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1. Introduction 

The surface integrity of a manufactured component 

is fundamental to its long-term operational performance and 

service life. The quality of the finished surface profoundly 

influences several crucial material properties, notably wear 

resistance, corrosion susceptibility, and fatigue strength [1, 

2]. Among the quantitative parameters used to characterize 

this finish, surface roughness (Ra) stands as the most glob-

ally established and critical metric for evaluating machining 

quality and verifying strict dimensional compliance [3]. 

The material under investigation, Stellite 6, is a co-

balt-based superalloy frequently deployed across challeng-

ing industrial sectors, including aerospace, power genera-

tion, and petrochemical industries. This utilization stems 

from its exceptional resistance to elevated temperatures, 

chemical corrosion, and severe abrasion [4]. However, the 

very mechanical attributes that ensure its superior reliabil-

ity, specifically its high intrinsic hardness and thermal sta-

bility. The ensuing high cutting-zone temperatures, acceler-

ated tool deterioration, and poor chip formation often result 

in undesirable and inconsistent surface finishes during 

standard turning operations [5]. Consequently, the accurate 

control and prior prediction of Ra during the machining of 

Stellite 6 presents a notable manufacturing challenge. 

Traditional methodologies used to model the rela-

tionship between machining inputs (e.g., cutting speed, feed 

rate, depth of cut) and the resulting Ra have historically re-

lied upon simple empirical equations or linear regression 

methodologies. These approaches are generally inadequate 

for capturing the intricate, non-linear dependencies and 

multi-variable interactions that characterize the turning pro-

cess of superalloys [6]. To circumvent these inherent limi-

tations, advanced data-driven methodologies, specifically 

Machine Learning (ML) techniques, have emerged as pow-

erful alternatives capable of modeling complex input-output 

relationships with enhanced fidelity [7]. 

Arvind and Periyarsamy [8] focused on enhancing 

the surface grinding inputs for AISI 1035 steel, specifically 

examining the impact of grinding wheel abrasive grain size, 

depth of cut (DOC), and feed rate. Their methodology inte-

grated two distinct modeling approaches: the Taguchi 

method and Response Surface Methodology (RSM). The 

primary response variables under consideration were the 

roughness metrics Ra and Rz. Their comparative findings 

postulated that RSM offered marginally superior optimiza-

tion capability over the Taguchi method, particularly when 

small variations in the operative parameters were intro-

duced. 

Mane, S. et al. explored the use of predictive mod-

eling techniques to improve the hard turning of AISI 52100 

steel under minimum quantity lubrication conditions. Their 

work focused on estimating surface roughness and cutting 

temperature by applying Response Surface Methodology 

alongside Artificial Neural Networks. 

The analysis showed that both methods are capable 

of accurately describing the process behavior; however, the 

ANN approach provided marginally better prediction accu-

racy. In addition, the study identified a set of cutting param-

eters that make it possible to achieve a smoother surface fin-

ish while effectively controlling heat generation during ma-

chining [9]. 

Bagci, E. and Işık, B. investigated surface rough-

ness behavior during the turning of unidirectional glass fi-

bre–reinforced plastic (GFRP) composites. In their study, 

cutting speed, feed rate, and depth of cut were systemati-

cally varied while machining was performed using cermet 

cutting tools. 

The primary objective was to develop reliable pre-

dictive models for surface quality by applying two different 

computational approaches: Response Surface methodology 

(RSM) and Artificial Neural Networks (ANNs). The out-

comes demonstrated that robust models could be established 

to effectively predict the surface finish of the machined 

components [10]. 

Saidi, R. et al. in their research optimized the turn-

ing process for the Stellite 6 (Co-Cr-Mo) superalloy to 

achieve minimal insert flank wear and surface roughness 

(Ra). The experiments were structured using a Taguchi L18 

design, and Response Surface Methodology (RSM) was em-

ployed to develop predictive mathematical models based on 

four key factors (tool nose radius, feed rate, cutting depth, 

and cutting speed). The resulting RSM models were highly 

accurate, with low maximum prediction errors (13.82% for 

wear, 10.90% for Ra), successfully identifying the optimal 

parameter combination for achieving the best balance of 

tool longevity and part quality [11]. 

Tibakh, I. et al. optimized the dry face milling of 

Polyoxymethylene Co-polymer (POM C) to enhance sur-

face quality (Ra) and productivity (MRR). The study com-
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pared predictive models from response surface methodol-

ogy (RSM) and support vector machine (SVM), validated 

by ANOVA. The highly accurate SVM models were then 

used with a genetic algorithm (GA) to determine the optimal 

cutting parameters for minimizing roughness and maximiz-

ing productivity [12]. 

Saidi, R. et al. developed and validated Artificial 

Neural Networks (ANNs) to predict the three cutting force 

components (Fx, Fy, Fz) during the turning of the superalloy 

Stellite 6. The models used four machining parameters (tool 

nose radius, cutting speed, feed rate, cutting depth) as inputs 

and demonstrated high predictive accuracy based on low er-

ror metrics (RMSE, MAPE, MAD). This confirms the po-

tential of ANNs for real-time process control [13]. 

In a related study, Kishore et al. [14] investigated 

the grinding performance of Inconel 625, analyzing the re-

sults across three lubrication conditions: dry, wet, and Min-

imum Quantity Lubrication (MQL). Their analysis concen-

trated on two key performance indicators: tangential forces 

and resultant surface roughness. The study employed a dual-

modeling strategy, utilizing both RSM and a set of four dis-

tinct machine learning (ML) architectures: MultiLayer Per-

ceptron (MLP), k-Nearest Neighbors (KNN), and Support 

Vector Machine (SVM) featuring two different kernel func-

tions. In terms of predictive accuracy, the research con-

cluded that the KNN model provided a more robust predic-

tion of surface roughness compared to the other evaluated 

ML models. Furthermore, the MQL technique was empiri-

cally shown to yield the most favorable Ra values among 

the tested lubrication environments. 

