Pre prints.org

Article Not peer-reviewed version

Manufacturing Process Optimization
Using Open Data and Different Analyses
Methods

Md Tahiduzzaman , Angkush Kumar Ghosh i , Sharifu Ura i

Posted Date: 19 February 2025
doi: 10.20944/preprints202502.1516.v1

Keywords: Machining; Optimization; Open Data; ANOVA; SNR; Possibility Distribution; Fuzzy Number;
Uncertainty; Interpretability

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/958574
https://sciprofiles.com/profile/147430

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 February 2025 d0i:10.20944/preprints202502.1516.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Manufacturing Process Optimization Using Open
Data and Different Analyses Methods

Md Tahiduzzaman !, Angkush Kumar Ghosh %>* and Sharifu Ura 2*

I Graduate School of Engineering, Kitami Institute of Technology, 165 Koen-cho, Kitami 090-8507, Japan

2 Division of Mechanical and Electrical Engineering, Kitami Institute of Technology, 165 Koen-cho,
Kitami 090-8507, Japan

* Correspondence: ghosh-ak@mail kitami-it.ac.jp (A.K.G.); ullah@mail.kitami-it.ac.jp (5.U.)

Abstract: Machining process optimization involves selecting appropriate control variable (CV)
settings to achieve desired evaluation variable (EV) outcomes. With the emergence of Open Data
(OD) in smart manufacturing, machining optimization can now incorporate diverse CV-EV-centric
data beyond local ones. This study investigates whether CV-EV-centric OD provides sufficient
information, whether its analysis can yield actionable insights, and how suitable optimization
methods are for OD-driven analysis. To explore this, Analysis of Variance (ANOVA) and Signal-to-
Noise Ratio (SNR) were applied as conventional methods, while Possibility Distribution (PD) was
used as a non-conventional method. The results indicate that PD offers an integrated solution,
combining the strengths of ANOVA and SNR, for extracting actionable insights from the OD. It (PD)
also enhances interpretability for some CV-EV-relationships and enables the formation of linguistic
rules—an aspect not directly achievable through ANOVA or SNR alone. The findings suggest that
combining conventional and non-conventional methods improve the analysis of OD-driven
machining data, contributing to more structured optimization frameworks in smart manufacturing.

Keywords: machining; optimization; open data; anova; snr; possibility distribution; fuzzy number;
uncertainty; interpretability

1. Introduction

Manufacturing processes transform raw materials into finished products and are broadly
categorized into three types: (1) additive manufacturing (material is added layer by layer to create a
shape), (2) subtractive manufacturing (material is removed to create a shape), and (3) formative
manufacturing (material is reshaped without material addition or removal) [1-4]. Among these,
subtractive manufacturing—commonly known as machining —remains fundamental to industrial
production, enabling precise material removal to achieve desired geometries and surface qualities.
This study specifically focuses on machining processes, and hereafter, the term manufacturing
process will refer to machining operations.

As seen in Figure 1, in a machining process, a cutting tool removes material from a workpiece.
This operation is governed by process parameters such as cutting speed (vc), feed rate (f), radial/axial
depth of cut (ay/ac), and spindle speed (N). These parameters, which directly influence the machining,
are commonly referred to as Control Variables (CVs) [2,5]. As such, CVs define the input conditions
of a machining process, and their selection significantly impacts machining performance. As
machining progresses, the interaction between the tool and the workpiece gives rise to various
phenomena, such as chip formation, tool wear, heat generation, and cutting force. These phenomena,
in turn, affect measurable performance indicators, such as surface roughness, cutting force, material
removal rate (MRR), and tool wear. These indicators are referred to as Evaluation Variables (EVs)
since they quantify machining performance [2,5]. As seen in Figure 1, the relationship between CVs
and EVs is not always straightforward. For instance, an increase in f generally leads to an increase in
both surface roughness and MRR. While a higher MRR is desirable for improved productivity,
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increased roughness negatively impacts surface quality. This behavior highlights fundamental
problem of machining optimization: how should f be selected to achieve a balance between
maximizing MRR and minimizing surface roughness? Section 2 presents a literature review on
machining optimization and relevant methods.
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Figure 1. Context of optimization in machining.

From the viewpoint of smart manufacturing [6-8], machining optimization can be approached
through the integration of Open Data (OD)—publicly available machining datasets contributed by
multiple sources, including research institutions, industries, and digital manufacturing platforms.
Instead of relying solely on locally acquired CV-EV-centric data, OD enables a broader, data-driven
perspective where insights can be derived from diverse machining setups, tools, and conditions.
Figure 2 shows an OD lifecycle that can be followed for enabling OD-driven optimization.
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Figure 2. Open data lifecycle.

As seen in Figure 2, the upstream of the lifecycle creates OD (also described in [6]). This includes
the documentation of CV-EV-centric data, wrangling the data into a structured machine-readable
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format such as JSON, and storing the machine-readable data in a cloud-based repository to ensure
accessibility. Through this process, OD becomes part of a larger interconnected ecosystem, often
referred to as the Digital Manufacturing Commons (DMC) [7,9]—a shared infrastructure where
manufacturing data (process-relevant data, CAD models, systems, algorithms, and alike) is openly
available for analysis and application across different workspaces. As seen in Figure 2, the
downstream of the lifecycle focuses on utilizing the created OD. This involves acquiring OD,
analyzing it to extract relevant insights, and adapting the extracted knowledge for specific machining
optimization tasks as needed. At this stage, analyzing OD raises key research questions, such as
whether CV-EV-centric OD provides sufficient information to determine optimal CV settings,
whether its analysis can yield actionable knowledge, and to what extent existing methods are suitable
for OD analysis. This study investigates these questions by employing three methods: two
conventional approaches, Analysis of Variance (ANOVA) [10-13] and Signal-to-Noise Ratio (SNR)
[13-16], and a non-conventional approach, Possibility Distribution (PD) [17,18], to analyze CV-EV-
centric OD for a machining process called turning.

For better understanding, the rest of this article is organized as follows. Section 2 provides a
literature review on machining optimization. Section 3 describes the abovementioned methods.
Section 4 presents the OD and analyses results. Section 5 discusses the obtained results. Section 6
provides the concluding remarks of this study.

2. Literature Review

This section presents a literature review on the machining process optimization. For this, a
bibliographic dataset from Scopus®, a well-known bibliographic database, is acquired, analyzed, and
studied. The dataset is acquired using the following search criteria. Keyword: machining process
optimization; Subject area: Engineering; Document type: Article; Source type: Journal, Publication
stage: Final, and Year: 2000-2025. Data related to 7,361 (seven thousand three hundred sixty-one)
journal articles are collected. Section 2.1 presents an overview of the abovementioned data. Section
2.2 presents some selected works, describing how different methods are being applied for the sake of
optimization.
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2.1. Overview

The abovementioned bibliographic dataset is analyzed to understand: (1) which data analyses
methods are being used frequently for optimization, (2) which processes are being considered
frequently for optimization, and (3) which CV-EVs are being considered frequently for optimization.
For this, the number of occurrences of the relevant keywords (here, ‘Index Keywords’) are evaluated.
Figures A2-A4 (see Appendix A) show some of the results, respectively. Figure A2 shows that the
frequently used methods include analysis of variance, genetic algorithms, neural networks, grey
relational analysis, regression analysis, particle swarm optimization, signal to noise ratio, principal
component analysis, and fuzzy inference. Figure A3 shows that frequently considered processes
include grinding, milling, cutting, electrical discharge machining, and turning. Figure A4 shows that
frequently considered CV-EVs include surface roughness, surface properties, tool wear, wear of
materials, material removal rate, energy utilization, energy efficiency, cutting speed, feed rate,
spindle speed, depth of cut, and machining time.

Though the above keyword-based analysis provides a comprehensive outlook on the methods,
processes, and CV-EVs, the role of different methods in process optimization is yet to understand.
Are the methods used to perform the same task while optimizing? Or, do the methods have different
roles? How do they complement each other in optimization tasks? Keeping this in mind, the acquired
articles are further studied, as follows.

