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Abstract. The surface quality of any machined component or product greatly influences its
attributes, including wear, corrosion resistance, fatigue strength, and more. Numerous
safety-instrumented systems and other essential industrial systems necessitate components with a
high-quality surface finish. Surface roughness (Ra) is one of the key measurements that indicate
the finishing quality of machined parts. In this paper, we begin by detailing the specifics and Ra
data set of an experimental study conducted on a commonly utilized abrasive machine, namely, a
surface grinder. Next, machine learning algorithms are utilized for predictive modeling of Ra. The
problem is framed using the Design of Experiments (DOE) to measure the Ra of EN 8§ steel plates
with two types of cutting fluids: a conventional synthetic cutting fluid and an eco-friendly cashew
nut shell liquid (CNSL). A total of 19 experiments were performed, with five input variables
established at two levels each. In the process of creating a predictive model, various algorithms,
including Linear Regression, Decision Tree, Random Forest, Epsilon-Support Vector Regression
(e-SVR), and K-Nearest Neighbors Regression, are utilized on the data obtained through
experiments. Computed metrics, including Mean Square Error (MSE), Mean Absolute Percentage
Error (MAPE), and Coefficient of Determination (R?), showed that e-SVR outperformed all other
methods. Therefore, further tuning of its hyperparameters was done. With this SVR model,
predicted roughness values are displayed through a GUI.

Keywords: surface roughness (Ra), surface grinding, machine learning, cutting fluid, cashew nut
shell liquid.

1. Introduction

Machining has been a crucial element of the production industry for the production of spares,
tools, equipment, etc., of very high precision and quality. Surface Grinding (SG) is generally the
last step of machining, performed to impart the necessary functional features such as close
tolerances in dimensions and a good surface finish [1-3]. The surface roughness (Ra) is one of the
significant parameters of performance that is required to be monitored throughout the surface
grinding operation, which also signifies the finishing quality of the machined parts [4-6]. The
input parameters that significantly affect the grinding output response Ra include the Cutting Fluid
(CF), Grinding Wheel Grade (GWG), Grinding Wheel Speed (GWS), Work Speed (WS), and
Depth of Cut (DOC), etc. [4], [7]. So, the selection of optimal grinding settings becomes necessary
to achieve the desired Ra during the grinding operation [8], [9]. The machinists generally use the
trial-and-error strategy to decide these input settings to get the desired surface finish. This
trial-and-error approach is not so efficient, time-consuming, and wasteful of resources. Going
through the literature, it is observed that the Taguchi experimental design method is generally
used along with other optimization methods such as Grey Relational Analysis (GRA), Response
Surface Methodology (RSM), etc., to decide the optimal grinding input settings. The development
of Machine Learning (ML) predictive models also offers a solution for this problem. Here, there
is a scope to alter the settings and predict the response before the actual grinding operation is
performed [10].
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The other challenge associated with grinding operation is the generation of intense heat at the
time of grinding and the induction of thermal stresses hampering the surface finish, dimensional
accuracy, grain structure, and mechanical properties of the ground workpiece [11-13]. The use of
a CF is the general practice to control this problem, which provides proper lubrication and cooling,
resulting in an improved surface finish [14], [15]. Petroleum-based oils account for a large quantity
of traditional CFs used worldwide. Massive environmental hazards, non-biodegradability, and
eco-toxicity, including serious operator health issues, have resulted from the excessive usage of
petroleum-based oils [16], [17]. So, the present focus is on vegetable oil-based CFs due to their
biodegradability, eco-friendliness, and non-toxicity. They have almost all the competitive qualities
necessary to replace the traditionally used harmful CFs. [18-20].

