SN KREZZ2MTIER Y R b

Kyushu University Institutional Repository

Machine Learning Based Energy Consumption
Modeling of Machining Process-approach for
Sustainability

Gunjan Agarwal
Department of Mechanical Engineering, COER University

Himanshu Gupta
Department of Computer Science and Engineering, RIT, Roorkee Institute of Technology

Maneesh Tewar!
Department of Industrial & Production Engineering, GBPUAT, Pantnagar, Udham Singh Nagar

https://doi.org/10.5109/7342459

HhRIEER : Evergreen. 12 (1), pp.351-361, 2025-03. Interdisciplinary Graduate School of
Engineering Sciences, Kyushu University, Japan

N— 30

1EFIBE{% : Creative Commons Attribution 4.0 International

. KYUSHU UNIVERSITY




EVERGREEN Joint Journal of Novel Carbon Resource Sciences & Green Asia Strategy, Vol. 12, Issue 01, pp351-361, March, 2025

Machine Learning Based Energy Consumption Modeling of

Machining Process-approach for Sustainability

Gunjan Agarwal®”, Himanshu Gupta?, Maneesh Tewari®

!Department of Mechanical Engineering, COER University, 7 Km on Roorkee Haridwar Road, VVardhmanpuram,

Roorkee 247667, Uttarakhand India

2Department of Computer Science and Engineering, RIT, Roorkee Institute of Technology, Puhana-Jhabrera Road,

Nanheda Anantpur, Puhana 247668 Uttarakhand India

3Department of Industrial & Production Engineering, GBPUAT, Pantnagar, Udham Singh Nagar, Uttarakhand

263145 India

*Author to whom Correspondence should be addressed:
E-mail:gagarwal928@gmail.com

(Received August 29, 2024; Revised February 3, 2025; Accepted February 16, 2025).

Abstract: According to U.S. Energy Information Administration (EIA) energy consumption and
carbon emission are projected to increase globally. In metal manufacturing there is continuous
increase in energy demand and carbon emission. Machining is one of them which is widely used in
discrete manufacturing sector. The performance of the machining process depends upon cutting
parameters. These parameters are selected based on various criteria like minimum cost, maximum
production rate, maximum material removal rate, and minimum energy consumption. For this,
experiments have been conducted and based on collected data of input parameters cutting speed ,feed
and depth of cut and corresponding energy consumption, modeling has been done. In the present
work algorithms related to machine learning have been applied to the experimental data for modeling
to predict energy consumption The performance of algorithms has been compared using mean
squared error (MSE), mean absolute error (MAE) and R? value. The four favorable algorithms have
been compared in terms of accuracy with the experimental data. Among the models tested, the Lasso
Regression with Cross-Validation performed the best with lowest mean squared error (MSE) 158.9,
mean absolute error (MAE) 8.37 and highest R? value 0.991.

Keywords: Machine learning; Data set; Regression models; Minimum energy criteria; Machining

process; Energy consumption; Performance evaluation

1. Introduction

For sustainable development, pollution should be
minimal, and resources should be used prudently so that it
should be available for future generations also. As a
considerable part of industry, metal manufacturing
consumes a large amount of resources and energy in
product manufacturing process and leads to serious
Denvironmental emissions. According to U.S. Energy
Information Administration (EIA) projections, energy use
and carbon emission are continuously increasing?.

As per International Energy Outlook 20212 there is a
trend of increase in energy consumption, petroleum, and
liquid fuel consumption as well as electricity consumption
in the industrial sector, as a result, carbon emission will
also increase. Therefore, need of sustainable development
has been felt by the many countries around the world.
Several program to reduce energy consumption have been
launched by many governments worldwide , these
program are known as Industrial Energy Efficiency

program (IEEPs)>.

Machining is one of the largest energy consumers and
carbon emitters in the world, from manufacturing sector.
As production and consumption of machine tools used in
machining are continuously increasing due to their use in
particularly discrete manufacturing segments like
Railways, Automobiles, Electronics, Defense, Plastic
machinery, Medical etc.

Machining contributed major energy consumption in
the manufacturing sector. In recent years, regarding
energy reduction the focus is on machining processes The
research studies related to manufacturing process energy
reduction are focusing on to develop energy-efficient
machining processes?. To develop an energy efficient
process, it is essential to study and analyze the energy
consumption pattern of the system. For these different
techniques have been applied by the researchers.
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2. Literature Review

To develop energy efficient method, energy
consumption pattern of the system should be known. For
these two types of mathematical models i.e. theoretical
and experimental have been used. While developing a
mathematical model of the machining process either total
energy or specific energy consumption have been
calculated.