Machining process optimization typically begins with a Design of Experiments (DoE) approach,
where CVs are systematically varied using structured experimental designs like Taguchi’s orthogonal
arrays [10,19-22], Full Factorial Designs [23,24], and Response Surface Methodology (RSM) [11,14].
Based on the DoE, experiments are conducted and EV data are collected. This creates a CV-EV-centric
data matrix. The CV-EV-centric data are then analyzed using statistical methods to determine the
effects of CVs on the EVs. These methods include Analysis of Variance (ANOVA) for identifying
significant CVs [10-13,25-27], Signal-to-Noise Ratio (SNR) for evaluating variability and identifying
optimal CV states [13-16,28], and Regression Models for developing predictive CV-EV relationships
[20,28]. In some cases, techniques like Principal Component Analysis (PCA) and clustering methods
like Support Vector Machine (SVM) are also used to interpret complex datasets [29-34]. Additionally,
Grey Relational Analysis (GRA) is often applied when multiple EVs need to be evaluated together.
GRA converts multiple EVs into a single ranking index, helping to determine the optimal CV’s for the
experimental run without requiring complex computations [33,35-37].

Beyond the abovementioned statistical methods, machine learning models like Artificial Neural
Networks (ANN) and Support Vector Regression (SVR) are also used to learn patterns directly from
CV-EV-centric data [10,19,25,38-40]. When the CV-EV space is large and involves multiple local
optima, metaheuristic algorithms such as Genetic Algorithms (GA), Particle Swarm Optimization
(PSO), and Simulated Annealing (SA) are used to iteratively explore the optimal conditions
[19,25,37,38,41,42]. In the case of evaluating multiple EVs together, multi-objective optimization
methods like NSGA-II and MO-GA are used [37,43,44]. They generate a pareto front, providing a set
of optimal trade-offs rather than a single solution. For the sake of real-time adaptation, where EVs
such as tool wear, material hardness, and cutting forces change dynamically, machine learning
models such as Reinforcement Learning (RL) is employed [41,42]. It (RL) learns from sensor feedback
and past outcomes, and update the CVs dynamically.

Now, returning to DoE, while it provides a structured way to explore CV-EV relationships
through planned experimentation, Bayesian Optimization (BO) offers a flexible, data-driven
alternative [19,45,46]. Unlike DoE, BO does not require a predefined CV matrix but instead adapts
test conditions iteratively based on prior results. If a historic CV-EV dataset is available, BO leverages
this data to identify CV settings, reducing the need for additional experiments. If no prior data exists,
BO begins with a few initial exploratory trials and then refines subsequent test conditions based on
the observed outcomes. This approach is particularly useful when experimentation is costly or when
the search space is large, making BO a complementary strategy to DoE.
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Additionally, to handle uncertainty inherent to machining decisions, methods such as Fuzzy
Inference [5,47-49] and Possibility Distribution (PD) [17,18] are used for facilitating expert-driven
reasoning. These methods use fuzzy membership functions to handle imprecise CV-EV relationships,
generating linguistic rules for the sake of optimization.

2.2. Selected Studies

As discussed in Section 2.1, machining process optimization involves a diverse set of methods,
each addressing different challenges. Statistical approaches such as ANOVA, SNR, and regression
models help quantify the influence of CVs on EVs, while machine learning techniques like ANN, SVR,
and RL enable predictive modeling and real-time adaptation. Metaheuristic algorithms such as GA,
PSO, and NSGA-II explore large search spaces, and fuzzy-based approaches provide decision-
making flexibility in uncertain conditions. While these methods serve distinct roles in machining
process optimization, their practical applications vary across studies. To examine how they are
implemented, the following section reviews some selected works.

Agarwal et al. [13] studied CNC turning of 16MnCr5 steel using TiN-coated TNMG160404
carbide inserts, to determine the optimal CVs (cutting speed, feed rate, and depth of cut) for
maximizing the EV (material removal rate) and minimizing the EV (surface roughness). Experiments
were conducted based on Taguchi Lo DoE. ANOVA and SNR were applied to analyze the influence
of CVs on the EVs, and optimal CV states, respectively.

Perumal et al. [11] studied CNC turning of AA359 alloy using titanium carbonitride-coated CBN
inserts, to determine the optimal CVs (spindle speed, feed rate, and depth of cut) for maximizing the
EV (material removal rate) and minimizing the EV (surface roughness). Experiments were conducted
based on Taguchi Lis DoE. ANOVA was applied to analyze the influence of CVs, while the General
Linear Model (GLM) and Response Surface Methodology (RSM) were used to determine their
optimal states.

Gangwar et al. [28] studied dry turning of EN31 steel using CNMA 120208 tungsten carbide
inserts to determine the optimal CVs (cutting speed, feed rate, and depth of cut) for maximizing the
EV (material removal rate) and minimizing the EV (surface roughness). Experiments were conducted
based on Taguchi Lis DoE. SNR analysis was used to assess the impact of CVs on the EVs, while
ANOVA developed regression equations describing their relationship. These equations were then
used as the objective function in Grasshopper Optimization Algorithm (GOA) to determine the
optimal CVs.

Saleem and Mehmood [50] studied turning of Inconel 718 using TiAIN PVD-coated SNMG
120408 NN LT 10 inserts, to determine the optimal CVs (cutting speed, feed rate, and air pressure) for
minimizing the EVs (tool wear and surface roughness). Experiments were conducted based on
Taguchi Ly DoE. ANOVA was applied to analyze the influence of CVs on the EVs, and mean value
calculations were used to determine optimal CV states.

Chanie et al. [38] studied wire cut EDM of mild steel AISI 1020 using a DK7732C machine to
determine the optimal CVs (peak current, pulse on/off time, and wire feed rate) for maximizing the
EV (material removal rate) and minimizing the EV (surface roughness). Experiments were conducted
based on Taguchi Lo DoE. An Artificial Neural Network (ANN) model was developed and integrated
with a multi-objective Genetic Algorithm (GA) for optimization of CVs.

Teimouri et al. [12] studied rotary turning with ultrasonic vibration of aluminum 7075 aerospace
alloy using tungsten carbide RCMT10T3 MO Lamina Co inserts, to determine the optimal CVs
(cutting velocity, tool rotary speed, and feed rate) for minimizing the EVs (cutting force and surface
roughness). Experiments were conducted based on Taguchi Ly DoE. ANOV A was applied to analyze
the influence of CVs on EVs, and the Desirability Function Approach (DFA) was used to determine
the optimal CVs levels.

Banerjee and Maity [15] studied turning of Nitronic-50 using MT-PVD inserts, to determine the
optimal CVs (cutting velocity, feed, and depth of cut) for minimizing the EV (tool wear) and surface
roughness while maximizing the EV (material removal rate). Twenty experiments were conducted,
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resulting in CV-EV-centric data. ANOVA was applied to analyze the influence of CVs on EVs. The
Multi-Objective Optimization by Ratio Analysis (MOORA), Teaching-Learning-Based Optimization
(TLBO), and SNR techniques were used to determine the optimal CV levels.

Sun et al. [51] studied milling of TC4 (Ti-6Al-4V) using flat-end and ball-end cutters, to
determine the optimal CVs (spindle speed, feed, and axial/radial depth of cut) for maximizing cutting
efficiency while minimizing the EVs (surface roughness and cutting force). The Technique for Order
Preference by Similarity to an Ideal Solution (TOPSIS) was first applied to identify significant CV
levels. A combined TOPSIS and Adversarial Interpretive Structural Modeling (TOPSIS-AISM)
method was then used for optimization. Finally, the results of traditional TOPSIS and TOPSIS-AISM
were compared.

Wang et al. [36] studied grinding of AISI 1045 steel using a WA60L6 V grinding wheel, to
determine the optimal CVs (feed velocity, depth of cut, and cooling/lubrication conditions) for
minimizing the EVs (residual stress, surface roughness, production cost, and CO, emission) while
maximizing the EVs (production rate and operator health). Experiments were conducted based on
Taguchi Ly DoE. Grey Relational Analysis (GRA) was applied to analyze the influence of CVs on EVs
and determine their optimal levels.

Karthick et al. [26] studied milling of Inconel 718 using ACK 300 Sumitomo carbide-coated ball
nose milling inserts, to determine the optimal CVs (traverse speed, torch height, arc current, and gas
pressure) for minimizing the EVs (kerf deviation and surface roughness) while maximizing the EV
(micro hardness). Experiments were conducted based on DoE. ANOVA was applied to analyze the
influence of CVs on EVs, followed by Moth-Flame Optimization (MFO) to determine optimal CV
levels. The results from ANOVA and MFO were then compared.