2. Literature review

Sivaraman and Sivakumar [21] conducted an experimental study of surface grinding of AISI
317L, focusing on input variables such as workpiece chemical composition, DOC, GWS, feed
rate, grain size, etc., to optimize Ra using Taguchi design of experiments. Arvind and Periyarsamy
[22] optimized the surface grinding input parameters, such as grinding wheel abrasive grain size,
DOC, and feed, of AISI 1035 steel with the use of the Taguchi method and RSM. The response
variables focused on were Ra and Rz values of surface roughness. They inferred that RSM
performed slightly better than the Taguchi method when the input parameters were slightly varied
up to certain levels. Kishore et al. [23] analyzed the grinding performance of Inconel 625 in dry,
wet, and Minimum Quantity Lubrication (MQL) conditions, comparing tangential forces and
surface roughness. They used RSM and four ML models, namely: MultiLayer Perceptron (MLP),
k-nearest neighbors (KNN), and Support Vector Machine (SVM) with two kernels, for the analysis
and prediction, where they found that KNN gave better prediction than the other models and the
MQL technique gave better results for Ra. Mirifar et al. [6] designed an Artificial Neural Network
(ANN) to predict Ra and grinding forces by using an individual integrated acoustic emission (AE)
sensor in the machine tool. The model was developed using a feedforward neural network with
Bayesian backpropagation and validated by experimental data. They found the predictions
coincided with the experimentally observed results with 99 % accuracy. Ugar and N. Kat1 [24]
proposed an ML prediction model based on Gaussian Process Regression (GPR) for the Ra of the
LM25/SiC/4p metal matrix composite. They performed experiments on a cylindrical grinder
considering DOC, wheel velocity, work velocity, and feed as input parameters, which were
optimized and predicted using the above model, the results of which were tested with the SVM
model and a 5-fold cross-validation algorithm. They inferred that the GPR model adequately
satisfies the R-squared, root mean squared error, and mean absolute error criteria. Prashanth et al.
[25] used ML algorithms such as Support Vector Regression (SVR), GPR, and boosted tree
ensemble techniques to predict responses such as tangential grinding forces, normal grinding
forces, temperature, and Ra during grinding of Inconel 751. The input parameters focused on were
cutting velocity, DOC, feed rate, and environmental conditions. They found that the GPR
algorithm exhibited better results than the other models.

Dubey et al. [10] conducted an experimental study of turning AISI 304 steel, focusing on Ra
as the response variable. The input parameters selected were cutting speed, DOC, feed rate, and
nanoparticle concentration. RSM was adopted for designing the experiments. Minimum Quantity
Lubrication (MQL) with the CF added with alumina nanoparticles of average particle sizes of
30 nm and 40 nm was used. ML models, Linear Regression (LR), Random Forest (RF), and SVM,
were used for the prediction of Ra. For checking the model accuracy, the Coefficient of
Determination (R?), Mean Absolute Percentage Error (MAPE), and Mean Square Error (MSE)
were utilized. They inferred that the RF model performed better than the other two models for CF
with both sizes of nanoparticles. Reddy et al. [26] used second-order multiple regression and ANN
to develop prediction models for predicting Ra. They used a full factorial design to perform
experiments using a CNC Lathe with a Carbide cutting tool. The outcomes were that the ANN
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model's performance was better than the multiple regression model for prediction. Cica et al. [27]
selected three ML algorithms, polynomial regression, SVM, and GPR, for the prediction of cutting
force and cutting power to turn AISI 1045 under MQL and high-pressure coolant cutting
conditions. The optimal process parameters for both the lubrication methods were 210 m/min
cutting speed, 1.5 for depth of cut, and 0.224 mm/rev feed rate. Asiltiirk et al. [28] created an
adaptive network-based fuzzy inference system (ANFIS) to predict Ra and vibration for the
cylindrical grinding of AISI 8620 steel using an aluminium oxide grinding wheel. The workpiece
speed, feed rate, and DOC were the input variables to ANFIS. Validation and confirmation
experiments were conducted for the predicted results, and the Gauss-shaped membership function
attained a prediction accuracy of 99 %.