Various theoretical models have been given by
researchers. According to Gutowski et al.  energy
consumption consists of two parts i.e. constant and
variable energy , where variable energy consumption is
proportional to the material removal rate (MRR)Y.
According to Li et al. spindle speed has major effect in

energy consumption and a new model has been proposed®.

Liu et al. suggested a new model to estimate the SEC with
better accuracy. In this model various time period have
been considered like cutting period along with idle period,
air-gap period, and energy required in tool changing”. As
per model developed by Chen et al.¥ energy consists of
direct energy and indirect energy. Direct energy is energy
consumed by spindle and feed motors during machining
process. The energy used in the production of cutting tools
and cutting fluids refers to as indirect energy. As per Imani
et al.” Milling machine can be considered as a
thermodynamic system where power consumption can be
stated in terms of spindle speed, feed rate and MRR.

For machining processes, cheap and important energy
conservation strategies is parameter optimization. As per
Rajemi et. al.'” in case of shortage of fund, parameter
optimization may be used to improve the energy
efficiency of the machine tool under consideration. Li and
Kara'D shows relationship between MRR and SEC using
inverse model.The Paper by Berillinger et al.'? (2023)
predicts the energy demand of machining of parts during
the design phase itself by giving relation between SEC and
MRR using some constants. The values of constants can
be determined using regression function from process
maps, developed using energy consumption models
available in literature.

Newman et al. noted that energy consumption in
machining process has been noticeably effected by
changing the cutting settings'®.

In machining operations like in turning, drilling milling
etc the empirical relationship between input—output
parameters are determined based on experimental data'?.
Design of experiment techniques are used to generate the
large sets of data with a minimum no of experiments.
Generally, in any literature many experimental techniques
are there like RSM, Box-Behnken design (BBD) or central
composite design (CCD), Taguchi method etc. Several
modelling techniques have been used'*'%?%, the most
popular is RSM?!?2, In the paper by Sangwan et. al.?®
orthogonal array and RSM has been used to design
experiments and energy prediction modelling respectively.

As per Wang, Qi et. al. precise model of energy

consumption is required for energy efficiency
improvement in machining?¥. With the advancement in
techniques, various modelling techniques related to
machine learning have been used for predictive
maintenance, quality control, tool wear prediction, real-
time monitoring and control of machining process and
energy efficiency.

Sarswatula et al.?> explored the modelling of energy
consumption using machine learning techniques,
highlighting the effectiveness of various algorithms for
the prediction of energy consumption in various industries
like in metal, plastic, and food manufacturing industry.

Artificial intelligence techniques like Machine learning
(ML) and deep learning (DL) have also been used widely
in machining industry in recent years. These techniques
offer opportunities to enhance machining processes,
improve energy efficiency, and support decision-making
in smart manufacturing environments (Table 1). In a
review paper by Kim Dong-Hyeon et al.?® and Preez a du
et al.?” ML algorithms applied by many researchers in
conventional and nonconventional machining for tool
wear monitoring, tool life prediction, surface roughness
prediction and energy consumption prediction etc have
been discussed.

According to Nasir and Sassani®®, ML and DL
techniques have emerged as powerful tools for intelligent
machining and tool monitoring in smart manufacturing.
These techniques enable automation in engineering,
handling of large and high-dimensional data, optimal
sensor fusion, and the development of hybrid intelligent
models.

Aggogeri et al.?? discussed recent advances in ML
applications in machining processes and addressed
challenges such as the limited use of semi-supervised
methods and the complexity of reinforcement learning.
Von Hahn and Mechefske’? identified best practices for
implementing ML effectively in the machining industry,
emphasizing the importance of data infrastructure, simple
model development, and avoidance of data leakage.

Work has been done by the researchers in which they
use different ML algorithm and compare the accuracy of
the results obtained. The selected research papers shed
light on the potential of ML and DL techniques to optimize
machining operations, predict energy consumption, and
enable intelligent manufacturing systems®). By
examining the findings of these studies, we can better
understand the methods, opportunities, and challenges
associated with the implementation of ML and DL in the
machining industry.