Boga and Koroglu [25] studied milling of high-strength carbon fiber composite plates under dry
conditions using TiAlN-coated and Mikrograin Carbide-C10 tools, to determine the optimal CVs
(cutting tool, feed rate, and spindle speed) for minimizing the EV (surface roughness). Experiments
were conducted using Taguchi mixed orthogonal array L32 (21 x 42). ANOVA was applied to analyze
the influence of CVs on EVs, identifying cutting tool and feed rate as the most significant factors. The
optimal CV combination was found to be a TiAIN-coated tool, 5000 rpm spindle speed, and 250
mim/rev feed rate. A feed-forward backpropagation neural network (NN) was also developed to
estimate EV values, with a genetic algorithm (GA) assisting in parameter selection.

Kechagias [16] studied end milling of aluminum alloy 5083 using a carbide tool, to determine
the optimal CVs (feed rate, cutting speed, and depth of cut) for minimizing the EV (surface
roughness). Experiments were conducted based on Taguchi L2z DoE. Analysis of Means (ANOM)
was applied to identify significant CVs affecting EVs, while SNR analysis was used to determine their
optimal levels.

Mohanta et al. [37] studied CNC turning of Al 7075 using CVD-coated carbide inserts, to
determine the optimal CVs for minimizing the EVs (surface roughness and cutting force). Grey
Relational Analysis (GRA) and Desirability Function Analysis (DFA) were first applied to optimize
CVs. Multi-Objective Genetic Algorithm (MOGA) and Multi-Objective Particle Swarm Optimization
(MOPSO) were then used for further optimization.

Kosarac et al. [10] studied milling of titanium alloy Ti-6Al-4V using a spindle milling cutter (HF
16E2R030A16-SBN10-C), to determine the optimal CVs (cutting speed, feed rate, depth of cut, and
cooling/lubricating method) for minimizing the EV (surface roughness). Experiments were
conducted based on Taguchi L2r DoE. ANOVA was applied to analyze the influence of CVs on EVs,
identifying feed rate as the most significant factor. SNR analysis was used to determine the optimal
CV levels. Additionally, neural networks and Random Forest were used to develop a predictive
model for surface roughness based on the collected dataset, with Random Forest performing better
on small datasets.

Tanvir et al. [35] studied turning of AISI 304 stainless steel using high-speed steel single point
cutting tool, to determine the optimal CVs (cutting speed, feed rate, and depth of cut) for maximizing
the EV (material removal rate) while minimizing the EVs (surface roughness, cutting force, power
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consumption, heat rate, and peak tool temperature). Simulations and experiments were conducted
to obtain EV values across different machining settings. A hybrid multi-objective optimization
approach integrating Grey Relational Analysis (GRA) with the Whale Optimization Algorithm
(WOA) was then applied to determine the optimal CV levels.

Mongan et al. [19] studied CNC end milling of aluminum 6061 using a 4-flute solid carbide
square end mill with a titanium nitride coating, to determine the optimal CV’s (feed per tooth, cutting
speed, and depth of cut) for maximizing the EV (material removal rate) while minimizing the EV
(surface roughness). A full factorial parametric study was conducted, and ANOVA was applied to
analyze the influence of CVs on EVs. An Ensemble Neural Network (ENN) was then developed using
Genetic Algorithm-optimized Artificial Neural Network (GA-ANN) base models, with
hyperparameters tuned via Bayesian optimization. The trained ENN was used to identify optimal
CV combinations for achieving a predefined surface roughness while maximizing material removal
rate.

Chowdhury et al. [18] studied rotary ultrasonic machining of Ti6Al4V alloys, to analyze the
effects of CVs (ultrasonic power, feed rate, spindle speed, and tool diameter) on EVs (cutting force,
tool wear, overcut error, and cylindricity error). Experiments were conducted following a Taguchi
Lss DoE approach, and the effects of CVs were evaluated using possibility distributions constructed
from the experimental data. These distributions, represented as trapezoidal fuzzy numbers, were
used to quantify uncertainty and identify optimal CVs.

Bouhali et al. [20] studied dry turning of 2017A aluminum alloy using a carbide-cutting tool, to
determine the optimal CVs (cutting speed, feed rate, and depth of cut) for minimizing the EV’s (surface
roughness and cutting temperature). Experiments were conducted using the Taguchi Lis DoE
approach with three factors and four levels. The signal-to-noise (5/N) ratio and ANOVA were applied
to analyze the influence of CVs on EVs, identifying depth of cut as the most significant factor.
Regression analysis was then used to develop mathematical models for predicting surface roughness
and cutting temperature and for determining optimal cutting conditions.

Ullah and Harib [5,49] argued that optimizing machining processes using CV-EV-centric data
requires transparency rather than relying solely on black-box models. They demonstrated this using
the ID3-based decision tree, which effectively extracts patterns but inherently excludes certain CVs,
leaving their relationship with the EV unknown. This lack of interpretability creates operational
challenges, as crucial factors may remain hidden. To address this, they proposed a human-assisted
knowledge extraction system integrating probabilistic and fuzzy reasoning, ensuring user
involvement. This underscores a broader concern with black-box methods, which optimize outcomes
without revealing decision processes, making insights difficult to apply [7,52-55]. Unlike statistical
approaches that allow direct human reasoning, many ML models operate independently after data
input, limiting user engagement. Maintaining transparency and involving users in knowledge
extraction ensures that optimization remains interpretable and actionable.

In sum, the literature review highlights various methods used in machining optimization,
including statistical techniques, machine learning, metaheuristic algorithms, and fuzzy inference and
uncertainty quantification tools. However, these methods are typically applied in controlled
environments with structured DoE frameworks. As introduced in Section 1, OD lacks such
predefined structures and integrates data from multiple sources, making it unclear how well existing
methods perform in OD-driven analysis. To address this, this study selects ANOVA, SNR, and PD
among others. These methods are more humanly comprehensible than black-box approaches and
computationally accessible, making them practical for OD, which is intended for broad usability,
including small and medium-sized enterprises (SMEs). Unlike complex machine learning models,
ANOVA, SNR, and PD can be applied with basic tools like spreadsheets, ensuring feasibility in OD-
driven analysis. The following section describes these methods.
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3. Methods

This section describes the methodological framework and mathematical formulations
underlying three data analysis methods: (1) Analysis of Variance (ANOVA), (2) Signal-to-Noise Ratio
(SNR), and (3) Possibility Distribution (PD), as outlined in Subsections 3.1, 3.2, and 3.3, respectively.

3.1. Analysis of Variance (ANOVA)

Analysis of Variance (ANOVA) is a generic name for a set of statistical methods to know whether
two or more groups of datasets are statistically different [56,57]. The most commonly used types of
ANOVA include: (1) Single-Factor (One-Way), (2) Two-Factor with Replication, and (3) Two-Factor
without Replication [56,58,59]. Using ANOVA, it is possible to know whether an independent
variable significantly affects a given dependent variable. For this reason, these three types of ANOVA
have been extensively used in manufacturing process optimization. For a better understanding, the
abovementioned ANOVA-types are described below.

‘Single-Factor ANOVA' tests whether a given independent variable significantly affects a given
dependent variable. For example, consider one independent variable called cutting speed and one
dependent variable called tool wear. Single-Factor ANOVA then tests whether the cutting speed
significantly affects the tool wear. In this case, Single-Factor ANOVA may consider the datasets of
cutting speed for (say) three states, 200 m/min, 300 m/min, and 400 m/min, and the corresponding
tool wear. As far as “Two-Factor ANOVA with Replication’ is concerned, it tests whether two given
independent variables significantly affect a given dependent variable. For example, consider two
independent variables called cutting speed and material removal rate, and one dependent variable
called tool wear. Two-Factor ANOVA with Replication then tests whether the cutting speed and the
material removal rate collectively affect the tool wear and to what extent. In this case, Two-Factor
ANOVA with Replication considers the datasets of cutting speed for (say) three states, 200 m/min,
300 m/min, and 400 m/min, and three states of material removal rate, 10 cm3/min, 15 cm3/min, and 20
cm?®/min, and the corresponding tool wear. As far as ‘Two-Factor ANOVA without Replication” is
concerned, it tests whether two given independent variables significantly affect a dependent variable
when there is only one observation for each combination of variable states. For example, consider
two independent variables called cutting speed and material removal rate, and one dependent
variable called tool wear. This Two-Factor ANOVA without Replication evaluates whether cutting
speed, material removal rate, and their interaction significantly affect tool wear. In this case, Two-
factor ANOV A without Replication considers cutting speed datasets for (say) three states, 200 m/min,
300 m/min, and 400 m/min, and three states of material removal rate, 10 cm3/min, 15 cm3/min, and 20
cm®/min with a single measurement taken for each combination.

