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Abstract 

Surface roughness is a critical indicator of machining quality that 

directly affects product performance and service life. However, 

most existing prediction studies focus on single-material 
machining and rely on a single predictive model, limiting their 

effectiveness in real industrial environments where multiple 

materials are commonly processed. To address this gap, this study 

proposes an intelligent multimodel system for surface roughness 

prediction in CNC turning of multiple materials. The experimental 

investigation was carried out using two commonly applied steels, 

ST41 and S45C, with 81 machining trials performed for each 

material. Vibration signals were recorded using a three-axis 

accelerometer and combined with machining parameters 

consisting of feed rate, spindle speed, and depth of cut. The 

acquired signals were analyzed in both time and frequency 
domains through Fourier transformation, resulting in the extraction 

of eighteen vibration-related features that were normalized and 

used as model inputs. Three prediction techniques, namely 

Multiple Linear Regression, Support Vector Regression, and 

Artificial Neural Networks, were developed and integrated within 

the proposed system. System performance was evaluated using 

Mean Absolute Percentage Error (MAPE) and statistically 

analyzed through one-way ANOVA and Tukey post-hoc tests. The 

results demonstrate that the ANN model consistently achieved the 

highest prediction accuracy, with MAPE values of 2.81% for 

S45C, 4.72% for ST41, and 4.42% for the combined-material 
dataset, outperforming the Regression and SVR models. These 

results confirm that the proposed intelligent multimodel system 

provides a robust, accurate, and practical solution for vibration-

based surface roughness prediction in CNC turning of multiple 

materials. 
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1 Introduction 
In modern manufacturing industries, machining quality is a 

decisive factor in determining product performance, service life, and 
operational reliability [1]. Among various quality indicators, surface 
roughness is particularly important because it directly influences 
mechanical strength, friction behavior, fatigue resistance, and the 
functional performance of machined components [2]. In CNC 
turning operations, inadequate control of surface roughness can lead 
to product defects, increased production costs, and reduced process 
efficiency [3]. Therefore, the development of reliable surface 
roughness prediction systems has become an essential objective for 

improving quality assurance and decision-making in CNC 
machining environments. 

Recent research has increasingly focused on predicting surface 
roughness in CNC turning through the use of sensor-based 
monitoring and data-driven modeling techniques [4]. Vibration 
signals acquired using accelerometers are widely recognized as 
effective indicators of tool–workpiece interactions and cutting 
dynamics. These signals are typically processed and analyzed using 
statistical or machine learning models to estimate surface roughness 
[5][6]. Regression-based approaches have been applied due to their 
simplicity, while more advanced techniques such as Support Vector 
Regression and Artificial Neural Networks have demonstrated 
improved capability in capturing nonlinear machining behavior 
[7][8]. 

Despite these advances, a careful review of existing studies 
reveals several important limitations. Most surface roughness 
prediction methods are developed for single material machining, 
which restricts their applicability in industrial environments where 
multiple materials are routinely processed. In addition, many studies 
rely on a single prediction model, reducing robustness when 
machining conditions or material properties vary [9][10]. These 
limitations highlight the absence of an integrated multimodel system 
capable of delivering reliable surface roughness prediction across 
multiple materials in practical CNC turning applications. 

To overcome these challenges, this study proposes an intelligent 
multimodel system for surface roughness prediction in CNC turning 
of multiple materials. In this study, the term “multimodel” explicitly 
refers to the integration and systematic comparison of three 
predictive models, namely Multiple Linear Regression, Support 
Vector Regression, and Artificial Neural Network. The proposed 
system is designed to evaluate and compare the predictive 
performance of these models under identical machining and signal 
conditions, thereby improving robustness and generalization. Two 
commonly used industrial materials, ST41 and S45C steels, are 
selected to represent different mechanical characteristics 
encountered in practical CNC turning operations. ST41 is a low 
carbon steel known for its good machinability and toughness, while 
S45C is a medium carbon steel offering higher hardness and wear 
resistance. 

From a system implementation perspective, CNC turning 
experiments are conducted using spindle speed, feed rate, and depth 
of cut as primary machining parameters [11]. A three-axis 
accelerometer is employed to acquire vibration signals during the 
cutting process. The signals are analyzed in both time and frequency 
domains using Fourier transformation, and representative vibration 
features are extracted and normalized to serve as inputs to the 
prediction system [12][13]. This signal processing strategy enables 
the system to capture both dynamic and frequency-related 
characteristics of the machining process. 