Gopan et al. [29] developed an ANN and Genetic Algorithm (GA) integrated prediction and
optimization model for the response variable Ra of cylindrical grinding operation with a Silicon
Carbide grinding wheel. For predicting the values of Ra, the Multilayer Normal Feed Forward
ANN model of type 3-5-1 was taken up, and the values agreed with the experimental results. The
integration of GA with ANN resulted in getting optimal settings to get minimum surface
roughness. Huang et al. [30] applied the Taguchi method, RSM, and Back-Propagation Neural
Networks (BPNN) in combination with GA to improve the quality of piston manufacturing
processes to increase the yield. The ring groove diameter specification, inner groove diameter
specification, and inner diameter of pistons were selected as the response variables with the type
of carbon steel, type of CF, cutting depth, spindle speed, and chuck pressure as input variables.
The three models developed were the Taguchi model, the Taguchi RSM model, and the Taguchi
BPNN GA model. Experiments were performed to confirm and validate the predicted results with
the experimental results, and the Taguchi BPNN GA model performed better as compared to the
remaining two models. Nguyen et al. [31] presented a model for monitoring and prediction of the
wear of the grinding wheel utilizing the grinding force signal attained at the time of grinding of
Ti-6Al-4V alloy using the adaptive neural fuzzy inference system — GPR and Taguchi method.
The performance of the model was good, and in comparison with the experimental outcomes, the
model prediction had an average error of 0.31 % and a reliability of 98 %.

From the literature, it can be seen that the prediction of Ra has been tried by researchers on
various materials, using different CFs and cooling environments and using various optimization
methods and ML algorithms. The main aim of the current work is: To develop a predictive model
for Ra using the ML algorithms, LR, Decision Tree (DT), RF, Epsilon-Support Vector Regression
(e-SVR), and KNN, focusing on Ra as the output response variable, for workpieces after the
surface grinding operation, considering the type of CF used, GWG, GWS, DOC, and WS as input
parameters. To decide the algorithm giving the best prediction of Ra, based on the metrics MSE,
MAPE, and R?, and develop the model further by tuning its hyperparameters and to design a
Graphical User Interface (GUI) for the model to predict the values of Ra with ease. The
experimental results of Ra are imported into Jupyter Notebook with the use of Pandas, a built-in
Python library for data modeling.

The current study’s novelty lies in the development of a predictive model for Ra using ML
algorithms for an experimental case study of surface grinding ENS8 steel, utilizing eco-friendly,
biodegradable Cashew Nut Shell Oil/Liquid (CNSL) as CF. CNSL is a non-edible bio-oil
extracted from waste cashew nut shells, whose performance is compared with the traditional
synthetic CF [32]. Additionally, a graphical user interface (GUI) is provided to enable the easy
prediction of Ra values. A comparative analysis of the selected case study findings with the
predictions from the developed ML model is performed to assess the model’s validity.

The paper format is as given: Section 1 introduces the topic, and a brief literature review is
presented in Section 2. Section 3 discusses briefly the ML algorithms used in the study. In
Section 4, the case study that is chosen for the analysis is highlighted. Section 5 compares the
results of the ML algorithms and Taguchi results, followed by a discussion on them. The study is
concluded in Section 6, which is followed by a list of references.
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3. Machine learning algorithms
3.1. Linear regression (LR) [10], [33], [34]

Linear Regression (LR) is a type of supervised machine learning model that establishes the
linear relation between a dependent variable and one or more independent variables by fitting a
linear equation to observed data. It is the simplest and most commonly used predictive tool to
decide the relation between continuous variables, and also the base for some more intricate
algorithms such as Ridge Regression, SVR, etc. The equation representing LR is given in Eq. (1):

y= 04+ 0;x +¢, (1

where y — dependent variable, x — Independent variable, 8,— line intercept, 8;— slope or LR
coefficient, &€ — noise or error.

In the case of a single independent variable, it is called a Simple LR and Multiple LR when
the independent variables are more than one. With one dependent variable, it is called Univariate
LR and Multivariate LR when the dependent variables are more than one.