Among the three ANOVA types mentioned above, Single-Factor (One-Way) ANOVA is the
most commonly used in manufacturing process optimization [58,59]. Therefore, in this study,
ANOVA refers specifically to Single-Factor (One-Way) ANOVA, which is also employed in this study
for data analysis (see Section 4). Accordingly, the following discussion outlines its methodological
framework and mathematical formulation to provide a comprehensive understanding.

Figure 3 schematically illustrates the methodological framework underlying the Single-Factor
ANOVA. As seen in Fig. 3, the Single-Factor ANOVA method consists of nine (9) calculation steps.
The goal of these calculations is to determine the value of a probability denoted as P. An independent
variable significantly affects a given dependent variable when P is less than a given level of
significance (e.g., a.= 0.05) [58,60-63]. The step-by-step formulation of how to calculate P is presented
below.
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Figure 3. Outlining Single-Factor (One-Way) ANOVA method.

Let G be the set of groups of datasets, i.e., G={Gj | j =1,...,m} where Gj denotes the j-th group
(also denoted as state). Each group consists of some numerical data denoted as Gj = {gj € R | i =
1,...,nj}. The group mean (strictly speaking, group average) denoted as MG; is calculated as follows:

MGj = 1nji=lnjgij €))

The overall mean denoted as OM is calculated as follows:
OM=1mj=1mMGj (2)

The weighted sum of squares between groups denoted as SSB is calculated as follows:
SSB = ¥7L(n; X (MG; — OM)?) (3)

The sum of square deviations within group denoted as SSW is calculated as follows:

SSW = X% XL (g5 — MG’ )
The mean square between groups denoted as MSB is calculated as follows:

MSB = i’i (5)

The mean square within groups denoted as MSW is calculated as follows:

_ ssw
ST (nj-m)

MSwW (6)

The F-statistics value denoted as F is calculated as follows:

MSB
= osw )

The P-value denoted as P is calculated as follows:
a;F \47 a, \@
d1F1+d2) (leidz)

BF(ﬂ ﬂ) ®

2’2

(
P = f(F;dy,dy) =j

In Equation (8) B represents the beta function, d; represents the degrees of freedom between
groups, and d, represents the degrees of freedom within groups. d; and d, are calculated as
follows.

dy=m—1 ©)

dy = Xjz,(n; —m) (10)

Figure 4 shows F-distribution curve with F-critical value. In Figure 4, the x-axis represents F-
value and the y-axis represents probability density. Considering d1 =3, d2=15, and o = 0.05, F-critical
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value is 3.28, as shown in Figure 4. If F-value is larger than this F-critical value, then it implies that
the corresponding independent variable significantly affects the dependent variable [60-62].

—d1:3,d2:15

o o o
BN (o2} [o0]

Probability density

o
N

F- value

Figure 4. F-distribution curve with F-critical value.

3.2. Signal-to-Noise Ratio (SNR)

Taguchi method is developed by a Japanese scientist named Dr. Genichi Taguchi during the
1950s and 1960s [64]. Different fields of engineering use this method to optimize manufacturing
processes and systems. The Taguchi method utilizes a set of orthogonal arrays to make relationship
between independent variables and dependent variables with as few experiments as possible
[10,19,20]. Orthogonal arrays consider states in independent variable(s) to ensure all states
independently tested with minimal experimental runs. For example, the Taguchi method considers
one independent variable called cutting speed for (say) three states, 200 m/min, 300 m/min, and 400
m/min. Then, the Taguchi method uses a statistical measure of performance called Signal-to-Noise
Ratio (SNR) to identify the optimal state of independent variable(s). The SNR is the ratio of signal
and noise. The term ‘Signal’ represents mean, and the ‘Noise’ represents standard deviation from
mean. The SNR finds the optimal state of independent variables converting experimental result of
dependent variables into a value. The largest value of SNR means the optimal state of independent
variables [10,15,16,65,66]. There are three types of SNR used for analysis, namely the Smaller-the-
Better, the Optimal-the-Better, and the Larger-the-Better. For the sake of better understanding, these
three types of SNR are described in Subsections 3.2.1-3.2.3, respectively.

3.2.1. Smaller-the-Better (STB)

Smaller-the-Better (STB)-SNR finds the optimal state of a given independent variable for
minimizing given a dependent variable. For example, consider one independent variable called
cutting speed and one dependent variable tool wear. In this case, STB-SNR may consider the datasets
of cutting speed for (say) three states, 200 m/min, 300 m/min, and 400 m/min, and the corresponding
tool wear. STB-SNR then finds the optimal state of cutting speed for minimizing tool wear. For each
state, the STB-SNR denoted as STB; is calculated as follows.

STB;= —10 log (nijz?;']gi,-z) (11)
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In Equation (11), STB; represents the Smaller-the-Better S/N ratio of j-th group (also denoted as
state). Vj = {1,..,m}. g;j represents the individual numerical data of j-th group of the dependent
variable and n; represents the total amount of data of the group. The largest value of STB; indicates
the optimal state of independent variable for minimizing the dependent variable.

3.2.2. Larger-the-Better (LTB)

Larger-the-Better (LTB)-SNR finds the optimal state of a given independent variable for
maximizing a given dependent variable. For example, consider one independent variable cutting
speed and one dependent variable material removal rate. In this case, LTB-SNR may consider the
datasets of cutting speed for (say) three states, 200 m/min, 300 m/min, and 400 m/min, and the
corresponding material removal rate. LTB-SNR then finds the optimal state of cutting speed for
maximizing material removal rate. For each state, the LTB-SNR denoted as LTB; is calculated as
follows.

LTB; = ~10log (-3, -L-) (12)

The largest value of LTB; indicates the optimal state of independent variable for maximizing the

dependent variable.

3.2.3. Nominal-the-Better (NTB)

Nominal-the-Better (NTB)-SNR finds the optimal state of a given independent variables to
obtain a target value of a given dependent variable. For example, consider one independent variable
called cutting speed and one dependent variable called surface roughness. In this case, NTB-SNR
may consider the datasets of cutting speed for (say) three states, 200 m/min, 300 m/min, and 400
m/min, and the corresponding surface roughness. NTB-SNR then finds the optimal state of cutting
speed to obtain value of surface roughness. For each state, the NTB-SNR denoted as NTB;is
calculated as follows:

2
NTB; = —10log (nijz?;l (%) ) (13)

In Equation (13), t presents the target value of dependent variable. The largest value of NTB;

indicates the optimal state of independent variable to obtain the target value of dependent variable.

3.3. Possibility Distribution (PD)

A possibility distribution is a probability-neutral representation of uncertainty in a dataset, often
associated with fuzzy set theory [67-70]. It is used when precise probabilistic data is unavailable,
providing a structured way to express the plausibility of different values, particularly in cases of
scarce, incomplete, or difficult-to-quantify data. In fuzzy systems, it represents degrees of possibility
rather than strict probabilities, making it applicable to engineering, materials science, environmental
modeling, and decision-making under epistemic uncertainty. Studies have used it to analyze material
properties [71,72], surface roughness models and surface of bi-metal components [73,74], CO;
emissions [75], sensor signal-based digital twins [76], and machining process optimization [17,18].
Nevertheless, the mathematical formulations for inducing the possibility distribution from a given
set of numerical data are described below.

Let gij) € R,i =0,..,n—1 be n data points, as shown in Figure 5.
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Figure 5. A given set of numerical data.

Let (9¢j) 9i+1)j), i =0,..,n — 1, be a point-cloud in the universe of discourse G = [gmin, Gmax]
so that gni, <min(g;,l Vi €1{0,...,n}) and gm, > max (gujl Vi €{0,...,n}). Let A and B two
square boundaries so that the vectors of the vertices of A and B (in the anti-clockwise direction) are
((gmint gmin)/ (g' gmin)/ (g: g)/ (gmin' g)) and ((gmax' gmax)/ (g' gmax)/ (g' g)/ (gmaw g))/ respectively, Vg €
G. As such, (g,g) is their common vertex of A and B. For example, consider the arbitrary point-
cloud shown in Figure 6. As seen in Figure 6, the universe of discourse G = [0 0.45]. Notice the
relative positions of boxes denoted by 4 and B in Figure 6. The boxes are connected their common

vertices.

0.45

03¢

O(i+1)j

0.15

0 0.15 0.3 0.45
90i)

Figure 6. Relative position of A and B in the point -cloud (g_((ij) ),g_(i+1);).