In the paper by Zoran Jurkovic et al.’? the performances
of machine learning methods i.e. support vector regression
(SVR), polynomial (quadratic) regression, and artificial
neural network (ANN) have been compared to predict
surface roughness, cutting force, and tool life in a high-
speed turning process.

In the paper by Jinkyoo et al.>¥ the energy prediction
modelling for CNC milling machine has been done by
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using Gaussian process . For this data has been collected
for different machining operations. With this data values,
optimum input parameters are identified for model
selection. The proposed model can be used for estimating
and comparing the energy required for machining a
generic part. An accuracy of 95 % has been achieved on
the total predicted energy.

As per He et al.*® energy prediction modelling of
machine tools have a crucial role in managing the energy
consumption as well as conservation of energy in the
manufacturing industry. In this area machinery data-based
models of machine tools have achieved outstanding
results. The results of deep learning-based model show
improvement from 64.89% to 85.61% for the milling
machine and 19.14% to 74.13% for the grinding machine.
Brillinger et al.>® focused on energy prediction for CNC
machining using machine learning and demonstrated the
successful prediction of energy demand without the need
for dedicated experiments. Xiao et al.'” conducted a
comparative study on energy efficiency modelling by
considering two cases one is using a model with
experimental data using an ML algorithm and another
considering the real situation with experimental data using
a convolutional neural network. The model of the case II
has better accuracy.

In energy prediction modelling work by Muhammad
Rizwan Awan®® the performance of Gaussian process
regression was good out of three supervised learning
techniques i. e. Gaussian process regression, regression
trees, and ANN during validation and testing with
minimum errors. The correlation coefficient was 0.98
while predicting specific energy consumption. The input
parameter considered were cutting thickness, feed rate and

type of cutting tool. In the present research, by Abbas et.
al.3” model between input machining parameters (speed,
depth of cut and feed) and outputs (material removal rate,
surface roughness, power consumption, and temperature)
using orthogonal array approach has been development.
The ML method has been used to predict the output
parameters, and error was calculated between
experimental and predicted data. To normalize all output
parameters into single performance index, technique for
order of preference by similarity to ideal solution
(TOPSIS) approach has been used. The maximum
percentage error using the above method was 3.43%
between experiment results and proposed values.

In the paper by Vignesh et. al.*® to obtain the machine
tool information of working status accurately, a smart
energy monitoring method based on a 1-dimensional
convolutional neural network (1D-CNN) has been used.
The performance of the model was also compared with
DL and ML algorithms. Results show that 1D-CNN
performs better than other algorithms.

It is important to predict energy consumption to
develop energy efficient machining method. The insights
obtained from this can help human operators better decide
the input parameters needed to obtain the desired energy
consumption strategy in advance.

In the present work number of ML regression
algorithms have been applied for modelling to predict
energy consumption in machining. Performance of
different models have been evaluated using MSE, MAE
and R? value. The results of best model have been
compared with RSM model to validate result.

Table 1. Comparison of work done by researchers in machining area.

Reference (year) | Application Key Findings

Area

ML/DL Algorithms Performance Metrics

Used

Jinkyoo Park et.
al. (2015)3

Energy prediction in
CNC machining

Construct the energy prediction
model using Gaussian process

Gaussian process Accuracy 95%

Zoran Jercovic et. | For vector

al. (2018))

predicting
output parameters in

Support

machining
network (ANN)

(SVR), polynomial (quadratic)
regression, and artificial neural

regression | Support vector | Polynomial regression is
regression (SVR), | geed for surface
polynomial (quadratic) | roughness and cutting

regression, and artificial | force, ANN has the best

neural network (ANN) performance in the case of

M. Brillinger et. | Energy prediction | Predicting energy demand based | Random Forest NA
al. (2021)% for CNC machining | on machining strategy using ML

algorithms
Q. Xiao et. al. | Energy efficiency | Comparative study of ML | Artificial neural | Prediction accuracy,
20217 modelling for | algorithms, considering spindle | networks, support | stability, —computational

