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Abstract

Grinding is a critical finishing stage of most of the machined products. It directly
influence the surface integrity, dimensional accuracy and product performance. But
the studying about interaction between process parameters and quality outcomes
are complex, since measuring of parameters are complicated. In the thesis, find-
ings from systematic literature review (SLR), an exploratory data analysis (EDA)
of quality data and evaluation of qualitative data via interviewing industry experts
and academic researchers are presented. A mixed methodology is used, combining
findings of systematic literature review, thematic analysis of interview inputs and
exploratory data analysis of quality data.

The most critical process parameters such as depth of cut, wheel speed, workpiece
speed, feed rate were affecting surface integrity, dimensional accuracy and produc-
tion efficiency were identified via systematic literature review. Thematic analysis
provided additional details such as dressing intervals, coolant behavior, machine
conditions and material properties. The study further combined with a dashboard
integrated with defect analysis. Overall, this study provides a structured under-
standing of grinding parameters towards crankshaft quality and discuss about future
developments connected with data-driven decision making.

Keywords: Grinding, Crankshaft, Process Parameters, Quality Defects, Exploratory
Data Analysis, Thematic Analysis,
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DT Digital Twin

EDA Exploratory Data Analysis

FTQ First Time Quality
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Nomenclature

Below is the nomenclature of symbols and parameters, that have been used through-
out this thesis.

Symbol
Vs Wheel speed
Vi Workpiece speed
V. Feed rate
e Depth of cut
R, Surface roughness
cBN Cubic Boron Nitride
AFE Acoustic Emission
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Introduction

This chapter provides a concise overview of the background, research aim and gap,
the study’s contribution, and the case description.

1.1 Background

Modern manufacturing systems are undergoing transformation, moving away from
traditional production systems to systems that integrate digital technologies. These
technologies enable organizations to enhance their data driven decision making .
However, alongside the focus on digital transformation comes the challenge of deal-
ing with the massive amounts of heterogeneous data generated by process sensors,
quality systems, maintenance records, and material certificates, in highly demand-
ing environments such as automotive manufacturing, these systems are essential
identifying and examining how process parameters affect product quality. Within a
manufacturing setting, production is carried out through a sequence of operations.
This study focuses primarily on the grinding stage of that sequence.

Grinding is a manufacturing process in which material is removed by abrasive grains
on a grinding wheel, and it is mainly used for finishing operations. In the automo-
tive sector in particular, grinding is one of the most critical finishing operation,
strongly linked to requirements such as dimensional accuracy, surface integrity, and
material behavior of the part [1]. Therefore, it represents a key stage in the overall
manufacturing chain. Traditionally, grinding has been employed to achieve tight
tolerances and superior surface finishes. As a result, even small variations in process
parameters such as feed rate, wheel speed, coolant behavior, or dressing interval can
exert a substantial influence on the final product quality.

Recent technological advances, however, have extended the use of grinding to bulk
components such as crankshafts, enabling both roughing and finishing to be per-
formed using grinding processes [2]. Although prior grinding research has explored
process parameters, thermal phenomena through physics based models, tool wear,
and quality characteristics typically as separate topics a significant gap remains.
In particular, few studies bring together process data, quality outcomes, and ex-
pert knowledge within a real industrial environment. Most existing work focuses
on simulation based modeling and controlled laboratory experiments, and only a
small number of publications deal specifically with crankshaft grinding. Beyond
the crankshaft domain, there is also limited research on systematically integrating
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and analyzing multi-modal production data to reveal relationships between process
parameters and crankshaft quality under real manufacturing conditions.

This study seeks to close that gap by combining a systematic literature review (SLR)
and interviews with industrial experts from various departments along the grinding
line, as well as with academic researchers specializing in grinding, together with an
exploratory data analysis (EDA) based on an actual crankshaft grinding dataset. In
addition, a data-driven approach is applied to determine and analyze which types
of process data are necessary to explain quality variations in grinding operations.

1.2 Research problem & gap

As discussed in the previous section, grinding is a high-precision manufacturing
process in which even small deviations can lead to crankshaft instability, ultimately
affecting engine performance and overall cost. Modern grinding machines, equipped
with advanced technologies, can address these issues while simultaneously producing
large amounts of data. Nevertheless, even with access to this manufacturing data,
companies often lack a systematic way to integrate and utilize it. A structured
approach could enable organizations to pinpoint and investigate potential opportu-
nities for process optimization, thereby improving the product quality.

Although prior studies do not focus exclusively on crankshaft grinding, they do ad-
dress grinding related topics such as grinding performance, process understanding,
thermal behavior, surface integrity and condition based tool monitoring. Neverthe-
less, there is limited insight into how these individual aspects can be integrated and
jointly analyzed to reveal and support the relationships between process parameters
and quality outcomes in crankshaft grinding.

This situation underscores a distinct gap in both research and practice, highlighting
the need for a comprehensive and integrated understanding of process, quality, and
maintenance data, which combines a review of existing literature, input from indus-
try professionals and academic experts, and in addition a standardized method of
data collection. Together, these elements would systematically capture and exam-
ine key grinding parameters, including process and maintenance related factors and
finally quality defects.
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1.3 Aim

The aim of this Master’s thesis is to identify and investigate quality-related problems,
analyze how process, quality, and maintenance functions interact, and determine
which process data are required to enable future correlation analysis between process
parameters and quality outcomes.

1.4 Research question

RQ1: What grinding process parameters affect the quality and production of crankshaft
manufacturing?

RQ2: What are the interactions between process, quality and maintenance teams
working within the grinding process?

RQ3: What multi-modal data need to be collected and explored to correlate between
process parameters and quality defects in crank shaft manufacturing?

1.5 Research contribution

This thesis contributes to Crankshaft grinding process through :

o Systematic literature review addressing process parameters, quality problems,
and data-driven methods in grinding,

o Empirical findings from industry specialists, academic researchers and their
views on process parameters, quality aspects, and challenges encountered in
crankshaft grinding,

e An exploratory data analysis providing insights on data quality and defect
patterns,

o Finally, a three-pillar, mixed-method approach is employed, integrating a lit-
erature review with both qualitative and quantitative analysis.

1.6 Case description

Crankshaft manufacturing is a highly accurate and complicated process where proper
forging, accurate machining, controlled heat treatment and fine finishing operations
such as grinding. Fach stage has its own variations in manufacturing and they di-
rectly influence the product quality at the end. In below section, it gives a structured
case description of grinding lines focusing on power train system at an automotive
manufacturing company.

Currently the grinding team is experiencing quality issues such as roundness, straight-
ness, surface roughness grinding burns with their product. They expect to formulate
a relationship between process parameters affecting for the afore mentioned quality
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issues using data driven approaches using the data from quality, process, production
and maintenance departments from the same line.

1.6.1 Overview

The component passes through several operations before reaching the grinding line,
where it is machined to its final, tight tolerances. Grinding represents the most crit-
ical machining operation in crankshaft production, as this is the stage at which the
part attains its precise surface finish before moving on to subsequent processes. At
this point, key quality attributes such as diameter, tolerance, roundness, straight-
ness, and surface integrity are closely monitored. To maintain consistent product
quality, the grinding wheel is periodically dressed at predefined intervals, guided by
Barkhausen noise (BN) measurements, which verify that the wheel is cutting the
material properly rather than simply plowing it.

As briefly mentioned in earlier sections, the grinding line is currently experiencing
quality-related problems with its process. The company aims to investigate, assess,
and analyze these issues using a data-driven approach. The foundation of this
investigation is to first understand the relevant process parameters through academic
literature, identifying which specific parameters influence the observed quality issues.
Building on this, they seek to determine exactly which data must be collected for
subsequent data analysis, enabling them to correlate process parameters with quality
outcomes and ultimately identify the root cause of the defects.
The company currently faces the following challenges:

e Grinding-related quality problems,

» Data acquisition and multi-modal data integration.
This case describes a real-world manufacturing challenge in a highly optimized pro-
duction environment, where significant difficulties are linked to data-related aspects.
As modern manufacturing organizations increasingly pursue Industry 4.0, automa-
tion, AI/ML, and smart manufacturing initiatives, this situation provides an ex-
cellent opportunity for research. The company is actively pursuing innovation and
embedding data-driven manufacturing into its operations. We believe that conduct-
ing research on this topic enables the integration of academic insights with practical
industrial applications, thus contributing meaningfully to both research and indus-
try.
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1.7 Thesis outline

The following chapters in this thesis is organized as :

Chapter 2: Theoretical Background
Provide a theoretical framework that is pertinent to grinding operations, associated
quality defects, and Exploratory Data Analysis (EDA).

Chapter 3: Methodology
Presents the structured research design used in this study, based on a mixed-methods
framework.

Chapter 4: Results
This chapter presents the results obtained from the reviewed literature, the quali-
tative analyses, and the examination of industrial data related to EDA.

Chapter 5: Discussion

Insights from the literature review, qualitative study, and exploratory data analysis
are triangulated to discuss the implications, research contributions, and industrial
relevance.

Chapter 6: Conclusion
This chapter presents a summary of the research findings and offers recommenda-
tions that outline directions for future studies.
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Theoretical Background

This chapter gives a brief understanding of the literature review, previous work
conducted on the issue, and provides some insights on challenges and gaps within
the related area.

2.1 Grinding process

One of the most important components of an internal combustion engine (ICE) is
the crankshaft, which converts the reciprocating motion of the pistons into rota-
tional motion. Crankshafts are structurally complex components [3]. According
to Krajnik et al. (2021) and Quingyu Meng et al. (2023), grinding is a preci-
sion machining operation generally performed as the final step when working with
high-strength steels or materials that are difficult to machine[2, 4]. It is used when
high dimensional accuracy, low surface roughness, good surface integrity, and the
capability to machine difficult-to-cut materials are required, especially in the au-
tomotive, aerospace, and bearing sectors [2, 1]. In grinding, material is removed
by an abrasive wheel whose periphery consists of grits that function as cutting
edges. Because a large number of these cutting edges simultaneously engage the
workpiece with very small undeformed chip thickness, the process generates high
temperatures, making thermal damage a critical concern. Comley et al. (2006) in-
vestigated a high-efficiency deep grinding process using cylindrical plunge grinding
and optimized the process for automotive steels through thermal modeling. Their
work showed, through both simulations and experimental measurements, that it is
possible to maintain low workpiece temperatures [5]. Another review, “ Advances in
modeling of fixed-abrasive process,” examines grinding behavior governed by process
parameters such as wheel speed, depth of cut, and feed rate, which in turn influence
the final workpiece quality. Although research specifically focused on crankshaft
grinding is still relatively limited, recent advances suggest continued progress and
promising prospects for data-driven methodologies|6].

2.1.1 Factors influencing grinding

Grinding involves material removal, wheel wear, thermal phenomena, and coolant
behavior. Material removal itself can be classified into three primary mechanisms:
plowing, grinding, and shearing[l]. In an experimental study by Comley et al.
(2006), titled "A high material removal rate grinding process for the production of

6
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automotive crankshafts", specific grinding energy is identified as a key fundamental
parameter, defined as the energy required to remove a unit volume of material. Their
results indicate that, in high efficiency deep grinding (HEDG), the specific grinding
energy (SGE) decreases as the material removal rate increases|5].

In addition to MRR, wheel wear is another essential factor in grinding.As the wheel
continues to operate, its abrasive grains gradually wear down, causing the grit to
lose its sharp edges and become less sharp over time, altering the grinding wheel
topography, which affects dimensional precision and can contribute to excessive heat
generation[6]. Wheel wear typically occurs through three main mechanisms men-
tioned below and shown in Fig 2.1:

1. Attritious wear
2. Fracture wear
3. Bond fracture

Attritious Wear: This refers to the slow dulling and smoothing of abrasive grains
due to continuous sliding contact. As discussed in "Advances in modeling of fixed-
abrasive processes', attritious wear generally dominates during the early phase of
machining|6].

Fracture Wear: In this phase, abrasive grits fracture under high mechanical
stresses this phenomena helps the grinding wheel. As the author points out in
his article, this type of fracture can actually be advantageous, because it produces
a self sharpening effect by continually sharping the cutting edges. However, macro-
fracture may rapidly degrade the wheel profile and introduce form errors|6].

Bond Fracture: In this case, failure occurs at the interface between the bond-
ing material and the abrasive grit when the shear stress surpasses a critical limit,
causing the loss of active cutting edges[6]. Figure 2.1 illustrates these different wear
mechanisms in a grinding wheel.

wear flat abrasive grits
Attritious Bond Micro- Macro- Grit Wheel
wear erosion fracture fracture pullout loading

Figure 2.1: Fracture mechanism of grinding wheel by "Peter Krajnik et al." [6]
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Another key aspect of crankshaft grinding is its thermal behavior, which has a direct
impact on surface integrity, dimensional accuracy, and tool life. Because a crankshaft
has a complex, non-uniform, and asymmetrical rotary geometry, the grinding forces
vary along its profile, leading to a non-uniform, time-dependent temperature field
[7]. The cited author emphasizes that the heat generated during machining mainly
arises from sliding, plowing, and chip formation at the tool-workpiece interface. The
mechanical energy introduced during the grinding process is transformed into heat
and is then distributed among the workpiece, grinding wheel, chips, and coolant [5].
Of these, the workpiece absorbs a substantial portion of the heat, which in turn
influences its surface quality.