3.2. Decision tree (DT) [35], [36]

Decision Trees (DTs) are non-parametric techniques categorized under supervised learning
that are used for both regression and classification tasks. The regression variable in regression
decision trees is continuous. DT takes the form of a tree structure, where core nodes represent
dataset attributes, branches depict decision rules, and leaf nodes signify individual outcomes, as
illustrated in Fig. 1.

ROOT Node
Branch/ Sub-Tree

Spllﬁlng .............................

A'| Decision Node

. : :
Terminal Node Terminal Node

Note:- A is parent node of B and C.
Fig. 1. Pictorial representation of decision tree [35]

Terminology of DT (refer to Fig. 1):

Root Node: The decision tree starts with the root node, which represents the whole dataset and
subsequently divides into two or more homogeneous subsets.

Decision Node: A sub-node is termed a decision node after its splitting into other sub-nodes.

Splitting: The division of a decision node or root node into sub-nodes depending on
predetermined criteria is referred to as splitting.

Leaf Node: Leaf nodes represent the ultimate output nodes and are not to be divided anymore.

Branch/Sub Tree: A branch or sub-tree is a division of the whole tree structure.

Pruning: Removal of undesired branches from a tree or the practice of eliminating sub-nodes
of decision nodes is known as pruning. It is somewhat the opposite of the splitting process.

Parent/Child node: A node that splits into sub-nodes is named as the parent node, while the
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sub-nodes are named as the child nodes of the parent.

In a DT, the prediction process begins at the root node. The algorithm compares the attributes
of the root node with those corresponding to the real dataset. Based on this comparison, it follows
the appropriate branch to move to the next node. This process continues until a final prediction is
made. Here, the algorithm again does the comparison of the attribute with sub-nodes to move
ahead. This process continues till the leaf node is reached.

3.3. Random forest [10] [37]

The RF algorithm is visually represented in Fig. 2. This machine learning algorithm belongs
to the supervised learning category. This method can be applied to classification as well as
regression cases in machine learning. RF offers high precision in predictions by overcoming the
limitations of a single predictive model. It utilizes ensemble learning, which involves combining
multiple predictors to tackle complex problems improving the overall model performance. RF
consists of multiple DTs created from different subsets of the dataset, and the average of these
DTs is used to improve the model's predictive accuracy.

Training I
Dataset
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o ' v i
a
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ge subset subset subset
-3
®
H Decision tree 1 Decision tree 2 Decision tree m
§ Test II
H Dataset
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=
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= Result
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Fig. 2. Pictorial representation of random forest [37]
3.4. Support vector machines [10], [38], [39]

SVM method of supervised learning for both classification and regression to predict discrete
outcomes. This method primarily aims to get the best-fit line, named a hyperplane, which has the
maximum points as depicted in Fig. 3. For the framing of the marginal planes, SVR takes extreme
points called support vectors, from where the name of the method has emerged.

When the SVM is applied to regression problems, it is called SVR or Epsilon-Support Vector
Regression (e-SVR). In e-SVR, the objective is to get a function f(x) having maximum deviation
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€ from the target surface, which is defined by N data points (x,y), and it should be maximum.
Points with a distance less than ¢ are treated as negligible errors, but any point with a distance
more than ¢ is not accepted. All points should be between +¢ and - €. The flow chart for building
the SVM model is shown in Fig. 4.

Marginal Planes

Support vectors

m‘\l . Hyper Plane
— X
Fig. 3. Graph representing SVM [39]
DATA SET
COLLECTION
DATA

PRE-PROCESSING

|

TRAINING OF SVM
INITIALIZATION — MODEL

AVERAGE ﬂ ACCURACY

NO —

TERMINATION
CRITERION

ESTABLISH SVM
MODEL

l

PERFORMANCE :> PREDICTION OF
EVALUATION RESULTS

Fig. 4. Flow chart to implement SVM [10]
3.5. K-nearest neighbors regression (KNN) [40], [41]

