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1 INTRODUCTION
1.1

Motivation

The manufacturing sector is one of the key contributors to the development of the
U.S. economy and society in the form of wealth generation and job creation [1].
According to World Bank statistics, in 2016, the U.S. manufacturing sector constituted
11.54% of the total U.S. gross domestic product (GDP) [2]. A report from the U.S.
Bureau of Labor Statistics indicated that the manufacturing sector employed 12.82
million people in 2019 [3]. These statistics indicate that the manufacturing sector is a
great boon to the economy and society of the U.S. However, it is also essential to
recognize the negative implications of the manufacturing sector. The manufacturing
sector creates a significant burden on the environment in the form of greenhouse gas
emissions. Statistics provided by the U.S. Environmental Protection Agency indicate
that the U.S. industrial sector accounted for 16.27% of carbon dioxide (CO2) emissions
directly and 10.43% of CO2 emissions indirectly in the year 2017 [4]. Most activities
in the industrial sector are linked directly or indirectly to manufacturing. To minimize
the impacts of manufacturing on the environment, researchers are moving towards
implementing green manufacturing [5]. Green manufacturing is a concept that aims to
reduce the environmental impact of a manufacturing process or system [6]. For
example, greening a manufacturing includes reducing the energy consumption of
manufacturing processes. It has been noted that unlike high energy intensity smelting
and casting industry, attention to the energy consumption of machine tools was not
enough [7]. Various studies indicate that there is a great potential for energy savings in
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machine tools and, as a result, the energy consumption of machine tools is determined
to be the focus of this study.
Machining is a manufacturing process in which a cutting tool is used to remove the
material from the workpiece to generate a desired shape or a surface on a product [8].
Machines used in the machining are called machine tools [9]. The contribution of
machine tools to the total energy consumption of the manufacturing sector is very high
[10]. Electrical energy consumption of machine tools accounts for more than 50% of
the manufacturing sector’s electrical energy consumption [11]. This suggests that
energy reduction strategies for machining processes should be a key priority.
The first step that is required for reducing energy consumption in machining
processes is to develop an energy model [12]. Energy models would enable researchers
and practitioners to estimate manufacturing process or system energy consumption
patterns, and those estimates can be used to understand and reduce energy
consumption. Upon characterizing the energy consumption patterns, researchers or
manufacturers can also make informed business and engineering decisions to optimize
or minimize the energy consumption in machining processes.
Upon reviewing prior manufacturing research studies, it has been noted that there
are many energy models for machining processes [7], and most of those models are
developed using analytical methods. To develop an energy model for a machining
process using analytical methods, a complete understanding of the process is essential.
Certain mechanisms of machining processes are challenging to understand, such as tool
wear. In such cases, assumptions about those certain aspects are made. Because of these
assumptions, analytical energy models do not often give reliable and accurate estimates
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in industrial settings. These estimates are accurate in laboratories where those
assumptions are more often true or controllable.
It has also been noted that another approach used by researchers and practitioners
to model energy consumption is to directly measure cutting power with torque or
dynamometers. Commercial literature indicates that multi-axis dynamometers and
rotating torque sensors are priced around $40,000. Manufacturers typically do not
purchase such expensive sensors to model process energy consumption. Manufacturers
and practitioners prefer to adopt cost-effective sensing techniques.
The total energy consumption of a machining process can be divided into multiple
components, such as energy consumed for material removal, servomotors, coolant
pumps, tool changes, the computer and fans, and other end uses [13]. This study is
focused on modeling the energy consumed for material removal because the other
components of the total energy consumption are relatively small and constant, while
the energy consumed for material removal can be relatively large and varies with
cutting conditions. For example, in a three-axis milling machine, the energy consumed
for material removal is approximately 65.8% of the total energy consumption [13].
A variable that is more frequently used to denote the energy consumed for material
removal in machining processes is specific energy. Specific energy is defined as the
energy consumed to remove a unit volume of material in unit time [14]. This study
presents an accurate and cost-effective approach to model specific energy in a
machining process. The machining process that is the focus of this study is an abrasive
machining process, grinding. The specific energy in the grinding process is larger than
that of any other machining process [14]. The specific energy in grinding can be as
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large as 343.4-1982.6 J/mm3; in comparison, the specific energy in the milling process
is as low as 10-60 J/mm3 [15].