Building on classical moving heat source models, later studies have proposed more re-
alistic heat flux distributions that better capture actual grinding conditions. Whereas
earlier models often relied on oversimplified geometries, subsequent work has demon-
strated non-uniform heat sources that reflect the stochastic nature of abrasive inter-
actions. Recent developments further incorporate coupled thermomechanical effects,
linking kinematics, material behavior, and heat generation within predictive models
[6]. These integrated approaches have markedly enhanced the capability to simulate
and predict temperature evolution during grinding.

A similar pattern is reported widely in the literature, showing that the thermal
loads generated during grinding are directly proportional to the process parameters,
particularly depth of cut, wheel speed, and feed rate. Among these, depth of cut
is identified as the most influential factor governing the thermal load [7]. While
higher MRR typically leads to greater heat generation, the partitioning of heat is
nonlinear. In particular, when chips remove a significant portion of the thermal
energy, the heat impact on the workpiece can be reduced even as the overall heat
flux increases [7].

2.1.2 Critical grinding parameters

Primary focus while machining crankshaft is selecting appropriate parameters, as
this will directly affect the thermomechanical state of the crankshaft[1].

2.1.2.1 Process parameters

The main process parameters governing grinding performance are wheel speed (vy),
workpiece speed (v,,), depth of cut (a.), and feed rate (v,). These variables influ-
ence both the surface integrity and the grinding forces at the interface between the
grinding wheel and the workpiece. Among these parameters, wheel speed and depth
of cut are the most critical.[1] As discussed in the article "A comprehensive review
on the grinding process: Advancements, applications and challenges", an increased
depth of cut results in higher material removal rate (MRR), which in turn raises
grinding forces and temperature. Likewise, increasing the wheel speed can enhance
surface finish, but at the expense of higher thermal loads if the operating conditions
are not optimized. The interplay among these parameters ultimately dictates the
overall efficiency and stability of the grinding process[1].

8
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2.1.2.2 Grinding wheel

Another parameter influencing machining performance is the grinding wheel. Its key
properties include the type of abrasive, grit size, bonding material, and surface to-
pography. Abrasives such as cubic Boron Nitride (¢cBN) and diamond are commonly
employed in crankshaft grinding due to their high hardness, thermal conductivity,
and wear resistancel[8, 9.

2.1.2.3 Coolant

Lastly, regarding coolant parameters since grinding generates heat, a significant
amount of this heat is transferred to the workpiece. This can cause thermal damage
[1], so a well-designed cooling strategy is essential in crankshaft production. Com-
mon approaches include flood cooling, minimum quantity lubrication (MQL), and
cryogenic cooling. These methods are used to control thermal effects by lowering
the grinding temperature and thereby reducing the risk of grinding burns.

2.1.3 Quality outcomes

Quality outcomes for a crankshaft span a wide range of factors, including dimen-
sional accuracy, surface integrity, and production performance. These aspects are
essential because the crankshaft operates under continuous cyclic loading while con-
verting energy from the engine, and therefore must meet tight tolerances to maintain
durability and reliability.

2.1.3.1 Surface integrity

One important dimension of quality is surface integrity, which encompasses surface
roughness, microstructure, residual stresses, and surface burns. In grinding, the
wheel-workpiece interaction directly governs the resulting surface quality. Previous
studies indicate that surface roughness (R,) is strongly affected by the tool material
and cutting parameters [10]. Additionally, data-driven investigations have shown
that high-frequency vibrations in the range of 700-2000 Hz have a pronounced im-
pact on surface roughness (Ra); using this vibration range enables machine learning
models achieve above 90% accuracy in predicting surface finish [11].

2.1.3.2 Dimensional accuracy

Since the crankshaft has a highly complex, non-uniform geometry and must meet
extremely tight tolerances in terms of roundness, straightness, and alignment, its
manufacture is especially demanding. Because grinding is usually performed at the
finishing stage, any deviation in this process directly affects the final quality. Process
parameters that influence dimensional accuracy include wheel speed, depth of cut,
and workpiece speed. Numerous grinding studies indicate that these parameters
have a major impact on both dimensional accuracy and surface integrity [1]. If
they are not properly controlled, they can cause form errors and degrade the overall
quality of the crankshaft.
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2.1.3.3 Production level metrics

From a system-level perspective, quality is commonly assessed using First Time
Quality (FTQ)—that is, the proportion of parts that meet the required specifications
without any rework. In a crankshaft production line, FT(Q is influenced by numerous
interacting processes, making it a system-level performance measure. Data-driven
studies have shown that:

o FTQ is impacted by complex interactions across multiple processing stages.
e« ML models can be applied to identify the key process variables that affect
quality [12].
An illustration of the grinding quality dimensions is shown below:

 Qualiy
v v '

[ Dimensional Accuracy ] [ Surface Integrity ] [ Production Level Metrics ]

Diameter Surface ; Material Removal Wheel Wear

Tolerance Roundness Roughness (Ra) Resiudal Stress Rate (MRR)

\ / N v N
Straightness Runout AETIEDEL el Cycle time Scrap rate
Zone cracks

Figure 2.2: Quality dimension of Grinding

2.1.4 Maintenance

Modern grinding machines typically employ abrasive grinding wheels such as CBN,
which have become industry standards because of their high hardness and long
service life [2]. These wheels require regular sharpening to prevent rubbing rather
than cutting; to maintain an effective dressing interval, some machines use sensors
and process signals to determine when the wheel should be dressed and how long the
dressing interval should last. If the dressing interval is too short, it can introduce
inconsistencies, whereas excessively long intervals cause the wheel to become dull.

The latest generation of machines is equipped with multiple sensors that collect
valuable data about the process. Notable research has focused on grinding wheel
condition monitoring [5], multi-sensor monitoring [13], and sensor-based prognostic
maintenance frameworks that use degradation signals to update time-to-failure es-
timates and schedule maintenance, with the goal of reducing costs and preventing
unexpected breakdowns [14]. The concept of intelligent grinding envisions machines
that can autonomously plan process parameters, monitor wheel condition, and up-
date the process state; such systems can also learn from historical data and operator
expertise to achieve “first pass right” and zero-defect grinding [15].
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2.2 Data-driven approaches in grinding

To improve the reliability, precision, and responsiveness of grinding processes, Indus-
try 4.0 technologies including the Internet of Things (IoT), cloud computing, data
analytics, machine learning (ML), and artificial intelligence (AI) are employed to
build an intelligent manufacturing system[16]. Lishu et al. discuss about intelligent
technologies in grinding process driven by data, where data can be utilized for tool
condition monitoring[17].

2.2.1 Use of sensor data (force, temperature, acoustic emis-
sion)

Recent studies on grinding highlight the increasing role of data-driven methods
and workflows in intelligent manufacturing. The grinding process produces large
amounts of heterogeneous data such as machine states, forces, temperatures, and
acoustic emissions which are regarded as key assets for understanding and control-
ling grinding operations [17, 18]. Both studies agree that an organized “data-driven
model” is necessary for effective data utilization, incorporating layers for data acqui-
sition, preprocessing/fusion, mining/analysis, data representation, and service/de-
cision making [17, 18]. In this context, multi-sensor data are processed using neural
networks and transformers to predict remaining tool life, underscoring the impor-
tance of multimodal time-series machining data [19]

2.2.2 Characteristics of grinding data

Grinding data is characterized by volume (large quantities of data), value (low value
density), velocity (high processing speed), and veracity (stringent data accuracy
requirements) [17].

2.2.3 Digitalization and smart manufacturing approaches

The deep integration of Industrial AI, cyber-physical systems, and the industrial
internet aims to “green” enterprises and raise efficiency to a higher level. Key
functions of these smart methods include real-time condition awareness, optimal
decision-making, visual monitoring of dynamic performance, and global optimiza-
tion of the entire production process [20]. The study by Amouzgar et al. can be
regarded as an innovative method for intelligent process planning in crankshaft ma-
chining, employing multi-objective optimization and an automated code pipeline to
reduce time and cost while enhancing surface quality through data-driven strategies
consistent with Industry 4.0 [21]. Kaufmann discusses Al-based grinding frame-
works that integrate virtual sensors, resilient analytics, and streaming architectures
to lower rejection rates in production by ensuring strong quality influence and system
stability [18]. Digital Twins (DT) facilitate the representation of the connection be-
tween digital models and real-world systems through physics-based and data-based
twins. In particular, data-based twins employ machine learning models to identify
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Figure 2.3: Surface Roughness against wheel speed, depth of cut and
workspeed[22]

relationships between inputs and outputs[16].

2.3 Related work

This section mentions about the similar studies most related to the use case in the
thesis study. The studies presented here are directly focused on process parameters
affecting grinding quality and gives a future vision in the development areas.

Several studies have been investigated about finding the process parameters affect-
ing grinding quality[22, 10, 11, 18, 7]. In the study of [22], the impact of grinding
parameters on a Nickel-based super-alloy(Inconel 625) like wheel speed, depth of cut,
work speed (feed speed), grinding direction and abrasiveness of grinding wheel has
been tested. It is a material which is widely used in aerospace and high temperature
applications due its resistivity for corrosion and mechanical strength. This material
is classified as a difficult to machine material with its poor thermal conductivity,
high shear strength, presence of hard carbides and work hardening tendency. In our
case also, the same difficulties related to machining are observed. In this paper, it
is found that 60%-90% of the high heat generating at the grinding is transferred
into the material. These challenges leads to a thermal damages, residual stresses
and micro-cracks. Since surface integrity is crucial in grinding, the above men-
tioned issues are impacted directly to quality. Surface roughness, micro-hardness
and micro-structural changes are affecting surface quality while high temperature is
causing work hardening, plastic deformation and surface deterioration.

Wheel speed, depth of cut, work speed has shown positive linear relationships with
surface roughness as shown in Fig 2.3. Changing abrasiveness from coarse(60) to
fine(80) and changing from up grinding to down grinding has reduced the surface
roughness. Wheel speed has found to be the most influential parameter while depth
of cut increases forces and roughness. When increasing depth of cut, it increases
cutting forces and lower the specific energy while adversely affecting the surface
roughness level. Abrasiveness affects surface finish leading finer grits give a better
surface finish and work speed has found to be less significant. Inconel 625 shows
strong work hardening behavior in grinding, where higher wheel speeds gives more
work hardening[22]. One of main gap in this research is limiting only to Inconel 625,
where limited research are available on grinding behavior.

According to [10](thesis about marine diesel engine crankshaft grinding), the influ-
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ence of grinding parameters on surface texture are evaluated. Further it emphasizes
cutting regimes which impacts directly on surface texture and crankshaft repairabil-
ity. In this paper, a new technology is developed to grind crankshaft of marine
engine without removing it from engine. This study provides optimal and most
appropriate grinding parameters using a proposed 3D surface texture model based
on parameters such as mean arithmetical deviation of surface roughness (RaT) and
spacing parameters (Sml and Sm2), which were measured using a Taylor Hobson
3-D stylus profiler. The results in this study shows surface roughness is increased
with grain size, radial feed, and grinding depth while axial feed shows less influence.
Further, it shows grinding depth and radial feed influence primarily on spacing pa-
rameter (Sml) while grain size and axial feed are influencing on Sm2. However,
despite of the 3D surface measuring parameters, the study shows relationship be-
tween material properties and grinding parameters. This is related to our work, due
to the analysis of influence of grinding parameters on surface quality.

Apart from the studies focused on impacting parameters, there were studies re-
garding predicting surface roughness. [11] proposes an experimental model where
vibrations signals are collected via an accelerometer connected to tailstock and power
data are collected via a powercell connected to grinding wheel motor VEF'D. High-
frequency vibration signals was found to be a significant factor which determine
surface roughness. The surface roughness of test samples are manually measured
using a perthometer (precision instrument used to measure the surface roughness
and texture of materials using a contact probe) and data is stored. Then a feature
extraction is done where acceleration and power can be selected as significant fea-
tures. A physics-based process-machine interaction (PMI) model and a data driven
random forest model were combined in order to predict surface roughness. Then
in the validation of predicted values and observed values, it has shown accuracy
exceeding 90% of test data. Further, it was shown that energy content in 700-2000
Hz range was another important predictor of surface finish[11]. Findings shows that
grinding is influenced by cutting forces and machine vibrations. Further, this study
demonstrate the potential of a sensor-based monitoring system that be used for im-
proving prediction of surface quality.

