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A B S T R A C T   

Epoxy resins, prized for their versatile properties, are derived from bio-based materials, contributing to sus-
tainability and eco-friendliness in both production and application. This study focuses on the application of 
gradient boosting machine learning techniques in the field of machining to predict the surface roughness and also 
the contour based experimental validation of the numerical results. The turning experiments, conducted via 
Taguchi’s L27 array, aimed to explore the effects of depth of cut, feed rate, and spindle speed. Higher spindle 
speeds, lower feed rates, and shallower cuts led to smoother surfaces in turned jute/basalt epoxy composites. 
Machine learning models (Gradient Boosting Machine, AdaBoost, and XGBoost) were then used to predict surface 
roughness. Amongst these, XGBoost outperformed GBM and AdaBoost, exhibiting maximum and average pre-
diction errors of 3.78 % and 2.24 %, respectively. XGBoost accurately predicted 2D surface roughness contours 
that closely matched experimental contours for training and test cases. Taguchi’s Orthogonal Matrix identified 
minimum surface roughness values as 0.773 μm (experimental), 0.800 μm (GBM), 0.880 μm (AdaBoost), and 
0.774 μm (XGBoost). All were achieved at 1500 rpm spindle speed, 0.05 mm/rev feed rate, and 0.3 mm depth of 
cut.   

1. Introduction 

Composites that integrate natural fibres with a polymer matrix or 
alternative binders define a distinct material category. Amongst these, 
jute fibres stand out for their affordability, abundance, and commend-
able mechanical properties. Widely employed across multiple 
industries-from textiles, construction, cosmetics, and medicine to 
packaging, automotive, and furniture-jute-based composites are derived 
from renewable sources, exhibiting biodegradability and a significantly 
reduced environmental impact. Their exceptional features, including 
sustainability, excellent insulation, and high tensile strength, have 
mainly propelled their extensive use in automotive and aerospace ap-
plications in recent times [1,2]. Epoxy resins, belonging to the prepol-
ymer and polymer group, yield robust and versatile materials widely 
applied across various commercial and industrial sectors. 

Jute-basalt epoxy hybrids are popular because of their exceptional 
strength, eco-friendliness, and biodegradability. Basalt, known for its 
high young’s modulus and tensile strength, coupled with jute’s excellent 
anti-static properties, enhances these composites resistance even at 
elevated temperatures, making them ideal for heat or fire exposure ap-
plications. Moreover, the synergistic combination of jute and basalt fi-
bres imparts exceptional resistance to wear and abrasion, rendering 
these composites highly suitable for applications that prioritize dura-
bility. Researchers have extensively explored various aspects of jute- 
basalt epoxy hybrid composites, examining their mechanical proper-
ties, dynamic behaviours, and machining characteristics.Alshahrani 
et al. (2023) [3] designed a jute-basalt hybrid composite for automotive 
applications, exploring its young modulus, tensile strength, and bearing 
strength. Gangappa et al. (2023) [4] investigated jute-basalt epoxy 
composites’ dynamic behaviour, compression strength, and tensile 
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modulus. Research study investigated incorporated graphene into 
basalt-jute epoxy composites, resulting in notable improvements in 
hardness, flexural, and tensile strength, with 55 %, 29 %, and 13 %, 
respectively [5]. 

The influence of drilling process variables in epoxy resin production 
is pivotal in determining crucial performance indicators like delamina-
tion factor, surface roughness, and thrust force [5–7] 

Kishore, et al. [8] study on milling jute/basalt hybrid composites 
found significant process variable impacts on surface finish. Milling 
speed and feed notably affected delamination, roughness, and cutting 
force in jute-reinforced polymer composites. Notably, tool flute count 
also played a crucial role, with higher numbers correlating to reduced 
forces, roughness, and delamination [9]. 