Within the proposed intelligent framework, the three prediction 
models form a unified multimodel prediction system, allowing a 
comprehensive evaluation of linear, machine learning, and artificial 
intelligence-based approaches. Prediction performance is assessed 
using Mean Absolute Percentage Error, and statistical significance is 
verified through One Way Analysis of Variance followed by Tukey 
post hoc tests. 

The novelty of this research lies in the development of an 
intelligent multimodel system that combines vibration-based signal 
analysis, multiple predictive models, and rigorous statistical 
validation for surface roughness prediction in CNC turning of 
multiple materials. By addressing the limitations of single material 
and single model approaches, the proposed system offers a practical 
and reliable solution for industrial CNC turning applications. 

 

2 Research methodology methods 

Fig. 1 illustrates the structured, data-driven research framework 

used in this study to transform experimental machining data into 
reliable predictive models. The framework includes controlled data 

collection, comprehensive preprocessing through signal 

transformation, feature extraction, and normalization, and dataset 

partitioning for training and testing. Multiple predictive models, 
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namely Multiple Linear Regression, Support Vector Regression, and 

Artificial Neural Networks, are developed to capture both linear and 

nonlinear relationships. Model performance is evaluated using 
MAPE and statistically validated through one-way ANOVA and 

Tukey post hoc tests, ensuring reliability, objectivity, and scientific 

robustness for industrial implementation. 

 

 
Fig. 2. Research flowchart 

 

2.1 Data collection 

A. Material selection 
This study employed two different materials. Those were ST41 

and S45C. ST41 is a low-carbon structural steel commonly used in 

general construction and mechanical applications. It has relatively 

low carbon content, making it easy to machine and weld. This 

material is widely applied in building structures, machine 

components, and moderate-load parts because of its good ductility 

and toughness. S45C is a medium-carbon steel that provides a 

balance between strength and machinability. With a higher carbon 

content than ST41, S45C exhibits greater hardness, strength, and 

wear resistance after heat treatment. It is widely used in the 

manufacturing of machine parts that require higher mechanical 
performance, such as shafts, gears, bolts, and automotive 

components. 

 

B. Hardware 

The detailed information about the hardware that was used to 

conduct this study can be seen in Table 1. 

 

C. Software 

This study utilized the C# programming language to store 

vibration signals generated during the cutting process, which were 

configured and connected through DAQ204. R Studio, an open-

source software, was employed to organize datasets as well as to 
analyze and develop prediction models. Additionally, Microsoft 

Excel was applied in the preprocessing stage to integrate the time-

domain signals, while Minitab 17 was used to perform statistical 

analysis. 

Table 1. Detail hardware 

No. Item Function 

1. Personal Computer Used for collecting data, data 

processing, model development, and 
analysis of machining signals and 

results. 

2. CNC Turning 
Machine 

Performs the machining process with 
high precision by rotating the 

workpiece and controlling cutting 
parameters automatically. 

3. Machining Tool 

holder 

Holds and secures the cutting insert or 

tool in place to ensure stable and 
accurate machining. 

4. 3 axis-accelerometer Measures vibration signals in three 
directions (X, Y, Z) during machining 

for monitoring and predictive analysis. 

5. Portable roughness 
meter 

Measures and evaluates the surface 
roughness of the machined workpiece 

directly. 
6. Vernier caliper Used to measure linear dimensions, 

thickness, or diameter of the 

workpiece with moderate precision. 
7. Marker Marks reference points or dimensions 

on the workpiece prior to machining or 
measurement. 

8. Turning insert The cutting element that removes 

material from the rotating workpiece 
during turning. 

9. Vibration converter Converts analog vibration signals 
from the accelerometer into digital 

form for computer analysis. 
10 Sitting material Provides stable support or fixture for 

the workpiece to minimize unwanted 

movement during surface roughness 
measurement. 

 

D. Design of experiment 

This study applied the design of experiment (DOE) method to 

establish rules for material cutting. Three cutting parameters, each 

with three levels, are employed based on prior studies [14][15][16]. 