KNN algorithm falls under the supervised learning category and is mainly used for
classification problems. It can also be applied to regression problems. The KNN algorithm
assumes that when input data points are represented as vectors in a multi-dimensional feature
space, data points that are closer together tend to have similar properties, outputs, or predicted
values. The Euclidean distance is calculated to decide the nearness of the points. If there is a
hidden relation between the input data and the output variable that is to be predicted, then the
KNN is supposed to understand this from the training data. The KNN algorithm stores all the data
used during the training phase. When a test input is provided, it examines the entire training dataset
to identify the K training points that are closest to the test input data point. The algorithm then
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predicts the output based on these nearby points. According to this algorithm, the neighboring
points of the test data have a greater influence on the output than points that are further away.

3.6. Performance metrics

The MSE, MAPE, and R? values are the three performance measures applied for checking the
model’s accuracy for the prediction of Ra, which are evaluated for each model using Eq. (2),
Eq. (3), and Eq. (4), respectively, as given below:

MSE = Z vi—-%), ()
_ |Yi - 1?|

MAPE = Zzl 1— % 100, 3)

2 — 1(yl Y) 4

RZ=1- o ST 1) “4)

where n — number of data points, y; — observed values, ¥; — predicted values, ¥ — average value.
Case Study: Optimization and Prediction of Surface Grinding Response Ra Using CNSL AS
a Novel CF [32].

Table 1. Table showing the input and output responses of the case study selected [32]

Grinding input variables Output
Sr. No. CF GWS GWG DOC WS
CF CODE reM | WG | CcopE um m/min | R& MM
1 Synthetic 1 1500 G46 46 10 10 0.126
2 Synthetic 1 1500 G46 46 20 15 0.110
3 Synthetic 1 1500 G60 60 10 15 0.186
4 Synthetic 1 1500 G60 60 20 10 0.142
5 Synthetic | 3000 G46 46 10 15 0.098
6 Synthetic 1 3000 G46 46 20 10 0.122
7 Synthetic 1 3000 G60 60 10 10 0.138
8 Synthetic 1 3000 G60 60 20 15 0.102
9 CNSL 2 1500 G46 46 10 15 0.202
10 CNSL 2 1500 G46 46 20 10 0.199
11 CNSL 2 1500 G60 60 10 10 0.114
12 CNSL 2 1500 G60 60 20 15 0.096
13 CNSL 2 3000 G46 46 10 10 0.091
14 CNSL 2 3000 G46 46 20 15 0.093
15 CNSL 2 3000 G60 60 10 15 0.083
16 CNSL 2 3000 G60 60 20 10 0.117
17 CNSL 2 3000 G60 60 20 15 0.055
18 Synthetic 1 1500 G60 60 10 10 0.147
19 CNSL 2 3000 G60 60 10 10 0.073

Usgaonkar and Prabhu Gaonkar [32] conducted experiments to surface grind ENS steel plates
measuring 150 mm x 25 mm X 10 mm using CNSL, which is environmentally sound, non-edible
bio-CF, and traditional synthetic CF for comparison. SFW1 HMT LIMITED surface grinding
machine was utilized for the grinding process, focusing on Ra as the output variable. The input
variables of two levels measured were the CF type (Synthetic, CNSL), GWG (A46K5V10-G46,
A60K5V10-G60), GWS (1500 RPM, 3000 RPM), DOC (10 um, 20 pm) and WS (10 m/min,
15 m/min). The experiments were designed using L;¢ Orthogonal Array (OA) and 2° Taguchi
Design of Experiments (DOE), and the analysis was done using Minitab. The SurfTest SJ-210
Mitutoyo was used for the measurement of the Ra for the cut-off as 0.8 mm, and a sampling length
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of 4 mm. The grinding temperature recording was done using a FLUKE Til0 Thermal Imager.
The output parameters were optimized using Taguchi and LR, and the prediction model was
proposed. The predicted results were validated by performing validation experiments. The study
concluded that the eco-friendly bio-CF CNSL performed better than the traditional, harmful
synthetic CF.