Premkumar et al. [10].explored similar milling experiments on 
jute-reinforced polymer composites, finding that speed and feed influ-
enced the delamination factor, surface roughness, and cutting force. 
Additionally, their investigation of the milling process characteristics of 
flax and jute fibre composites revealed that increasing spindle speed 
resulted in amplified delamination factor and vibration amplitude, 
whereas surface roughness and cutting force decreased. Performance 
indicators, including vibration amplitude, surface roughness, delami-
nation factor, and cutting force, consistently increased with feed rate 
[11]. Rajendran et al. [12] leveraged grey relational analysis to optimize 
the depth of cut, speed, and feed rate for simultaneous minimization of 
tool wear, maximization of material removal, and target surface 
roughness in a single objective function. 

Madara et al. [13].used the analysis of variance (ANOVA) approach 
to investigate the impacts of abrasive jet machining (AJM) process 

parameters on wear formation in Kevlar-jute epoxy hybrid composite 
specimens. Sridharan et al. [14].revealed superior drilling machinability 
in natural fibre composites compared to their synthetic counterparts and 
concluded natural fibre composites outperform synthetics in drilling 
machinability.Jain et al. [15].extended their exploration to laser beam 
machining of hybrid glass basalt composites, investigating delamination 
and pull-out phenomena resulting from the machining process. 

Harun et al. (2016) explored milling parameter influence on fibre 
Reinforced Polymer surface finish via Taguchi optimization [16]. Their 
study identified feed rate and cutting speed as dominant factors 
dictating roughness, with lower feed rates and higher cutting speeds 
achieving superior surface finishes.Vinayagamoorthy et al. [17].devel-
oped a fuzzy logic model, a novel, predictive tool for drilling force 
prediction in natural hybrid composites.Meanwhile, Ramesh et al. [18]. 
drilling experiments on sisal-glass composites revealed how to drill 
types and feed rates significantly impact both thrust force and damage, 
highlighting the crucial role of parameter optimization.. 

Azuan et al. [19].evaluated the delamination tendencies of rice 
husk-reinforced polymer composites, noting that increased spindle 
speed and feed rates heightened delamination. Remarkably, delamina-
tion in rice husk-reinforced composites was lower thanin glass fibre 
composites. Sakthivel et al. [20]. developed a robust regression model 
that linked drilling variables in sisal-basalt composites with delamina-
tion and thrust force, paving the way for parameter optimization to-
wards minimal thrust. 

Jayabal et al. [21]. developed a regression model that predicts tool 
wear, thrust force, and torque in glass-coir-polyester drilling under 
varying process variables, particularly feed rate, which significantly 
impacts all three. The study further optimizes drilling parameters to 
enhance desired torque, thrust force, and tool wear performance in coir 
composites [22]. 

Debnath et al. [23] investigated the impact of spindle speed, feed 
rate, and drill geometry on damage and forces during sisal-fibre com-
posite drilling. Meanwhile, AL-Oqla et al. [24] focused on sustainable 
biomass composites for the automotive industry, designing them using 
decision models that consider physical, mechanical, thermal, moisture 
resistance, and specific performance criteria. 

Research into lignocellulosic materials has led to the fabrication of 
composites with similar characteristics. Investigations on their me-
chanical properties encompass fatigue, tensile, impact, and flexural 
strength, including studies on the influence of moisture and different 
environments [25,26]. Saba et al. [27].demonstrated enhanced thermal 
and dynamic stability of palm fibre-reinforced composites through 
increased storage modulus and thermal degradation temperature. 
Moreover, there are a few reports on machining glass fibre-reinforced 
epoxy composites [28,29]. 

Traditional methods of material discovery, like the empirical trial- 
and-error and density functional theory approaches, are facing chal-
lenges in keeping pace with the rapidly evolving landscape of materials 
science. However, the emergence of advanced computational tools, 
particularly machine learning, has revolutionized material detection, 
analysis, and design by leveraging robust data processing capabilities 

Table 1 
Levels of DOE (Taguchi’s L27 matrix).  