The goal is to obtain a parameter combination that provides better 

results than previous works, with certain parameters adjusted to 

maximize outcomes. The parameters tested are spindle speed, feed 

rate, and depth of cut. This generates 27 experimental combinations, 
each repeated three times, so 81 samples of cutting each material 

were generated. The material length designated for cutting is 45 mm, 

and the detailed parameter setup is presented in Table 2. To get a 

combination, this study used minitab17. 

 

Table 2. Parameter setting of experimental process 
 

Parameters 
Levels 

  1   2    3 

Depth of cut (mm) 0.15 0.2 0.25 

Feed rate (mm/rev) 0.08 0.12 0.16 

Speed (rpm) 1000 1400 1800 

 

E. Signal collection 

Once the cutting process setup is completed, the operation begins 

and signal collection is initiated. The signals are acquired and stored 

using C# software. The signal acquisition processes are illustrated in 
Fig.2 and 3. Fig.2 shows the real-time monitoring interface 

developed in C#, which displays the vibration signals captured along 

the X, Y, and Z axes during the CNC turning process. The interface 

enables continuous visualization of time domain data, ensuring that 

the vibration response of the cutting process can be observed and 

recorded accurately. This real-time monitoring is essential to verify 

signal stability and prevent data loss during acquisition.  
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Fig.2. Illustrates the interface chart used for acquiring time-domain 

signals in C# 

 

Fig.3 presents the configuration interface used to define the 

acquisition parameters prior to data collection. The sampling rate, 

data length, channel selection, coupling mode, input range, and 
sensitivity settings are configured through the DAQ204 device. 

These parameters determine the resolution and quality of the 

acquired vibration signals. Proper configuration ensures that the 

recorded data adequately capture the dynamic behavior of tool 

workpiece interactions under different machining conditions. After 

acquisition, the raw time domain signals are exported in CSV format 

and subsequently processed using Fourier transformation to convert 

them into the frequency domain. 
 

 
 

Fig.3. Illustrates the configuration interface for setting sample rates 

and additional parameters in C# 

 

F. Measuring actual surface roughness 
Surface roughness was measured using a portable roughness 

tester. The measurement was taken at three positions on the 

machined surface: the front, middle, and rear. The average of these 

three readings was used as the representative value of the surface 

roughness. The detailed measurement procedure is illustrated in 

Fig.4. 

 
 

Fig.4. Procedure for measuring actual surface roughness 

 

2.2 Data pre-processing 

A. Conducting frequency domain analysis 

At this stage, the raw time-domain signals are converted into 

frequency-domain signals using Fourier transformation. By utilizing 

R Studio and its built-in packages such as ‘periodogram’ and ‘spec,’ 

the frequency-domain signals can be generated efficiently, which 

facilitates the subsequent steps in data preprocessing. 
 

B. Signal extraction 

Signal extraction is carried out throughout the entire process 

using time-domain signals. For each axis, three features are obtained 
from the time domain and another three from the frequency domain, 

resulting in a total of eighteen extracted features. These extracted 

signal features include the mean amplitude of the time domain 

(mean), root-mean-square of the time domain (RMS), peak-to-peak 

amplitude of the time domain, as well as frequency-domain features 

such as the maximum peak (max peak), the frequency corresponding 

to the maximum peak (max peak frequency), and the root-mean-

square of the frequency domain (frequency RMS). Table 3. displays 

the complete output of the extracted signal features. 
 

Table 3. The complete output of the extracted signal features 

Axis Extraction Factor Symbol 

X Mean time domain Xmtd 
Peak to peak time domain Xptpd 

RMS time domain Xrmsd 
Maximum peak of frequency domain Xmpfd 

Maximum peak corresponding 

frequency domain 

Xmpcfd 

RMS frequency domain Xrmsfd 

Y Mean time domain Ymtd 
Peak to peak time domain Yptpd 

RMS time domain Yrmsd 

Maximum peak of frequency domain Ympfd 
Maximum peak corresponding 

frequency domain 

Ympcfd 

RMS frequency domain Yrmsfd 

Z Mean time domain Zmtd 
Peak to peak time domain Zptpd 

RMS time domain Zrmsd 

Maximum peak of frequency domain Zmpfd 
Maximum peak corresponding 

frequency domain 

Zmpcfd 

RMS frequency domain Zrmsfd 

 

C. Data normalization 

This research employs linear regression, support vector 

regression, and artificial neural networks to address the problem. 