The above-mentioned case study has been selected for the current study to develop a predictive
model for the output variable Ra, using the above-mentioned ML methods (algorithms), namely
LR, DT, RF, &-SVR, and KNN, which are applied to the experimentally acquired data. 16
experiments from Taguchi Lis OA and 3 from validation experiments are chosen for the analysis,
making the total number of experiments equal to 19, as given in Table 1. These Ra experimental
results are imported into Jupyter Notebook using a Python built-in library called Pandas for
modeling data. Performance metrics such as MSE, MAPE, and R? values are calculated to
determine which model performs better. This model is further refined by performing tuning of
hyperparameters. A GUI for the best-performing model is designed to predict Ra values with ease.

4. Analysis and discussion
4.1. Ra predictions by the models

The Ra values obtained from the selected surface grinding case study, as depicted in Table 1,
are used for developing the predictive models using the ML algorithms, namely LR, DT, RF,
e-SVR, and KNN. Out of 19 data points, 15 (80 %) are selected at random to train the model,
while the remaining 4 (20 %) are used to test or validate the model. Predictions of Ra by Taguchi
LR [32] and, the above-mentioned ML algorithms are depicted in Table 2.

Table 2. Table showing the input and output responses of the case study selected

Ra Ra predicted
Expt. Sr. No. CFGWS|GWG DOCI WS T o uchi LR| LR | DT | RF |KNNJe-SVR UT|e-SVR T
1 11500 46 | 10 [10]0.126] 0.128  [0.1920.202[0.171/0.169] 0.129 | 0.127
6 13000 46 | 20 [10[0.122] 0.123  [0.126]0.138[0.117/0.102] 0.124 | 0.123
12 2 (1500 60 | 20 |15]0.096] 0.097 0.147/0.186]0.175[0.157] 0.098 | 0.097
2 1[1500] 46 | 20 [15]0.110] 0.109 [0.192]0.199/0.189/0.172] 0.129 | 0.108

It is seen from Table 2 that Taguchi LR, i.e., results predicted by the optimized model of the
selected case study, given the name Taguchi LR, predict close to the experimental results followed
by €-SVR UnTuned (UT) compared to the other ML algorithms. When only ML models are
considered, e-SVR-UT is closer in prediction to the experimentally observed values than the other
ML models. This is proved by the performance metrics computed and entered in Table 3. The
MSE for the predicted values of the Taguchi LR model is the lowest, i.e. 0.000001766, followed
by the MSE for the predicted values of the e-SVR-UT model, which is 0.000088688.

Table 3. Table showing the computed performance metrics

Taguchi LR

LR

DT

RF

KNN

e-SVR-UT

&-SVR-T

MSE

0.000001766

0.003401569

0.005513250

0.003630977

0.002453500

0.000088688

0.000001638

MAPE

1.156489374

45.75853131

62.02282633

48.46276657

42.60643245

5.528787583

0.988123699

RZ

0.98712567

0

0

0

0

0.491078634

0.988025649

4.2. Tuning of hyperparameters of e-SVR-UT model

Since the e-SVR-UT predictions are more in line with the experimentally obtained results, the
&-SVR model is taken up for refinement and improvement by tuning its hyperparameters C, €, and
the Kernel function using GridSearch CV. The tuned hyperparameters are C: [0.1, 1, 10, 100], &:
[0.01, 0.1, 0.5, 0.9], and kernel: [linear, polynomial, rbf, sigmoid]. The best results are obtained
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when C = 0.1, € = 0.01, kernel = linear. The predicted values by e-SVR Tuned (¢-SVR-T) for
the testing data are also entered in Table 2, and the performance metrics for it are in Table 3. One
can see that the predicted values by the e-SVR-T model are the closest, with an MSE of
0.000001638, a MAPE of 0.988123699, and an R? value of 0.988025649, which is the best
performance as compared to all the other models.