Prashanth et al. [15] assessed the predictive capa-

bilities of several machine learning algorithms for modeling 

the grinding process of Inconel 751. Their methodology in-

volved training models: specifically Support Vector Regres-

sion (SVR), Gaussian Process Regression (GPR), and a 

boosted tree ensemble technique to forecast multiple pro-

cess responses, including tangential grinding forces, normal 

grinding forces, temperature, and surface roughness (Ra). 

The input variables for the models comprised cutting veloc-

ity, depth of cut, feed rate, and ambient environmental con-

ditions. The authors ultimately determined that the GPR al-

gorithm achieved superior predictive accuracy compared to 

the other evaluated ML models in this particular application. 

Reddy et al. [16] focused on developing predictive 

models for Ra using a full factorial design executed on a 

CNC Lathe with a Carbide tool. They contrasted the perfor-

mance of a second-order multiple regression model against 

an Artificial Neural Network (ANN). Their results demon-

strated a clear advantage for the ANN model, which exhib-

ited superior predictive capability over the traditional mul-

tiple regression technique. 

Dubey et al. [17] explored the effect of nanofluids 

during the turning of AISI 304 steel. Their experimental de-

sign, based on RSM, aimed to predict Ra as a function of 

conventional cutting parameters (cutting speed, DOC, feed 

rate) supplemented by a non-conventional parameter: 

n8anoparticle concentration. They employed Minimum 

Quantity Lubrication (MQL) utilizing carrier fluid (CF) en-

riched with alumina nanoparticles (with average sizes of 30 

nm and 40 nm).  

Previous studies have investigated surface rough-

ness (Ra) prediction using various machine-learning (ML) 

techniques for different materials and machining conditions. 

However, a systematic comparison of multiple ML regres-

sion models for Stellite 6 turning under identical experi-

mental conditions remains limited. 

This study aims to evaluate and compare four ML 

models, namely ANN-MLP, ANN-RBF, Random Forest 

(RF), and Support Vector Regression (SVR), using a com-

mon dataset obtained from 27 Stellite 6 turning experiments. 

A unified modeling framework with hyperparameter opti-

mization was applied to ensure a fair comparison based on 

R², RMSE, and MAE performance indicators. The experi-

mental data were processed in a Python environment for 

model development, training, and validation. The objective 

is not to introduce a new ML algorithm, but to identify the 

most suitable predictive approach for estimating surface 

roughness and analyzing the nonlinear relationship between 

cutting parameters (tool nose radius, cutting speed, feed 

rate, and depth of cut) and Ra.  

 The results highlight the effectiveness of ML ap-

proaches, particularly the Random Forest model, for Ra pre-

diction in Stellite 6 turning. However, considering the lim-

ited dataset size, further validation using larger datasets and 

industrial-scale applications is required to confirm the gen-

eralization capability of the developed models. 

2. Experimental Framework 

The material selected for the machining investiga-

tion was the cobalt-based alloy Stellite 6, which exhibited 

an average hardness of 41 HRC. The alloy's complex chem-

ical composition consists of 28.25% Chromium, 3.74 % 

Tungsten, 1.17% Molybdenum, 1.11% Carbon, 1.89% Iron, 

2.32 % Nickel, 0.57% Manganese, (e.g.1.20 % Silicium, 

0.004 % Phosphorus), 0.001% Sulfur, and the remaining 

balance being of Cobalt. 

The experimental phase focused on straight turning 

operations performed on three separate workpieces. To sys-

tematically test the variables of the adopted experimental 

design, each component was carefully subdivided into dis-

tinct testing zones using machined grooves (Fig. 1). The in-

vestigation systematically varied the key cutting parame-

ters: the tool nose radius (r), the cutting speed (V), the feed 

rate (f), and the cutting depth (d). The specific combinations 

of these parameters (factors and levels) are detailed in Ta-

ble 1.  

Machining operations were performed on a 

SN 40C lathe manufactured by the Czech company "TOS 

TRENCIN," which is characterized by a 6.6 kW spindle 

power. Furthermore, the specific chemical composition of 

the workpiece material, the Co-Cr-Mo alloy Stellite 6, in-

cluding the precise percentages of each constituent element, 

is detailed in Table 1. 

The selected turning input parameters were tool 

nose radius, cutting speed, feed rate, and depth of cut, while 

surface roughness (Ra) was considered as the response var-

iable. The experimental investigation was conducted ac-

cording to a Taguchi L27 orthogonal array design, involving 

four factors at three levels, resulting in a total of 27 experi-

ments as presented in Table 2. The experimental program 

specifically varied the tool nose radius (r) across three dis-

tinct values: 0.2 mm, 0.4 mm, and 0.8 mm. These radii were 

selected for their suitability in turning the Co-Cr-Mo alloy 

Stellite 6. PVD coated tungsten carbide inserts with PVD 

(Ti, Al) N2 (CNGG type, SGF geometry and 1105 nuance) 

were selected for machining. Synthetic conventional oil 
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(20%) was used for cutting fluid. The turning process was 

based on the geometry of SANDVIK ISO Type CNGG and 

SGF 1105, which resulted in a better overall wear resistance. 

The tool holder is PCLNR 2020 K. Their geometry of the 

active part, as shown in Fig. 1, is the same for the following 

angles: cutting edge angle (χr = +95°), inclination angle 

(λ = −6°), rake angle (γ = −6°), and clearance angle (α = 0°), 

respectively.  

Surface roughness (Ra) was measured using a Mi-

tutoyo Surftest SJ-201P equipped with a 2 μm diamond sty-

lus. Measurements were performed along the feed direction 

using a 0.8 mm cut-off length, a 4 mm evaluation length (5 

cut-offs), and a traverse speed of 0.5 mm/s with a Gaussian 

filter according to ISO 4287. Three traces were recorded at 

uniformly distributed positions (120° apart) on each ma-

chined surface, and the reported Ra value corresponds to 

their average. The instrument was calibrated before each test 

using a certified reference standard, with a repeatability of 

±0.02 µm and an overall uncertainty of ±5%. 