Prior to modeling and analysis, the signal features obtained from 

various processing parameters need to be normalized. To achieve 

this, the study applies the min–max normalization technique, which 

scales each set of raw signals into an interval between 0 and 1. The 

formulation can be seen in the equation 1.  
 

𝑔𝑖 =
𝑓𝑖−min⁡(𝑓)

max(𝑓)−min(𝑓)
     (1) 

 

Where gi ⁡and fi are the normalized value and the original 𝑖-th 
feature and max (f) and min (f) are the maximum and minimum 

original feature values. 

 

D. Determining signal factors as model inputs 

At this stage, all the extracted signal features are selected to serve 

as inputs for multiple regression, support vector regression, and 

artificial neural network models.  

 

2.3 Data set splitting 

After preprocessing and normalization, the complete dataset was 

divided into two subsets to ensure objective model development and 
validation. A total of 80% of the data was allocated for the training 

phase, while the remaining 20% was reserved for testing [17][18].  

The training dataset was used to build and optimize the predictive 

models, allowing the algorithms to learn the relationships between 

machining parameters, vibration features, and surface roughness 

values. The split was performed randomly while maintaining 

proportional representation of machining conditions to preserve 

dataset variability. 
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2.4 Building prediction model for each material and combination 

material 

A. Regression model 
Accordingly, this study applies Multiple Linear Regression as a 

predictive tool to identify how multiple factors, exactly all signal 

factors, collectively affect surface roughness (Ra). Multiple Linear 

Regression (MLR), is widely used to predict the value of a dependent 

variable based on several independent variables [19]. The model can 

be expressed as: 

𝑌̂ =  𝛽0 +  𝛽1𝑋1 + 𝛽2𝑋2+ …….+ 𝛽𝑝𝑋𝑝   (2) 

 

Where 𝑌̂ is the predicted response, X1, X2, ..Xp are the predictors, 

β0 is the intercept, and β1, β2.. βp are the coefficients that represent 

the contribution of each factor to the prediction. 
The goal of multiple linear regression in prediction is to generate 

an accurate estimate of the response variable for new or unseen data 

[20]. Prediction accuracy is often evaluated using statistical metrics 

such as the coefficient of determination (R-Squared), which 

measures how well the predictors explain variation in the response, 

and error metrics like Mean Absolute Percentage Error (MAPE), 

which indicate the closeness of predictions to actual values [21]. 

 

B. SVR model 

Support Vector Regression (SVR) is a supervised machine 

learning method derived from Support Vector Machines (SVM), 
which was originally designed for classification problems [22]. SVR 

adapts the principles of SVM to regression tasks, allowing it to 

predict continuous values. The SVR function can be expressed as: 
 

𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏       (3) 
 

Where w is the weight vector, 𝑏 is the bias (intercept), and x is 

the input vector. SVR is particularly powerful for prediction because 

it focuses on generalization rather than fitting all training data points 

exactly [23]. By using support vectors (only a subset of training 

points that lie outside or on the ε-tube), SVR achieves a sparse and 

robust model [24]. 

 

C. ANN model 

An Artificial Neural Network (ANN) is a computational model 

inspired by the human brain, designed to recognize patterns and 
capture complex relationships between variables [25]. It consists of 

interconnected processing units called neurons, which are arranged 

in layers: an input layer that receives the independent variables, one 

or more hidden layers that transform the inputs through weighted 

connections and activation functions, and an output layer that 

produces the final prediction [26]. The strength of the connections, 

represented by weights, is adjusted during training to minimize 

prediction error. Through the use of non-linear activation functions 

such as sigmoid, tanh, or ReLU, ANN is capable of modeling both 

linear and highly non-linear data patterns [27]. The general ANN 

structure can be written as: 
 

𝑦 = 𝑓(∑ 𝑤𝑗𝑥𝑗 + 𝑏)𝑚
𝑗−1                                                                  (4) 

Where  𝑥𝑗  represents the input variables,  𝑤𝑗  denotes the 

connection weights,  𝑏  is the bias term, 𝑓  (.) is the activation 

function that introduces nonlinearity, and  𝑦   corresponds to the 

predicted output. 