machining motor ageing and tool wear, | vector regression, | efficiency
prediction accuracy, stability, | Gaussian process
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Muhammad Modelling  energy | Prediction of energy using three | Gaussian process | Specific energy
Rizwan Awan | consumption ML algorithm regression, artificial | consumption was
(2022)3%9 neural network (ANN) | calculated using predicted
and regression trees value of energy
consumption, correlation
coefficient 0.98.
T. von Hahn et. al. | ML in CNC | Best practices for ML system | Random Forest True positive rate, true
202239 machining: Best | development in tool wear negative rate
practices detection, emphasis on data
infrastructure, simple models,
data leakage prevention, open-
source software usage, and
computational power leverage
Abbas et. | Milling process The output parameters - material | ML- TOPSIS approach | maximum percentage
al.(2023)*7 removal rate (MRR), surface error was 3.43% between
roughness (Ra, Rt, and Rz), the experimental and
temperature and power predicted values
consumption (PC)
Vignesh Selvaraj Operation Monitoring machine using 1- | 1-dimensional NA
et. al. (2023)® monitoring of a | dimensional convolutional | convolutional neural
CNC machine using | neural network network
energy data

3. Methodology

The methodology includes data preprocessing, feature
engineering, and rigorous model evaluation. The
experimental setup utilized energy sensors and standardized
machining operations to ensure reliable data collection.
Following section presents the methodology of this work as
shown in Fig. 1.

' l\\ Design of Experiment

e

[P R

N PR
(3 ) PataAcquisition {/4> Apply ML algorithms & comparing

results

“/2\“ Work Piece Preparation, Machine,
S

Tools etc

Lothe Machine

Outa ot

App'y Gfterect Regression
Agorithems of ML

Cvaluation (MSE, MAL,
£

Reswh Comparison

Fig. 1: Methodology

3.1 Experimental Setup

A lathe machine has been used to machine a job of
AISI1045 steel using a carbide tool. A carefully controlled
dry machining process was employed to collect the dataset.
The input cutting parameters i e cutting speed (m/min), feed
(mm/rev), and the depth of cut (mm), have been varied
within a range of values. The processing energy has been
calculated in kJ by measuring current, voltage and time

using an energy meter and stopwatch respectively. The
experimental setup ensured consistent operating conditions
and robust data collection. Comparative methods, such as
analyzing baseline models, enhanced the reliability of the
results

3.2 Dataset

The dataset used in this study consists of 17 observations
of cutting speed, feed, depth of cut, and processing energy>?).
Although the dataset size is limited, it provides a valuable
foundation for developing and evaluating regression models
to predict the processing energy based on the given input
parameters.

3.3 Regression Models

In the pursuit of accurately predicting processing energy
based on various input parameters, a comprehensive
analysis utilizing a diverse array of regression models has
been conducted. This analysis encompassed traditional and
advanced methodologies, starting with Linear Regression,
which serves as the foundational model for understanding
relationships between variables. To accommodate non-
linear patterns and complex data structures, more
sophisticated models have also employed, including
Support Vector Regression and Decision Tree Regressor,
which offer flexibility in handling diverse data types. The
ensemble techniques, such as Random Forest Regressor and
Gradient Boosting Regression, further enhanced prediction
accuracy by aggregating decisions from multiple models.
Moreover, the study explored the potential of neural
network-based MLP Regression and the powerful XG Boost
Regression, known for its efficiency and effectiveness in
various prediction tasks.
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To refine predictions and manage overfitting, Lasso
Regression with Cross-Validation was utilized, alongside its
integration with polynomial features to capture more
complex relationships. Similarlyy, Random Forest
Regression has been examined under the lens of Grid
Search to optimize its parameters, and this approach was
further extended to include polynomial features for
capturing intricate data patterns. The ensemble strategy has
not been limited to traditional methods; a stacking ensemble
combining XG Boost and MLP models has also tested,
aiming to leverage the strengths of both approaches.

The cross-validation technique is a recurrent theme in
enhancing model reliability, applied not just to Lasso and
Ridge Regressions, but also to Random Forest and Gradient
Boosting Regressions, ensuring that the models'
performance is robust across different data subsets. Finally,
an ambitious Ensemble model incorporating Lasso, Ridge,
Random Forest, and Gradient Boosting has been developed,
aiming to synergize the predictive capabilities of individual
models for superior accuracy. This exhaustive exploration
of regression models signifies a rigorous approach for
understanding and  predicting processing energy,
highlighting the importance of leveraging a variety of
techniques to address the complexity of real-world data.