In the study of Kaufmann et al, an Al-based framework for Deep Learning Applica-
tions in Grinding is proposed in order to process control the cylindrical grinding[18].
The study emphasize that wheel wear is critical for surface quality and process
stability. Further it highlights the fact that, feed rate, wheel speed, lubrication
condition and wheel topography influence towards wheel wear. Different machine
learning methods such as Support Vector Machines, Artificial Neural Networks and
Hidden Markov Models are used for predictive analysis to understand the complex
interactions between wheel wear and grinding parameters. Industrial practitioners
are facing a challenge of faulty signals/sensor faults when acquiring data for AT mod-
els. To avoid the interruption of the prediction due to breakdown/fault of physical
sensors a level of resilience is introduced in this study. An approach of virtual sen-
sors in the process of data acquisition and analysis of Al-based framework provides
a predictive analytic layer. When a physical sensor get faulty, the training protocol
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is shut down and input channel is switched to virtual sensor layer without interrupt-
ing the prediction process due to the fault in physical sensor[18]. It demonstrates
an error free, intelligent, data-driven approach for enhance reliability in grinding
process.

In the study about "Research and process optimization of crankshaft grinding pa-
rameters based on Gaussian heat source model", the interactions among grinding
process parameters (wheel speed, grinding depth and feed rate) were analyzed using
Box-Behnken design and a linear regression equation which was established to get a
response on surface optimization[7]. The cause for grinding burns are found to be the
high temperature in grinding zones further disturbed by the non-uniform crankshaft
geometry. When temperature exceeds material transformation level, occurrence of
phase transformation, martensite formation, crack formation and thermal damage
occurs. Here the Gaussian heat source model is used to predict grinding temper-
ature and analyze thermal behavior compared with rectangular heat source and
triangular heat source. Grinding depth, wheel speed and feed rate are found to be
the most significant parameters affecting temperature. Grinding depth is found to
be the most influential factor while wheel speed influence second. A Response Sur-
face Method (RSM) is used to find the optimal combination of affecting factors of
grinding avoiding burns. The findings of the study shows the importance of analyz-
ing thermal behavior for grinding parameter optimization and maintaining surface
integrity in crankshaft grinding.

Through the related work discussed above; [10] gives a surface quality analysis, [22]
gives a grinding parameter analysis, [11] gives process dynamics analysis, [18] gives
an analysis about Al & monitoring while [7] gives an analysis on thermal effect &
optimization. In this research about deciding grinding parameters affecting quality
of crankshafts, the parameters that should be collected and analyzed are decided
based on previous studies, via qualitative analysis of semi-structured interviews of
industry and academic experts and via a descriptive data analysis visualized in a
dash board.

2.4 Exploratory Data Analysis

2.4.1 Role of EDA in preprocessing industrial grinding data

During EDA, data originating from multiple sources are cleaned, examined, and
visualized prior to pattern detection. EDA is carried out to uncover patterns, test
hypotheses, verify assumptions, and investigate relationships within the data[12].
Kaufmann et al. describe Al-based grinding frameworks that incorporate synchro-
nization, filtering, aggregation, and feature extraction steps, which in turn generate
predictive models that also encompass descriptive EDA[18]. Systematic preprocess-
ing of time-series data, geometric data, and operational data facilitates effective
fusion and model correlation, as demonstrated using a multimodal tool-condition
dataset[19].
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2.4.2 Methods used to identify correlations (correlation ma-
trices, distributions, trends)

Industrial studies commonly use correlation analysis, trend analysis, and feature-
importance evaluation to link process parameters with product quality. Insights
gained from data preparation, exploratory analysis, and machine learning guide the
enhancement of part quality[12]. Correlation analysis between multimodal features
and wear indicators has also been applied in framework development for tool-wear
estimation and RUL (Remaining Useful Life) prediction[19].

2.5 Analytical methods for exploring relationships

Quasi-linear regression which is combined with ANN(Artificial Neural Network) is
used by Pavlenko and the team to parameterize cutting-force models in crankshaft
grinding [23].

2.5.1 Statistical method

The process parameters against forces, temperature, wear and quality related to
crankshaft grinding has been modeled using a quasi-linear regression combined with
ANN(Artificial Neural Network)[23]. Cao and team use a physical wear prediction
model using regression-calibration relationships between speed, force, temperature,
hardness and wear coefficients in order to predict the temperature and surface rough-
ness[24].

2.5.2 Data analysis frameworks

A framework consisted of five main stages are proposed by Xinyan Ou and the
team to analyze data for diagnosing and improving FTQ(First Time Quality)[12].
Further Li and the team also has presented a similar framework which the final layer
is named as data service layer where the different users can take customized services.

1. Data Fetching :First the data is collected from the sources and useful data is
categorized into classes.

2. Data preparation :For an effective data analysis, data need to be preprocessed
to avoid noise. It includes data integration, data cleaning, by removing out-
liers, completing data, correcting inaccurate, dealing with duplicates and en-
riching data.

3. Exploratory analysis and modeling :In data analysis, EDA is a method use
to analyze data sets to summarize main characteristics with visual methods.
It enhances the data set to discover patterns, testing hypothesis and checking
assumptions.

4. Visualization and analysis report :After analysis is done, choosing of ML, mod-
els and features can be done. The analyzed data can predict a result inline to
a given feature.
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5. Output tools and decisions :After analysis report is done, diagnosing of root
cause or required improvement solution can be proposed based on results.

2.6 Machine learning models

2.6.1 Architectures used for process controlling

Architectures enables the adjusting of parameters in considering the part quality.
Sensor-based modules get data from physical bodies and digital models enables a
reference value so as to generate new process parameters[16].

An intelligent approach to optimize robot grinding quality(surface roughness, Ra)
and grinding time has been taken by Ruizhi Li and team by using a non-dominated
sorting generic algorithm II (NSGA-II).

2.6.2 Implementation of process control systems

Autonomous process control system can be created by integrating a monitoring
module, control module, DT module and data collection module as developed by
Park and the team in a real manufacturing system.

2.6.3 Applications in using predicting models

For the purpose of predicting surface roughness, grinding forces, wear defects, Al and
data driven models are used in practical manufacturing applications[25]. Roughness
degradation has been modeled using the wear-prediction modeled connected to op-
erating parameters like temperature, wear volume and surface topology[24]. In the
test conducted by Pavlenko, cutting forces in crankshafts are predicted by ANN-
regression hybrids[23]. For the prediction of FTQ of crankshafts, Ou and team has
used machine learning model on online data classifying first time quality defects and
tracing root causes|12].

2.6.4 Strengths and limitations in using prediction architec-
tures

Data-driven and Al approaches handle non-linear and multivariate data in an ef-
ficient way with accurate and fast calculations[23]. Al based frameworks help for
adaptive process controlling focused on cost reduction by process monitoring, on-
line process signal analysis[18]. Further, the studies of Hinz and team regarding
monitoring grind surfaces enable real time or online quality estimations[26].

Dependence on labeled data and limited physical interpret-ability where NN-Neural
networks are acting like black boxes and fragility of sensor failures encourages virtual
sensors and resilience concepts|27].
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2.7 Analytical tools

2.7.1 Common tools and implementation

For data pre-processing, EDA and creating machine learning models, Python is the
most commonly used language model [12]. Most of the times Python is used for
AT based frameworks, edge computing, streaming/batch processing architectures
which are consisted with big-data eco systems[18]. MATLAB is also used in similar
platforms in optimization and simulation environments for process planning and
MOO (Multi Objective Optimization) though the specific tools are not specifically
named|25, 21]. There are some other commercial statistical packages like Minitab
and SPSS, which we could not find details within the searched literature.

2.7.2 Signal processing and monitoring

Commonly in the area of grinding, force, temperature, vibration and control states
are acquired and processed relying both on real-time data and historical data[17, 24,
18]. Virtual sensor architectures are used in processing raw signals, detecting faulty
signals, reconstructing missing signals for the sake of robust online monitoring[18].

2.7.3 Missing integration between process, quality and main-
tenance

Across the literature we conducted, we can find studies which address the three
areas process, quality and maintenance rarely. In the studies of Cao, the linking of
process parameters to surface quality can be found while no connection with mainte-
nance decisions are mentioned[24]. The relationships between cutting force identifi-
cation and FT(Q prediction on process and quality can be observed without a direct
connection to maintenance[12, 23]. GNN-Transformer RUL prediction is showing
relationships between maintenance, but does not connect with geometric quality
or defect patterns[19].But broader intelligent manufacturing frameworks highlight
the connections between decision making, controlling and operations, execution and
process controlling in a fully integrated intelligent manufacturing solution[20, 17].

2.7.4 Limitations in current models

In most of the studies carried out about the models, limitations have been imposed
due to small size of samples, high dimensionality and concept drift. Hu and the team
has used fuzzy broad learning with prior knowledge for a small sample machining
prediction model to compensate for limited data[28]. Studies by Diaz shows that
GDPC/GDPC+ demonstrating unsupervised clustering on dynamic streams can
be unstable under many reasons requiring for further robustness enhancements[27].
Controlled surface monitoring systems and extensive parameter studies are required
for image setups to achieve reproducibility [26]. It is observed limited physical
insights in many black-box neural networks used in grinding and crankshaft force
predictions, where transparency and interpretability is missing[23].
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2.8 Challenges in crankshaft grinding

Grinding is considered to be a key process in machining where the product has a di-
rect impact on its accuracy, performance and service life[17]. The process of manual
process planning for grinding is a "demanding and time consuming" process due to
the balancing of machine, surface roughness and tool cost[21]. Achieving an optimal
combination of grinding process parameters only based on manual experience is dif-
ficult[25]. Developing of scientific methodologies to determine required parametric
values are discussed in many literature[23].

Root cause analysis in grinding becomes more complex due to too many inline fac-
tors which affect the quality directly and indirectly[12]. Challenges related to lack
of reliable data acquisition solution, limited non-representative data, non-shared
grinding data bases obstructs the usage of intelligent systems[17]. Further the hu-
man errors and sensor failures also contribute towards challenges related to resilient
control systems[18].

There are limitation related to small samples, high dimensionality and concept drift
where small machining predictions motivates to use fuzzy broad learning to compen-
sate with the limited data[28]. According to Diaz and team it shows that unsuper-
vised clustering on dynamic streams become unstable due to transients, demanding
more robustness[27]. Further the tests by Hinz and team shows that, neural models
for monitoring the surface quality requires carefully controlled imaging facilities and
studies to achieve reproducibility[26].
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Methodology

This chapter outlines the research methodology adopted for this study. Its primary
purpose is to familiarize the reader with the nature of the research objectives, which
are addressed using a mixed-methods approach.

3.1 Research design

This section briefly describes and showcase the mixed methodology employed for
this project.

‘ Research framework ‘

Process parameters, quality & maintenance in crankshaft grinding
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Figure 3.1: Research framework
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Fig 3.1 shows how this project combines three research pillars integrating with tri-
angulation approach combining SLR, interviews and EDA.

« Pillar 1 : Systematic Literature Review (SLR)

 Pillar 2 : Thematic Analysis (TA) for interview inputs from experts

o Pillar 3 : Case Study by conducting EDA

To tackle each pillar in a structured manner, a sequential and integrated workflow
was developed , in which every pillar was investigated through interconnected re-
search questions. The structure which is based on the three research questions, has
a sequential as well as interconnected flow. The systematic literature review (SLR)
identifies the key grinding parameters related to grinding quality defects. Research
question 1 (RQ1) is mainly answered through a systematic literature review, com-
plemented by expert and academic researcher interviews, which together provide
proof and validation. These activities are explained in detail in result section. The
interview insights from the experts answers both RQ1 and RQ2 determining key
parameters affecting grinding quality and determining interactions between qual-
ity, maintenance and production. The interviewees came from diverse backgrounds,
and academic researchers were also involved to broaden and deepen the conceptual
understanding. Result section presents the outcomes of qualitative study that con-
stitutes pillar 2 of this project. The quantitative component of this research was
guided by Exploratory Data Analysis (EDA) to investigate patterns and explore the
relationships between process parameters and grinding defects answering the RQ3.
The objective here was to identify and visualize what type multi-modal data was
needed to establish correlations with quality. This is addressed using EDA, which
guided the analysis of the company’s available datasets. The interviews additionally
clarified which data types were relevant and accessible. Result section provides the
complete methodology, analysis, and data sources used to address pillar 3. A key
strength of this methodology is the triangulation and integration across different
data sources such as literature findings, expert interviews and quality data. This
mixed methodology enables an exploratory and holistic investigation, contributing
for the understanding of process parameters impacting crankshaft grinding quality.