Let Pry(g) and Pr,(g) be two subjective probabilities, wherein Pr,(g) and Prgz(g) represent the
degrees of chances that the points in the point-cloud are, in A and B, respectively. As such, these
functions are defined by the following mappings:

G — [0,1]

Y el
g+ Pry(g) = 2220 (14)
(9ap = 9) A (gasn; < 9)

otherwise

o) = {(1)
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G — [0,1]
el
g Pry(g) = 2220 (15)
Q@) = {1 (g(ij) > g) A (g(i+1)j >g)
0 otherwise

The typical nature of the functions defined in Equations (14) and (15) are illustrated in Figure 7
using the information of the point -cloud shown in Figure 6. Note that Pr,(g) increases with the
increase in g and the opposite is true for Prg(g). It is worth mentioning that Pr,(g) + Pry(g) =1 (see
Figure 8). This means that Pr,(g) + Prg(g) does not serve the role of ‘cumulative probability
distribution’. A cumulative probability distribution can however be formulated by using the
information of Pr,(g) and Prg(g), as shown in Figure 7.

1.2

0 0.15 0.3 0.45

Figure 7. The typical nature of Pr_A(g) and Pr_B(g) for unimodal quantity.

1.2

04| — Pra(9)+Prg(9)
— m(g)
02r¢ A 1
0
-0.2 : :
0 0.15 0.3 0.45
g

Figure 8. Nature of Pr_A(g)+ Pr_B(g) and min(Pr_A(g), Pr_B(g)) for unimodal data.

Considered a mapping that maps g into the minimum of Pr,(g) and Prp(g), as follows:

G — [0,4d]
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g — m(g) = min((Pr,s(9), Prz(9) ) (16)

In Equation (16), a =1, if the point-cloud is a point; otherwise, a < 1. Figure 8 shows the
nature of m(g) for Pry(g) and Prg(g). The area under m(g) is given by:

Q= J,m(g)dg 17)

There is no grantee that Q = 1. Otherwise, m(g) could have been considered a probability
distribution of the underlying point-cloud. However, a function F(g) can defined, as follows:

[0,a] — [0, 1]

19 m(g)dg

g F(g) = L2 (18)

F(g) can be considered a cumulative probability distribution because max(F (g9)=1F(g) =
F(z)) for g =2z, F(g) €[0,1],Vg,z € G. Figure 9 shows the natures of ,F(g) derived from m(g)
shown in Figure 8. The cumulative probability distribution defined in Equation (18) produces a
probability distribution Pr(g). Thus, the following formulation holds:

Pr(g) = T2 (19)

Figure 10 shows the probability distribution Pr(g) underlying F(g) shown in Figure 9. It is
needless to say that the area under the probability distribution Pr(g) isaunitand Pr(g) remainsin
the bound of [0, 1].

1.2

F(9)

0 0.15 0.3 0.45
Figure 9. Nature of cumulative probability distribution of a point cloud.

0.2

015}

0.1

Pr(g)

0.05

-0.05

0 0.15 0.3 0.45

Figure 10. The nature of probability distribution of a unimodal point-cloud.
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From the induced probability distribution Pr(g), a possibility distribution given by the
membership function y;(g) can be defined based on the heuristic rule of probability-possibility
distribution transformation-that the degree of possibility is greater than or equal to the degree of
probability. The easiest formation is to normalize Pr(g) by its value, max (Pr(g))| Vg € G).
Therefore,

[0,1] — [0,1]

Pr(g)
Pr(g) — u,(g) = W‘)qlvgec) (20)

Figure 11 shows the possibility distribution pi(g) derived from the probability distribution
Pr(g) shown in Figure 10. The shape of the induced probability distribution and the shape of the
induced possibility distribution are identical, as evident from Figures 10 and 11. Other formulations
can be used instead of the formation Equation (20) as suggested by others.

12

(9)

0 0.15 0.3 0.45

Figure 11. The nature of possibility distribution of a unimodal point-cloud.

However, it is observed that when the point-cloud resembles the point-cloud of a bimodal
quantity, the induced possibility distribution resembles a trapezoidal fuzzy number. In addition,
when the point-cloud is a point, the induced possibility distribution becomes a fuzzy singleton.
Moreover, when the point-cloud resembles the point-cloud of a unimodal data, the induced
probability/ possibility distribution resembles a triangular fuzzy number. To define the membership
function of an induced fuzzy number in the form of a triangular fuzzy number, the following
formulation can be used.

Let u,v,and w be three points in the ascending order in the universe of discourse G,u <v <
w € G. Let the interval [u,v] be the support of a triangular fuzzy number and the point v be the
core. The following procedure can be used to determine the values of u,v,andw from the induced
fuzzy number u;(g) (Equation 20).

u<v<wedG
u=g (W@ =0Au(@g+dg) >0 (21)
v=g (W(g—-dg) <1A (g =1

w=g W(g—dg) >0A u(g)=0

As defined in Equation (21), u is the point after which the membership value p;(g) is greater
than zero, v is the point corresponding to the maximum membership value max p;(g), and w is
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the point from which the membership value u;(g) again becomes/ remains zero. Thus, the
membership function ur(g) of the induced triangular fuzzy number is as follows.

G — [0,1]

g — ur(g) = max (0, min (ﬂ M)) (22)

v—u’w-v

Figure 12 shows the triangular fuzzy number induced from the possibility distribution,
following the abovementioned formulations. Needless to say, this formation is valid only for the
point-cloud exhibition, the nature of a unimodal quantity.

1.2

membership value

0 0.15 0.3 0.45

Figure 12. Induced triangular fuzzy number from possibility distribution.

In sum, ANOVA identifies the significant independent variables, SNR determines optimal states
underlying the significant variables, and PD represents uncertainty in cases where precise
probabilistic information is unavailable, and data is scarce. These methods have been applied in
closed-domain scenarios, where experimental data is systematically collected under controlled
conditions. However, this study extends the scope by investigating machining process optimization
using open data, which refers to data publicly available and accessible. Unlike controlled
experimental data in closed domains, open data may exhibit greater variability, inconsistencies, and
gaps, raising questions about how well the existing methods (ANOVA, SNR, and PD) perform in
such contexts. This emerged question related to analyzing open data has yet to be explored in detail.
As such, this study aims to understand how these methods help optimize a machining process using
open data, as described in the following section.

4. Results

This section presents a case study where different data analysis methods namely ANOVA, SNR,
and PD (described in Section 3) are used to analyze open data related to a machining process called
‘turning’ for the sake of optimization. In particular, Section 4.1 describes the open data and its
preparation. Section 4.2 presents the analyses results.

4.1. Open Data and Its Preparation

The concept of open data (OD), introduced in 1995, refers to publicly available data that can be
accessed and utilized, often free of charge [77,78]. Within the framework of Digital Manufacturing
Commons (DMC) [7,9] —a digital ecosystem where stakeholders contribute manufacturing data such
as process-relevant datasets, sensor signals, digital models, and analytical tools—OD fosters
collaboration, innovation, and data-driven decision-making. This is particularly beneficial for Small
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and Medium-sized Enterprises (SMEs), which often lack proprietary data resources, as seen in a
survey of the Japanese manufacturing industry [6,8], where nearly 80% of large companies can access
and utilize proprietary data, while SME participation remains minimal. OD helps address this
inequality by making data more accessible, allowing organizations to leverage external information
for decision-making.

To support OD utilization, a method has been devised for creating, organizing, and storing OD
in a structured, machine-readable format to ensure accessibility and usability [6]. This involves
ontology-driven documentation, digitization into Extensible Markup Language (XML) and
JavaScript Object Notation (JSON), seamless integration into cloud-based repositories, and data
access through APIs and URLs. While this framework provides a foundation for OD-driven
manufacturing, the effectiveness of existing analysis methods—such as ANOVA, SNR, and PD,
which are widely applied in controlled environments—remains an open question in OD contexts.
Evaluating their performance in OD analysis is essential for integrating effective methods into open
manufacturing ecosystems.

In this study, OD related to a machining process called turning is considered. One may refer to
the work described in [6] for details on how this open data is created, structured, and stored. Figure
13 illustrates the turning process (see segment ‘A’), followed by the JSON data that has been created
and stored for open access (see segment ‘B’).

