positive association
between Ft and FR, as well as Fz and FR. This implies that whereas a decrease in FR
results in a fall in both Fz and Ft, an increase in FR causes both Fz and Ft to increase.
The moderate positive correlation among Fz, Ft, and DD indicates that DD plays a
significant role in influencing Fz and Fi. On the other hand, negative correlations are
observed among Fz, Ft, and SS, indicating that an increase in SS tends to lower F:

and Ft and improve the surface quality of the drilled hole.
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Pearson Correlation Matrix
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Fig. 8. Pearson correlation between process parameter and output responses.

ANOVA is a statistical tool used to assess how various process parameters
affect the output responses F: and Fi. Additionally, it establishes the conditions and
optimal process parameters, and it can identify the key elements necessary for
process enhancements. ANOVA is employed in this study to assess the impact of
parameters on Fz and Ft and to identify the key elements needed to develop ML
models. This study uses ANOVA at the 95% confidence level with a p-value less than
0.05. Table 4 displays the ANOVA results for Fz and Fi. The ANOVA results show
p<0.05, indicating that the developed model is significant at the 95% confidence level.
The F-value of the F; model is 50.83, with an R? of 86.56% and a predicted R? of
82.70%. The generated model predicts Ft with p<0.05(Ft: F-value=143.20, R? =94.78%
and anticipated R? =93.03%). In Table 4, the most significant factor is the FR, followed
by DD and SS.
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Table 4 Analysis of Fz and Ft using ANOVA in drilling WPC

Source Sum of squares df Mean square F-value p-value P (%) Remarks
F Ft F Ft F: Ft F: Ft F Ft
Model 49493 685.06 9 5499 7612 50.83 143.20 0.0001 <0.0001 - - significant
N 24.24 87.96 1 2424 8796 2241 16548 <0.0001 <0.0001 4.90 12.84
f 322.52 441.24 1 322.52 441.24 298.10 830.10 <0.0001 <0.0001 6516 64.41
d 135.28 139.68 1 135.28 139.68 125.04 262.79 <0.0001 <0.0001 27.33 20.39
Nf 1.24 3.64 1 1.24 3.64 1.15 6.85 0.2874  0.0108 0.25 0.53
Nd 1.82 0.0049 1 1.82 0.0049 1.68 0.0092 0.1985  0.9238 0.37 0.00
fd 2.24 0.4225 1 2.24 0.4225 2.07 0.7948 0.1550  0.3757 0.45 0.06
N2 0.1318 2.64 1 0.1318 2.64 0.1218 4.97 0.7281 0.0290 0.03 0.39
2 0.6235 3.97 1 0.6235 3.97 0.5763 7.47 0.4503  0.0079 0.13 0.58
a2 6.83 5.49 1 6.83 5.49 6.32 10.33 0.0142  0.0020 1.38 0.80
Residual 76.82 37.74 71 1.08 0.5315 - - - - 15.52 5.51
Lack of Fit 61.19 19.56 17 3.60 1.15 1244  3.42 < 0.0001 0.0003 12.36 2.86 significant
Pure Error 15.62 18.18 54 0.2893 0.3367 - - - - 3.16 2.65
Cor Total 571.75 722.80 80
Std. Dev. 1.04 0.7291
R? 0.8656 0.9478
Adjusted R* 0.8486 0.9412
Predicted R?
0.8270 0.9302
PRESS 98.90 50.46
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3.2.2 Main effects plot for SS, FR, and DD
3.2.2.1 Analysis of thrust force (Fz)

The effect of SS and FR on Fz is shown in Fig. 9(a). The response contour plot
based on this data is presented in Fig. 9(b). As seen in Fig. 9(b), the lowest Fz of 12N
occurs when using a high SS of 3000 rpm combined with a low FR of 75 mm/min. This
is because higher SS and lower FR reduce the chip load per revolution and improve
cutting efficiency, lowering resistance to tool penetration in the WPC composite and
resulting in @ minimum Fz. In contrast, the contour suggests that a low SS of 1000
rev/min and a high FR of 225 mm/min yield a high Fz of 17N. This is due to a large
uncut chip thickness and less efficient cutting action, which increases resistance to
material removal and results in higher Fz. Fig. 9(c) displays the influence of SS and
DD on F=. Its response surface is shown in Fig. 9(d). From this figure, the minimum Fz
of 13N occurs at a high SS of 3000 rpm and a small DD. At higher SS, the cutting
edges remove material more effectively due to enhanced shearing action and reduced
frictional resistance. Simultaneously, a smaller DD decreases the cross-sectional area
of material being removed and reduces the contact length between the drill and the
workpiece. These factors collectively lower resistance to tool penetration, resulting in
reduced Fz. The minimum Fz occurs at a medium SS of 2000 rpm and a smaller DD,
which yields a higher Fz of 16N. The cutting efficiency is not high enough to
compensate for the concentrated cutting load at a smaller DD, resulting in increased
resistance to penetration and higher Fz. In contrast, a medium SS of 2000 rpm,
combined with a larger DD, results in a higher Fz of 16N. A larger DD increases the
contact area and material removal resistance, and at medium SS, the cutting efficiency
is not high enough to offset this increased load, leading to a higher Fz. Fig. 9(e)
illustrates the impact of FR and DD on Fz, while Fig. 9(f) shows their response surface.
From Fig. 9(f), it is observed that the lowest Fz of 12N occurs with a low FR of 75
mm/min and a DD of 6mm. Alow FR reduces chip thickness, and a smaller DD reduces
the contact area; together, these factors decrease resistance to tool penetration and
produce a minimum Fz. Conversely, a higher FR of 225 mm/min and a DD of 10mm
produce an Fz of 18N. This is due to increased cutting load and chip formation
resistance during drilling. Thus, from the above discussion, it has been found that F:
is minimum at a maximum SS of 3000 rpm, FR of 75mm/min, and DD of 6mm. A high