3.1.1 Ethical considerations

Ethical consideration in this research were aimed at protecting participants rights,
dignity and welfare while allowing valuable insights.
Key principles included in this study are:

o Informed consent: Participants in the qualitative study were briefed on the
study’s purpose, scope, potential risks, and anticipated scientific benefits be-
fore agreeing to take part.

o Voluntary participation: Team meetings were scheduled in advance, and con-
sent was obtained from all involved members. Participants were free to join
or withdraw from the meetings at any time.

o Confidentiality and anonymity: The researchers signed an NDA with the case
company before gaining access to any transcripts, recordings and data. All
details and data are anonymized and masked in this report, protecting and
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preserving the confidentiality of the information provided by the company.

o Scientific validity: The research was grounded in a systematic literature re-
view, the qualitative component was analyzed using thematic analysis, and
the research questions were formulated, documented, and reported in a trans-
parent and honest manner.

3.2 Qualitative analysis

3.2.1 Systematic literature review

This study was conducted using a Systematic Literature Review (SLR) combined
with forward and backward snowballing. This integrated strategy was chosen to en-
sure coverage of the established body of work and to obtain highly relevant sources,
particularly in the field of crankshaft grinding, where the number of available pub-
lications were limited. The SLR procedure followed the sequential steps described
in [29] to systematically identify and retrieve the relevant articles.

1. First, the scope of the project was defined and the relevant search terms were
determined.

An appropriate database was then selected.

Inclusion and exclusion criteria were established.

Titles and abstracts were screened.

Full texts were reviewed.

Data were extracted from the selected articles.

SRR e

This stepwise method offered a clear, thorough, and precise account of the review
procedure. Scopus was chosen as the primary database for this project, as it provides
an extensive collection of peer-reviewed literature and research articles, containing
more than 100 million records.

3.2.1.1 Search strategy

Initial search string was aimed at getting the results for Research question 1 (RQ.1).
"( ("grind*" ) AND ( "manufacturing" AND "PROCESS PARAMETERS" ) AND
( "quality" OR "defect" OR "inspection" OR "tool life" ) AND ( "data-driven' OR
"machine learning" OR "ML" OR "artificial intelligence" OR "AI" OR "industry 4.0"
OR '"condition monitoring" ) ) " For this keywords further filtration was applied
for example: year was limited to 2011 till present and study area was limited to
engineering and computer science. While peer reviewed journal articles, conference
papers with full text were filtered in the Scopus database, a complete prisma diagram
of the search can be found in Figure 3.2.
The literature search was conducted using three primary sources.

e Scopus,

» Google scholar,

e From experts recommended publications,
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The above mentioned keyword string was aimed at retrieving articles from three
different focus areas. one from Grinding aspect, one from process and quality and
finally from Data driven aspect. Using this string in Scopus database a total of 32
articles were extracted.

3.2.1.2 Inclusion & exclusion criteria

To verify and do a systematic analysis articles selected for our study ensured that
they were reliable.

Studies were included if they:
o Focused on grinding crankshaft,
Discussed Process parameters and quality relationships,
e Addressed application close our area of interest,
o Were in full text peer reviewed articles or conference papers,
Selected papers were published in english.

Studies were excluded if they:
o Lacked process & quality related analysis,
« Unrelated to precision grinding (cylindrical)

3.2.1.3 Snowballing

To strengthen the SLR and obtain more domain specific papers on crankshaft grind-
ing which were not fully indexed in general databases, snowballing was applied in
both directions. Backward snowballing involved reviewing the reference lists of se-
lected papers to discover additional relevant publications [30], while forward snow-
balling focused on identifying new papers that cited the studies under examination
(30].

This approach was particularly effective for this specific case study, as the number
of available articles were relatively small compared to the broader grinding research
field. A set of highly relevant articles served as the initial seed for the snowballing
process an example of seed paper is shown "Intelligent Grinding" by Wegener et al.
(2026) served as seed for backward snowballing here total of 63 articles were retrieved
further after applying filtration, and screening total of 4 papers were included. This
can be seen in the below figure

3.2.1.4 Selected literature summary

The combined application of SLR and the snowballing technique resulted in a to-
tal of 27 papers, which were systematically collected using databases, snowballing
and expert inputs. These studies focused on grinding processes, quality aspects,
maintenance, and data-driven methods. The initial search in Scopus identified 32
articles from the period 2011 to the present. After removing papers limiting to
subject area, document type and language, the remaining papers underwent title
and abstract screening, reducing the number to 10. Subsequent full-text screening
led to the exclusion of 5 more articles. As this number was insufficient for our
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Figure 3.2: Prisma flow for Literature study [31]

study, snowballing was employed to further enhance the literature base. Through
snowballing and expert recommendations, additional domain-specific studies were
identified and included were 22. This overall process gathered 27 papers aligning
with the PRISMA framework, a structured methodology commonly used in system-
atic reviews to enhance transparency.

3.2.2 Semi-structured interviews

Supporting the literature study additional qualitative analysis of this research is
equipped with "Thematic Analysis", where the raw data can be moved to meaning-
ful insights in a systematic way|[32]. The insights from industry practitioners as well
as researchers from academia who are involved in grinding researches were gathered
to analyze data . As highlighted in the qualitative research guide, general qualitative
inquiry is suited to studies that pursue “rich, contextual insights into perspectives
and the dynamics of particular phenomena within their real-world setting” [33].
This is closely aligned with our aim of understanding how automotive practition-
ers perceive process parameters, interations between production, maintenance and
quality.
Thematic Analysis was chosen for this study for the following reasons:
o The master’s thesis does not aim to develop a new theory (thus, grounded
theory is not applicable).
o The thesis does not focus on exploring lived experiences (making phenomenol-
ogy unsuitable).
o The thesis does not involve cultural immersion (therefore, ethnography is not
relevant).
o The thesis does not employ iterative cycles of intervention (hence, action re-
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search is not appropriate).
Instead, this qualitative approach further complements the data-driven EDA by
drawing on practitioners’ knowledge and experience to contextualize the quantitative
findings further in the research.

3.2.2.1 Data collection: semi-structured interviews

Data were collected through semi-structured interviews with both industry and aca-
demic specialists who possess expertise in grinding processes. Practitioners were se-
lected from a range of engineering functions, including process, quality, production,
and maintenance. This approach is consistent with qualitative research guidelines
that advocate the use of open-ended questions to elicit in-depth, nuanced accounts
of participants’ perspectives.

3.2.2.2 Selection strategy and participant profiles

Participants were recruited through purposive sampling, focusing on individuals
with some key criteria:

e Specialization in grinding and direct hands-on operational experience.

e Strong domain knowledge, such as familiarity with process parameters.

o Experience with quality issues as well as an understanding of quality-related
data.

o Background in maintenance activities.

o In addition to industry professionals, two academic researchers with expertise
in grinding and machinability of material were included to provide a research-
oriented perspective.

This selection strategy ensured that the insights obtained from the interviews were
firmly rooted in practical experience and domain-specific expertise. The experi-
ence of the industrial practitioners ranges from 5 years to over a two-decade period
reflecting a wide range of process experience, problem solving and developments.
The researchers were actively engaged in the area of grinding and machinability
of materials with a deep knowledge about particular areas with a background in
research.

Interviewee No:1 (Process specialist)

First interviewee was working with crankshafts for continuous 28 years and and 12
years focused on crankshaft grinding. He is a manufacturing technology specialist
skilled in the area of grinding and super finishing. Further, he was responsible for
process operations and future improvement in the process. He is working with the
global network around the world by visiting exhibitions, different companies in order
to evolve the process and finding better ways of grinding.

Interviewee No:2 (Quality specialist)

The second interviewee was an expert in quality aspects of crankshaft grinding. He
was responsible for reviewing the quality defects occurred during production. Fur-
ther he was responsible in educating grinding machine operators about maintaining
proper grinding quality.
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Interviewee No:3 (Maintenance specialist)

Third interviewee was a maintenance responsible person in the crankshaft grinding
section. She was initially an operator in same department from 2021 and now she
is proceeding with the new role since 2025. Her main responsibilities are planning
and scheduling maintenance activities in the grinding section. She was responsible
for the maintenance KPI’s, and leading technicians and electricians in the field.

Interviewee No:4 (Production operator)

Forth interviewee was an operator in grinding section for five years counting total
experience of ten years working in grinding section of another premise with same
organization. He was mainly responsible in grinding, focusing on measurements,
taking crankshafts to measuring room and checking for defects. He was a person
who is working directly with the grinding machines, changing process parameters to
operate the machines with better quality.

Interviewee No:5 (Professor and researcher in grinding)

The fifth interviewee was a researcher in modeling and optimization of manufac-
turing processes, specializing in grinding technology. He was working with leading
automotive manufaturing organizations developing powertrain production and serv-
ing as director at Metal Cutting Research(MCR) group. He has authored over 130
publications and hold 5 patents/patent applications.

Interviewee No:6 (PhD student researching on materials and manufac-
turing)

The sixth interviewee was a doctoral student at Chalmers University focusing on
turning, the machinability of materials, understanding how the material influences
the process. He was working with sensor monitoring in both turning and grinding
processes.

3.2.2.3 Interview structure

The interview questions were designed to investigate:
o Which parameters experts consider to have an impact on grinding quality.
o What data is currently available, along with its limitations and associated
challenges.
o How experts collaborate with process, quality, and maintenance teams, and
how they interpret recurring defects.
« Potential opportunities for data-driven improvements.
Online interviews were recorded and transcribed with the participants’ consent. For
in-person interviews, audio was recorded and subsequently transcribed for analysis.

3.2.2.4 Selection of thematic analysis

This study uses thematic analysis (TA) as the primary method of analysing qualita-
tive data inputs recieved via six interviews conducted among four industrial practi-
tioners and two academic researchers. Braun and Clarke systemized thematic anal-
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ysis as a method for identifying, analyzing and reporting patterns/themes within
qualitative data[32]. Compared to other methods TA is a flexible method suitable
for researches where both industrial and technical knowledge are captured alongside
each other in identifying patterns across experts’ perspectives|32].

The interview sample in this study expands over multiple organizational roles in-
cluding operators, process specialists, maintenance specialists, quality specialists
and researchers. Each one has a distinct view on grinding process. Thematic anal-
ysis is well suited since it helps in identifying recurring patterns of meaning across
the data set allowing knowledge to be emerged from multiple voices simultaneously.

Thematic framework involves a multi-stage process:

Familiarization

Familiarization of data is a vital step in the process of data analysis in the qualitative
methodology[32]. This step helps in establishing an intimate relationship with the
data, which help in emerging meaningful insights.

In the process of familiarization with the data, approval was received for all the six
interviews to be recorded and transcribed. For the purpose of properly documenting
an interview, a high quality audio and recording is required for word-to-word tran-
scription [34]. Some of the interviews were conducted online via Microsoft teams
and rest in person. But we managed to record and transcribe all the interviews for
the purpose of good quality documentation.Transcriptions of each interviews were
double checked with the audio recording, where it helped to familiarize data more
solidly and clearly. Transcribing of verbal data to written form expands the in-
sights about the questions beyond the surface meaning. It helps to understand the
underlying operational procedure, the actual way things happen in practically and
practical challenges in operation.

Process included active reading and re-reading of data. according to Braun and
Clarke, this step includes immersive reading where the researcher should fully en-
gage with the content noting initial impressions and recurring patterns[32]. Initial
note taking helped a lot in later phases in analysis in identifying repeated ideas
and underlying emotions under the phrases. The special quotations and points
mentioned by the interviewees were highlighted in the initial stage of transcription.
This process helped to conserve time later stage, where the main points were referred
to several times in the later processes. Further it helped to build a reflection about
the inputs given by interviewees regarding the topic. Quotations helped to animate
data in a way they provided a solid validation about the fact they are mentioning.

Generating initial codes

This is the step of identifying meaningful data segments from the whole data. La-
beling of significant features of data which are related to the research question is
done here. This step is useful in the later steps of theme development, where the
complex data is segmented into analyzable parts via this step[35]. Manual coding

26



3. Methodology

was used in this thesis work since there were only six data sets to be reviewed, and
also in the intention of getting more familiarity of the data. Further it created a
good foundation in identifying patterns and relationships across the dataset. Man-
ual coding helped in getting a deeper understanding of contexts behind the image.

While conducting the process of initial codes, first the text related to particular
codes were highlighted within the transcribed text of interviews. Then those quotes
from the transcribed texts were tabulated to a separate table. In this way, all the
quotes related to research questions were tabulated and shown in appendix. The
coding is a reiterative process, since you picked an input and going on coding, it
shows some relationships as well as some distracts between the quoted text which
makes you revise the code. The process of coding is non-prescriptive regarding the
amount of codes to be coded or type of interpretation as semantic or latent[36].

Generating themes

The resulting codes are then grouped into broader themes linked to the research
questions. Mind-mapping tools are employed to help organize and structure these
themes more effectively. Generating of themes is to be started after finishing initial
coding. The coded data is reviewed and analyzed, to combine them into shared
meaning to form themes or sub-themes[32]. Important aspect of theme formation is
the codes or data items should communicate meaningful detail which helps answering
a research question[32]. Themes should be contradictory and distinctive, while they
should produce coherant picture of the dataset. The codes which are not fit within
the particular theme should able to be ignored, in order to avoid the risk of creating
unwieldy and incoherent themes. Otherwise these few themes can divert the depth
and breadth of data causing failures for successful. [36].