Levels Spindle Speed (RPM) Feed rate (mm/rev) Depth of cut (mm) 

1 500 0.05 0.3 
2 1000 0. 1 0.7 
3 1500 0. 15 1.0  

Table 2 
Details of Taguchi’s L27matrix.  

Experiment 
No. 

Spindle 
Speed (RPM) 

Feed rate 
(mm/rev) 

Depth of 
cut (mm) 

Experimental Ra 
(microns) 

1 500 0.05 0.3 1.222 
2 500 0.05 0.7 1.159 
3 500 0.05 1 1.479 
4 500 0.1 0.3 1.498 
5 500 0.1 0.7 1.509 
6 500 0.1 1 1.572 
7 500 0.15 0.3 1.773 
8 500 0.15 0.7 1.662 
9 500 0.15 1 1.599 
10 1000 0.05 0.3 0.907 
11 1000 0.05 0.7 1.062 
12 1000 0.05 1 1.163 
13 1000 0.1 0.3 1.248 
14 1000 0.1 0.7 1.388 
15 1000 0.1 1 1.487 
16 1000 0.15 0.3 1.619 
17 1000 0.15 0.7 1.712 
18 1000 0.15 1 1.766 
19 1500 0.05 0.3 0.773 
20 1500 0.05 0.7 0.872 
21 1500 0.05 1 0.882 
22 1500 0.1 0.3 1.219 
23 1500 0.1 0.7 1.227 
24 1500 0.1 1 1.325 
25 1500 0.15 0.3 1.782 
26 1500 0.15 0.7 1.882 
27 1500 0.15 1 1.856  

Table 3 
Details of testing data set.  

Experiment 
No. 

Spindle 
Speed(RPM) 

Feed rate 
(mm/rev) 

Depth of 
cut (mm) 

Experimental Ra 
(microns) 

1 750 0.06 0.4 0.930 
2 900 0.07 0.5 1.092 
3 600 0.08 0.6 1.529 
4 800 0.09 0.8 1.367 
5 1200 0.12 0.9 1.522 
6 1300 0.13 0.4 1.822 
7 1400 0.11 0.5 1.198 
8 1100 0.14 0.9 1.833 
9 700 0.09 0.6 1.491  
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and remarkable predictive performance.Machine learning, using 
boosting techniques like Gradient Boosting Machine (GBM), Adaptive 
Boosting (AdaBoost), and Extreme Boosting technique (XGBOOST), has 
demonstrated pervasive effectiveness in various practical applications. 
Gradient Boosting Machine, a sophisticated machine-learning system, 
boasts adaptability to specific application demands and different loss 
functions. Its versatility spans numerous domains. Gradient Boosting 
Machine has proven pivotal in predicting accidents and collision fre-
quency, particularly considering factors like roadway design, land use, 
travel demand, disadvantaged neighbourhoods, non-motorized infra-
structure, and traffic control [30]. Gradient Boosting Machine is also 
used to model energy consumption in commercial buildings, and the 
results showed that it outperformed random forest and linear regression 
models. Chang et al. used Gradient Boosting Machine to predict PM2.5 
concentration change, and their results showed that it surpassed the 
generalized additive model in terms of prediction accuracy [31,32]. 

Adaptive Boosting is an iterative approach that continues its 
convergence until prediction deviations are minimized to their fullest 
extent, resulting in a robust and accurate model.Across diverse domains, 
the Adaptive Boosting algorithm has proven adept at boosting predic-
tion accuracy. Examples include predicting component content in rare 
earth extraction, optimizing demand-driven acquisition, monitoring 
shield machine posture, and modelling enzyme-small molecule in-
teractions. Notably, in all cases, Adaboost outperformed conventional 
models [33–36]. 

XGBOOST, or Extreme Gradient Boosting, is a gradient-based deci-
sion tree algorithm that iteratively refines predictions using residuals, 
continuing until training error is minimized. XGBOOST optimizes leaf 
node splitting to maximize learning gain.XGBoostpredicted power sys-
tem inertia, maximum ground settlement, ongoing pregnancy, and lip 
prominence. The algorithm could find the contributions of every feature 
towards the performance indicator [37–40]. 