The learning process in ANN involves forward propagation of 

data to generate predictions, followed by a loss function to calculate 
the error, and backpropagation to update the weights using 

optimization algorithms [28]. Due to its flexibility and ability to 

approximate complex functions, ANN is widely applied in 

prediction tasks across various fields.  
 

2.5 Model evaluation using MAPE 

Recent studies on data-driven surface roughness prediction have 

increasingly adopted Mean Absolute Percentage Error (MAPE) as 

an evaluation metric. For instance, some studies employed ANN 

models with vibration inputs to predict surface roughness in turning 

of additively-manufactured composite workpieces, achieving a 
MAPE indicating high predictive accuracy [5][29]. The MAPE is 

calculated as follows: 
 

𝑀𝐴𝑃𝐸 =
100%

𝑛
∑ |

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
|𝑛

𝑖=1      (5) 

 

Where  𝑛 is the total number of observations, 𝑦𝑖  is the actual 

surface roughness value,  𝑦̂𝑖 is the predicted surface roughness value, 

and |∙|   is the absolute value. 

 

2.6 Model comparison and result analysis using ANOVA 

In this study, a one-way ANOVA will be used to determine 

whether there are significant differences among the three MAPE 

results obtained from the development of the three prediction 

models, as well as to identify which model performs best by 

considering the MAPE values [30][31]. The MAPE values were 

collected from five runs of each model. 
 

3 Result and discussion 

The analyses and results in this chapter are organized step by 

step, following the experimental setup and applied research methods 

 

3.1 Result of actual surface roughness measurement 
The machining process was conducted on a CNC turning using 

predetermined parameters in accordance with the design of 

experiments (DOE). This procedure generated surface roughness 

values as the model’s output, while signal factors were captured as 

inputs for the predictive model. The resulting of surface roughness 

measurements is presented in the following tables. A total of 81 

experimental trials were conducted for each material cutting process. 

In this article, only portions are presented.  

 

Table 4. Result part of cutting S45C 

No. 

(Experiment) 

Parameters 

(Depth of cut/feed 

rate/Speed) 

Surface 

Roughness  

(Ra) (µm) 

1 0.15/0.08/1000 0.864 

2 0.2/0.08/1000 0.913 

3 0.25/0.08/1000 0.916 

4 0.15/0.12/1000 1.218 

5 0.2/0.12/1000 1.37 
6 0.25/0.12/1000 1.732 

7 0.15/0.16/1000 1.634 

8 0.2/0.16/1000 1.66 

9 0.25/0.16/1000 0.878 

10 0.15/0.08/1400 0.862 

 

Table 5. Result part of cutting ST41 
No. 

(Experiment) 

Parameters 

(Depth of cut/feed 
rate/Speed) 

Surface Roughness 

(Ra) (µm) 

1 0.15/0.08/1000 0.732 
2 0.2/0.08/1000 0.703 

3 0.25/0.08/1000 1.186 

4 0.15/0.12/1000 1.214 
5 0.2/0.12/1000 1.446 

6 0.25/0.12/1000 1.426 
7 0.15/0.16/1000 1.426 

8 0.2/0.16/1000 0.731 

9 0.25/0.16/1000 0.749 
10 0.15/0.08/1400 0.763 

 

3.2 Result of data pre-processing 

The systematic steps of data preprocessing played a crucial role 

in preparing reliable input for predictive modeling. The conversion 

of raw time-domain signals into the frequency domain using Fourier 
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transformation enables the identification of essential frequency 

components, thereby enhancing the interpretability of the signal data. 

Subsequently, the comprehensive signal extraction process, 

which generated a total of eighteen features across the X, Y, and Z 

axes, successfully captured both time-domain and frequency-domain 

characteristics. 

The application of min–max normalization ensured that all 

extracted features were transformed into a uniform scale between 0 

and 1. This normalization step was essential to eliminate scale 

disparities among features, thus facilitating fair and effective 

comparisons when applying linear regression, support vector 

regression, and artificial neural networks. 