1.2

Background

Machining is indispensable to modern society as it is being used directly or
indirectly in producing almost all goods created around the world [16]. In the U.S.,
production activities using machining processes constitute approximately 20% of all
the production activities [17]. As noted above, however, it is difficult to ignore the
negative implications of the machining processes. Machining processes place a
significant burden on the environment by consuming energy and emitting harmful
greenhouse gases (GHGs). Further, the removal of material is an inherently wasteful
process. The magnitude of annual GHG emissions from a machine tool, for example,
has been reported as nearly equal to the emissions produced by 61 sport utility vehicles
(SUVs) in a year [7]. Studies indicate that more than 99% of emissions associated with
a machining process are primarily due to the consumption of electrical energy [18].
This indicates that there is a possibility of improving the environmental performance
of the machining process by reducing its energy consumption. The first step necessary
in reducing the energy consumption of machining processes is to develop models to
estimate and understand energy consumption patterns.
Abrasive machining processes, e.g., grinding, are primarily used for generating fine
surfaces. Grinding uses abrasive grits as a cutting medium to remove material and
generate surfaces [14]. Abrasive grits are commonly bonded to a wheel. When the
rotating wheel is in contact with a workpiece, the abrasive grits remove the material in
the form of chips by shearing the material as shown in Fig. 1.1.
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Grinding wheel speed (vs )
Grinding wheel

Feed rate (vw)

Cutting depth (a)

Workpiece

Material being
removed in form
of chip

Abrasive grit
Workpiece

Figure 1.1: Grinding mechanism
The most commonly used materials to produce abrasive grits are aluminum oxide
(Al2O3), silicon carbide (SiC), diamond, and cubic boron nitride (CBN) [8]. Table 1.1
presents workpiece materials that are compatible with various abrasive materials. CBN
grinding wheels are witnessing increased adoption by the industry more than other
conventional abrasives because of CBN’s high thermal conductivity, wear resistance,
better size holding, and longer wheel redress life [19].
Table 1.1: Abrasive grit materials and compatible workpiece materials [20]
Abrasive grit materials
Aluminum Oxide
Silicon Carbide
Diamond
Cubic Boron Nitride

Workpiece materials
Ferrous materials such as alloy steel, and high-speed steel
Non-ferrous materials such as cement, stone, and brass
Granite, stone, cemented carbides and marble
High-speed steels, hardened cast iron, and stainless steel
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An excessive amount of heat is generated in the grinding zone during the material
removal process. Most of the heat at the grinding zone is conducted into the workpiece
deteriorating the quality of the workpiece. When a CBN grinding wheel is used, it
absorbs most the heat because of its high thermal conductivity; less heat is conducted
into the workpiece, preserving workpiece quality [21]. When a grinding wheel loses its
cutting ability, it is dressed and trued to restore its cutting ability [14]. Dressing and
truing are wheel conditioning operations. Dressing is an operation where bonding
material is removed from the grinding wheel to expose new abrasive grits and/or worn
abrasive grits are pulled out from bonding material to expose new abrasive grits [22].
Truing restores the concentricity of the grinding wheel and is usually performed after
the dressing operation [22]. Dressing and truing operations are not desirable, however,
as they disrupt regular production processes. Since CBN grinding wheels have better
wear resistance, size holding, and longer wheel redress life, they reduce the frequency
of dressing and truing operations as well as disruptions in regular production processes.
Abrasive grits on the grinding wheel do not have a defined shape, orientation, or
arrangement. Due to the stochasticity associated with the abrasive grits, only a portion
of abrasive grits are effective in removing the material (chip formation), while the
remaining portion of abrasive grits either plough or slide along the surface of the
workpiece [23]. Figure 1.2 illustrates three different interactions of abrasive grits with
the workpiece [20]. Specific grinding energy is comprised of energy consumed for all
the three interactions of abrasive grits with the workpiece while removing a unit volume
of material in unit time. Thus, specific grinding energy is mathematically expressed as
(Eq. 1.1):

7
𝑢 = 𝑢𝑐ℎ𝑖𝑝 𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 + 𝑢𝑝𝑙𝑜𝑢𝑔ℎ𝑖𝑛𝑔 + 𝑢𝑠𝑙𝑖𝑑𝑖𝑛𝑔

(1.1)

where u denotes specific grinding energy, uchip formation is the portion of specific grinding
energy consumed for chip formation (material removal), uploughing is the portion of
specific grinding energy consumed for ploughing, and usliding is the portion of specific
grinding energy consumed for sliding. As ploughing and sliding actions do not
contribute to the material removal process, they are considered as sources of
inefficiency and are responsible for large specific grinding energy patterns. The
inefficiencies are so large such that ploughing and sliding typically constitute around
40-80% of total specific grinding energy [24].
Material built-up
because of
ploughing
Abrasive grit