Surface roughness,a pivotal parameter in epoxy resin characteriza-
tion, remains inadequately explored, particularly concerning turned 
jute-basalt epoxy composites. In this study, we aim to investigate the 
influence of turning process parameters—specifically, the depth of cut, 
spindle speed, and feed rate on the surface roughness of a novel hybrid 

composite. This composite is an innovative blend comprising jute fabric, 
basalt fabric, and various additives.The scarcity of research in this realm 
underscores the significance of our investigation. By manipulating these 
turning variables, we seek to elucidate their impact on the surface 
quality of this unique composite material. To enhance our predictive 
capabilities, we harnessed advanced machine learning models, 
including GBM, AdaBoost, and XGBoost, to forecast surface roughness 
outcomes. 

In accordance with the state of art of literaute, it is evident that there 
are no studies related to the turning operation of Jute Basalt Composites, 
investigation of effect of turning process parameters on surface rough-
ness of turned Jute-Basalt composites and the corresponding Machine 
Learning studies. Thus these research gaps are considered as the ob-
jectives of this work and the experimental along with numerical findings 
are presented. The application of Gradient Boosting techniques in the 
field of machining is also a novelty of this work and so is the contour 
based experimental validation of aforementioned machibe learning 
models for the training/testing data sets. The above mentioned Gradient 
boosting algorithms are used to capture the high non-linearity that exists 
generally in the data set which cannot be modelled using conventional 
regression techniques. Our findings unveiled a notable trend: XGBoost 
exhibited superior predictive performance compared to GBM and Ada-
Boost. This outcome highlights the efficacy of machine learning tech-
niques in comprehending and modelling the intricate relationships 
between process parameters and surface roughness in jute-basalt epoxy 
composites. 

2. Experimental 

The samples of hybrid Jute-Basalt epoxy composite bars (50 mm 
outer diameter) required for this work are prepared using jute fabric, 
basalt fabric, resin (LY556), hardener (HY 905) and catalyst (H-172). 
Basalt fibreand jute fibre meshes are stacked alternatively by applying 
the resin in between them until the desired thickness of the composite 
pipe is achieved. The wrapping of the composite mesh was done on the 
mandrel, which is mounted on a filament winding machine. The wound 
fabric is pre-cured in a hot air circulating rotating oven. In this process, 
the wound fabric and mandrel were heated to a high temperature and 
then cooled. This pre-curing process took 6 h to get the final composite 
bar.Jute/basalt epoxy composite specimens were turned using a carbide 
insert (TNMG 160,408 NN LT 10) on a BFW ORBITUR CNC turning 
centre. The measurement of surface roughness (Ra) of turned jute/basalt 
epoxy hybrid composite workpieces was accomplished by the Surfcom 
Flex 50A machine. 

Jute/basalt epoxy composite turning employed Taguchi’s L27 

Fig. 1. Schematic represntation of the experimental methodology.  

Table 4 
Details of GBM model parameters.  

Parameter Details 

max_depth 2 
n_estimators 3 
learning_rate 1.0  

Table 5 
Details of adaboost model hyperparameters.  

Parameter Details 

base_estimator None 
learning_rate 1.0 
n_estimators 10,000 
random_state 0 
loss linear  

Table 6 
ANOVA details.  

Source DF Adj SS Adj MS F-Value P-Value 

Regression 3 2.30518 0.76839 43.46 0.000 
Spindle Speed 1 0.15217 0.15217 8.61 0.007 
Feed Rate 1 2.08897 2.08897 118.16 0.000 
Depth of cut 1 0.06404 0.06404 3.62 0.070 
Error 23 0.40663 0.01768   
Total 26 2.71181     
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orthogonal array to evaluate the influence of spindle speed, feed rate, 
and depth of cut. Levels and details of the L27 design are provided in 
Tables 1 and 2. 