3. Machine Learning Algorithms 

The accurate prediction of surface roughness (Ra) 

in precision machining is a critical application for data-

driven methods. To effectively model the complex, non-lin-

ear relationship between input cutting parameters and the 

resulting surface finish, this study utilizes and compares 

three prominent Machine Learning (ML) regression algo-

rithms. These include the Support Vector Regression 

(SVR), known for its ability to define decision boundaries 

with maximum margin and handle high-dimensional data; 

the Artificial Neural Network (ANN), leveraged for its deep 

pattern recognition capabilities and powerful non-linear 

mapping; and the Random Forest, valued for its ensemble 

approach that mitigates overfitting and enhances robustness. 

A comparative assessment across these methods allows us 

to determine the most effective predictive strategy for 

roughness estimation in the experimental setup. 

3.1. Mathematical formulation of support vector regression 

Support Vector Regression (SVR) represents the 

direct adaptation of the established Support Vector Machine 

(SVM) algorithm for addressing continuous regression 

tasks, and it has been widely applied in solving complex 

forecasting problems. Mechanistically, SVR operates by 

mapping the input data into a high-dimensional feature 

space using designated kernel functions, where it then con-

structs an optimal hyperplane. A significant attribute of 

SVR is its intrinsic robustness against overfitting, achieved 

by minimizing the margin errors within a specified tolerance 

(epsilon-insensitivity loss function), thereby promoting ex-

cellent generalization performance on unseen data [18].  

The Support Vector Regression (SVR) model is an 

extension of the foundational Support Vector Machine 

(SVM) algorithm, specifically tailored for continuous value 

prediction tasks, and has demonstrated broad utility in com-

plex forecasting applications [19].  

Support Vector Regression (SVR) stands as a pow-

erful adaptation of Support Vector Machines (SVM) specif-

ically tailored for regression tasks. Unlike traditional meth-

ods that minimize squared errors, SVR focuses on finding a 

function that deviates from the true targets by a margin, , 
while keeping the model's complexity low. This approach  

Table 1  

Levels and cutting conditions values 

Level Factors 

 r, mm V, m/min f, mm/rev d, mm 

1 0.2 30 0.08 0.15 

2 0.4 55 0.12 0.30 

3 0.8 80 0.16 0.45 

Table 2 

Experimental results of surface roughness when varying 

cutting conditions 

Trail 

No. 

Inputs Outputs 

r, mm V, m/min f, mm/rev d, mm Ra, µm 

1 0.2 30 0.08 0.15 0.98 

2 0.2 30 0.08 0.30 0.95 

3 0.2 30 0.08 0.45 1.04 

4 0.2 55 0.12 0.15 1.91 

5 0.2 55 0.12 0.30 1.78 

6 0.2 55 0.12 0.45 1.42 

7 0.2 80 0.16 0.15 2.65 

8 0.2 80 0.16 0.30 2.10 

9 0.2 80 0.16 0.45 2.28 

10 0.4 30 0.12 0.15 1.10 

11 0.4 30 0.12 0.30 1.25 

12 0.4 30 0.12 0.45 1.18 

13 0.4 55 0.16 0.15 1.70 

14 0.4 55 0.16 0.30 1.83 

15 0.4 55 0.16 0.45 1.60 

16 0.4 80 0.08 0.15 0.53 

17 0.4 80 0.08 0.30 0.68 

18 0.4 80 0.08 0.45 0.60 

19 0.8 30 0.16 0.15 1.30 

20 0.8 30 0.16 0.30 1.12 

21 0.8 30 0.16 0.45 1.10 

22 0.8 55 0.08 0.15 0.53 

23 0.8 55 0.08 0.30 0.36 

24 0.8 55 0.08 0.45 0.46 

25 0.8 80 0.12 0.15 0.91 

26 0.8 80 0.12 0.30 0.64 

27 0.8 80 0.12 0.45 0.72 

 

defines a band of tolerance, known as the -insensitive tube, 

effectively ignoring errors that fall within this band. 

The underlying regression function is formally 

defined as: 

 ( ) Tf x w x b=  + , (1) 

where w is the vector of weights and b is the bias term. The 

model's complexity, often equated to its flatness or inverse 

regularization, is measured by the magnitude of w2
. 

3.1.1. Epsilon support vector regression  

The goal of Epsilon Support Vector Regression (-
SVR) is to find a regression function f(x) such that the error 

between f(x) and the training data y is less than ϵ for the ma-

jority of data points, while keeping w as small as possible 

(to regularize the model). Errors greater than  are penalized 

by the slack variables i (for overestimation) and i
*
 (for un-

derestimation). 
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Fig. 1 Experimental design diagram: workpiece, tool geometry, acquisition system and machine learning regression 

The Primal Optimization Problem 

The optimization seeks to minimize the model's 

regularization term plus the weighted penalty for errors out-

side the -tube: 

( )2

1

1

2
*

m
*

i iw,b, ,
i

min w C
 

 
=

+ + , (2) 

Subject to the constraints: 

for all data points i = 1, …, m (error on the positive side) 

 ( )T

i i iy w x b  −  +  + , (3) 

for all data points i = 1, …, m (error on the negative side) 

 ( )T *

i i iw x b y   + −  + , (4) 

the slack variables must be non-negative 

 0 0*

i i,   . (5) 

Here:  

C  0 is the regularization parameter, controlling the pen-

alty cost for points outside the tube ;  

  0 is the fixed width of the insensitive tube (margin) ; 

i and i
*
 are the slack variables that measure the extent to 

which a point lies outside the -tube. 

The Dual Optimization Problem 

By applying Lagrange multipliers, we transform 

this into the dual problem, which is far easier to solve com-

putationally 

 

( )( ) ( )

( ) ( )

1 1

1 1

1

2
*

m m
* *

i i j j i j,
i j

m m
* *

i i i i
i i

min K x ,x

.