3.4. Performance Evaluation

To assess the performance of each regression model,
several evaluation criteria have been employed. These
criteria include Mean Squared Error (MSE), Mean Absolute
Error (MAE), and R-squared (R?) coefficient of
determination. Accuracy, precision, and goodness of fit of
the models in predicting the processing energy can be
assessed based on the required cutting parameters.

3.5. Experimental Analysis

The results obtained from the regression models have
been analyzed to gain a comprehensive understanding of
their performance. The evaluation criteria have been
compared across different models to find out the most
favorable model for predicting the processing energy.
Additionally, insights have been drawn by examining the
relative importance of the input variables in the selected
models. Models also provide valuable information
regarding the effect of cutting speed, feed, and depth of cut
on the energy prediction.

3.6. Cross-Validation

To ensure the robustness and generalization capability of

the selected models, cross-validation techniques are applied.

This involved dividing the dataset into training and testing
sets and performing number of rounds of training and
evaluation to estimate the models' performance on unseen
data. A 5-fold cross-validation methodology was used to
evaluate the models, ensuring robustness and reducing the
risk of overfitting. This technique divided the dataset into
five subsets, iteratively using four for training and one for
validation. The fold size was chosen to balance between

bias and variance. Cross-validation helped validate the
models and assess their reliability in predicting the
processing energy for new observations.

4. Results & Discussion

The objective of this research is to predict the processing
energy based on input factors: cutting Dataset consisting of
17 observations has been used for the analysis shown in
Table 2.

Table 2. Data set used for energy-predicting models®?.

S No Cutting Feed Depth of [Processing
Speed mm/rev cut Energy
m/min mm kJ

1 150 .09 2 262.12
2 90 .09 2 427.66
3 120 .05 2 593.5
4 120 13 2 267.22
5 150 .09 5 237.89
6 120 13 5 202.32
7 120 .05 5 511.37
8 90 .09 5 283.46
9 90 .05 1.25 700.35
10 120 .09 1.25 353.12
11 120 .09 1.25 356.57
12 120 .09 1.25 342.97
13 120 .09 1.25 347.33
14 120 .09 1.25 353.55
15 150 .05 1.25 505.19
16 90 13 1.25 315.60
17 150 13 1.25 262.38

Table 3 presents the performance results of the models
using multiple ML algorithms. The performance of each
model has been evaluated using MSE, MAE, and R"2
values as per Alateyah et al.*” and with n< 20 as described
in paper*V. The graph in Fig 2 shows variation of MAE and
R? value for all the regression algorithms.

Table 4 shows the results of four most favorable
algorithms.

Table 3. Performance of regression models.

Model MSE MAE | R”*2
Linear Regression 10292.8 |94.99 |-0.497
Support Vector Regression 9486.36 | 88.42 |-0.38
Random Forest Regression 5037.41 |60.04 |0.267
MLP Regression 26547.2 |142.68 |-2.861
XG Boost Regression 3605.66 |52.32 |0.476
'V‘:lsifi‘;tiigre“io“ with Cross | 500673 | 5633 [0.141
i?;d;:d S:;r:h“ Regression | 517785 [ 59.66 |0.248
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showing favorable results.

4000 A
'o' 3500 3338.56
£ 2916.66
& 3000 -
o
S 2500 -
T 2000 -
=3
v 1500 -
c
g 1000 - 585.79
2 500 - 158.9
0 - - _———
Gradient Random Forest Ridge RegressionLasso Regression
Boosting Regression with  with Cross- with Cross-
Regression with  polynomial Validation Validation
polynomial features

features

Algorithm Name

Fig. 3: Variation of mean square error for various ML
algorithms.

Gradient Boosting Regression |4442.57 | 61.55 [0.354
Lasso  Regression with |, o050 1111 43 |.1.430
polynomial features
Random Forest Regression |0, o6 | 4513 |0.576
with polynomial features
G?adlent Boos.tmg Regression 333856 4318 0514
with Polynomial Features
Stacking Ensemble of
XGBoost and MLP 539535 | 543 ]0.215
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Rldge Regre551on with Cross- 585.79 1766 10.966
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Random Forest Regression

4829. 48. 2
with Cross-Validation 829.68 8.7 10208
Gradient Boosting Regression

4361.61 | 444 .
with Cross-Validation 361.6 70078
Ensemble of Lasso, Ridge,
Random Forest, and Gradient | 6778.95 57.8  |-1.904
Boosting

Performance Comparison of Regression Models

_— N

P

Fig. 2: Performance comparison of different regression
models.