The experimental data set, which is required for the validation of 
machine learning models, is given in Table 3. 

The schematic represntation of the experimental methodology 
adopted in this work is as shown in Fig. 1. 

All the machine learning models are trained using the experimental 
data set as given in Table 2 and the predicted results of all the models are 
validated with the use of experimental test data set, which is as given in 
Table 3. 

3. Machine learning techniques 

Machine learning, a subfield of AI, uses algorithms to learn from 

data. They mimic the human learning process from which they can make 
decisions. Machine learning techniques may be unsupervised or super-
vised, but a supervised learning approach is used in this work. The 
machine learning models utilized in this work aregradient-boosting 
techniques such as GBM, Adaboost and XGBoost. The gradient boost-
ing algorithmsare implemented in Jupyter NoteBook through Python 
scripting. 

3.1. Gradient boosting machine (GBM) 

Gradient boosting, a powerhouse in machine learning, combines the 
flexibility of decision trees with the optimization power of iterative 
gradient descent. It aims to bolster the performance of weak learners by 
progressively aggregating them, resulting in a robust and powerful 
learner for classification and prediction tasks. This can be explained 

Fig. 2. Comparison plot of GBM and experimentalvalues of Surface Roughness for Training data set.  

Fig. 3. Comparison plot of GBM and Experimentalvalues of Surface Roughness for Testing data set.  
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Fig. 4. Contour plots - GBM (Training Data Set).  
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Fig. 5. Contour plots - GBM (Testing Data Set).  
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through the set of following equations. 

A = φ(B) (1) 

The gradient boosting tries to improve the successor φs + 1(B) from its 
predecessor φs(B) 

φs+1(B) = φs(B) + hs(B) (2)  

where s = number of stages and hs(B) is residual, which is expressed in 
Eq. (3) 

hs(B) = A − φs(B) (3) 

Loss in Mean square error is given by Eq. (4) 

LossMSE =
1
2
(A − φs(B))

2 (4) 

The final residual term is expressed by Eq. (5) 

hs(B) = −
∂LossMSE

∂φ = A − φs(B) (5) 

The details of the GBM algorithm parametersare given in Table 4. 

3.2. Adaptive boosting method 

The adaptive boosting technique, most commonly known as Ada-
Boost, is an ensemble-based machine learning model that converts weak 
to strong learners. It comprises a series of weak learners through which 
the data passes sequentially. The succeeding base learners rectify the 
error associated with the preceding weak learners. This process con-
tinues until the predictions’ deviations are found to be minimal. The 
training error is given by Eq. (6) 

Fig. 6. Comparison plot of AdaBoost and Experimental values of Surface Roughness for Training data set.  

Fig. 7. Comparison plot of AdaBoost and Experimental values of Surface Roughness for Testing data set.  
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Fig. 8. Contour plots - AdaBoost (Training Data Set).  
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Fig. 9. Contour plots - AdaBoost (Testing Data Set).  
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Ek =
∑

j
E
[
fk− 1

(
zj
)
+ αky

(
zj
)]

(6) 

E[fk − 1]is the error of trailing learners andαky(zj) is the prediction of 
a current learner. 

The steps involved in building an AdaBoost model are as follows,  

1. The dataset is initialized, and equal weights are assigned to every 
other data point in the data set.  

2. The dataset is supplied to the model, and the incorrectly predicted 
data instances are identified.  

3. The weights associated with the incorrectly predicted data instances 
are increased.  

4. If the error is found to be minimum iteration stops; otherwise, steps 
from 2 to 3 are repeated. 

The details of the AdaBoost algorithm parameters are given in 
Table 5. 

Fig. 10. Comparison plot of XGBOOST and Experimental values of Surface Roughness for Training data set.  