 
   

    

= =

= =

+ + +

+ + − −



   (6) 

Subject to the constraints: 

( )
1

0
m

*

i i
i

 
=

− = , (7) 

where 0  i, i  C. 
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K (xi, xj) is the kernel function. The weight vector 

w is implicitly defined by the solution of the dual problem: 

( )
1

m
*

i i i
i

w x 
=

= −  . (8) 

Data points xi for which (i
* − i)  0 are the support vec-

tors. 

3.1.2. Nu support vector regression 

The Nu Support Vector Regression (-SVR) vari-

ant introduces the parameter  in place of a fixed . The crit-

ical distinction is that  (where   (0, 1]) directly controls 

an upper bound on the fraction of training errors and a lower 

bound on the fraction of support vectors. Importantly, the 

margin of insensitivity, , is no longer a fixed hyperparam-

eter but is instead treated as an optimization variable within 

the formulation. 

The Primal Optimization Problem 

 ( )2

1

1 1

2
*

m
*

i iw,b, , ,
i

min w C
m  

  
=

 
+ + + 

 
 . (9) 

Subject to the constraints: 

 

( )

( )

,

,

0, 0,

0,

T

i i i

T *

i i i

*

i i

y w x b

w x b y

 

 

 



−  +  +

 + −  +

 

  (10) 

where:   (0, 1] is the parameter that sets the desired frac-

tion of support vectors and bounds the fraction of errors;  
is the width of the insensitive tube, now optimized by the 

solver. 

3.1.3. Kernel functions 

The kernel function K (xi, xj) is the core element of 

the Kernel Trick. It allows the SVR model to implicitly map 

the input data into a higher-dimensional feature space where 

non-linear relationships can become linear, without ever ex-

plicitly calculating the coordinates in that space. 

Linear Kernel 

The linear kernel is the simplest form, representing 

the dot product of the input features. It is typically used 

when the underlying relationship between variables is al-

ready expected to be linear 

 ( ) T

i j i jK x ,x x x= . (11) 

Radial Basis Function (RBF) Kernel 

The RBF kernel, often referred to as the Gaussian 

kernel, is the most popular choice for non-linear SVR. It im-

plicitly maps the data into an infinite-dimensional space, ef-

fectively allowing the decision boundary to be arbitrarily 

complex 

 ( ) ( )2

i j i jK x ,x exp x x= − − , (12) 

where   0 is a critical parameter that dictates the influence 

of a single training example; a small  results in a wider in-

fluence, while a large  results in a narrow, highly localized 

influence. 

3.2. Random Forest Regressor (RFR) 

The Random Forest (RF) algorithm, shown in 

Fig. 2, is a supervised learning technique widely used for 

both classification and regression tasks. Its strength lies in 

the principle of ensemble learning, where multiple decision 

trees are generated using different samples of the original 

dataset. Each tree provides its own prediction, and the final 

output is obtained by aggregating these individual results, 

either through majority voting or averaging, depending on 

the problem type. By combining several diverse trees in-

stead of relying on a single model, RF effectively reduces 

overfitting, captures complex relationships within the data, 

and delivers more stable and accurate predictions. This col-

lective decision-making process is what makes RF one of 

the most reliable and versatile algorithms in machine learn-

ing. 

 

Fig 2. Illustration of Random Forest algorithm 

3.3. Artificial neural networks models – MLP and RBF 

Artificial Neural Networks (ANNs) position them-

selves as a powerful and direct alternative to traditional sta-

tistical analysis methods [20]. They can easily replace tech-

niques such as autocorrelation, linear or multivariable re-

gression, and other trigonometric or statistical analysis 

tools. The main appeal of neural networks lies in their ex-

ceptional ability to derive a general and reliable solution 

even when dealing with complex, noisy, or imprecise da-

tasets. This unique characteristic allows them to probe raw 

information to detect and extract underlying patterns and 

trends that would be far too complex to be perceived by hu-

man intuition or to be isolated by conventional computing 

techniques. They thus excel where classic analyses reach 

their limits. 

The study of neural networks encompasses a di-

verse family of computational models. For addressing ubiq-

uitous machine learning challenges, particularly classifica-

tion and regression, specific architectures have become 

standard academic tools. Among the most popular and fre-

quently cited in literature are the Multi-Layer Perceptron 

(MLP) and the Radial Basis Function (RBF) network [21, 
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22]. Reflecting this widespread application and utility, both 

the MLP and RBF architectures were selected and imple-

mented as core components of the current research method-

ology. 

3.3.1. Multi-layer perceptron model 

The Multi-Layer Perceptron (MLP) is recognized 

as one of the most versatile and influential network archi-

tectures within the neural network domain. Due to its ro-

bustness and proven efficacy, the MLP model has become a 

foundational tool that dominates research across a multitude 

of disciplines. Its applications span from critical fields like 

medicine and engineering to fundamental areas such as ad-

vanced mathematical modeling and theoretical computa-

tions. 

MLP networks consist of an input layer, one or 

more hidden layers and an output layer. The output of the 

network is determined by the activation of the units in the 

output layer as follows: 

 ( )0 0h hh
x f x w=  , (13) 

where f () is activation function, xh is activation of the hid-

den layer node and wh0 is the interconnection between the 

hidden layer node and the output layer node. The most used 

activation function is the sigmoid and it is given as follows: 

 
( )

0

0

1

1 h hh

x
exp x w

=
+ − 

. (14) 

The activation level of the nodes in the hidden layer is de-

termined in a similar fashion. 

3.3.2. Radial basis function model 

The Radial Basis Function (RBF) neural network 

operates fundamentally within the supervised learning 

framework. Developed independently by various research 

groups, RBF networks are widely utilized as a popular and 

highly efficient alternative to the Multi-Layer Perceptron 

(MLP) architecture (Fig. 3).  

A core advantage is their notable proficiency in 

modeling complex, nonlinear data. Furthermore, RBF net-

works offer a compelling training efficiency: they can often 

be trained in a single, non-iterative stage, which stands in 

contrast to the multi-step, iterative process required by 

MLPs. This characteristic enables RBF models to rapidly 

learn and adapt to a given application [23].  