Table 4. Performance comparison of four selected regression
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Gradient Boosting Random Forest Ridge Regression Lasso Regression

20
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Fig. 4: Variation of mean absolute error for various ML

algorithms.
1.2 4
1 0.966 0.991
L 08 -
o
=
= 0.576
L 0.6 1 0.514
©
S
&
e 0.4
0.2
0 4 T T T
Gradient Random Forest Ridge Lasso
Boosting Regression with Regression with Regression with
Regression with polynomial  Cross-Validation Cross-Validation
polynomial features
features

Algorithm Name

models.

Algorithm MSE MAE R”™2
Gradient Boosting | 3338.56 | 43.18 0.514
Regression with
polynomial features
Random Forest |2916.66 | 42.13 0.576
Regression with
polynomial features
Ridge Regression with | 585.79 17.66 0.966
Cross-Validation
Lasso Regression with | 158.9 8.37 0.991
Cross-Validation

The Figure 3, Figure 4 and Figure 5 shows the
comparison of mean squared error, mean absolute error and
R squared value respectively for four regression models,
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Response Surface Methodology
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Fig. 6: Experimental and predicted value of energy

consumption.
Lasso Regression with Cross-
Validation
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Fig.7: Experimental and predicted value of energy
consumption.

On the basis of analysis, the Lasso Regression with
Cross-Validation model exhibited the best performance in
terms of MSE, with a value of 158.9, showing low deviation
between predicted and experimental values as in Fig. 7 and
almost in line with trend in Fig. 6. It also achieved the
lowest MAE of 8.37 and a high R-squared value of 0.991.
Lasso Regression, which includes feature selection,
outperformed other models due to its ability to simplify the
model by penalizing less significant features.

Random Forest Regression with polynomial features and
Ridge Regression with Cross-Validation are Intermediate
Accuracy Models, showing comparison of experimental
and predicted model as shown in Fig. 8 and Fig. 9
respectively.

The comparative analysis revealed that simpler models
like Ridge and Lasso Regression outperformed more
complex models such as Random Forest and Gradient
Boosting. This outcome is attributed to the dataset's small
size, where simpler models with strong regularization are
less prone to overfitting*?. In machining processes, Ridge
and Lasso are effective in maintaining stability and

interpretability under constrained data conditions.
Conversely, complex models tend to overfit due to their
reliance on more training data. Insights from study?
validate the suitability of simpler models for resource-
intensive machining scenarios with limited data.

Random Forest Regression with polynomial
features and grid search
700 ‘
i 600 2//,r’
§ 500
BT 400
>
= S=Zo=-
[T} 4
50
-
E 100
0
0 200 400 600 800
Experimental Values (kJ)

Fig. 8: Experimental and predicted value of energy
consumption

Ridge Regression with Cross-Validation

800
700
600 —®
500
400
300 S
200
100

Predicted Values (kJ)

0 200 400 600 800
Experimental Values (kJ)

Fig. 9: Experimental and predicted value of energy
consumption.
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Gradient Boosting Regression with
polynomial features
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Fig. 10: Experimental and predicted value of energy
consumption.

The gradient boosting regression with polynomial
features exhibited the highest MSE of 3338.56, indicating a
larger deviation between predicted and actual values shown
in Fig. 10. It also had the highest MAE of 43.18, indicating
higher average absolute differences. The R-squared value of
0.514 indicates that the MLP Regression model did not fit
the data well and its predictions were poor in explaining the
variance in processing energy. In Fig. 11 the results of all
four ML algorithms have been compared.

Comparison Of Different ML Algorithms

# Lasso Regression
with Cross-Validation

B Ridge Regression
500 with Cross-Validation

w
Q
[=]

Random Forest
Regression with
200 polynomial features
and grid search

Predicted Values (kJ)
s
(=]
(=]

X Gradient Boosting
Regression with
polynomial features

0 500 1000

Experimental Values (kJ)

Fig. 11: Comparison of performance of different ML
algorithms for experimental and predicted value of energy
consumption.

Overall, the Lasso Regression with Cross-Validation
model emerged as the best performer, providing the most
accurate predictions of processing energy with 0.991 R? and
MSE 158.9 which is in line with the result in the paper by
the author’” using RSM with 0.991 R? and p < 0.05. The
results of prediction model using RSM and Lasso regression
with cross validation can be seen in Fig. 6 and Fig. 7.
Researchers may use this ML algorithm for energy
predictions in machining. However, further investigation is

required to see the performance of the other algorithms
using a larger data set.