FR increases chip thickness, and a larger DD increases the contact area and material
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removal load; together, these factors significantly increase resistance to penetration,
resulting in higher F=.

3.2.2.2 Analysis of torque (Ft)

Fig. 10(a) illustrates how SS and FR influence Ft, with the response contour in Fig.
10(b). The lowest Ftof 12 N-m occurs at a high SS of 3000 rpm and a low FR of 75
mm/min. High SS boost cutting efficiency, and lower FR reduces the material removal
load per revolution; together, these decrease the rotational resistance on the drill,
lowering Ft. Conversely, a lower SS of 1000 rpm with a higher FR of 225 mm/min
results in a higher Ft of 18 N-m. At higher FR, the drill removes more material per turn,
increasing shear resistance and friction. Lower SS slow cutting, making shearing less
efficient and increasing contact time with the workpiece. These factors make drilling
more difficult with WPC, raising Ft. Fig. 10(c) shows how SS and DD affect Ft, with the
response surface in Fig. 10(d). A minimum Ft of 14 N-m occurs at 3000 rpm and a
small DD of 6 mm. Higher SS increases cutting velocity, enhancing the shearing of
fibers and thermoplastic matrix. A smaller DD reduces the cutting-edge length and the
radial distance from the center, decreasing the moment needed to rotate the drill.
These combined effects lower friction and shear resistance, reducing Ft during drilling.
Conversely, a medium SS of 2000 rpm and a larger DD of 10 mm result in a higher Ft
of 18 N-m. Larger DD requires more rotational force due to increased moment arm
and friction. At medium SS, the cutting velocity is moderate and may not sufficiently
reduce resistance, leading to higher F:. Fig. 10(e) shows the effects of FR and DD on
Ft, with the response surface in Fig. 10(f). The lowest Ft of 12 N-m occurs at a low FR
of 75 mm/min and a DD of 6 mm, as a lower FR minimizes material removal per
revolution, reducing shear resistance. A smaller DD also decreases the cutting-edge
length and radial distance, thereby reducing the Ft required to rotate the drill. These
factors collectively lower friction and shear resistance, decreasing torque. Conversely,
an FR of 225 mm/min and a 10 mm DD result in a torque of 20 N-m. Higher FR
removes more material per turn, increasing shear resistance. A larger DD also
increases the cutting-edge length and radial distance, raising the moment needed for
rotation, which increases frictional and shear resistance and Ft. In summary, the
minimum Ft occurs at a maximum SS of 3000 rpm, FR of 75 mm/min, and DD of 6
mm. When drilling particleboard composites, a similar pattern was noted, with FR
having the greatest impact on cutting force[66]. These results confirm that FR is the

primary parameter affecting cutting force in WPC panels.
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4 Application of ML models for the prediction.

In this study, three single ML models, namely Extra Trees, Bagging trees with
decision trees, and Random Forest, were selected for modeling and prediction. The
machine learning models were chosen for their short computation time and high
predictive accuracy. Fig. 11 shows the proposed scheme for predicting response using
a machine learning technique. To monitor overfitting and underfitting in the developed
model before predicting the output response, epoch-wise trends were generated to
track model performance and identify overfitting. In this prediction of Fz and Ft, an
epoch-wise trend was used before predicting Fz and Ft with the three ML models. To
assess the developed models' performance, six performance evaluation metrics, such
as MAD, MSE, RMSE, MAPE, SE, and R? were used to compare the outcomes from

the established models.

Drilling of WPC composite panel

|

Data setting and preprocessing

l

Machine Learning Techniques

(Extra Trees) (Bagging with Decision Trees) (Random Forest)

Training Testing
(70%) (30%)
Statistical Data Test Parameter
MAPE MSE RMSE MAD SE R2

Acceptable

Result?