The output of the network is derived from [24] 

 ( ) ( ) 0
1

M

k kj j k
j

y x w x w
=

=  + , (15) 

where M is the number of basis functions, x the input data 

vector, wkj represents a weighted connection between the ba-

sis function and output layer and j is the nonlinear function 

of unit j, which is typically a Gaussian of the form 

 ( )

2

22

j

j

j

x
x exp






 −
 = −
 
 

. (16) 

 

Fig. 3 MLP and RBF neural network structure used in the 

study 

Here x and  are the input and the center of RBF unit re-

spectively. j is the spread of the Gaussian basis function 

[24]. 

4. Performance Metrics 

The application of multiple performance metrics is 

essential when comparing models like the Support Vector 

Regression (SVR), Artificial Neural Networks (ANN), and 

Random Forest. Since these algorithms operate on funda-

mentally different principles: SVR uses maximum margin 

principles, ANN uses complex non-linear hidden layers, and 

Random Forest uses ensemble decision trees. A single met-

ric is insufficient to declare a definitive "best" model.  

In this study, three metrics are used to compare 

model performance based on different aspects of error and 

fit: To rigorously assess the predictive capabilities of the 

models developed for estimating the surface roughness 

(Ra), three distinct performance metrics were employed. 

 The accuracy and generalization of each model were veri-

fied by evaluating the Mean Square Error (MAE), the Root 

Mean Square Error (RMSE), and the Coefficient of Deter-

mination (R2).  

4.1. Mean absolute error  

The Mean Absolute Error (MAE) is a fundamental 

metric for evaluating regression model performance. It 

quantifies the average magnitude of error by calculating the 

arithmetic mean of the absolute differences between the 

model’s predicted outcomes and the actual observed data 

points. MAE is highly interpretable because it measures er-

ror linearly, ensuring that a value closer to zero signifies 

greater model accuracy and precision 

 
1

1 N

i. exp i. pred
i

MAE y y
N =

= − , (17) 

where N is the experiments number, yi.pred and yi.exp are the 

predicted and experimental values of the i-th experiment, re-

spectively.  

4.2. Root mean square error 

The Root Mean Square Error (RMSE) is closely re-

lated to another statistical measure: the standard deviation 

of the residuals. In essence, residuals are simply the vertical 

distances measured between the actual data points and the 

regression line (the "best-fit" line). The RMSE itself is an 

indicator of the distribution of these residuals, effectively 

showing how concentrated the data points are around that 

best-fit line. A more intuitive way to think about it is that 
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RMSE illustrates how well the line fits the data. Calcula-

tion-wise, the RMSE is derived by taking the square root of 

the average of the squared differences between your ob-

served (actual) values and the model's predicted values 

 

( )
2

1

N

i. exp i. pred
i

y y

RMSE
N

=

−

=


, (18) 

where N is the experiments number, yi.pred and yi.exp are the 

predicted and experimental values of the i-th experiment, re-

spectively. 

4.3. Coefficient of determination 

The Coefficient of Determination (R2) is an essen-

tial statistical measure that indicates how well a regression 

model fits the observed data. It quantifies the proportion of 

the variance in the target variable that the model is able to 

explain. R2 is specific to the dataset used and cannot be com-

pared across different data sets. The maximum value is 1.0 

(a perfect fit), and 0.0 means the model is no better than 

simply predicting the mean. In rare instances, R2 can be neg-

ative, which signifies that the model performs worse than 

the baseline mean prediction 
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= −

−




, (19) 

where N is the experiments number, yi.pred and yi.exp are the 

predicted and experimental values of the i-th experiment, re-

spectively, and yi.average is the average value.  

4.5. Mean squared error  

The Mean Squared Error (MSE) is defined as the 

average of the squared differences between the predicted 

values (yi.pred) and the actual true values (yi.exp), where N is 

the total number of data points 

 ( )
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1 N
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MSE y y
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= − . (20) 

5. ML Models Implementation 

To execute this study, Python has been utilized as 

the primary programming language. Python is a high-level, 

interpreted, and object-oriented programming language 

with dynamic semantics. 

Python truly stands out due to its remarkably ex-

tensive standard library. This robust, built-in resource offers 

countless modules with customizable functionalities, allow-

ing developers to save substantial time and effort by elimi-

nating the need to write fundamental code repeatedly. Be-

yond the standard library, Python is supported by a rich eco-

system of specialized libraries and frameworks.  

These ready-made packages are particularly effec-

tive for simplifying the complex implementation of Artifi-

cial Intelligence (AI) and Machine Learning (ML) algo-

rithms, providing elegant, pre-written solutions for a wide 

range of common programming tasks. Python offers a wide 

variety of libraries for artificial intelligence and machine 

learning: 

• Keras, TensorFlow, and Scikit-learn for machine 

learning;  

• NumPy for high-performance scientific computing 

and data analysis;  

• SciPy for advanced computing;  

• Pandas for general-purpose data analysis; 

• and Seaborn for data visualization. 

6. Analysis and Discussion 

In this study, we employed three different ML al-

gorithms to develop surface roughness prediction models, 

namely, Random Forest (RF), Support Vector Regression 

(SVR) and Artificial Neural Network (ANN). The complete 

set of hyperparameter values (optimum) is listed in Table 3.  

The available experimental dataset consisted of 27 

Stellite 6 turning trials. The data were randomly divided into 

training (80%) and testing (20%) subsets using a fixed ran-

dom seed to ensure reproducibility. Data scaling was per-

formed using the training set parameters before model train-

ing. Hyperparameter tuning was conducted only on the 

training data to prevent information leakage from the test 

set. All models were developed and evaluated using the ex-

perimental dataset (Table 3 and Table 4). 

The performance of ML models was measured us-

ing MAE, RMSE, and R2. 

6.1. Random forest regressor  

The Random Forest (RF) algorithm, an ensemble 

machine learning method that builds a multitude of decision 

trees to enhance prediction stability and generalization [25]. 

The final prediction is achieved by aggregating the results 

from these trees. 

Following normalization, the data was split into 

training and testing subsets using an 80% to 20% ratio. Hy-

perparameter optimization was performed using grid search 

to ensure optimal performance. 