Chip formation
Abrasive grit
Abrasive grit

Workpiece

Workpiece

Sliding

Ploughing

Workpiece

Chip formation

Figure 1.2: Different interactions between abrasive grit and workpiece [8]
Ploughing and sliding actions are more predominant at lower cutting depths. At
lower cutting depths, there is a greater number of abrasive grits than at higher cutting
depths that do not gain enough penetration into the workpiece. Without necessary
penetration into the workpiece, material removal is diminished, and greater ploughing
and sliding tend to occur. This consequentially leads to an increase in specific grinding
energy. This phenomenon is referred to as size effect [25].
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It has been identified from the literature survey that there already exists significant
research that is focused on developing specific energy models for the grinding process,
which are discussed in the second chapter. Most of these models are developed using
analytical methods. Grinding processes are attendant with complex interactions and are
also influenced by numerous in-process parameters. The grinding process is also highly
dynamic. Analytical methods rely on the physics of the process and have limited ability
to capture the complexities and influence of numerous in-process parameters
accurately. Various assumptions are made to simplify the process of modeling when
using analytical methods. With those assumptions, analytical models most closely
represent ideal processes. They might be a close fit to only a process in a laboratory.
The limitations and complexities associated with the analytical modeling
techniques mandate the development of a specific grinding energy model using an
alternative to analytical methods. An alternative to analytical modeling technique is to
rely on the data describing the process to model specific grinding energy. Specific
grinding energy is mathematically expressed as [14]:
𝐹 ×𝑣

𝑡
𝑠
𝑢 = 𝑎×𝑤×𝑣

𝑤

(1.2)

where Ft denotes tangential grinding force, vs is the rotational speed of the grinding
wheel, a is the cutting depth, w is the width (thickness) of the grinding wheel, and vw
is the feed rate (workpiece velocity). By monitoring and collecting tangential grinding
force data using a dynamometer, specific grinding energy can be accurately estimated
using Eq. 1.2. As noted previously, the use of dynamometer is not a cost-effective
method. A dynamometer also demands special workpiece fixtures, which can
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accommodate both the dynamometer and the workpiece. Such restrictions might limit
the manufacturer’s ability to produce a variety of mechanical part designs.
Upon reviewing literature, multi-sensor fusion technique was identified as potential
technique that can enable researchers and practitioners to model specific grinding
energy accurately and cost-effectively. Multi-sensor fusion suggests that rather than
using a dynamometer to measure tangential grinding force to estimate specific grinding
energy, other in-process parameters that can be monitored using low-cost sensors can
be used to estimate specific grinding energy. The in-process parameters that are
monitored using low-cost sensors should be correlated with the specific grinding
energy. The in-process parameters that are correlated with the specific grinding energy
can be fused together using a mathematical model for estimating specific grinding
energy. This approach is known as multi-sensor fusion [26]. This approach is costeffective because multiple low-cost sensors are collectively cheaper than a single
dynamometer. Multi-sensor fusion also suggests that the estimation of any parameter
made using multiple sensors is more accurate than that of using a single sensor because
of increased data availability and data authenticity [27]. This indicates that the multisensor fusion method is not only cost-effective but also more accurate when compared
with the model developed using a single sensor such as a dynamometer. However, no
studies have been reported to determine which in-process parameters in the grinding
process are correlated with the specific grinding energy.

1.3

Problem Overview

Machining process energy use has a considerable impact on the environment,
quality of the workpiece, and cost of operation. Since abrasive machining processes,
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such as grinding, have the highest specific energy values, it is essential to reduce the
specific grinding energy to mitigate these implications, e.g., environmental
implications. The first step that is required to mitigate environmental and quality
concerns is to develop a specific grinding energy model. It is possible that an accurate
and cost-effective specific grinding energy model can be developed using the multisensor fusion concept. However, to use multi-sensor fusion to model specific grinding
energy, in-process parameters that are correlated with specific grinding energy must be
identified. Upon reviewing the literature, no prior studies were identified that
determined the in-process parameters correlated with the specific grinding energy. This
study aims to identify multiple in-process parameters that are correlated with specific
grinding energy and fuse those in-process parameters together using mathematical
models to estimate specific grinding energy.

1.4

Research Goals

The goal of this research is to enable researchers and practitioners to more
accurately estimate specific grinding energy by fusing multiple in-process parameters
that are correlated with specific grinding energy by using models developed based on
machine learning techniques.