Fig. 11. Comparison plot of XGBOOST and Experimental values of Surface Roughness for Testing data set.  
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Fig. 12. Contour plots - XGBOOST (Training Data Set).  
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Fig. 13. Contour plots - XGBOOST (Testing Data Set).  
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3.3. Extreme gradient boosting method 

The extreme gradient boosting method (XGBoost), a widely used 
gradient-boosting algorithm based on decision trees, excels in machine 
learning and tries to convert weak learners to strong learners in the al-
gorithm. In this technique, a new learner evolves from the correspond-
ing base learner,utilizingthe residuals of the latter. The algorithm’s 
prediction in each iteration is the sum of the predictions of the current 
learner and a previous learner. An algorithm like this keeps iterating 
until the training error becomes minimal. The XGBOOST method adopts 
the learning strategy to maximize the gain during the leaf node splitting. 

The execution of the XGBOOST algorithm includes the growth of the 
XGBOOST tree and the pruning of each tree. Predictions are then made 
for each leaf. Following that, further predictions are produced. Finally, 
the operations are repeated until the loss is low. 

The loss function which is needed to be minimized in every iter-
ationis given by Eq. (7), 

Loss =
∑p=k

p=1
l
(
yp,φk

(
xp
))

+
∑j=I

j=1
L
(
hj
)

(7)  

where yp = output term,xp = input term, L = regularization factor, hj =

hessian of jth iteration. 

4. Results and discussion 

The influence of all the turning process parameters,namelyspindle 
speed, depth of cut, and feed rate, on the surface roughness of machined 
Jute-Basalt composite specimens are discussed in the section using 
Analysis of Variance (ANOVA).Many researchers have examined the 
effect of turning parameters on the Surface roughness of different 
materials. 

Bhardwaj et al. [41]identified spindle speed as the dominant factor 
affecting surface roughness in EN 353 steel turning, with depth of cut 
showing minimal impact. They observed decreasing roughness with 
higher spindle speeds and lower feed rates.Kishore et al. [42].confirm 
cutting speed as the dominant influence on surface roughness in 

Al6061-Tic turning. Similar to their findings, we observed minimized 
roughness with higher spindle speeds and lower feed rates. 

Celik and Türkan [43]examined theTurning parameter influence on 
surface roughness which varied significantly across materials. In chop-
ped glass fibre composites, the feed rate dominates, with minimal 
impact from the depth of cut. AISI 316 L steel (cermet insert): Feed rate 
and spindle speed play a critical role in roughness reduction, while the 
depth of cut remains insignificant. Femoral heads (TiN-Al2O3-TiC 
tools): Feed rate exerts a strong negative influence, but both speed and 
depth of cut positively affect roughness. EN-9 steel: Feed rate reigns 
supreme for surface finish, with the depth of cut and spindle speed 
having negligible impact. Material-specific optimization is crucial in 
turning processes. Understanding the unique influence of each param-
eter on specific materials is vital to achieving the desired surface quality 
[44–46].Azizi et al. [47]. observed that in both the finish hard turning of 
AISI 52,100 and AISI H11 tool steel, feed rate emerged as the dominant 
factor dictating surface roughness, with increasing values directly 
worsening the finish [48].Aouici et al. [49].,during the turning of 
X38CrMoV5–1, reported feed rate and cutting speed as surface rough-
ness influencers, with feed rate dominating. Surface finish improved 
with higher speed and lower feed rate. 

A 50 % reduction in surface roughness was achieved by setting all 
turning parameters (feed rate, spindle speed, and depth of cut) at their 
minimum levels. This highlights the importance of material-specific 
optimization for Ti-6Al-4 V, as the effect of parameters on surface fin-
ish varies significantly across materials. In the present work, the Anal-
ysis of variance (ANOVA) is carried out using MINITAB 17 statistical 
software. ANOVA from Table 6 pinpoints feed rate and spindle speed as 
significant influences on surface roughness (p < 0.05), while the depth 
of cut shows negligible impact. This implies optimizing feed rate and 
spindle speed optimization to minimize surface roughness in Ti-6Al-4 V 
components. Optimizing turning parameters for Ti-6Al-4 V is crucial for 
achieving desired surface finishes, ultimately impacting component 
performance and lifespan. This study emphasizes the importance of 
focusing on feed rate and spindle speed when aiming for minimal surface 
roughness in turned Ti-6Al-4 V parts [50]. 