Reviewing potential themes

In this stage a complete review of the candidate themes decided or selected should
be reviewed related to coded data and the raw data set. This is also a reiterative
process where you find the candidate themes are felt to be answering the research
question or fit with a meaningful interpretation of data[32]. Further, Braun and
Clarke is suggesting some key questions to be asked to review whether the potential
themes are fitting;

o Is this a theme?
o If it is a theme, what is the quality of this theme, the data set and research
question?

o What are the boundaries of the theme?.

o Are there enough data to support the theme?

o Are the data too diverse and wide ranging?
With the above analysis, the validity of the themes can be checked. The themes
were changed few times based on above review and finalized candidate themes can
be shown below demonstrating their relationships.

Naming themes
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Following review and refinement, each theme is clearly labeled and described to en-
hance clarity and interpretability. In this stage each individual theme were expressed
in related to data set and research question. Each theme should provide coherent
and consistent data that are not defined by other themes. All themes were expressed
in a way that, they create a rigid narrative which is connected with data set and
research question. This is a deep analysis of underlying data since the researcher
has to extract what is related to respective theme. The extracts can be presented
either by providing a surface-level description of what is stated by interviewee, or
analyzing what is interpreted by the interviewee[36]. Here the surface level meaning
was taken into analyzing, since all the facts were technical based facts.

Writing the report

Finally, the themes are written up and interpreted, and then connected with existing
literature, thereby ensuring transparency in the analytic process. Further, it is
opposed to the practices of a typical quantitative analysis where the research is
conducted and writing up the analysis. In a qualitative analysis, a parallel and
interwoven process of analysis along with the writeup is followed. The changing
of codes, themes and iterative steps are to be included throughout the course of
the research. Themes should be connected in a logical manner while keeping the
consistency and isolated narration for each theme|[32].

Phase 1: Familiarization
Read and re read the transcripts to identify pattems and initial immersion in the data before any coding begins.

A4

Phase 2: Generating initial Codes
Identify meaningful codes which can be categorized into Latent.

NI

Phase 3: Searching for themes

Clustering related codes into broader themes and align them with research Question 2.

N

Phase 4 : Reviewing and refining themes.
Selected themes should be reviewed related to coded data and with the raw dataset.

NS

Phase 5: Naming the themes
Assign a clear, descriptive name and define itto finalized theme.

NI

Phase 6 : Writing the report
Interpret and present themes, like the findings with existing lite rature.

Figure 3.3: Six stages in thematic analysis[35]
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3.3 Quantitative analysis

The quantitative component of this work was carried out through Exploratory Data
Analysis (EDA) of crankshaft quality data collected from the grinding line. The aim
of the analysis was to examine the existing data, identify patterns, and determine
the data requirements for future correlation studies.

EDA was chosen because the available dataset included defect related information,
free text quality descriptions, and details about defect locations. Consequently, the
analysis concentrated on interpreting this information primarily through visualiza-
tions.

3.3.1 Data collection & case context

The dataset used in this study was obtained from a crankshaft grinding line and con-
tained quality related information, including defect type, defect location, machine
operations, cost of the defect, timestamps, crankshaft type, and free text descrip-
tions entered by the operators. This dataset reflected real industrial conditions and
offered insights into quality issues in an actual manufacturing environment. In ad-
dition, it served as a basis for identifying which data need to be collected to support
future analysis.

3.3.2 Data preparation

The initial step before combining the datasets was to translate the free text columns
and rows from Swedish to English. Next, the datasets were examined to identify
common columns that could be used to join them. While reviewing the .CSV file, it
was discovered that only a single column matched between the two datasets, namely
the Timestamp column, but the timestamp formats differed in each dataset. There-
fore, after translation, this column was standardized to the format (DD.MM.YYYY
hh:mm:ss). Once the timestamp was standardized further processes were carried
out :

o Handling missing values,

o Checking for duplicates,

o Standardizing the data,

H””I "mllllh...___ M""“I""' |||||||. ,,,,,,,,,,,,,,,,,

Figure 3.4: Before Vs After data cleaning

A
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3.3.3 Analytical techniques

Following data preparation, descriptive statistics and visualization techniques were
applied at this stage to explore patterns, and the analysis was organized into five
main activities. It began with an examination of the data structure, where missing
values and overall data completeness were evaluated to assess the reliability of the
dataset. Visualizations were used to represent data quality and to highlight any
gaps that could affect subsequent analyses of process quality.

To examine quality-related issues in the grinding process, defect distribution analy-
ses, such as Pareto analysis, were conducted on the dataset to identify and prioritize
the most influential defect categories contributing to quality losses. Additionally, a
machine level analysis was carried out to investigate how defects were distributed
across different machines, enabling the identification of recurring patterns and vari-
ations within the production system.

The dataset also included free text comments from operators, which documented in-
formation about the root causes of defects. These textual entries were analyzed using
basic text mining methods, including phrase frequency analysis and the detection
of recurring terms associated with quality deviations.Alongside these techniques, an
interactive dashboard was developed to visualize quality related information. The
dashboard included data on cost trend over a one year period, defect distribution
across operations at which locations there was defect, defects by shift, and the
relationship between defect type and location displayed as a heatmap. These vi-
sualizations supported decision making by improving visibility into quality-related
patterns within the grinding line.

30



4

Results

This section describes the results we gained via the three pillar approach com-
bining the results of systematic literature review(SLR), thematic analysis(TA) and
exploratory data analysis(EDA).

4.1 Results from literature review

The literature review and qualitative investigation showed that grinding quality
is affected by a range of parameters, including process, thermal, material, and
maintenance-related factors. The results consistently indicate that process vari-
ables such as depth of cut (a.), wheel speed (V;), workpiece speed (V,,), feed rate
(V), wheel wear mechanisms, and dressing intervals have a significant impact on
grinding outcomes, including surface integrity (R,; grinding burns), dimensional ac-
curacy (roundness, straightness, diameter), as well as overall performance indicators
(scrap rate, cycle time).

Furthermore, the reviewed studies underscore the growing role of data-driven man-
ufacturing and the use of AI/ML to support decision making. Several works also
stress the relevance of intelligent grinding, where machine learning algorithms are
applied to predict tool life and enable condition monitoring. Nevertheless, there are
still gaps regarding the integration of multi modal data from process, quality, and
maintenance sources within real industrial grinding environments.

4.1.1 Critical process parameters

The review identified depth of cut, wheel speed, workpiece speed, feed rate, and
specific grinding energy as the most influential process parameters governing grind-
ing quality. Among these, (a.) was found to have the strongest effect on surface
roughness (R,) and on the occurrence of grinding burns[22]. Although increasing
the depth of cut enhances MRR, it simultaneously generates higher temperatures
and increases grinding forces [1]. Likewise, wheel speed(V;) strongly affects both R,
and dimensional accuracy. Several studies report that a higher (V) often leads to
better surface quality due to reduced undeformed chip thickness; however, it also
intensifies thermal loading, making it necessary to carefully control coolant delivery
for effective heat removal[22]. In addition, the ratio of these two velocities is a major
determinant of (R,) the literature shows that a higher (V;/V,,) ratio generally leads
to a smooth surface, while a lower ratio tends to produce a rougher finish [23].
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The literature further indicates that feed rate is another key factor influencing grind-
ing quality. Radial feed tends to deteriorate (R,), whereas an increase in axial feed
can improve it [10]. Overall, these findings demonstrate that process parameters
must be tuned in combination to achieve an appropriate balance between thermal
and mechanical stability.

The process parameter metrics in Table 4.1 summarizes the parameters that simul-
taneously affect multiple quality dimensions—mnamely surface roughness, grinding
burns, roundness, straightness, diameters, scrap, and cycle time. In particular, (V)
and (a.) emerge as having a pronounced influence on the overall grinding quality.

Table 4.1: Process parameter metrics

Surface Integrity | Dimension Accuracy | Production Metrics

Parameter

R, Burns Round. Strgt. Diam. | Scrap Cycle
Depth of cut (ae) v v v v v/ v v/
Wheel speed (V) v v v 4 4
Workpiece speed (V) v v/ v v v
Feed rate (V) v v v

Regarding the depth of cut (a.), this parameter has a strong influence on surface
integrity. Increasing (a.) raises grinding forces and typically leads to higher (R,)
values. It can also affect the grinding zone temperature; a larger (a.) can modify
material properties, causing softening, accelerated wear, and crack formation [7].
Feed rate is another factor that can increase surface roughness. It can be divided
into radial and axial components, which have different effects: raising the radial
feed generally leads to excessive surface roughness, whereas increasing the axial feed
tends to reduce it [25].

4.1.2 Grinding wheel metrics

Another emerging factor that influenced process performance was the grinding wheel.
Findings from the literature indicate that both the physical properties of the wheel
and its dressing parameters play an equally important role in determining grinding
quality. For example, wear mechanism theory classifies wear into attritious wear,
fracture wear, and bond fracture. These wear modes introduce instability in grind-
ing operations and modify the wheel topography, which in turn directly leads to
dimensional errors and contributes to excessive heat generation [6].

The reviewed studies further highlighted the critical role of the wheel state, which
can be described in terms of wheel topography. In other words, the random dis-
tribution of abrasive grains and their protrusion height can govern the material
removal rate (MRR), which ultimately affects the resulting surface quality. In the
specific case of crankshaft grinding, where Cubic Boron Nitride (¢cBN) wheels are
commonly used, the grit shape and concentration have a significant effect on power
consumption and wheel wear [13].

32



4. Results

Additional results from theoretical and qualitative analyses emphasize the concept
of ‘wheel condition’, which affects both surface integrity and dimensional accuracy.
Put simply, as the grinding wheel operates, the cBN grits gradually degrade, causing
the wheel to lose its sharpness and produce more rubbing than cutting. This leads
to grinding burns. To prevent this, wheels are periodically dressed. However, very
short dressing intervals are associated with production losses, while excessively long
intervals cause the wheel to become dull. Dressing at fixed intervals often produces
a “sawtooth” pattern in quality, where surface quality is excellent immediately after
dressing but then progressively deteriorates.

This relationship is illustrated more clearly in Table 4.2, where the findings show
that wheel wear state and dressing interval directly influence surface quality, dimen-
sional accuracy, and key production metrics.To overcome this reactive based dressing
studies highlight condition based wheel monitoring where they use AE emission sig-
nals, vibration signals, AI/ML which can be used to detect and improve dressing
strategies [6].

Table 4.2: Grinding wheel metrics

Surface Integrity | Dimensional Accuracy | Production Metrics
Parameter . —

R, Burns Round. Straight.Diam. | Scrap Cycle
Wheel wear state | v/ v v v
Dressing interval | v v v v v v

4.1.3 Cooling & lubrication

As previously mentioned and discussed in the literature, grinding generates heat
during machining, which directly affects quality and alters material behavior. Due
to crankshaft’s complex geometry, the grinding forces and the resulting heat-affected
zones vary continuously throughout the operation, making temperature regulation
challenging. To control this heat, coolant either oil-based or water-based is used,
which lowers wear volume and prevents severe changes in material behavior caused
by excessive temperatures [1].

Table 4.3: Coolant & thermal parameters

Surface Integrity | Dimensional Accuracy | Production Metrics
Parameter
R, Burns Round. StraightDiam. | Scrap Cycle
Coolant flow v v
Grinding Temperature v v
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The Overall findings from the literature indicates that crankshaft grinding quality is
controlled by complex interactions among process parameters, grinding wheel condi-
tion, thermal behavior, and maintenance-related factors. Together, these elements
directly influence surface integrity, dimensional precision, and production perfor-
mance metrics [10]. Any fluctuation in these parameters, or an unsuitable selection
of process settings, can lead to substandard part quality [7, 37, 13].

The findings further reveal that grinding quality cannot be understood by examining
a single parameter in isolation. Instead, the literature shows that multiple factors

interact simultaneously throughout the grinding process, collectively determining
the final crankshaft quality.

4.2 Result from semi-structured interview

Few examples of coding from the "generating codes step" are shown in below table.