For the target variable Ra (Surface roughness) and 

the inputs variables (cutting parameters: r, V, f and d), the 

optimal hyperparameters identified were: maximum 

depth = 10, minimum samples split = 2, and number estima-

tors = 50 (Table 3). 

6.2 Support vector regression (SVR) 

The Support Vector Machine (SVM) is a robust 

machine learning algorithm [26]. For implementation, the 

dataset underwent normalization before being rigorously 

partitioned into 80% training and 20% testing subsets. 

Crucially, the SVR model's predictive performance 

was optimized through a systematic grid search procedure, 

which identified different optimal hyperparameter sets for 

the two SVR-type, Epsilon-SVR and Nu-SVR and two type 

of kernel, linear and RBF for the target (Ra) and inputs var-

iables (cutting parameters): 

• For the Epsilon-SVR: The optimal configuration was 

determined to be kernel = RBF, C = 10, gamma = 0.01 

and Epsilon = 0.01. 

• For the Nu-SVR, the optimal settings included ker-

nel = RBF, C = 10, gamma = 0.01 and Nu = 0.9. 
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This analysis confirms the nature of the relation-

ship between the input variables and the target variable Ra. 

The enormous performance difference between the RBF 

(non-linear) and Linear (linear) kernels decisively proves 

that the physical relationship between the input parameters 

and Ra is strongly non-linear. 

Linear models are insufficient to capture the com-

plexity of the process. The graphs provide visual confirma-

tion of the numerical results (see Fig. 4 and Fig. 5). 

This graph is the visual evidence for the analysis 

above (Fig. 4). The bars for RBF models are significantly 

higher for R2 and lower for errors than those of Linear mod-

els, proving the non-linear nature of the data (Fig. 4). 

These maps are optimization tools (Fig. 5). The 

darkest color area (minimum MSE) identifies the optimal 

hyperparameter combination. This confirms that optimiza-

tion is critical and the best SVR model results from a precise 

tuning of C (regularization) and Gamma (kernel width). 

 

a b c 

Fig. 4 Comparison of optimal SVR RBF vs Linear Kernel performances (TEST Set): a – Coefficient of Determination (R2); 

b – Mean Absolute Error (MAE); c – Root Mean Squared Error (RMSE) 

 

a b 

Fig. 5 Comparison heatmaps: C vs Gamma SVR (RBF Kernel): a – Epsilon-SVR (Best MSE); b – Nu-SVR (Best MSE) 

6.3. Artificial Neural Network  

Artificial Neural Networks (ANNs) are powerful 

machine learning algorithms built upon a network of inter-

connected artificial neurons. These models excel at pro-

cessing complex data, recognizing intricate patterns, and 

generating meaningful outputs.  

Structurally, the network generally consists of at 

least three parts: an input layer, one or more hidden layers, 

and an output layer. 

In this study, the objective of these models was to 

predict the surface roughness (Ra) based on four primary 

input variables: r (tool nose radius), V (cutting speed), f 

(feed rate), and d (depth of cut). 

Before training, the raw dataset was pre-processed 

via normalization and subsequently partitioned into a stand-

ard 80% (training) and 20% (testing) split. Optimal hyperpa-

rameters were systematically identified using a grid search 

methodology (Table 3). 

Two configurations were used in this model:  

ANN-MLP Model: The ANN-MLP (Multi-Layer 

Perceptron) architecture was configured with two hidden 

layers of sizes (100, 50) neurons. The model utilized the 'ad-

am' solver for weight optimization and the 'Relu' activation 

function. The initial learning rate (Alpha) was set to 0.0001. 

ANN-RBF Model: The ANN-RBF (Radial Basis 

Function Network) model, a distinct architecture, was also 

evaluated. This model's structure was defined by setting the 

number of centers to 10. The Sigma parameter, controlling 

the width of the basis functions, was set to 0.1. The Random 

State was fixed at 42 for reproducible results. 

The comparison of these regression models (ANN-

MLP, SVR, RFR, RBF) is carried out to identify the most 

accurate and reliable algorithm for predicting surface rough-

ness (Ra) on unseen data.  

The evaluation (average of metrics on the test set 

after 5 trials) positions the ANN-MLP as the most success-

ful model in generalization, with the lowest errors (MAE 

0.1490, RMSE 0.1925) and the highest R2 (0.8890).  
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a b c 

Fig. 6 Comparison of optimal ML models performances (TEST Set): a – Coefficient of Determination (R2) ; b – Mean 

Absolute Error (MAE) ; c – Root Mean Squared Error (RMSE) 

The SVR and RFR models follow closely (R2 

around 0.87). The ANN-RBF is the least suitable for this 

application, showing the lowest R2 (0.6769) (see Table 4 and 

Fig. 6). 

Table 3  

Optimum parameters for ML models 

ML 

Models 

Optimum parameters 

RFR Maximum depth: 10, Minimum samples split: 2, 

Number estimators: 50 

ANN-

MLP 

Activation: Relu, Alpha: 0.0001, Hidden layer sizes: 

(100, 50), Solver: adam 

Nu-SVR 
C: 10, Gamma: 0.01, Kernel: RBF, Nu: 0.9 

Epsilon-

SVR C: 10, Epsilon: 0.01, Gamma: 0.01, Kernel: RBF 

ANN-

RBF Number centers: 10, Random State: 42, Sigma: 0.1 

Table 4  

Performance metrics for ML models (5 tests) 

ML models MAE RMSE R2 

ANN-MLP 
0.1490 0.1925 0.8890 

Nu-SVR 
0.1688 0.2066 0.8721 

RFR 
0.1623 0.2066 0.8721 

Epsilon-SVR 
0.1682 0.2073 0.8712 

ANN-RBF 
0.2594 0.3284 0.6769 

6.4. Performance ML models evaluation 

This analysis is based on the performance of five 

distinct regression ML models: Random Forest Regressor 

(RFR), ANN Multi-Layer Perceptron (ANN-MLP), Nu-

SVR, Epsilon-SVR, and ANN Radial Basis Function 

(ANN-RBF) utilized to predict surface roughness (Ra). The 

predictions are based on four key input variables: tool nose 

radius (r), cutting speed (V), feed rate (f), and depth of cut 

(d). 