The GBM model predicted surface roughness values of turned jute/ 
basalt composites and the experimental values for training and testing 
data set, plotted in Figures2 and 3, respectively. 

The GBM-predicted values of Surface Roughness for Trainingand 
Testing data sets are plotted in Fig.2 and Fig.3, respectively. The average 
and maximum error of GBM predicted values of Surface Roughness for 
the Training data setare 0.051 µm and 0.161microns, respectively. In 
contrast, the respective values for the testing data set are 0.10microns 
and 0.31microns, respectively. 

The contours of the GBM model predicted, and experimental values 
for the training and testing data set are plotted in Figs. 4 and5, 
respectively. 

Table 7 
Statistical ranking table.  

Level Spindle Speed (RPM) Feed rate (mm/rev) Depth of cut (mm) 

1 1.497 1.058 1.338 
2 1.372 1.386 1.386 
3 1.313 1.739 1.459 
Delta 0.184 0.681 0.121 
Rank 2 1 3  

Table 8 
Details of turning process parameters for minimum surface roughness in different composite materials.  

Material Minimum Surface Roughness 
(μm) 

Process Parameters Reference 

Speed Feed Rate mm/ 
rev 

Depth of Cut 
(mm) 

GFRP composites with graphite/fly ash 0.316 50 m/min 0.1 0.5 [51] 
Macro Banana fibre Reinforced Epoxy Composites 2.514 300 RPM 0.1 1 [52] 
Micro Banana fibre Reinforced Epoxy Composites 3.282 450 RPM 0.1 2 [52] 
Short Banana fibre Reinforced Epoxy Composites 2.577 300 RPM 0.1 1 [52] 
Glass epoxy Composites 3.79 100 m/ 

min 
0.05 0.5 [53] 

Carbon fibre Reinforced Polymer Composites 1.11 100 m/ 
min 

0.05 0. 15 [54] 

Banana fibre and Silicon Carbide Reinforced Polymer Matrix 
Composites 

1.809 500 RPJ 0.15 0.4 [55] 

Nylon 6 Composite 0.26 1400 rpm 0.05 0.2 [56] 
Jute Basalt composite 0.773 1500 rpm 0.05 0.3 Present 

work  
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Fig. 4 and Fig.5 show that there are many mismatches between the 
experimental and GBM contours of Surface Roughness.The AdaBoost 
model predicted surface roughness values of turned Jute/Basalt com-
posites, along with the experimental values for training and testing data 
sets are plotted in Fig.6 and Fig.7, respectively. 

The average and maximum error of AdaBoost’s predicted roughness 
values for the training data setis 0.043 µm and 0.111 µm, respectively. In 
contrast, for the testing data set, the respective values are 0.096 µm and 
0.266 µm, respectively. 

The surface roughness contours of the AdaBoost model predicted 
values, along with the experimental values for the training and testing 
data set, are plotted in Fig.8 and Fig.9, respectively. 

From Fig. 8 and Fig.9, it can be seen that there is a little mismatch 
between the experimental and AdaBoost contours of surface roughness. 

The XGBOOST model predicted surface roughness values of turned 
Jute/Basalt composites, and the experimental values for training and 
testing data set are plotted in Fig.10 and Fig.11, respectively. 

The average and maximum error of XGBOOST’s predicted roughness 
values for the training data setis 0.001 µm and 0.005 µm, respectively. In 
contrast, for the testing data set, the respective values are 0.032 µm and 
0.069 µm, respectively. 

The Contours of the XGBOOST model predicted values and the 
experimental values for the training and testing data set are plotted in 
Fig.12 and Fig.13, respectively. 