Table 4.4: Interview quotes and initial codes

Interview Quote (most representative) Initial Codes

“if it’s some adjustments that they are used to do | Freedom of minor decision

it, they will do it without telling me” making

“The operator are in charge of knowing that all | Confidence and Experience

the measurements are okay” of operators

“So, and also the operator, they are very skilled” | Believing the operators’
skills

In this analysis, the initial codes (derived from most important representative codes)
were assembled into second order codes. Then the initial codes were assembled into
second order codes to form themes in next step. In the stage of reviewing of themes,
aligning to the research question as well as the outputs given by the interviewees were
reviewed. Few changes to the theme wording was done at this stage. In the stage
of reviewing potential themes, the surface level meaning was taken into analyzing,
since all the facts were technical based facts. Then the themes were defined and
named as mentioned below;

o Experience of employees are valued and believed

o Digital tool usage

o Positive communications for problem solving

e Dressing interval playing a major cost factor

o Material quality affects grinding quality

o Coolant plays a major role

o Influence of machine condition on grinding quality

o Tradeoff between process parameters
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4.2.1 Reporting

This phase is more interconnected with stage 5(Defining and naming themes). Themes
which were defined at early stage are reported here. The themes are presented in
below table where the readers can get insights on how the theme was created refer-
ring to initial quotes from interview, initial codes and second order codes.

Table 4.5: Theme:Experience of employees are valued and believed

Interview Quote | Initial Codes Second Order | Theme

(most representa- codes

tive)

“if it’s some adjust- | Freedom of | Employer auton- Experience of
ments that they are | minor decision | omy employees are
used to do it, they will | making valued and
do it without telling believed
me”

“The operator are | Confidence and | Experience  of
in charge of knowing | Experience  of | operators

that all the measure- | operators
ments are okay”

“So, and also the op- | Believing the op- | Experience  of
erator, they are very | erators’ skills operators
skilled”

In related to the interaction between production, maintenance and quality inside
the subjective organization, the above table summarize into the theme "Experience
of employees are valued and believed". Initial coding converges the facts of freedom
of decision making, confidence in process, expertise of employees and trust between
teams into creating an environment where experience is valued and trusted. The
interview quotes which were grabbed by representatives of each departments believe
on the matter. On converging to this theme, the raw inputs wording shown here itself
strengthen the theme. This belief and trust act as a strong backbone in maintaining
a healthy relationship among different teams.

35



4. Results

Table 4.6: Theme:Digital tool usage

Interview Quote
(most representa-
tive)

Initial Codes

Second Order
codes

Theme

“it’s recording it to
QDAS, and we al-
ready have we have all

the data in QDAS”

Data stored in
cloud systems

Data storage

“Power BI we have
and also the RNC and

Using of digital
tools for scrap

Scrap reporting

the T&T, but That’s | reporting

the all tools I use”

“we use (X)MMS to | Issue reporting | Maintenance is-
report the problem” | via (X)MMS sue reporting

Digital tool
usage

The theme produced here in Table 4.6 regarding "Digital tool Usage" depicts the
fact that the organization is equipped with different data recording platforms and
data storage sources. These tools are utilized in the processes of reviewing for
root causes, retrieving data for improvement and for escalation of data between
internal stakeholders. This shows that digital tools play an important role regarding
maintaining a clear and data-based interaction between the production, quality and
maintenance.

Regarding the interaction between teams for problem solving in Table 4.7, the inputs
from all the interviewees of the organization were positive. It was evident that the
escalation of problems from basement level to upper level was smoothly happening.
Production operators use the digital systems to raise maintenance issues and they
are logged properly in the databases. Frequent face to face meetings has leveraged
the relationship between each teams and it gives a practical workaround for problem
solving. Issues are analyzed later via reports, which acts as a major part of root
cause analysis.

As per the inputs given by interviewees shown in Table 4.8, they are considering
dressing interval as a major cost factor based on their prior conducted analyses or
due to the cost of tools used in dressing. Further, from the academic inputs, it was
strengthened that the dressing affects productivity directly.

According to Table 4.9 where interviewees inputs show the impact of material on
quality. Factory interviewees confirmed that, though the same material specified
in the specifications are received, the internal content in the material are changed
slightly. It has been affected as a critical parameter affecting the grinding quality of
the crankshaft. Further, academic researchers’ inputs also confirmed that machin-
ability is adversly affected by microstructure as well as non-metalic inclusions.
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Table 4.7: Theme:Positive communications for problem solving

Interview Quote Initial Codes | Second Order Theme
(most codes
representative)
“If there’s something | Informing of | Problem solving
they can’t solve by | problems to o
Positive com-

themselves, usually af-
ter half a day or a day
later when they have
tried what they know,
they contact me or my
colleague”

higher levels

“we mneeded all the | Incorporating Collaboration in
guys to solve it: | multidisci- problem solving
production, quality, | plinary  people

maintenance, and so | for problem

that’s a problem we | solving

finally solved, yeah”

“We also have a morn- | Inter- Communicating
ing meeting every day | departmental via meetings
with production and | face-to-face

maintenance, and we | meetings

handle it right away
and take care of it”

“If we see that we have
a bad quality, we can
see it in the capability
reports”

Referring to re-
ports for infor-
mation

Communication
via reports

“We simply talk with
the maintenance team
and we use (X)MMS
to report the problem”

Communication
via digital
modes and
telecommunica-
tion (Production
vs Maintenance)

Hybrid commu-
nication modes

munications for
problem solving
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Table 4.8: Theme:Dressing interval playing a major cost factor

Interview Quote
(most
representative)

Initial Codes

Second Order
codes

Theme

“There also could be
maybe they need to
decrease the sharpen-
ing interval. Dress in-
terval”

Requirement for
reducing dress-
ing frequency

Dressing cost

“this is the process
that makes 75% of the
cost, actually. It’s not
the grinding, it’s the
dressing”

Dressing cost as
a major percent-
age

Dressing cost

Dressing interval
playing a major
cost factor

Table 4.9: Theme: Material quality affects grinding quality

Interview Quote | Initial Codes Second Order | Theme

(most representa- codes

tive)

“Material has such a | Material as | Material affects | Material quality
big influence on every- | a critical pa- | quality affects grinding
thing that could actu- | rameter  affect quality

ally be the most criti- | grinding end

cal parameter that af- | quality

fects the end quality of

the crankshaft”

“Harder workpiece | Machinability Material quality

probably means a | depend on ma- | affects machin-

worse machinability. | terial quality ability

And then we do

an analysis on the

microstructure. So

we start with non-
metallic inclusions”
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Table 4.10: Theme: Coolant plays a major role

Interview Quote
(most  representa-
tive)

Initial Codes

Second Order
codes

Theme

“We also try to improve
the cutting fluid, the

Flow and pres-
sure of coolant

Cutting fluid
flow and pres-

cooling fluid, both flows | affect grinding | sure
and pressures” quality
“Nozzle coolant, you | Positioning of | Coolant position

know, because of the...
It affects both shape
and the burning issues
on the machine. So the
coolant need to get in
the right point”

the coolant jet

“I think all of them
are very important and
depends on what the
issues are. But in
general, I would say
coolant flow”

Coolant flow as a
main process pa-
rameter

Coolant flow

“For example, if you
have burns, we often
look at coolant and the
material variation. If
we can see, for example,
the aluminum is going
down or up. But the
first thing we should
check is coolant. Ev-
erything that do have
to do with coolant”

Coolant and ma-
terial  affecting
burns

Coolant and ma-
terial

“But coolant is impor-
tant, right? So, but
I mean, it’s like, and
I mean, you cannot do
much about it”

Less effect from
coolant

Less weight in
coolant

Coolant plays a
major role

According to the inputs from Table 4.10 about the inputs about effect of coolant,

industrial experts believed there was a huge impact of coolant on grinding burns
while researchers weight on impact of coolant on grinding burns was less.
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Table 4.11: Influence of machine parameters

Interview Quote | Initial Codes Second Order | Theme
(most  representa- codes

tive)

“I would say, is the | State and condi- | Machine condi-

state of the machine,

different  components
breaking down, wear-
ing out. And the

second will be the

material coming in”

tion of machine
affects quality

tion

“Will say about 80% of
our quality issues is be-
cause of the machines
in one in many ways”

State of machine
affects quality

Machine quality

“The machines have to
perform so very, very
good. They almost
have to perform at
110% to produce with
the right quality”

Performance of
machine affects
quality

Machine perfor-
mance

“Every movement in
the machine is impor-
tant”

Operational con-
dition of each
part of machine

Machine opera-
tional condition

Influence of
machine
condition on
grinding quality
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According to many inputs from process and quality as per Table 4.11, the condition
of machine was highly considered towards part quality. Process experts believe
grinding quality depends more on machine condition rather than material quality.
Quality representatives believe, the root cause for 80% of quality issues is machine
problems. Quality representatives believe the machines to be performed at a very
high percentage of performance without issues to achieve a good quality output.
Maintenance who is mainly responsible for the machine condition believe, every
movement of the machine is important for a product to achieve its defined quality.

Table 4.12: Theme:Tradeoff between process parameters

Interview Quote | Initial Codes Second Order | Theme
(most representative) codes

“If you notice you have a | Tradeoff be- | Parameter Tradeoff
bad straightness, maybe | tween changing | tradeoffs on

between process

you can improve it by | parameters af- | quality parameters

changing a few param- | fecting quality
eters, but instead the
roundness will get worse”

“And  maybe  burns, | Wheel speed af- | Wheel speed
burns can affect speed, | fecting quality
the wheel speed as well.
It can also affect the
straightness and round-
ness”

“You have to look at the | Heat flow and | Heat flow
heat flow, and this will | specific energy
depend on the specific | controlling
material removal, right,
and specific energy”

As shown in Table 4.12, a practical tradeoff between changing process parameters

is existing. Another input was, When trying to adjust straightness by adjusting
process parameters roundness is affected. Similarly, when the burns are adjusted
by affecting speed, straightness and roundness are affected. It was evident from
the interview inputs that, a tradeoff between process parameters existing over the
grinding quality.

4.3 Results from quantitative analysis

The EDA analysis was conducted to analyze and investigate the available data
quality, structure and characteristics of the dataset. Since the data set was from
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quality reports, it was used to explore the defect patterns, operations wise trends,
visualize and access the data readiness in order to locate what multi modal data
should be recorded in order to support future correlation between process and quality
and answer RQ3. Current analysis was focused on identifying:

o The existing quality data,

o Defect distribution,

o Missing data patterns,

e Determine which types of data the company should collect to enable correla-

tions with grinding quality,
o Conduct descriptive analyses and summarize the data,

 Visualize key performance indicators (KPIs) and/or develop quality dash-
board.

4.3.1 Overview of case data

Building on section (4.3), the dataset used for the EDA was mainly derived from
quality reports and defect records collected from the grinding line. Data from other
departments was unavailable because it was difficult to retrieve it. The available
dataset contained:

o Identified causes of defects,

« Locations on the part affected by defects,

o Free text descriptions of defect causes,

e Machine wise defect trends,

o Cost incurred to resolve the defect.
During exploration, it was found that the dataset was heterogeneous, originating
from two different data sources. Moreover, the available data was not fully aligned
with other relevant process areas, which constrained the ability to conduct cor-
relation analysis between process parameters and quality outcomes. Despite this
constraint, the available dataset still provided meaningful insights, specifically re-
garding:

o Periodic quality issues,

e Trends in machine defects,

o The structure of the existing dataset.
The analysis further revealed that, although the volume of generated data was high,
it contained relatively little information that was useful for analytical purposes.

4.3.2 Data quality analysis

One of the key steps in assessing data quality was conducting a descriptive analysis
[38]. However, implementing this step in an industrial setting proved to be chal-
lenging. Data from the previous year was extracted from the system for analysis
and investigation. Because the data originated from multiple sources, integrating
this heterogeneous information was difficult. Before moving on to the subsequent
phases described in [38], an investigation of the company’s grinding line was carried
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out, and discussions were held with grinding personnel. Based on this, data was
collected from:

o Quality logs,

o Track and Trace (TnT),
The systems listed above represented the only data sources that could be included
in this analysis, as they were the ones accessible at the time of EDA, after merging
the data from the two systems, an initial investigation of the dataset was carried
out to understand its characteristics. In addition to these systems, data also existed
in process logs, maintenance records, material certificates, and within the machines
themselves. However, extracting this information was difficult. Most of these sys-
tems had limited infrastructure for centralized data collection and storage, and there
was insufficient linkage across the production line. For the data obtained from the
Quality system, the initial analysis focused on:

o The available quality data,

o Merging the data into a single dataset,

o Missing values,

o Traceability between the two datasets,

o Data limitations.

The initial review of the dataset revealed inconsistencies and missing information.
The missing value analysis indicated that numerous columns contained incomplete
entries, and several manually entered cells were both partially filled and poorly
structured. This is shown in Fig. (4.1). To better visualize the distribution of miss-
ing values, the columns were ordered in ascending order, with the X-axis displaying
the percentage of missing data and the Y-axis listing the columns (variable names
are concealed due to NDA constraints). The chart focuses on the 25 variables most
affected by missingness and includes two reference lines at 20% and 50% missing
data. It became clear that many variables surpassed the 50% mark, confirming that
the dataset was severely inadequate.