 

3.3 Result of data pre-processing 

In this article, only a portion of the normalized signal data from 

each cutting sample is presented. The selected input signals can be 

seen in the following Table 6. 
 

 

Table 6. Shows result part of input model of signal factors 
 

 
 

3.4 Result of prediction model 

Each input dataset was divided into two subsets, consisting of 

80% training data and 20% testing data. From each model, the five 

best MAPE samples will be selected for further processing in the 

subsequent stage. The data is processed using different seeds in R to 

obtain variations in MAPE values, which will later be compared in 

the subsequent test.  

 

1. Regression Model 

Using the multiple linear regression formula, the resulting MAPE 

values are as follows. 

 

Table 7. MAPE result of regression model 

Set seed MAPE S45C MAPE ST41 Mape 

Combination 

123 12.00 10.77 16.38 

234 11.43 11.33 15.72 

456 9.5 11.35 16.25 

678 10.49 10.19 16.25 

8910 10.6 10.42 16.09 

 

Fig.5. Plot actual vs prediction of S45C material 

 

Fig.6. Plot actual vs prediction of ST41 material 

 
Fig.7. Plot actual vs prediction of combination material 

 

From the plot above, the actual versus predicted plots indicate that 
the regression model provides a reasonably good fit to the training 

data, as most data points cluster around the ideal diagonal line, 

indicating close agreement between predicted and measured values. 

Similar visualization of regression performance has been employed 

in recent surface roughness prediction studies, where regression-

based models demonstrate strong agreement between predicted and 

actual values in machining processes [32]. Minor deviations from the 

diagonal line are expected due to experimental noise, process 

variability, and intrinsic limitations of simple regression models in 

capturing complex machining behavior [32] . Another research also 

emphasizes that visual assessment through such plots should be 
complemented by error metrics, such as R² and MAPE, to confirm 

predictive accuracy [33]. Overall, the observed trends in this study 

align with prior findings, supporting the conclusion that the 

regression approach reasonably captures the relationship between 

inputs and measured outputs. 

 

2. SVR Model 

The SVR models tuned cost, gamma, and epsilon; the model can 

balance bias-variance trade-offs, manage tolerance to small 

prediction errors, and adjust sensitivity to data patterns. 

 
Table 8. Mape result of SVR model 
 

Set seed MAPE S45C MAPE ST41 Mape 

Combination 

123 19.23 20.50 16.57 

234 21.87 18.98 16.53 

456 17.37 20.19 16.58 

678 21.42 15.47 16.55 

8910 24.7 16.29 16.50 
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Fig.8. Plot actual vs prediction of S45C material 
 

 

 

Fig.9. Plot actual vs prediction of ST41 material 

 

 

 

Fig.10. Plot actual vs prediction of combination material 

 

From the plots above, overall, the SVR results demonstrate that the 

model can effectively capture the nonlinear relationship between 

machining parameters and surface roughness (Ra) for S45C, ST41, 

and combined materials, as indicated by the general alignment 

between predicted and actual values. The dispersion observed, 

particularly in the combined material dataset, is consistent with 

recent studies reporting that SVR performance is highly sensitive to 

kernel choice and hyper parameter tuning, especially when applied 

to limited or heterogeneous experimental data. Recent studies have 

shown that SVR provides reliable baseline performance in materials 

and mechanical property prediction, but prediction accuracy 

improves significantly when cost, gamma, and epsilon parameters 

are optimally tuned [34]. Furthermore, it has been reported that non-

optimized SVR models may exhibit under fitting when dealing with 

complex material behavior, resulting in increased prediction error 

[35]. Therefore, the SVR prediction trends observed in this study are 

in good agreement with recent literature and confirm the suitability 

of SVR as a baseline regression approach. 

 

3. ANN Model 

The following is a complete description of the model parameters 

used in data processing with Artificial Neural Networks (ANN) 

results of model comparison. 

Table 9. Parameters of ANN 
 

Parameter Value / Setting Description 

Input 

Variables 

18 signal factors Machining/measurement 

features from X, Y, and Z 

directions. 

Output 
Variable 

Ra Target variable (surface 
roughness). 

Hidden 

Layers 

2 Two hidden layers for learning 

complex non-linear patterns. 