The systematic comparison of these diverse algo-

rithms is essential to benchmark their efficacy and identify 

the most reliable and accurate predictor for Ra in this spe-

cific application domain. The performance metrics: Mean 

Absolute Error (MAE), Root Mean Squared Error (RMSE), 

and the Coefficient of Determination (R2) are calculated as 

the average performance across 27 rigorous test set evalua-

tions, providing a robust measure of each model's capacity 

for generalization to unseen data. These comprehensive re-

sults are summarized in detailed tables and visualized 

through explanatory histograms (Table 5 and Fig. 7). 

 The RFR and the ANN-MLP models demonstrated 

virtually identical and superior generalization performance. 

Both are confirmed as highly effective and stable choices. 

RFR achieved the highest R2 (0.9394) and the lowest MAE 

(0.1115), meaning it explains nearly 94% of the variance in 

the data and exhibits the smallest average absolute predic-

tion error. ANN-MLP followed extremely closely with an 

R2 of 0.9365 and a MAE of 0.1116 (Table 5). 

Both SVR variants provided strong, but secondary, 

performance with R2 values clustered around 0.89. Their as-

sociated errors (RMSE=0.193) are notably higher than the 

top two models, suggesting they are less precise but still 

highly capable alternatives. 

ANN-RBF model, while statistically strong (R2 of 

0.8907), demonstrated the highest errors (RMSE = 0.1946) 

among the top four contenders, indicating the lowest capac-

ity for accurately capturing the complex relationships for 

this specific application (Table 5). 

Table 4 presents the model performance obtained 

from five train/test evaluation runs, while Table 5 summa-

rizes the prediction performance using the complete experi-

mental dataset (27 trials). The difference in model ranking 

is related to the validation strategy, as ANN-MLP showed 

the best performance during split-based evaluations, 

whereas RFR achieved the highest accuracy when consider-

ing the full dataset evaluation. 

Table 5  

Performance metrics for machine learning models 

(27 tests) 

ML models MAE RMSE R2 

RFR 0.1115 0.1449 0.9394 

ANN-MLP 0.1116 0.1483 0.9365 

Nu-SVR 0.1325 0.1929 0.8926 

Epsilon-SVR 0.1332 0.1932 0.8923 

ANN-RBF 0.1254 0.1946 0.8907 

 

Based on the highest (R2) and the lowest (MAE) 

and (RMSE), the Random Forest Regressor (RFR) is se-

lected as the optimal and most robust model for predicting 

surface roughness (Ra) using the specified input variables. 

This bar chart clearly shows that the RFR and Ep-

silon-SVR (RBF) achieve the highest R2 bars (close to 1.0) 
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and the lowest error bars (MAE and RMSE close to 0), con-

firming their superiority in generalization on unseen data 

(Fig. 7).  

Fig. 9 indicates the black curve (experimental Ra 

values) the real Ra fluctuations across the 27 trials. Pre-

dicted Curves with ML (RFR, Eps-SVR): These curves fol-

low the black curve very closely, even in peaks and troughs, 

demonstrating an exceptional fit. Other Curves: The ANN 

(MLP and RBF) predictions are visible, but they might show 

slight smoothing or greater deviations from the actual peaks, 

indicating a lower capacity to fit local variations (Table 6). 

   

a b c 

Fig. 7 Comparison of ML models performances: a – Coefficient of Determination (R2); b – Mean Absolute Error (MAE); c 

– Root Mean Squared Error (RMSE) 

   
a b c 

  

 

d e  

Fig. 8 Comparison of Experimental Ra vs Predicted ML models Ra: a – Epsilon-SVR (R2 Global: 0.8923); b – Nu-SVR (R2 

Global: 0.8926); c - RFR (R2 Global: 0.9394); d – MLP (R2 Global: 0.9365); e – RBF (R2 Global: 0.8907) 

 

Fig. 9 Experimental Ra vs Predicted ML models Ra 
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Table 6  

Experimental and predicted ML models surface roughness values 

Test Experimental Predited ML models 

 Ra, m Epsilon-SVR Nu-SVR RFR ANN-MLP ANN-RBF 

1 0.98 1.16 1.16 1.16 1.26 1.58 

2 0.95 1.08 1.07 1.10 1.02 1.14 

3 1.04 1.01 1.00 1.02 0.91 0.92 

4 1.91 1.63 1.63 1.87 1.93 1.83 

5 1.78 1.52 1.52 1.67 1.71 1.62 

6 1.42 1.43 1.42 1.47 1.52 1.40 

7 2.65 2.11 2.12 2.35 2.59 2.38 

8 2.1 2.00 2.00 2.09 2.34 2.38 

9 2.28 1.87 1.87 1.96 2.12 2.22 

10 1.1 1.35 1.35 1.28 1.45 1.64 

11 1.25 1.26 1.25 1.18 1.22 1.27 

12 1.18 1.17 1.16 1.17 1.12 1.06 

13 1.7 1.83 1.83 1.54 2.09 1.86 

14 1.83 1.72 1.71 1.48 1.84 1.73 

15 1.6 1.60 1.60 1.47 1.74 1.59 

16 0.53 0.93 0.92 0.68 0.54 0.58 

17 0.68 0.82 0.82 0.67 0.50 0.46 

18 0.6 0.75 0.75 0.68 0.54 0.64 

19 1.3 1.29 1.30 1.25 1.27 1.32 

20 1.12 1.19 1.19 1.15 1.06 1.07 

21 1.1 1.10 1.10 1.16 1.01 1.09 

22 0.53 0.46 0.45 0.61 0.52 0.71 

23 0.36 0.37 0.36 0.54 0.43 0.38 

24 0.46 0.31 0.31 0.57 0.32 0.45 

25 0.91 0.90 0.91 0.88 0.81 0.88 

26 0.64 0.80 0.80 0.73 0.70 0.64 

27 0.72 0.71 0.72 0.77 0.62 0.69 

 

7. Conclusions  

The core finding of this study is the successful ap-

plication of advanced machine learning (ML) methodolo-

gies to reliably predict surface roughness (Ra) during the 

challenging turning of the cobalt-based superalloy, Stellite 

6. By rigorously training and comparing three distinct Py-

thon-based regression ML models: Artificial Neural Net-

works (ANN), Support Vector Regression (SVR), and Ran-

dom Forest Regressor (RFR), on a comprehensive dataset 

derived from 27 turning trials, we have enabled a compara-

tive evaluation of different ML approaches for surface 

roughness prediction in Stellite 6 turning. 