Model Reliability

!

Predictive Models

Fig.11. Proposed scheme for predicting response parameter.
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4.1 Epoch-Wise RMSE Trends Fz:

The RMSE plot for thrust force, shown in Fig. 12, demonstrates that Extra Trees
remains at a nearly constant error of 0.673 across all epochs, indicating rapid
stabilization and little to no benefit from additional estimators beyond the initial
estimate. Bagging (DT) and Random Forest show steeper declines early on, beginning
from outliers starting at higher errors, epochs 1-3 for Bagging: (0.758, 0.866, 0.739)
and then levelling off to lower errors around epochs 14-15 with lower errors of 0.53-
0.51 or a marginal decrease from there. XGBoost early epochs also show extreme
sensitivity, with outliers at epochs 1 through 4 (1: 2.241, 2: 1.784, 3: 1.460, 4: 1.233),
but were not the focus of this study. The good news is that Bagging and Random
Forest use the extra estimates to further reduce variance in Fz prediction, which is an
important variable during drilling to mitigate delamination in composite materials. Extra
Trees remained at a more stable RMSE throughout the iteration periods on thrust force
measurements around 0.675, indicative of stabilization compared to the other models,
likely from extreme randomization. The Bagging (DT) model showed a rapid decline
from their first epoch (epoch 1: 0.758) to around 0.527 by epoch 15, with marginal
decline thereafter. Random Forest followed a similar trend, stabilizing at 0.514.
XGBoost exhibited significant outliers (epochs 1: 2.241, 2: 1.784), indicating slower

convergence, with values like 1.233 at epoch 4 still high compared to ensembles.
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Fig. 12. Epoch-wise RMSE analysis for thrust force
4.2 Epoch-Wise RMSE Trends of Torque:

Fig. 13 shows epoch-wise RMSE analysis of Ft, where similar patterns emerge, with

Extra Trees constant at approximately 0.732. Bagging (DT) and Random Forest
decrease from initial outliers (Bagging epochs 1-3: 0.816, 0.973, 0.851) to stabilized
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values near 0.56-0.55 by epoch 25. XGBoost shows more pronounced early outliers
(epochs 1-6: 2.325, 1.804, 1.427, 1.174, 0.987, 0.856), underscoring the need for
sufficient boosting rounds. The convergence indicates improved Ft prediction with
more trees, essential for energy efficiency and tool life in high-speed drilling. Extra
Trees remained stable at 0.732, while Bagging (DT) dropped from an outlier (epoch 1:
0.816) to 0.557. Random Forest converged to 0.549, showing resilience. XGBoost
outliers (epochs 1: 2.325, 2: 1.804) diminished to 0.856 by epoch 6, suggesting a need

for more iterations to match ensemble performance.
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Fig. 13. Epoch-wise RMSE analysis for torque

4.3 Comparing experimental and predicted values of Fz and Ft

Three machine learning models (Bagging decision trees, Random Forest, and Extra
Trees) were used to predict the output responses (Fz and Ft) in a WPC drilling
operation. The models were trained and tested on 81 data points from the
experimental dataset to predict the output responses. 30% of the dataset was used
for testing and model evaluation, and the remaining 70% was used for training.
Figures. 14 and 15 show the comparison between actual and predicted values for F:
and Ft, corresponding to variations in SS, FR, and DD across the 27 experimental runs
of the three-trial experiment, using bagging decision trees, random forests, and extra
trees. The diagram clearly provides valuable insights into the accuracy of the three
models between actual and predicted values. Six performance indicators, defined by
equations 5-10, were used as quantitative measures of model performance. Tables 5
and 6 present the comparative analysis of all three models. This performance analysis

helps researchers ensure accurate and reliable predictions of Fz and Ft.
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The analysis of the results in Tables 5 and 6 indicates that the random forest
model performs better than the other two models. Specifically, for Fz, the random forest
model achieved a MAPE of 1.6021, MSE of 0.075, RMSE of 0.275, MAD of 0.231, SE
of 0.280, and R2 of 0.998, whereas for Ft it achieved a MAPE of 0.718, MSE of 0.0197,
RMSE of 0.1406, MAD of 0.1083, SE of 0.143, and R? of 0.997. All three models
performed well, with R? greater than 0.988. The random forest model outperformed
the bagging model, and the bagging model outperformed extra trees. In conclusion,

all three models performed well in predicting Fz and Ft from the experimental dataset.