Neurons per 

Layer 

(5, 2) First hidden layer: 5 neurons; 

Second hidden layer: 2 

neurons. 

Activation 

(Hidden) 

Logistic (default 

in neuralnet) 

Non-linear activation 

functions allow complex 

relationship modeling. 

Activation 
(Output) 

Linear 
(linear.output = 

TRUE) 

Produces continuous 
numerical predictions for Ra. 

Error 

Function 

SSE (Sum of 

Squared Errors) 

Objective function minimized 

during training. 

Optimization 

Algorithm 

Rprop+ 

(Resilient 

Backpropagation 

Plus) 

Efficient weight update 

algorithm that adapts learning 

rates. 

Max Steps 100,000 

(stepmax = 
1e+05) 

Maximum number of training 

iterations allowed. 

Training 

Feedback 

lifesign = "full" Provides detailed output of 

training progress. 

Data Used training dataset Subset of 

experimental/machining data 

used for training. 

 

The results are presented as follows. 
 

Table 10. MAPE result of ANN model 
 

Set 

seed 

MAPE 

S45C 

MAPE 

ST41 

Mape 

Combination 

123 3.9 6.25 4.88 

234 2.23 4.56 4.57 

456 2.7 4.93 4.56 

678 2.58 3.22 3.7 

8910 2.64 4.66 4.37 

 

 

Fig.11. Plot actual vs prediction of S45C material 

 

Fig.12. Plot actual vs prediction of ST41 material 
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Fig.13. Plot actual vs prediction of combination material 

 

Overall, the ANN model demonstrated an excellent fit to the 

training dataset, as evidenced by the close agreement between 

predicted and actual Ra values for S45C, ST41, and the combined 

material dataset. The near-linear distribution of data points along the 

regression line indicates high predictive accuracy and strong 

capability in capturing nonlinear relationships between machining 

parameters and surface roughness. Similar results have been reported 

in recent machining studies, where ANN-based models achieved 

high coefficients of determination (R2 > 0.95) and low prediction 

errors in surface roughness prediction. Recent literature also 

confirms that ANN and hybrid machine learning approaches 

outperform conventional regression models in modeling complex 

machining behavior, particularly under multi-material conditions 

[36]. However, despite the strong training performance observed, 

previous studies emphasize that validation using independent test 

datasets is essential to prevent overfitting and ensure model 

robustness [37]. 
 

3.5 Result of model comparison 

In the model comparison step, we used a one-way ANOVA 

analysis. Each model was compared based on the type of material 

using the collected MAPE values. Detailed ANOVA results can be 

seen in the following tables. 
 

1. S45C Material 
 

Table 11. ANOVA of S45C material 
 

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

Factor 2 823.49 411.747    136.56     0.000 

Error 12  36.18  3.015   

Total 14 859.68    

 

The one-way ANOVA results show a statistically significant 

difference in MAPE values among the three models. Those are 

Regression, SVR, and ANN, getting a P- value of < 0.05. This 

indicates that the type of model has a significant effect on prediction 

performance for the tested material data. Further analysis, a post-hoc 

test, exactly Tukey test, can be performed to identify which specific 

models differ significantly from each other in terms of MAPE. 

 

Table 12. Tuckey pairwise comparison of S45C material 
 

Factor  N Mean Grouping  

MAPE (Regression) 5 20.92 A 

MAPE (SVR)   5 10.804 B 

MAPE (ANN)  5 2.810 C 

 

The Tukey post-hoc test results indicate that there are significant 

differences in prediction accuracy among the three models. The 

Regression model has the highest MAPE (20.92) and performs the 

worst, the SVR model has a moderate MAPE (10.804), and the ANN 

model has the lowest MAPE (2.810), indicating the best predictive 

performance. Since each model belongs to a different significance 

group (A, B, C), all differences are statistically significant, 

confirming that ANN outperforms SVR and Regression in predicting 

the material data. This result is consistent with previous studies 

reported that ANN significantly outperformed polynomial 

regression models based on ANOVA and error metrics [36]. 

Similarly, ANN-based models achieved higher prediction accuracy 

in machining applications [37] . Therefore, the present findings align 

with recent literature, supporting ANN as the most reliable model for 

surface roughness prediction. 