To investigate this further, a heatmap was produced using random samples from the
most affected columns, revealing that the missingness in the merged dataset was not
random, as illustrated in Fig. (4.2). On the left side of the heatmap, several columns
appear entirely red across all sampled rows, indicating a complete absence of data for
those variables. This pattern suggests that these fields were either not informative
to begin with or were completely lost during the merging procedure. In the central
region of the heatmap, a mix of colors can be observed, corresponding to partially
missing entries and highlighting inconsistencies in how the data were recorded.

This evaluation highlighted a common practical challenge in industrial environments
i.e., The available dataset recorded was inconsistent, Manually recorded entries
from the quality professionals lacked standardization, Synchronization between the
datasets was only partially achieved since it contained different data structure.

These observations indicate that the data quality from the two systems already
presents a considerable obstacle for any subsequent development work.
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Figure 4.1: Missing values

4.3.3 Defect distribution

As shown in Fig. 4.1, the process began with an inspection of blank entries. A
considerable share of the data had already been lost during pre-processing and inte-
gration. The remaining 62.2% of the records underwent a data quality evaluation,
which uncovered inconsistencies across several columns. This is depicted in Fig.
3.4, where the left side presents the raw integrated dataset and the right side shows
the cleaned version. During this stage, the dataset was refined by reducing missing
values, removing irrelevant features, and consolidating columns with duplicate IDs
into single columns. Columns containing 100% blank cells were eliminated, and
most partially missing entries were converted to NaNs to simplify subsequent sta-
tistical analyses. Completely empty columns were dropped because they offered no
useful information. Since the dataset also contained case log timestamps, these were
standardized into a datetime format to support clearer visualization in later steps.
Consequently, the resulting dataset was deemed sufficiently consistent and reliable
for exploratory analysis.

During Visualization of the defect frequency, data revealed that a limited number of
causes contributed to overall quality within the grinding line. during this exploration
frequently occurring causes/defect were grouped and categorized into quality issues,
such as: deviation in roundness, straightness and surface burns. To understand
deeper Pareto analysis was performed on the data, where it shows certain type
of defects appeared repeatedly this can understood from the Fig.(4.3) 80% of the
defects were contributed from drilling, dimension error, burns, edge and straightness.
This meant grinding quality was influenced by several interconnect operations rather
than one single parameter.

In addition to finding out defects this also highlighted the cost which came around
approximately Kr.4300/defect per annum.
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Figure 4.3: Pareto Chart: For Defects

4.3.4 Machine-wise defect

While examining machine-wise defects across different grinding machines, it became
apparent that some machines showed higher counts for specific defect categories.
This can be illustrated with two examples: one in which the defect frequency is
highest at the selected location, Fig. (4.4), and another in which the same defect is
least frequent at that location, Fig. (4.5).

As shown in these figures, it was possible to clearly identify hot spots within the
grinding line and to highlight potential differences between machines, such as ma-
chine condition, wheel wear state, maintenance effectiveness, and process setup.
These remain assumptions because, in the absence of detailed machine and process
data, it was not possible to establish a direct relationship. Nonetheless, even with
the available information, in-depth visualization of the quality data was achievable.

Heatmap analysis was also carried out for defects occurring at specific locations on
the part. As shown in Fig. (4.6), “ Diameter” emerged as the defect with the highest
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Figure 4.4: Defect A at location A

Figure 4.5: Defect B at location A

concentration within the grinding line. The heatmap was particularly useful for
revealing operational patterns. Overall, the machine-wise analysis and the heatmap
results underline the importance of systematically collecting machine and process
data.
The analysis therefore indicates that the data collection should comprise:

e Dressing interval information,

o Process setup parameters,

» Machine related data(Start-stops, alarms),

o Wheel wear condition,

» Inspection results, for instance geometric measurements or images.
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Figure 4.6: Defect Vs Location relationship

4.3.5 Text mining: Free text analysis

The free text column containing important quality-related information was text
mined through several steps: removing special characters and symbols, converting
all text to lowercase, tokenization, applying stop-word filters, performing phrase
extraction, and finally conducting frequency analysis. Text mining revealed most
frequently occurring phrases were identified to detect quality issues and dimensional
deviations. Fig (4.7) illustrates the most common phrase extracted from this column.

The analysis showed that ‘Diameter’ and ‘Dimension’ were the most frequently oc-
curring terms in the free text column. This reflects what operators were recording,
but in an unstructured manner. Without linking these records to process or mea-
surement data, it is hard to conclude based only on frequently occurring terms
from text mining that these factors by themselves determine their relative impact
on quality. This finding supported the evidence from the literature, enhanced data
categorization, and supplied key inputs for the dashboard as well as subsequent
evaluation phases.
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Top Engineering Phrases

large diameter 208.38
small diameter 146.29
rear flange 86.16
large diameters 85.77
small flange 83.68
large flange 80.98
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rl5 108 64.18
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Figure 4.7: Recurring phrases from text mining
4.3.6 Dashboard development

The final results and analytical outputs were implemented as dashboard, which made
the data much easier to interpret. The resulting dashboard functions as a central
hub/platform for the grinding line, allowing visualization of patterns, identification
of operations with higher defect rates, detection of trends over time, and monitoring
of costs. It supports operators and engineers from various departments in identifying
defects at the selected location, while improving traceability across the integrated
dataset.

Even though the available data was limited to quality related information and was
incomplete, this analysis establishes a foundation for implementing ML and for
developing a data driven production architecture. The framework created in this
study can facilitate the future integration of all relevant data into a single system
for the grinding line.
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4.3.7 Data requirement for process-quality correlation

The exploratory analysis of the dataset indicates that quality is influenced by mul-
tiple factors. To address RQ3, and drawing on insights from the literature, expert
interviews, and quality related data visualizations, the following multi modal data
must be gathered to enable correlation analysis in the grinding line:

e Process parameter data, including feed rate, depth of cut, wheel speed, and

workpiece speed,

« Coolant data (flow and pressure),

o Data on dressing intervals,

« Vibration and acoustic emission signals,

e Quality data which includes measurement records, images,

e Maintenance records,

o Operator’s notes,

e Data related to the product material.
These findings provide a foundation for the industrial data requirements that are
essential for future data-driven development within the grinding line.
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Discussion

This chapter discusses the findings of the study based on research questions integrat-
ing systematic literature review, thematic analysis of the semi-structured interviews,
and exploratory data analysis to explicitly address the research objective.

5.1 Integrated findings

The study focused on investigating crankshaft grinding process parameters which
affects the quality and how multi modal data can be integrated within the manu-
facturing environment. The integrated findings from the the literature study, semi
structured interviews and exploratory data analysis in order to interpret the findings
related to research questions. Table (5.1) shows the summarized findings in the form
of triangulation metrics.

It indicates that crankshaft grinding quality is shaped by a combination of interre-
lated technical and organizational factors. While the literature typically emphasizes
process parameters independently, evidence via semi structured interviews from in-
dustry shows that quality is more commonly influenced by the interactions among
the machine, process setup, wheel condition, operator choices, maintenance plan-
ning, and, finally, data.

To address RQ1, which examines process parameters influencing crankshaft man-
ufacturing quality, findings from systematic literature review (SLR) indicate key
grinding process parameters as depth of cut(a.), wheel speed (Vj), workpiece speed
(Vw), and feed rate (V). They play a significant role in determining surface in-
tegrity, dimensional accuracy, and productivity. The literature review identified
depth of cut and wheel speed as the most critical parameters, directly influencing
grinding forces, thermal loading, and surface integrity. Studies reported that, under
optimized conditions, higher wheel speed improves surface quality. However the sur-
face finish is enhanced, grinding burns and thermal stresses are tend to be increase.
In contrast, increasing depth of cut raises the material removal rate (MRR) and
reduces cycle time, but at the same time elevates surface temperature, which can
cause surface burns. In contrast to these theoretical insights, feedback from industry
practitioners highlight practical limitations. They indicate that continually adjust-
ing these parameters for each individual part is not feasible in practice, especially
in high volume automotive manufacturing. Although the theoretical research often
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Table 5.1: Triangulation metrics

Parameter| Literature Interview in- | EDA Suggestion
Findings sights Findings
Depth  of | Strong influence | Emphasized NO data | Structured data
cut (ae) on R, Thermal | practical im- | available acquisition is re-
load and grind- | plications in quired
ing burns continuous  im-
provement
Wheel Influence on sur- | Wheel speed | Machine Real time moni-
Speed (V;) | face and dimen- | is managed | wise defect | toring required
sional accuracy | through dressing | shows in-
strategies stability
Dressing Strongly  influ- | Considered one | No  data | Condition tool
interval ences sharpness, | of the most crit- | available monitoring can
surface quality, | ical factor be adopted to
burns and cycle improve effi-
time ciency
Coolant Critical for con- | Practitioners Burn Coolant  moni-
behavior trolling temper- | prioritized related toring or
ature, and burn | coolant  condi- | quality
prevention tions defects
observed
Machine Limited empha- | Experts insights | Machines | A unified sys-
Condition | sis on literature | shows machine | shows tem should be
regarding  ma- | condition con- | recurring provided  that
chine tributes to | defects includes  both
major  quality quality and
problems maintenance
records.
Material influences Material varia- | No mate- | Material certifi-
Quality machinability tions linked to | rial data | cates and ma-
and  influences | grinding burns available terial properties
burns should be docu-
mented and in-
corporated into
databases.
Data Literature high- | experts note | High Data infrastruc-
infrastruc- | lights the use | challenges in | amounts ture is one of
ture of AI/ML mod- | accessing  and | of in- | the biggest con-
els for intelligent | retrieving  the | complete, straints facing in
grinding relevant data. inconsis- this case com-
tent, and | pany
poorly
structured
data
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advocates dynamic optimization of parameters, one interviewee emphasized that
such adjustments cannot realistically be implemented on a cycle basis in industrial
setting.

These findings highlight a considerable gap between theoretical approaches and real
world practice. In industry, priority is given to operational robustness rather than to
theoretically optimal parameter settings. As a result, industry experts and operators
tend to emphasize dressing strategies, paying particular attention to the grinding
wheel and, especially, to dressing intervals, since this enables them to achieve the
required surface quality within acceptable dimensional tolerances, instead of contin-
uously adjusting the process parameters.

These observations indicate that future developments should emphasize adaptive
process control rather than focusing exclusively on parameter optimization. One of
the most robust findings emerging from the literature, interviews, and EDA con-
cerned the grinding wheel.

The literature presents how wear mechanisms, dressing intervals, and wheel topog-
raphy affect crankshaft grinding quality. Interviewees strongly reinforced this point,
emphasizing that maintaining the wheel in good condition meaning desired sharp-
ness ensured stable quality.

The results from interviews suggest that wheel condition can serve as a reliable
indicator of overall process stability. As the wheel loses sharpness over time during
machining, rubbing effect increase, temperatures rise, and dimensional errors occur.
This behavior became clearer during EDA through defect distribution, machine-
wise defect, text mining, where "Diameter" related defects repeatedly appeared in
the quality data and remained dominant when analyzed on a machine wise defect
basis. In addition, the findings propose that condition based wheel monitoring could
benefit the company. Currently, dressing is carried out according to "BN" at fixed
intervals. In the future, they may install acoustic emission sensors to monitor signals
and apply ML models to predict the optimal dressing point, which could significantly
enhance surface quality and increase production efficiency.

Findings from RQ1 & RQ2 indicates that the temperature at the grinding surface
plays a critical role in the occurance of grinding burns. However, accurately mea-
suring this temperature is inherently difficult due to factors such as coolant flooding
and chip removal at the grinding interface. As a result, thermal models are often
employed to predict grinding surface temperature in the analysis [5, 7]. Notably, the
interview findings revealed different perspectives on this factor, largely by the back-
grounds of interviewees from academia and the others from industry. When asked
about the importance of coolant, one practitioner strongly asserted that coolant is
the primary factor affecting grinding burns, whereas the researcher regarded it as
one of the least influential factors, arguing that since grinding is always performed
under cooling fluids, it is difficult to isolate and predict the contribution of thermal
variables.
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This divergence in views highlights the gap between theoretical understanding and
practical industrial experience. While operators and industry experts readily detect
coolant related issues in day to day operations, the literature indicates that ther-
mal damage arises from a broader interaction among wheel characteristics, grinding
forces, workpiece material, and process kinematics. These findings suggest that
coolant should not be assessed in isolation, but rather as one element within an
integrated thermal management strategy.

The second research question (RQ2), which examines the interactions between pro-
cess, quality and maintenance within the grinding line, reveals that multiple de-
partments collaborate collectively to identify root cause of quality issues. Several
specialists pointed out that machine related problems can have more impact on qual-
ity, particularly when as the equipment was not maintained in an optimal condition
to achieve the desired quality level to meet required standards.

The literature review further supported these findings offering valuable insights be-
yond traditional focus on process parameters. Earlier research had largely em-
phasized on process related parameters while paying relatively less attention to
maintenance-related aspects. In contrast, the present findings underline the impor-
tance of incorporating maintenance consideration into analysis.