1.5

Research Tasks

To achieve the research goal above, the following research tasks are undertaken:
Task 1: Identify the in-process parameters that are correlated with specific grinding
energy. Subtasks include:
Subtask 1.1: Review prior studies on monitoring of grinding wheel wear and
monitoring of surface quality. Determine the most frequently used in-process
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parameters to monitor grinding wheel wear and surface quality, which are
proportional to specific grinding energy. Therefore, the in-process parameters that
are used to monitor grinding wheel wear and surface quality can also be potentially
used to monitor specific grinding energy.
Subtask 1.2: Develop mathematical and/or theoretical models to determine which
of the in-process parameters identified in the Subtask 1.1 are correlated with the
specific grinding energy.
Task 2: Design process monitoring system. The process monitoring system will be used
to monitor the in-process parameters that are correlated with the specific grinding
energy. Subtasks include:
Subtask 2.1: Determine what kind of sensors are needed to monitor the in-process
parameters, as well as technical specifications of the sensors that are appropriate
for this study.
Subtask 2.2: Develop a schematic of a process monitoring system using the sensors
identified in the Subtask 2.1. This schematic of the process monitoring system will
guide the construction of the process monitoring system prototype.
Task 3: Conduct the experimental work necessary to validate the approach presented
in this study. Subtasks include:
Subtask 3.1: Develop a process monitoring system prototype using multiple lowcost sensors such as accelerometer, acoustic emissions sensor, current, and voltage
sensors for estimating specific grinding energy.

12
Subtask 3.2: Develop a full factorial experimental design and systematically
conduct experiments to collect the data. After collecting the experiments, process
the raw-sensorial data using signal processing algorithms to extract features.
Subtask 3.3: Develop mathematical models using machine-learning techniques,
such as artificial neural networks and support vector machine–regression, that can
fuse the features of in-process parameters to estimate specific grinding energy.

1.6

Thesis Outline

The research presented in this document is organized into five chapters. Chapter 1
provides the motivation, background, problem overview, and research objective and
tasks. Chapter 2 provides a literature review of previous studies on grinding process
monitoring and modeling using machine learning techniques. Chapter 2 also
summarizes limitations and research gaps identified in the prior studies.
Chapter 3 is organized into three sections. The first section discusses the
mathematical and theoretical models developed to determine the in-process parameters
that are correlated with the specific grinding energy. The next section explains the
process monitoring system developed to monitor the in-process parameters that are
correlated with specific grinding energy. The final section discusses mathematical
models developed to estimate specific grinding energy.
Chapter 4 describes the experimental work conducted to validate and quantify the
performance of the mathematical models in estimating specific grinding energy.
Chapter 5 summarizes and concludes the research conducted in this study. It also
identifies the contributions of this research to the literature and research community
and suggests several opportunities for future work.
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2 LITERATURE REVIEW
The grinding process is characterized by a high number of cutting edges arranged
stochastically on the grinding wheel surface undergoing non-uniform wear [28].
Stochasticity associated with the cutting edges and grinding wheel wear limit the ability
of modeling of specific grinding energy using analytical modeling techniques [29]. The
complexity associated with modeling specific grinding energy using analytical
techniques can be further explained by examining the relationship among various
grinding characteristics, as shown in Fig. 2.1 [30].
Workpiece