 

2. ST41 Material 
 

Table 13. ANOVA of ST41 material 
 

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

Factor 2 461.42   230.710    103.74      0.000 

Error 12 26.69     2.224   

Total 14 488.11    

 

The one-way ANOVA results show a statistically significant 

difference in MAPE values among the three models. Those are 

Regression, SVR, and ANN, getting a P- value of < 0.05. This 

indicates that the type of model has a significant effect on prediction 

performance for the tested material data. Further analysis, a post-hoc 

test, exactly Tukey test, can be performed to identify which specific 

models differ significantly from each other in terms of MAPE. 

 

Table 14. Tuckey pairwise comparison of ST41 material 
 

Tukey Pairwise Comparisons  

Factor  N Mean Grouping  

MAPE (Regression) 5 18.29 A 

MAPE (SVR)   5 10.812 B 

MAPE (ANN)  5 4.724 C 

 

The Tukey post-hoc test shows that all three models differ 

significantly in prediction performance. Regression has the highest 

MAPE (18.29, Group A), SVR has a moderate MAPE (10.812, 

Group B), and ANN has the lowest MAPE (4.724, Group C). This 

confirms that ANN provides the most accurate predictions, followed 

by SVR, with Regression performing the worst. This outcome is 

consistent with recent studies. The research highlighted that ANN 

models significantly reduced prediction errors compared to response 

surface and regression approaches in hard turning operations [38]. 

Similarly, another study demonstrated that ANN achieved superior 

generalization performance validated through statistical testing [39].  

 

3. Material combination 
 

Table 15. ANOVA of material combination  
 

 

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

Factor 2 474.514   237.257   2739.37     0.000 

Error 12 1.039  0.087   

Total 14 475.554    

 

The one-way ANOVA results show a statistically significant 

difference in MAPE values among the three models. Those are 

Regression, SVR, and ANN, getting a P- value of < 0.05. This 

indicates that the type of model has a significant effect on prediction 

performance for the tested material data. Further analysis, a post-hoc 

test, exactly Tukey test, can be performed to identify which specific 

models differ significantly from each other in terms of MAPE. 

 

Table 16. Tuckey pairwise comparison of material combination 
 

 

Tukey Pairwise Comparisons  

Factor  N Mean Grouping  

MAPE (Regression) 5 16.5460   A 

MAPE (SVR)   5 16.138 A 

MAPE (ANN)  5 4.416 B 
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The Tukey post-hoc test indicates that the ANN model performs 

significantly better than both Regression and SVR models. 

Specifically, ANN has the lowest MAPE (4.416, Group B), while 

Regression (16.546) and SVR (16.138) have much higher MAPE 

values and are not significantly different from each other (both in 

Group A). These findings are consistent with recent studies. For 

example, ANN-based models achieved significantly lower surface 

roughness prediction errors than SVR and classical regression in 

multi-factor machining optimization [40]. Another study 

demonstrated that deep learning and ANN models outperform 

kernel-based methods such as SVR when handling nonlinear 

industrial datasets [41]. Collectively, these studies reinforce that 

ANN is more robust and reliable than traditional regression and SVR 

models in complex, multi-material machining environments. 

4 Conclusion  

This study developed and validated an intelligent multimodel 
system for vibration-based surface roughness prediction in CNC 

turning of multiple materials. By integrating time and frequency-

domain signal processing, comprehensive feature extraction, and 

multimodel predictive intelligence, the proposed framework 

provides a robust and practical solution for machining quality 

prediction in industrial environments. Experimental investigations 

on ST41 and S45C steels, supported by a structured design of 

experiments, confirmed that vibration-based features effectively 

represent machining dynamics. 18 normalized signal features were 

used as model inputs for Multiple Linear Regression, Support Vector 

Regression, and Artificial Neural Network models developed within 

a unified framework. The results demonstrate that the Artificial 

Neural Network consistently achieves the highest prediction 

accuracy across all datasets, with MAPE values of 2.81% for S45C, 

4.72% for ST41, and 4.42% for combined-material data. Statistical 

validation using one-way ANOVA and Tukey post-hoc tests 

confirms the significance of performance differences. Overall, the 

proposed system overcomes the limitations of single-material and 

single-model approaches and offers a scalable foundation for 

intelligent manufacturing and smart machining. 
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