It is evident From Fig.12 and Fig. 13 that there is an exact match 
between the experimental and XGBOOST contours of Surface Rough-
ness. The reason for this exact match of XGboost as compared to Ada-
boost and GBM is because of its handling capability of missing values in 
the data set, better generalizarion due to the built-in regularization 
process use of advanced optimization techniques and more efficient 
capturing of complex patterns in the data set. 

The main effects plot from Figure 14 (Supplementary material) de-
picts the fact of an increase of Surface roughness with the increase of 
depth of cut and Feed rate. However, the surface roughness decreased 
with the rise in Spindle speed. 

The percentage error in surface roughness prediction for all the 
machine learning models is calculated by Eq. (8), 

According to Figure 15 (a) (Supplementary material), the Mean ab-
solute percentage error for the training data set of GBM, AdaBoost and 
XGBOOST Machine learning models are 3.75 %, 3.36 % and 0.11 %, 
respectively. For the testing data set, themean absolute percentage er-
rors of GBM, AdaBoost, and XGBOOST are found to be 8.50 %, 7.81 %, 
and 2.24 %, respectively, from Figure 15 (b). It is observed from 
Figure 16 (a) (Supplementary material) that the maximum percentage 
errors of GBM, AdaBoost and XGBOOST are 10.41 %, 13.86 % and 0.33 
% for the case of the training data set from Figure 16 (b) (Supplementary 
material). Maximum percentage errors are 33.58 %, 28.62 % and 3.78 % 
for GBM, AdaBoost and XGBOOST models for the testing data instances. 
Looking into the maximum and average prediction errors, XGBOOST 
performs better than others. The feature importance of the XGBOOST 
model is computed, which is given in Figure 17 (Supplementary mate-
rial). According to the feature importance plot, the ranking order of the 
influencing process parameters is feed followed by spindle speed and 
depth of cut, which is also true according to the Minitab computed delta 

ranking table, whose details are given in Table 7. 
The details of the minimum Surface Roughness Values obtained 

while turning the different epoxy-based composite specimens are given 
in Table 8. 

5. Conclusions 

Integrating basalt fibres into jute fibre composites presents a prom-
ising avenue for lightweight and cost-efficient solutions in various in-
dustries. This study delved into the fabrication of jute/basalt epoxy 
composite bars and the subsequent investigation of turning process pa-
rameters depth of cut, feed rate, and spindle speed on the surface 
roughness of the resulting specimens. The insights drawn from this 
investigation have yielded significant conclusions: 

ANOVA results underscore the substantial impact of feed rate and 
spindle speed on surface roughness, while the depth of cut exhibits 
insignificance.The experimental results suggest that increasing spindle 
speed and decreasing both feed rate and depth of cut correspond to 
reduced surface roughness in turned specimens.According to Taguchi’s 
orthogonal matrix, the minimum surface roughness was obtained when 
the spindle speed, feed rate and depth of cut were 1500 RPM, 0.05 mm/ 
rev and 0.3 mm, respectively. The minimum surface roughness values 
for the experimental, GBM, AdaBoost, and XGBoost cases are found to be 
0.773 μm, 0.800 μm, 0.880 μm, and 0.774 μm, respectively.By Machine 
Learning Insights: Leveraging the feature importance aspect of machine 
learning models has allowed us to ascertain the hierarchy of process 
variables influencing the performance indicator,establish that feed rate 
exhibits the highest influence, followed by spindle speed and depth of 
cut, recognize XGBoost’s notable superiority in predictive accuracy over 
GBM and AdaBoos and validate the precision of XGBoost’s Surface 
Roughness contours, which closely align with experimental contours 
across training and testing datasets.These findings underscore the 
pivotal role of process parameters in influencing the surface quality of 
jute/basalt epoxy composites, emphasizing the potential of machine 
learning in predicting and optimizing material properties in 
manufacturing processes. 
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