The dataset used in this study consisted of 17
observations, which limits its generalizability to larger and
more diverse machining scenarios. The small dataset size
restricts the model's ability to learn complex relationships
and patterns effectively. This limitation can be addressed in
future research by scaling the dataset with more
comprehensive data collected from industrial grade setups.
Findings from the paper*® suggest that parameter
optimization and diverse data collection can enhance
generalizability, enabling better model performance in
varied contexts.

It is noteworthy that some of the models, such as Ridge
Regression with Cross-Validation (R? = 0.966, MAE =
17.66) and Lasso Regression with Cross-Validation (R2 =
0.991, MAE = 8.37), already demonstrate excellent
performance despite the dataset limitations. These results
suggest that even with the current dataset, certain models
effectively generalize within the scope of the study. They
are likely to maintain or improve their performance when
applied to larger and more diverse datasets, given their
robustness and ability to minimize error

While the current dataset is small, the proposed models
are scalable to larger datasets. As per study* managing
scalability in ML applications ensures adaptability to
industrial-scale challenges.

Potential sources of error in the modeling process include
variations in machining parameters, environmental factors
etc. For instance, inconsistencies in tool wear or material
properties could lead to prediction errors. To mitigate these,
robust error-handling strategies, such as outlier detection
and sensitivity analysis, were employed.

5. Conclusions

In the present study, several regression models have been
compared to predict processing energy in machining
processes. Among the models tested, the Lasso Regression
with Cross-Validation performed the best with lowest MSE,
MAE, and highest R? value. This model showed superior
accuracy and the ability to explain the variance in
processing energy. The findings emphasize the importance
of model selection in optimizing cutting processes and
minimizing energy consumption. The study highlights the
significance of energy-efficient machining as a step toward
sustainable industrial practices* The findings contribute to
the global effort to optimize manufacturing energy
consumption, resource optimization which leads to carbon
foot print reduction. The study supports international
initiatives focused on sustainable industrial growth, as
discussed®Y.

By integrating machine learning with conventional
machining, long-term benefits include reduced operational
costs and enhanced productivity. However, Adopting ML
frameworks in traditional machining industries may face
challenges such as high initial costs, lack of skilled
personnel, and resistance to change. Addressing these
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barriers requires training programs and cost-benefit
analyses to demonstrate the long-term value of ML

The proposed models can be applied in real-world
scenarios such as CNC machining and other machining
operations, enabling precise energy consumption
predictions These applications demonstrate the practicality
of integrating machine learning into machining processes
for enhanced operational efficiency.

The modeling framework can be seamlessly integrated
with loT-enabled systems for real-time energy monitoring.
For instance, sensors can feed live data into the model,
enabling dynamic adjustments to machining parameters

Future research should focus on increasing the dataset
and finding out additional factors to further enhance the
accuracy of the predictive models.

6. Future Scope

It is important to address the limitations of the study. The
small size of the dataset may impact the generalizability of
the findings. Furthermore, the extent of the study is limited
to the specific cutting process and parameter range
considered. Extrapolation of the results to different cutting
conditions should be done with caution. Future research
should aim to collect larger datasets and explore additional
features to enhance the accuracy and applicability of the
models. So future work should focus on:

1. Expanding datasets with diverse machining
contexts.

2. Exploring advanced ML models like deep
learning for larger datasets.

3. Integrating the framework with IoT for real-time
adjustments.

4. Conducting material-specific studies to broaden
applicability.

Nomenclature

Abbreviation Full Form
ANN Artificial Neural Network
ANOVA Analysis of Variance
BBD Box Behnken Design
CCD Central Composite Design
CNC Computer Numerical Control
CNN Convolutional Neural Network
DL Deep Learning
IEEPs Industrial Energy Efficiency Program
MAE Mean Absolute error
ML Machine Learning
MRR Material removal rate
MSE Mean Squared error
RSM Response Surface Methodology
SEC Specific energy consumption
SVR Support Vector Regression
TOPSIS Technique for order of preference by

2)

3)

4)

5)

6)

7)

8)

9

10)

11)
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similarity to ideal solution
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