4.3. Validation and confirmation

Usgaonkar and Prabhu Gaonkar [32] conducted experiments to validate and confirm the
predicted results of the Taguchi LR model of the selected case study. The same experimental
readings have been taken here for the validation of the e-SVR-T model, as shown in Table 4.

Table 4. Validation experiments taken [32] from for the validation of the e-SVR-T model

Ra Ra predicted
Sr.No. | CF | GWS | GWG | DOC | WS Expt. | Taguchi LR | £-SVR T
1 1 1500 46 10 10 | 0.126 0.128 0.128
2 2 | 3000 60 20 15 | 0.055 0.058 0.056
3 1 | 3000 60 20 15 | 0.102 0.102 0.103
4 2 | 1500 60 10 10 | 0.114 0.113 0.114
5 1 1500 60 10 10 | 0.147 0.147 0.149
6 2 | 3000 60 10 10 | 0.073 0.073 0.073
7 1 | 3000 60 10 10 | 0.138 0.138 0.139

It is clear that the predictions of the e-SVR-T model align more closely with the experimental
values compared to those predicted by the Taguchi LR. The e-SVR-T model demonstrates
superior predictive performance compared to the Taguchi LR model. This is also evident from the
performance metrics MSE, MAPE, and R? values, which have been calculated and shown in
Table 5.

Table 5. Table showing the computed performance metrics
Taguchi LR &-SVR-T
MSE | 0.000003437 | 0.000002647
MAPE | 2.13143147 | 1.684506892
R? 0.997993552 | 0.998597607

The MSE for the predictions of the e-SVR-T model is 0.000002647, which is less than the
MSE of the Taguchi LR model, whose value is 0.000003437. This is also depicted graphically as
shown in Fig. 5.

0.0000035 -| 0.0000034 I Taguchi LR

0.0000030

0.0000026

0.0000625 -
W ¢ 20
W £.0000020
=

0.0000015

0.0000010

0.0000005 A

0.0000000 -
Taguchi LR  SVR-T

Fig. 5. Graphical representation of MSE of Taguchi LR and e-SVR-T model
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4.4. Developing a GUI for the e-SVR-T model

A GUI is modeled based on the e-SVR-T model for the easy depiction of Ra predictions for
settings as per the choice of the machinist. The picture of the GUI is shown in Fig. 6.

i 1

GWSRPM: 1500

CWG: 46

DOC 10

WS 10
| Predict |

Prediction: 0.13
Fig. 6. GUI based on the e-SVR-T model

5. Observations

The following observations are drawn from this study.

1) It is found that the ML model e-SVR is performing better for prediction than the remaining
four ML models with MSE = 0.000088688, MAPE = 5.528787583, R? = 0.491078634.

2) The e-SVR model is further refined by tuning its hyperparameters C, €, and the Kernel
function using GridSearch CV. The best results are obtained when C = 0.1, € = 0.01, kernel =
linear, and the testing results indicate the values of MSE = 0.000001638, MAPE = 0.988123699,
R? = 0.988025649, showing considerable improvement in predictions by the model as compared
to the other ML models and also with the Taguchi LR model proposed by the selected study.

3) The e-SVR-T model is also tested with validation experiments of the selected study, the
results of which show that the predicted outcomes of the suggested e-SVR-T model are better,
with MSE = 0.000002647, MAPE = 1.684506892, R? = 0.998597607, as compared to the
Taguchi LR model, which has MSE= 0.000003437, MAPE=2.13143147, R? = 0.997993552.

6. Conclusions

The study undertook the predictive modeling of Ra obtained from the experimental study of
the surface grinding using ML algorithms, namely LR, DT, RF, e-SVR, and KNN, and compared
their performance. The e-SVR ML model outperformed the other four models in predictions. A
GUI is modeled based on the e-SVR-T model for the easy predictions of Ra, which will help the
machinist to have an early idea of the output response Ra before actually conducting the grinding
process. The study also revealed that ML algorithms can be effectively used for developing the
machining output response prediction models for important machining operations like surface
grinding, and it could be extended to other machining operations as well.
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