22 22
Bagging Decision Tree Random Forest

=20
&
@
°
518
[
]
ES
=16
F=
©
2
©14
g
[

12

10

10 12 14 16 18 20 22 10 12 14 16 18 20 22
Measured Thrust Force (N) Measured Thrust Force (N)

22

- - - »N
- o © o

Predicted Thrust Force (N)

-
N

o
10 12 14 16 18 20 22
Measured Thrust Force (N}

Fig. 14. Comparison of Experimental and predicted Fz using various machine learning

algorithms

Bagging Decision Tree

Predicted Torque N-m
:ltd‘kd {qu Nn‘

16
Measured Torque N-m

Predicted Torque N-m
= s @

16
Measured Torque Nem

Fig. 15. Comparison of Experimental and predicted Ftusing various machine learning

algorithms

31



Table 5

Statistical analysis of three models for the prediction of F:

Models MAPE MSE RMSE MAD SE R?
Extra Trees 0.916 0.044 | 0.209 0.124 0.213 0.993
Bagging 1.645 0.079 |0.282 0.236 0.288 0.988
Random Forest | 1.601 0.075 | 0.275 0.231 0.280 0.998
Table 6
Statistical analysis of three models for the prediction of Ft
Models MAPE MSE RMSE MAD SE R?
Extra Trees 0.9461 0.049 |0.223 0.1337 0.227 0.994
Bagging 0.7591 0.0231 | 0.1522 0.114 0.155 0.997
Random Forest | 0.718 0.0197 | 0.1406 0.1083 0.143 0.997
) Histogram of bagging decision tree Histogram of random forest
¥ Mean 14.73

Frequency
«

o

Fig. 16. illustrates the error histogram for Fz prediction using ML models
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Fig. 17. illustrates the error histogram for Ft prediction using ML models

Figures. 16 and 17 display the histogram of prediction model error of Random
forest, Extra tree, and Bagging model in the prediction of Fz and Ftof WPC composite
panel. The figure analysis shows that the data are distributed symmetrically with no
significant outliers, indicating that the developed model is performing well with a stable
prediction of the model with an error distribution around zero. All three models
recorded the smallest amount of error with a higher amount accuracy. In conclusion,

the random forest outperforms extra trees, and extra trees outperform bagging.

Figures. 18 and 19 show Anderson-Darling normality plots used to check how
predicted values are distributed for the decision tree, random forest, and bagging
models. In these plots, data points should form a straight line if the distribution is
normal. The random forest model comes closest to this, with an Anderson-Darling
value of 1.175 and a P-value below 0.005 for Fz, and a value of 0.924 with a P-value
of 0.018 for Ft. These results suggest that the random forest model’s predictions are
more normally distributed, which points to higher accuracy and reliability compared to

the other models.
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5. Conclusion
The study compares the effectiveness of different machine learning models in

predicting Fz and Ft, and shows the relationship between machining parameters and
the output responses (Fz and Ft) in drilling WPC composite panels using a carbon
steel with an aluminum finish and three drill diameters (6, 8, and 10mm).In the present
investigation, three SS and three FR were used across the three DD. The key findings
can be summarized as follows.

(DThe most significant machining parameters affecting Fz and Ft were

determined to be FR, followed by DD and SS. The lowest Fz and Ft, 10.66 N

and 11.22 N-m, were obtained at 3000 rpm, 75mm/min, and 6mm. The highest

Fz and Ft of 20.09 N and 21.23 N-m were obtained at 1000 rpm,225mm/min,

and 10mm.

(i) The ANOVA analysis of Fz and Ft reveals that the ranking of the best

process parameters was statistically significant for the response variable. The

ANOVA results reveal that FR contributes the most substantially (65.16%) to

Fz, with DD (27.33%) and SS (4.90%) also showing significant impact. On the

other hand, Ft is primarily influenced by FR (64.41%), followed by DD

(20.39%) and SS (12.84%).

(iii)The drilling operation and machine learning applications have provided

valuable insights into the effects of drilling parameters on Fz and F.

(iv) Random Forest outperforms bagging and extra trees in the prediction of

F2 and Ft, achieving R? scores of 0.998 and 0.997.

(v) Strong correlations were validated by experimental and machine learning

model predictions, and the suggested model produced respectable outcomes

with comparatively high prediction accuracy.
6. Future work

The study focused on estimating Fz and Ft during WPC drilling using a machine

learning algorithm and minimal process parameters, with carbon steel and an
aluminum finish. The scope of the study can be expanded through the following future
work. (i)Estimation of Fz, Ft, Fq, Ra, circularity error, and cylindricity error using different
single and hybrid machine learning models. (ii)Drilling operations can be performed
using different tool materials, tool geometry, and tool coating. (iii)Drilling operations
can be performed using the MQL concept to minimize the temperature, tool wear, and

surface integrity. (iv)Drilling operation can be performed to determine the output
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responses such as Fd, Ra, cylindricity error, and circularity error. (v)AWJM can be tried

as an alternative way to compare hole quality and surface integrity with traditional

drilling methods.
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