As seen in segment ‘A’ of Figure 13, a turning experiment involves machining a workpiece using
a cutting tool controlled by a set of process variables, referred to as Control Variables (CVs). These
include parameters such as cutting speed (v m/min), feed (f, mm/rev), and machining time (T, min).
The process outcome is measured in terms of Evaluation Variables (EVs) such as tool wear (Tw, mm)
and material removal rate (MRR, cm3/min). Segment ‘B’ of Figure 13 represents that this CV-EV-
centric data is collected from multiple independent sources (research organizations, denoted as
A,...I), wrangled, and structured into a machine-readable format called JSON. This data is then stored
in a cloud-based repository and made publicly available to create the CV-EV-centric OD. Hence, this
OD contributes to the DMC ecosystem. Note that while each source conducted the same machining
process (here, turning), variations in workpiece and tool materials, as well as distinct sets of CV’s and
EVs, resulted in a diverse dataset. One may refer to Appendix B for the access information related to
the OD.

Figure 14 shows a visualization of the above CV-EV-centric OD, where colors represent different
workpiece-tool combinations, regardless of the source. Bubbles of the same color indicate datasets
associated with the same combination, while variations in bubble size reflect the number of the source
contributing to the data. As such, identically sized bubbles indicate data from the same source,
whereas differing sizes suggest multiple sources. Figure 14 also shows individual bubble charts for
each source (denoted as Organization A,..,I). This visualization system is also made publicly
available at the above URL. Users can interact with the system by hovering over bubbles to access
details such as process type, workpiece material, tool material, source information, and CV-EV data.
Multiple filters and highlighters (can also be seen in Figure 14) allow users to refine their view based
on process attributes, facilitating efficient interpretation.
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Figure 13. Creating CV-EV-centric open data for a machining process (re-arranged from [6]).

Visualization of Open Data (Turning)
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Figure 14. A visualization of the CV-EV-centric open data.

After interpreting and understanding the above OD, users can download and prepare it as

needed for their specific domain and analyze it for decision-making. This study follows such an

approach, using the above OD to conduct an analysis relevant to the machining process optimization.

The next section describes how this OD is prepared for the analysis presented later in this study.

Table 1 presents the workpiece materials in the OD, comprising 16 materials across metals,
alloys, and ceramics, each denoted as WML,...,WM16 along with their corresponding data points.
Carbon steel for machine structure (545C) (WM1) has the highest number of data points (289),
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followed by Gray Cast Iron (FC20) (WM2) with 142. In contrast, Silicon Nitride (SisN4) (WM15) and
Carbon Silicon (SiC) (WM16) contain only 4 and 3 data points, respectively.

To ensure statistical reliability and robust method evaluation, datasets with sufficient data
density are preferred, as studies suggest that larger sample sizes improve comparative analysis,
reduce variability, and enhance result reliability [56]. Based on this criterion, WM1 is selected for
further investigation.

Table 1. Workpiece materials in the open data.

ID Name of Workpiece Material Number of Data
WMI1 Carbon steel for machine structure (S45C) 289
WM2 Gray Cast Iron (FC20) 142
WM3 Fiber-Reinforced Plastics (GFRP) 103
WM4 Pure titanium (Ti) 90
WM5 Ni-based heat-resistant alloys (Inconel 600) 65
WM6 Ni-based heat-resistant alloy (Inconel X750) 64
WM7 Stainless Steel (SUS304) 55
WMS8 Aluminum Alloy (AC3A) 50
WM9 Aluminum alloy (Algin) 50

WM10 Alloy Tool Steel (SKD11) 42
WMI11 High Carbon Chromium Bearing Steel (SUJ2) 17
WM12 Nodular Graphite Cast Iron (FCD45) 14
WM13 Alumina (Al205) 13
WM14 Zirconia (ZrOz) 12
WM15 Silicon nitrogen (SisNa) 4

WM16 Carbon silicon (SiC) 3

Table 2 summarizes the tool materials used for machining WM1, denoted as TM1-TM11, along
with their respective data points. Cermet: TiN-TaN (TM1) has the highest number (68), followed by
Ceramics: TiCN-30TiB,-1TaN (TM2) with 42. In contrast, tool materials such as Ceramics: SizNa-
9A1>0s3 (TM10) and Ceramics: SisNs-7Al,05-255i (TM11) contain only 7 and 3 data points, respectively.
Using the same criterion as above, TM1 and TM2 are selected for further investigation.

Thus, Table 3 outlines the CV-EV-centric data for the selected WM1-TM1 and WM1-TM2
combinations. The CVs include cutting speed (v. , m/min) at three states (200, 300, 400), feed rate (f,
mm/rev) at two states (0.1, 0.15), and machining time (T, min) at seven states (1, 2.5, 5, 10, 15, 20, 30).
The EV is tool wear (Tw, mm), measured to evaluate tool degradation under these machining
conditions, while machining the WM1 using the TM1 and TM2.
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Table 2. Tool materials for Carbon steel for machine structure (545C) in open data.
Workpiece Material ID Name of Tool Material Number of Data
™1 Cermet: TiN-TaN 68
™2 Ceramics: TiCN-30TiB2>-1TaN 42
™3 Ceramics: TiCN-30TiB2-1Ta,C 40
T™M4 Coating: A2Os 38
Carbon steel for
™5 Ceramics: TiCN-30TiB2 21
machine structure
T™M6 Ceramics: TiN-30TiB2 21
(5450),
™7 Coating: TiCN 21
denoted as WM1
™S8 Ceramics: Al2Os 15
™9 Ceramics: TiB>-30MoSi: series 13
TM10 Ceramics: SisNs+-9AL2Os 7
T™M11 Ceramics: SisNs-7Al1203-25S5i 3
Table 3. Outlining the Control and Evaluation variables (CV-EV).
Variable Types Name of CVs States
Cutting Speed (vc) [m/min] 200, 300, 400
Control Variable (CVs) Feed (f) [mm/rev] 0.1, 0.15

Machining Time (T) [min]

1,2.5,5,10,15, 20, 30

Evaluation Variable (EV)

Tool Wear (Tw) [mm]

This study considers the abovementioned CV-EV-centric OD related to WM1-TM1 and WM1-
TM2. Figures 15 and 16 show the relevant data underlying the OD for WM1-TM1 and WM1-TM2,
respectively. Note that Figures 15 and 16 are created from the visualization system shown in Figure
14, highlighting the WM1-TM1- and WM1-TM2-relevant OD only. Nevertheless, the objective is to
explore the corresponding machining process (here, turning) from an optimization perspective,

focusing on minimizing the EV (Tw), given that CVs (v, f, and Tw) influence it (Tw).
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Figure 15. Open data relevant to the workpiece-tool combination considering Carbon steel for machine structure

(545C) and Cermet: TiN-TaN (WM1-TM1).
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Figure 16. Open data relevant to the workpiece-tool combination considering Carbon steel for machine structure

(545C) and Ceramics: TICN-30TiB2-1TaN (WM1-TM2).

In machining, CVs and EVs interact, meaning that adjusting certain CVs directly impacts the EV.
For instance, if increasing vc accelerates Tw while decreasing f helps minimize it, then selecting the
optimal combination of vc and fis crucial for reducing Tw. Identifying such relationships allows for
data-driven process optimization by determining the optimal CV settings for achieving the desired
performance (e.g., minimal Tw). In controlled environments, where structured data is readily
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available, such dependencies are typically analyzed to optimize a process. However, in OD contexts,
it remains uncertain whether similar insights can be extracted. Does OD provide sufficient
information to determine the optimal CV settings? Can OD-based analysis yield actionable
knowledge? Furthermore, are the analysis methods themselves suitable for analyzing OD, and to
what extent? Given an OD environment, how should one set the states of v, f, and Tw to achieve
minimal Tw when machining WM1 using TM1 or TM2? This study explores these questions by
applying the methods outlined in Section 3—ANOVA, SNR, and PD—to examine the CV-EV
interactions in the abovementioned OD. The following section presents the relevant results.

4.2. Analyses

This section presents the results obtained from ANOVA, SNR, and PD analysis of CV-EV-centric
OD underlying the workpiece and tool material combinations (WM1-TM1 and WM1-TM2, as
described in Section 4.1) in two subsequent sections, Sections 4.2.1 and 4.2.2, respectively.

4.2.1. WM1-TM1

Table 4 shows results for Tw at different states of v, f, and Tw for TM1, obtained from ANOVA.
As shown in Table 4, when v. is varied, the P-value (1.4E-6) is lower than the significance level (o =
0.05). It is worth mentioning that a lower P-value than the o indicates that the corresponding CV is
significant for the EV (described in section 3.1). This means that v significantly affects Tw. For the case
of fand Tw, the P-values (0.002 and 0.019, respectively) are also lower than the significance level (o =
0.05), indicating that fand Tw also significantly affect the Tw.

Table 4. Results from ANOVA for TM1.