The interviews further reinforced the critical role of maintenance activities in ensur-
ing process stability and consistent quality. Experts drew attention to the trade-off
associated with dressing intervals: they noted that shorter intervals tend to raise
production costs, whereas excessively long intervals can alter the grinding wheel’s
topography. These insights highlight the significant influence on maintenance deci-
sions on production performance and quality outcomes.

Regarding RQ3, which focuses on identifying the types of multi-modal data required
to investigate and correlate process parameters with quality defects in crankshaft
manufacturing. The findings indicate that process parameters alone are not suffi-
cient to account for these defects. Instead, effective data acquisition requires the in-
tegration of heterogeneous data sources, including process data, quality logs, mainte-
nance records, machine condition information, and operator-recorded observations.

The literature also identifies several additional categories of industrial grinding data,
such as vibration signals, acoustic emissions, temperature measurements, forces,
power consumption, and wheel condition data. Previous studies have shown that
sensor-based monitoring enhances the understanding of surface quality, enables
the prediction of tool wear, and that ML models strongly depend on multi-modal
datasets to optimize processes and predict defects.

The findings from interview provided insights on importance of data collection from
machine parameters, dressing interval, coolant, maintenance records, quality re-
ports, operators observations. In particular operator notes on solving quality related
issues were consider highly valuable since it contains the knowledge that is unavail-
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able in structure dataset. This shows how important is it to collect and combine
structured and unstructured data.

Although the original aim of the thesis was to investigate how process parameters
are correlated and how they influence part quality, the main industrial difficulty
turned out to be extracting data from multiple, disconnected systems. Consequently,
instead of focusing solely on correlation analysis, an exploratory data analysis (EDA)
was carried out to identify and examine the key issues, such as:

e missing values,
o unstructured manual inputs,
o fragmented data,

e poor traceability,

The EDA clearly indicated that diameter related problems were the most frequently
occurring defects documented in the quality reports. With the help of the devel-
oped dashboard for data visualization and analysis, the machines that contributed
most to these defects were pinpointed. The dashboard also presents a breakdown of
defect-related costs as well as machine-wise defect distribution. In addition, a heat
map displaying the severity of quality defects along the crankshaft helps support
root cause investigations. Overall, the dashboard can be implemented as a tool for
the company to analyze and visualize quality related data.

These results highlight a genuine industrial challenge: while many academic works
suggest advanced AI/ML-based data integration in manufacturing, real-world indus-
trial environments often lack the necessary resources and infrastructure to reliably
support such analytics.

In the absence of standardized data entry procedures across departments, appropri-
ate infrastructure for acquiring useful machine data, centralized cloud based storage,
and robust traceability systems, it is not feasible to extend the current visualization
system into a predictive model capable of forecasting product quality from real-time
process.

Through the exploratory data analysis conducted, it was evident that diameter issues
were the major defect recorded in quality reports. Using the dashboard developed to
visualize and analyze data, the machines responsible for the majority of defects were
identified. A dashboard was developed to provide the cost breakdown of the defects
and machine-wise defect distribution. A heat map describing the intensity of quality
defect with respect to the location of the crankshaft can support root cause analysis.
The dashboard can be deployed to use in the process of analyzing and visualizing
quality data for the organization. As a future development, the visualization system
could be extended into a predictive model capable of estimating product quality
based on current process parameters.
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5.1.1 Summary

Table (5.1) presents the triangulation process used in this study, combining evi-
dence from the SLR, interviews, and EDA. This triangulated approach enhanced
the study’s validity by integrating multiple sources of evidence. While each indi-
vidual pillar offered distinct insights, their combination provided a more holistic
understanding of the process parameters influencing crankshaft quality.

The integrated findings of this research indicate that achieving stable crankshaft
grinding quality requires more than simply optimizing process parameters; it also
demands the systematic integration of multiple interacting factors, such as main-
tenance practices, operational expertise, and multi-modal grinding data. This un-
derscores the value of a data-driven approach for optimizing production, enhancing
quality, and enabling future intelligent grinding systems.

5.2 Contributions:Academic and industrial

The identification of process parameters affecting the grinding quality via the sys-
tematic literature review and thematic analysis conducted incorporating industry
experts and academic researchers provides a solid base of parameters affecting grind-
ing quality. It adds value as an input for industrial practitioners to decide which
sensors to be accommodated for data acquisition in process of data analyzing to
improve grinding quality. The developed dashboard acts as a useful root cause
analysis tool, which can further be utilized for problem visualization and analysis.
Academically, a solid basis of selecting process parameters affecting grinding quality
is established with the systematic literature review and the outcomes of thematic
analysis based on inputs of industry experts sand researchers.

5.3 Limitations

o This thesis focuses on developing a co-relation that supports the subjected
automotive company to monitor and prevent quality issues in finishing stage.

e This study is limited to the crankshaft grinding process of two variants of
crankshafts.

e The qualitative component of this research is based on semi-structured in-
terviews from process experts from the subjected automotive company and
academic experts in grinding area .

o Furthermore, this study is confined to the manufacturing sector of the prod-
uct(crankshaft) and does not extend to other focused areas.

o The duration of the project is 20 weeks.
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5.4 Recommendations

Based on the results obtained for the research questions, several recommendations
can be suggested as directions for future work with both industrial relevance and
academic value.

To better understand how process parameters influence grinding quality, future re-
search should focus on measuring the temperature at the tool workpiece interface,
wheel wear, and machine induced vibrations by using dedicated sensors for real time
data acquisition and monitoring. In addition, carefully designed and controlled ex-
perimental trials in industrial settings could further clarify the impact of different
process parameters.

Future work on the interaction between process, quality, and maintenance should
emphasize the development of an integrated decision support system that can as-
sist and adaptively support decision making aimed at improving the process and
reducing defect occurrence.

Regarding data integration, priority should be given to implementing a cloud based,
in house centralized system that aggregates real time data from processes, machines,
maintenance records, production logs, quality reports, and material certificates into
a single platform. Such an infrastructure would enhance the feasibility and perfor-
mance of future applications involving machine learning, digital twins, and sensor-
based intelligent manufacturing systems.

Future research should also investigate smart maintenance strategies. Integrating
ERP platforms with the grinding line would significantly enhance traceability and
enable advanced machine learning methods for defect prediction. Large, standard-
ized datasets combined with sensor based monitoring will increase process trans-
parency and predictive accuracy. Moreover, future work could examine the use of
transformer based Al models for intelligent process monitoring, anomaly detection,
and adaptive process optimization.

In summary, the future of crankshaft grinding will increasingly rely on smart, data

driven manufacturing, in which process, quality, and maintenance are tightly inter-
connected within a unified environment.
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Conclusion

The objective of this study was to explore how process parameters influence quality
in crankshaft grinding, to analyze the interactions among process, quality, and main-
tenance functions, and to identify which multi modal data are collected to enable
correlation between process parameters and quality. These three objectives were
addressed through a mixed methodology approach, employing SLR, TA, and EDA
on quality data.

Literature review revealed that grinding parameters such as depth of cut, wheel
speed, workpiece speed, feed rate are the most influencing grinding parameters to-
wards surface integrity, dimensional accuracy and production perspective. Wheel
wear state and dressing interval were found to be impacted towards surface in-
tegrity and dimensional accuracy. Additionally, dressing intervals impacts highly
on the production efficiency while coolant flow and grinding temperatures were im-
pacting surface integrity. The conducted thematic analysis for the interviews with
industry practitioners and academic researchers, gave insights about the interactions
between process, quality and maintenance. All the teams were working collabora-
tively interconnected with each department for providing quality outcomes, without
functioning in independent domains. Even in the problem solving processes, they
were maintaining a positive communication trusting each others skills and exper-
tise. EDA revealed that the available quality data contained a large number of
missing values and inconsistent manual entries. Despite this limitation, diameter
emerged as the most common quality related issue, while Pareto analysis indicated
that dimensional errors and surface burns together contributed to 80% of the de-
fects. Machine wise defect analysis showed variations between machines that could
not be fully interpreted without corresponding process data, emphasizing the need
for systematic process data collection. Trends in financial losses and the examina-
tion of major quality defects provided further insights to guide process improvement.

Overall, this study demonstrates that crankshaft grinding quality is based not only
on grinding process parameters. Maintenance and quality are inter-related towards
a better product output as well as for the smooth operation of the process. It
emphasizes the interactions between each different functions inside the organization
are more important to deliver a product in good quality. Further, it summarize the
importance of process data collection towards analyzing, prediction and prescription
purposes.
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Appendix 1

Below shows the sample interview questions asked from industry experts and aca-
demic researchers

Interview Questions for Industry Experts Warm-Up Questions

Can you briefly describe your role and how long you have been working in
crankshaft grinding section?

What are the main tasks you typically responsible/do in crankshaft grinding
section?

What type of grinding methods do you use in the line?

Main Questions

1.

2.

When you or your team notice that “something feels oft” during grinding, what
is the first thing you check from a production point of view?

From a production perspective, which process parameters (e.g., feed rate,
speed, coolant flow) are most critical to achieving the desired crankshaft qual-
ity?

. When grinding quality starts to deviate, how do you determine whether the

issue is related to production settings, machine condition, or material varia-
tion?

. How do you coordinate with maintenance and quality teams when adjustments

or corrective actions are required during production?
How do you use feedback from quality inspections or operators to adjust your
production process and maintain stable grinding performance?

Production Related

1.

VI

From a production standpoint, what factors most strongly influence consistent
grinding quality?

. How do you ensure that the grinding process remains stable while meeting

high production targets or higher output demands?

. When production demand increases, what challenges or trade-offs do you ob-

serve in maintaining quality?

. What process indicators or signals (e.g., surface finish, cycle time, sound,

vibration) help you detect early signs of instability?

Grinding burns are a common issue—what production practices or controls do
you follow to minimize this risk?

How do quality requirements influence your production planning, process ad-
justments, or operational decisions?

What routine checks or process controls do you perform to prevent grinding-
related quality issues?
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8. When a quality issue occurs, what production data or records do you typically
review (e.g., process parameters, batch info, operator logs)?
9. When surface quality begins to deteriorate, what is the first process parameter
you check or adjust?
10. What early warning signs do you observe (e.g., changes in sound, machine
behavior, output quality) before a defect develops?
11. From a production perspective, which actions are most critical to maintain
stable and repeatable grinding performance?
12. How do you identify that a grinding wheel or process condition is no longer
producing acceptable results?
13. What tools, systems, or digital dashboards do you use to monitor process
performance and support decision-making?
14. What are the data you record during crankshaft grinding process?
15. When a grinding defect occurs, how do you combine production data, operator
experience, and feedback from quality /maintenance teams to identify the root
cause?

Below shows the sample interview questions focused on academic experts
Warm-Up
1. Can you briefly describe your research experience in grinding, especially related
to cylindrical or crankshaft grinding?
Identification of Key Process Parameters
1. From your research, what are the most influential grinding process parameters
affecting (surface quality, dimensional accuracy, production efficiency)?
2. How would you prioritize these parameters in terms of impact?
3. (E.g., wheel speed, workpiece speed, feed rate, depth of cut, coolant flow,
dressing conditions)
4. (Refer: Malkin book, Stephen Grinding Technology)
Parameter — Quality Relationships
1. Which parameters are most strongly linked to grinding burn and thermal
damage, and why?
3. Parameter — Production/Productivity Relationships
1. How do grinding parameters influence cycle time and material removal rate
(MRR)?
Interaction Effects
1. How do different parameters interact with each other (e.g., feed rate vs coolant,
wheel speed vs depth of cut)?
2. Can you give examples where changing one parameter alters the effect of an-
other?
Role of Tooling & Machine Conditions
1. How do grinding wheel properties (grain size, bond type, dressing) influence
process outcomes?
Measurement & Indicators
1. Which process signals or measurements best reflect the influence of parameters
on quality and production performance?
2. (E.g., forces, temperature, acoustic emission, vibration, power)

VII
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3. Which indicators are most reliable for detecting early deviations?
Data-Driven Understanding
1. How can multi-modal data (process + sensor + quality data) help identify
relationships between parameters and outcomes?
2. What modeling approaches are most effective for understanding parameter
effects?
3. What modeling approaches are most effective for predicting grinding perfor-
mance?
Industrial Relevance
1. In your opinion, which critical parameter relationships are often misunderstood
or overlooked in industry?
2. Where do industries struggle most when trying to balance quality and pro-
ductivity?
Optimization & Future Direction
1. What strategies would you recommend to optimize grinding parameters for
both quality and production?
2. What future developments (e.g., Al, adaptive control, digital twins) could
improve parameter selection and control in grinding?
Wrap-Up
1. If you had to highlight 3-5 key parameters that every crankshaft grinding
process must control carefully, what would they be, and why?

VIII
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