Among the investigated models, the Random For-

est Regressor (RFR) achieved the best predictive perfor-

mance. The RFR model performance was exceptional 

across all statistical benchmarks, registering an impressive 

R2 of 0.9394 and demonstrating minimal prediction errors 

(RMSE of 0.1449 and MAE of 0.1115). This high level of 

accuracy highlights the model's intrinsic capability to suc-

cessfully map the complex, non-linear relationships linking 

cutting parameters (tool nose radius, cutting speed, feed 

rate, and depth of cut) to the final surface finish (Surface 

roughness Ra). 

The ensemble learning strategy inherent in the 

Random Forest proved significantly more robust in manag-

ing the inherent data variability compared to the single-

model SVR. While SVR (particularly the RBF-kernel Epsi-

lon-SVR) offered commendable results, the RFR's approach 

was ultimately more stable and reliable. This outcome 

serves as a strong methodological recommendation that re-

searchers addressing similar high-variability prediction 

tasks in manufacturing should prioritize ensemble modeling 

techniques.  

This research provides a vital, data-driven solution that 

fills a critical gap in manufacturing science. The validated 

RFR model is more than a theoretical finding; it represents 

a ready-to-deploy practical asset capable of enabling in-pro-

cess quality assurance and real-time monitoring. This capa-

bility promises to enhance the reliability and predictability 

of machining operations for high-value components made 

from Stellite 6. 

To build upon this predictive success and translate it 

into comprehensive process control and optimization, future 
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investigations should strategically focus on several key ar-

eas: 

• Incorporating significantly larger and more diverse da-

tasets will be crucial to enhance model generalization, 

boost predictive confidence, and mitigate the risk of 

overfitting to the initial experimental domain. 

• While the RFR excels, future studies should explore 

and benchmark its performance against other advanced 

machine learning architectures (e.g., Gradient Boost-

ing Machines or Deep Learning) to maximize predic-

tive performance. 

• The high-fidelity RFR predictor should be immediately 

employed within multi-objective optimization algo-

rithms (such as Genetic Algorithms) to quickly iden-

tify optimal machining conditions that simultaneously 

minimize surface roughness and maximize productiv-

ity. 

• It is essential to validate the model's resilience and gen-

erality by incorporating a broader spectrum of transient 

operational factors, including complex phenomena 

like tool wear progression and cutting zone tempera-

ture measurements. 

• The current successful methodology should be ex-

tended to predict other critical facets of component in-

tegrity, such as fatigue resistance and corrosion sus-

ceptibility, broadening the impact of ML in material 

performance analysis. 

In conclusion, the results highlight the effective-

ness of ML techniques for predicting surface roughness in 

Stellite 6 turning, with the Random Forest model providing 

the best performance among the investigated approaches. 
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MACHINE LEARNING FOR PREDICTION OF 

SURFACE ROUGHNESS IN STELLITE 6 TURNING: A 

COMPARATIVE STUDY OF ANN, RANDOM FOREST 

AND SUPPORT VECTOR REGRESSION MODELS 

S u m m a r y 

In recent years, the landscape of predictive model-

ing has been significantly transformed by the adoption of 

sophisticated methodologies, collectively known as soft 

computing techniques. The surface condition of a machined 

part plays a crucial role in its overall performance. It can 

significantly affect properties such as wear behavior, re-

sistance to corrosion, and fatigue strength. Among the vari-

ous indicators used to evaluate this finish, surface roughness 

(Ra) remains one of the most important criteria for assessing 

the quality of a machined surface. 

Stellite 6 is a cobalt-based alloy widely employed 

in applications that demand high wear resistance and with-

stand elevated temperatures. While its mechanical strength 

makes it highly reliable in harsh environments, it also makes 

the alloy difficult to machine, particularly when aiming to 

achieve a good surface finish. The problem is framed using 

the Design of Experiments (DOE) to measure the Ra of Stel-

lite 6 turning: a total of 27 experiments were performed. The 

main contribution of this study is the comparison of ANN-

MLP, ANN-RBF, RF, and SVR models for Ra prediction in 

Stellite 6 turning. To better anticipate surface roughness 

during turning, this study investigates the performance of 

several machine learning (ML) models developed in Py-

thon. Three algorithms: Artificial Neural Networks (ANN), 

Random Forests (RF), and Support Vector Regression 

(SVR) were trained using an experimental dataset that in-

cludes tool nose radius, cutting speed, feed rate, and depth 

of cut.  

Model performances were assessed using coeffi-

cient of determination (R²), root mean squared error 

(RMSE), and mean absolute error (MAE) metrics. Among 

the evaluated models, the RF achieved the highest predic-

tion accuracy, followed by ANN and then SVR. The results 

highlight the capability of Python-based machine learning 

approaches to capture the nonlinear relationships between 

cutting parameters and surface roughness. The Random For-

est Regressor (RFR) demonstrates the best ability to predict 

surface roughness (Ra), closely followed by the Epsilon-

SVR using the RBF kernel. RFR is less sensitive to data 

scaling and effectively fits the complex non-linear relation-

ships in the synthetic dataset. 

The results demonstrate the potential of ML mod-

els for surface roughness prediction in Stellite 6 turning. 

However, further validation using larger datasets and indus-

trial applications is needed. 

Keywords: Stellite 6, surface roughness, machine learn-

ing. 
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