Significant /
CVs Source of Variation df MS F-value | P-value
Nonsignificant

Between Groups 2 0.225

Ve 16.75 1.4E-6 Significant
Within Groups 65 0.013
Between Groups 1 0.178

f 10.24 0.002 Significant
Within Groups 66 0.017
Between Groups 6 0.047

T 2.76 0.019 Significant
Within Groups 61 0.017

Figures 17(a)-17(c) show results for Tw at different states of v, f, and Tw for TM1, respectively,
obtained from SNR. As far as vc is concerned, Figure 17(a) shows that SNR is maximum when v. is
200 m/min. In contrast, SNR is minimum when vc is 400 m/min. It is worth mentioning that a
maximum SNR indicates that the corresponding state is optimal (described in Section 3.2). Hence,
here v = 200 m/min is considered optimal compared to other v. states (300 and 400 m/min). As far as
fis concerned, Figure 17(b) shows that SNR is maximum when fis 0.15 mm/rev. In contrast, SNR is
minimum when fis 0.1 mm/rev. Hence, here f=0.15 mm/rev is considered optimal compared to other
fstate (0.1 mm/rev). As far as Tw is concerned, Figure 17(c) shows that SNR is maximum when T is
1 min. In contrast, SNR is minimum when T is 30 min. Hence, here T =1 min is considered optimal
compared to other T states (2.5, 5, 10, 15, 20, and 30 min).

Figures 18(a)-18(c) show results for Tw at different states of v, f, and Tw for TM1, respectively,
obtained from PD. These figures illustrate the induced triangular fuzzy numbers corresponding to
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the PDs (described in section 3.3) for different states of v, f, and Tw. As far as v. is concerned, Figure
18(a) shows that vc = 200 m/min provides better control over Tw than vc = 300 and 400 m/min. At v =
200 m/min, Tw is lower, and its variability (support of the induced fuzzy number) is also less than of
the other states. Similarly, as seen in Figures 18 (b) and 18 (c), f=0.15 mm/rev and T =1 min provide

better control over T, respectively.
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Figure 17. Results from SNR for TM1. (a) Effect of vc on Tw, (b) Effect of f on Tw, and (c) Effect of Trm on Tw.
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Figure 18. Results from PD for TM1. (a) Effect of vc on Tw, (b) Effect of f on Tw, and (c) Effect of Tm on Tw.

4.2.2. WM1-TM2

Table 5 shows results for Tw at different states of v, f, and T for TM2, obtained from ANOVA.
As shown in Table 5, when v. is varied, the P-value (0.006) is lower than the significance level (o =
0.05). This means that v. significantly affects Tw. Similar is observed for the case of T, where P-value
(4.56E-6) is lower than o. This means that T also significantly affects Tw. In contrast, for the case of £,
the P-value (0.286) is higher than o. This means that f is nonsignificant for Tw.

Table 5. Results from ANOVA for TM2.

Significant /
CVs Source of Variation daf MS F-value | P-value
Nonsignificant
Between Groups 2 0.029
Ve 5.901 0.006 Significant
Within Groups 39 0.005
f Between Groups 1 0.007 1.170 0.286 Nonsignificant
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Within Groups 40 0.006
Between Groups 6 0.026
Ton 9.211 4.56E-6 Significant
Within Groups 35 0.003

Figures 19(a)-19(c) show results for Tw at different states of v, f, and Tw for TM2, respectively,
obtained from SNR. As far as vc is concerned, Figure 19(a) shows that SNR is maximum when v. is
200 m/min. In contrast, SNR is minimum when v. is 400 m/min. Hence, here v. = 200 m/min is
considered optimal compared to other v. states (300 and 400 m/min). As far as fis concerned, Figure
19(b) shows that SNR is maximum when fis 0.15 mm/rev. In contrast, SNR is minimum when fis 0.1
mm/rev. Hence, here f=0.15 mm/rev is considered optimal compared to another f state (0.1 mm/rev).
As far as Tw is concerned, Figure 19(c) shows that SNR is maximum when T is 1 min. In contrast,
SNR is minimum when T is 30 min. Hence, here T = 1 min is considered optimal compared to other
Tw states (2.5, 5, 10, 15, 20, and 30 min).

Figures 20(a)-20(c) show results for Tw at different states of v, f, and Tw for TM2, respectively,
obtained from PD. These figures illustrate the induced triangular fuzzy numbers corresponding to
the PDs (described in section 3.3) for different states of v, f, and Tw. As far as v. is concerned, Figure
20(a) shows that vc = 200 m/min provides better control over Tw than vc = 300 and 400 m/min. At v =
200 m/min, Tw is lower, and its variability (support of the induced fuzzy number) is also less than of
the other states. Similarly, as seen in Figures 20(b) and 20(c), f= 0.15 mm/rev and T = 1 min provide
better control over Tw, respectively.
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Figure 19. Results from SNR for TM2.

(a) Effect of vc on Tw, (b) Effect of f on Tw, and (c) Effect of Trm on Tw.
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Figure 20. Results from PD for TM2. (a) Effect of vc on Tw, (b) Effect of f on Tw, and (c) Effect of Trm on Tw.
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5. Discussion

This section critically examines the results obtained (see Section 4) from ANOVA-, SNR-, and
PD-based analyses on the CV-EV-centric OD for WM1-TM1 and WMI1-TM2, focusing on the
relationship between the CVs (v, f, and Tw) and the EV (Tw). The objective is to determine how these
variables interact, and which conditions lead to minimizing Tk.

For WM1-TM1, ANOVA results (Table 4) indicate that all three CVs— v, f, and Tw—are
statistically significant with respect to Tw. For WM1-TM2, ANOVA results (Table 5) show that vc and
Tw are significant, while fis not. ANOVA is effective in determining whether a CV has a statistically
significant effect on Tw, but it does not provide insights into which specific parameter values (0.1 vs.
0.15) or general trends (higher vs. lower) minimize Tw. While statistical significance confirms that a
CV plays a role, it does not indicate how adjusting that CV influences Tw or whether choosing a higher
or lower state leads to the desired optimization.

SNR analysis provides additional insights by identifying which states of each CV correspond to
minimizing Tw. For WM1-TM1 (Figure 17), SNR results indicate that a lower v. (200 m/min among
200, 300, and 400 m/min), a higher f (0.15 mm/rev among 0.1 and 0.15 mm/rev), and a lower T (1 min
among 1, 2.5, 5, 10, 15, 20, and 30 min) are optimal for minimizing Tw. A similar trend is observed for
WM1-TM2 (Figure 19), where a lower v, higher f, and lower T are optimal for minimizing Tw.
However, an interesting contradiction emerges: For WM1-TM2, ANOVA results indicate that fis not
significant with respect to Tw, whereas SNR suggests that selecting a higher f contributes to
minimizing Tw.

This situation presents a challenge. On one hand, ANOVA indicates that f does not have a
statistically significant impact, suggesting that changing f should not meaningfully affect Tw. On the
other hand, SNR suggests that a higher f contributes to minimizing Tw, implying that it may still play
a role in optimization. As a user, this contradiction is difficult to interpret: Should f be adjusted or
not? If ANOVA says f is nonsignificant, does that mean its effect is negligible? Or is it possible that
while the impact of f is not strong enough to be statistically significant, it still influences Tw in a
meaningful way? Relying on ANOVA alone may lead to overlooking a potentially beneficial
adjustment, while relying on SNR alone does not clarify how much f affects Tw or whether its effect
is stable. Even when using both methods together, the ambiguity remains—one method suggests
ignoring f, while the other implies that a higher fis preferable.

PD analysis provides a way to interpret these conflicting insights. It represents the effect of
different CV states using Triangular Fuzzy Numbers (TFN), where the centroid of each triangle
represents the average Tw, and the spread of the triangle (or, support of the TFN, as described in
section 3.3) captures the variability. This is particularly useful in handling the abovementioned
duality observed for f in WMI1-TM2. As seen in Figure 20(b), the centroids of the triangles
corresponding to high and low f are relatively close (0.10 and 0.15), indicating that the average Tw is
nearly the same in both cases. This aligns with ANOVA’s conclusion that fis not a major influencing
CV. However, the shape of the fuzzy numbers provides a deeper understanding: the triangle for low
fhas a greater spread, meaning that the results are more uncertain, while the triangle for high fis
more compact, meaning the results are more stable. This suggests that even though the average
values of Tw are similar, selecting a higher f ensures more consistent and predictable Tw outcomes.

Thus, PD reconciles the apparent contradiction between ANOVA and SNR by revealing that
although a higher f does not drastically reduce Tw, it minimizes uncertainty, making it a more reliable
choice. This level of interpretability is absent in ANOVA and SNR alone, as neither method accounts
for how much variability exists within different CV states.

A similar issue arises with machining time Tw, which plays a crucial role in tool wear Tw.
Regardless of workpiece-tool material combinations, i.e,, WM1-TM1 and WM1-TM2, both SNR and
PD analyses suggest that ‘T» = 1 min’ is the optimal condition for minimizing Tw. However, in real-
world manufacturing, machining operations often require longer durations, making such a crisp
optimization value impractical. Unlike variables such as v: or f, where selecting a distinct “high” or
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‘low’ level might be feasible, machining time (T») requires a broader understanding —specifically,
how long machining can continue before tool wear (Tw) accelerates significantly.

For WM1-TM2, PD results (Figure 20(c)) indicate that after 10 minutes, Tw begins to increase
sharply, suggesting a threshold beyond which tool degradation accelerates. This observation is
further quantified as follows. By computing the centroid of each TFN, the x coordinate of the centroid,
denoted as Cs, provides the average Tw at each Tw. Similarly, the spread of the TFN, denoted as S,
represents the variability in Tw and is determined by the width of the triangle. Figures 21(a)-21(b)
show the computed values, which present the average Tw and variability in Tw, respectively. As seen
in Figures 21(a)-21(b), for T < 10 minutes, both the average Tw (C(TFN)) and its variability (S(TFN))
remain relatively low. However, beyond 10 minutes, Cx shifts significantly toward higher T values,
and S increases sharply, indicating that both tool wear and its uncertainty escalate beyond this
threshold. This quantification aligns with the PD visualization and provides a guideline: while
reducing Tw is beneficial, machining beyond 10 minutes should be avoided to prevent excessive wear.

0.3 : : : : : : 0.14
0.24 | : 0.12 }
= 0.18} 01}
2
S 012} v 008}
0.06 | ] 0.06 |
0 : : : : : : 0.04 : : : : : :
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Figure 21. Quantified average tool wear (Tw) and its variability with machining time (Tm) for WM1-TM2. (a)
Average Tw from the centroid (Cx) of each TEN. (b) Variability in Tw from the spread (S) of each TFN.

Similarly, for WM1-TM1, PD results (Figure 18(c)) indicate that Tw increases rapidly after 5
minutes, which aligns with expectations. However, an anomaly is also observed at 15 minutes, where
PD shows both a lower average Tw and reduced variability, contradicting the increasing trend seen
at 10, 20, and 30 minutes. These observations are also quantified by following the same
abovementioned procedure. Figure 22 shows the relevant outcomes. Nevertheless, the unexpected
behavior observed in this case suggests that certain factors may be influencing Tw differently at this
specific Tw (15 minutes). One possible explanation is localized stability, where a temporary
stabilization effect occurs due to process dynamics such as thermal softening or changes in tool-
workpiece interaction. Another possibility is measurement or data variation, where the observed
reduction in tool wear at 15 minutes might be a result of experimental variability rather than a
genuine trend. In controlled environments, data collection follows a structured process, making it
easier to verify and attribute inconsistencies to specific CVs. However, in OD contexts, data is
aggregated from diverse sources, and the mechanisms behind its collection may not always be fully
known or verifiable. As a result, such anomalies could stem from variations in data quality or
inconsistencies in how the CV-EV-centric data were recorded. Other underlying process conditions,
such as chip formation, tool edge geometry changes, or intermittent cooling effects, could also
contribute to this deviation. This reinforces the need for further investigation into whether this is a
true process effect or an experimental irregularity.
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Figure 22. Quantified average tool wear (Tw) and its variability with machining time (Tm) for WM1-TM1. (a)
Average Tw from the centroid (Cx) of each TFN. (b) Variability in Tw from the spread (S) of each TFN.

Nevertheless, the above makes Tw effect more complex to interpret for the case of WM1-TM1
than WM1-TM2. While the latter clearly shows a threshold beyond which Tw accelerates, the former
suggests a mostly increasing trend with an unexpected dip at 15 minutes. PD allows such thresholds
to be interpreted, as well as anomalies to be observed and questioned, which would be difficult using
ANOVA or SNR alone.

The findings discussed above demonstrate that while ANOVA and SNR provide valuable
insights into statistical significance and optimal CV states, PD enhances interpretability by visualizing
the variability explicitly. Its ability to capture uncertainty in CV selection and highlight threshold
effects makes it useful in process optimization, where variability is inherent. Moreover, PD inherently
integrates ANOVA and SNR functionalities, providing a unified framework for interpreting
statistical significance and factor-level optimization. Its visual representation further aids human
comprehension, facilitating informed decision-making.

6. Conclusions

This study explored the use of Open Data (OD) for machining process optimization, considering
a process called turning. Two different workpiece-tool combinations were analyzed: (1) workpiece
made of carbon steel for machine structure with a ceramic tool (TiCN-30TiB>-1TaN), and (2)
workpiece made of carbon steel for machine structure with a cermet tool (TiN-TaN). Three methods
were deployed—Analysis of Variance (ANOVA), Signal-to-Noise Ratio (SNR), and Possibility
Distribution (PD)—to evaluate OD’s effectiveness in optimizing. The objective was to determine
whether OD provides sufficient information for selecting optimal settings, whether its (OD) analysis
yields actionable knowledge, and how suitable the abovementioned methods are for OD-driven
optimization.

The results indicate that OD can facilitate optimization. ANOVA identified significant control
variables (CVs), while SNR determined optimal CV states. PD, however, provided a more integrated
approach, incorporating significance assessment and state identification. It also offered transparency
in handling certain CVs. This was particularly evident for machining time, where PD enabled the
formation of linguistic rules for optimization —an aspect not directly achievable through ANOVA or
SNR alone. Additionally, PD’s ability to visualize uncertainty helped in understanding OD-driven
optimization beyond what other methods offer.

However, challenges emerged when applying OD for certain relationships. For example,
interpreting the role of machining time on tool wear was difficult when the workpiece-tool
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combination was carbon steel for machine structure and cermet (TiN-TaN), regardless of the method
used. While this highlighted the complexities of OD-based analysis, PD better exposed the
uncertainty in the data, making the issue more apparent. This emphasizes a broader consideration —
trust in OD. While OD provides an opportunity to leverage machining insights from multiple
workspaces, its effectiveness depends on factors such as data completeness, consistency, and
interpretability.

The findings imply that, in addition to conventional methods like ANOVA and SNR, non-
conventional methods such as PD enhance transparency and interpretability in OD-driven analysis.
PD also facilitates human-in-the-loop decision-making, which is relevant for Industry 5.0-relevant
systems. This supports the development of such futuristic systems for handling OD-driven
machining optimization.

Appendix
Appendix A: Section 2 (Literature Review)-Related Table and Figures

The below figures are based on the bibliographic data obtained from Scopus®, a well-known
bibliographic database. The data are obtained using the following search criteria. Keyword:
machining process optimization; Subject area: Engineering; Document type: Article; Source type:
Journal, Publication stage: Final, and Year: 2000-2025. Consequently, data related to 7,361 (seven
thousand three hundred sixty-one) journal articles are collected. These data are further analyzed and
visualized as follows.

Figure Al shows the number of articles published every year from 2000 to 2024.
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Figure A1. Number of journal articles from 2000 to 2024.

Figure A2 shows the total number of occurrences of some of the keywords relevant to methods
(or, tools) used for data analysis in process optimization tasks, implying the frequency of the used
methods.

Figure A3 shows the total number of occurrences of the keywords relevant to a machining
process underlying the optimization tasks, implying the frequency of the considered processes.

Figure A4 shows the total number of occurrences of the keywords relevant to parameters (CV
and/or EV) underlying the optimization tasks, implying the frequency of the considered CV-EVs.
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Figure A2. Frequency of the methods used.
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Figure A3. Frequency of the considered machining processes.
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Figure A4. Frequency of the considered parameters (CV-EVs).

Note that, while evaluating the occurrences of the keywords (Figures A2-A4), this study
considered ‘Index Keywords’ rather than “Author Keywords’. The reason is that ‘Index Keywords’
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provide a more structured way to analyze bibliographic data than ‘Author keywords’, because the
latter vary significantly from person to person.

Appendix B: Access URL for Open Data

Access URL:
https://sites.google.com/view/kit-mc/data-center/process?authuser=0#h.8jfjdopgela
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