Grinding kinematics

Load on the abrasive grit

Grinding wheel topography

Grinding wheel wear

Tangential grinding force

Material Removal Process

Specific grinding energy

Figure 2.1: Visualization of connections between various grinding characteristics
(adapted from Tso and Wu [30])
It can be observed from Fig. 2.1 that it is essential to develop an understanding of
the material removal process before attempting to model specific grinding energy. The
material removal process varies from grit to grit depending upon the orientation,
geometry of the grits, and the force applied by the grits on the workpiece. The load
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exerted by the abrasive grits is in turn dependent upon the grinding wheel topography,
kinematics of the grinding process, and workpiece properties. This necessitates the
development of grinding wheel topography models, kinematic models, and material
models for understanding the material removal process. It is also observed in Fig. 2.1
that grinding wheel wear dictates the grinding wheel topography. So, grinding wheel
wear should also be understood to model the specific grinding energy accurately. These
interactions between multiple grinding characteristics clearly illustrate the complexity
associated with modeling specific grinding energy using analytical methods [28].
An alternative to analytical modeling techniques is potentially offered by the multisensor fusion technique [31]. As stated in Chapter 1, there might be various in-process
parameters in the grinding process that are correlated with the specific energy. Data
gathered through process monitoring of those in-process parameters can be fused using
a mathematical model to estimate specific grinding energy. The following discussion
will review prior studies conducted to develop monitoring systems for grinding
processes. This review will assist in identifying in-process parameters that might be
potentially correlated with the specific grinding energy.
There are two different types of process monitoring techniques: indirect and direct.
Indirect process monitoring is a method where multiple in-process parameters that are
correlated with the in-process parameter of interest are measured, and then, by using
appropriate mathematical models, an estimate of that in-process parameter is derived
[32]. Examples of indirect process monitoring techniques are the use of vibration to
determine cutting tool wear [33] and use of current and power measurements to
determine cutting forces in machining processes [34]. Bonifacio and Diniz [33] used
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surface roughness as a metric to measure cutting tool wear and established a correlation
between the vibration of the cutting tool and surface roughness of the workpiece to
monitor tool wear. Their findings indicated that tool vibration of the cutting tool can be
used to monitor the growth of the surface roughness of the workpiece. The limitation
of this study is that correlation between the vibration of the cutting tool and surface
roughness only exist when coated tools are used. The correlation between the vibration
of the cutting tool and surface roughness does not exist when uncoated cutting tools are
used.
In the direct process monitoring technique, an in-process parameter of interest is
directly monitored [35]. Examples of direct process monitoring techniques are use of
vision systems, laser displacement sensors, and CCD cameras to measure the tool wear
in machining processes [36]. Direct monitoring techniques have a high degree of
accuracy while their application is mostly limited to laboratory settings because of
various problems such as difficulty in installing sensors on the machine without
interrupting production, lack of proper illumination for sensors to work, and cutting
fluids spoiling electronics [37]. Though indirect monitoring approaches are not as
accurate as direct monitoring methods, it has been noted that they are less complex and
more suitable for practical applications [29].
The following sub-sections review prior studies that developed indirect process
monitoring techniques for the grinding process and from those studies identify various
in-process parameters that can potentially be used to estimate specific grinding energy
indirectly.
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2.1

Indirect Process Monitoring Methods

Malkin et al. found that grinding forces are directly proportional to the wear of the
grinding wheel using analytical and experimental techniques [38]. According to Eq.
1.2 (Chapter 1), the tangential grinding forces are directly proportional to the specific
grinding energy, under consistent machining conditions where all other variables in Eq.
1.2 are constant. It indicates that the specific energy can be measured by indirectly
inferring the tangential grinding force through monitoring the in-process parameters
such as vibration, acoustic emissions, and motor power consumptions.
The following sub-sections review indirect process monitoring techniques
developed for grinding wheel wear and workpiece quality.

2.1.1 Indirect Process Monitoring Methods for Grinding Wheel Wear
Excessive grinding wheel wear occurs after lengthy use and results in loss of cutting
ability of the grinding wheel. This directly affects the efficiency of the grinding process
and finish tolerances of the final product [39]. Grinding wheel wear can be
characterized into two types: 1) fracture wear and 2) attritious wear [38,40]. In fracture
wear, fracture of abrasive grits and bond particles occurs. It is possible that when
fracture of abrasive grits and bond particles occurs, new cutting edges are generated
and grinding wheel cutting ability is partially restored [41]. Attritious wear involves
dulling of the abrasive grits and generation of wear flats on the abrasive grits. Attritious
wear is considered the most important wear and detrimental to the process as the wear
flats always result in loss of cutting ability. If grinding wheel condition is not properly
monitored, the process does not achieve necessary finish tolerances and quality is lost.
Rejecting a product because of the quality issues is a significant loss to the
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manufacturer as grinding is usually performed at the end of a production process where
there is already a great value added to the product from previous steps. Hence, it is
essential to monitor the grinding wheel condition accurately. Next, various studies
focused on developing grinding wheel condition monitoring techniques are reviewed.
One of the earliest studies focused on developing a monitoring system for grinding
wheel condition was reported by Inasaki in 1999 [42]. Inasaki used acoustic emissions
(AE) and power sensors to indirectly monitor the grinding wheel condition in
cylindrical plunge grinding. In Inasaki’s study, chatter vibration, grinding burn on the
ground part, and the surface roughness are used as measures to monitor grinding wheel
condition. Chatter vibration is the most common form of self-excited vibration in all
metal cutting operations [43]. The modulated chip thickness arising from inherent
vibration of the machine affects the cutting forces dynamically, which greatly increases
the amplitude of already existing vibration, yielding chatter. To monitor chatter
vibration, Inasaki used an acoustic emissions sensor. When an excessive amount of
heat is generated during the grinding process, the heat leaves a burn mark on the surface
of the workpiece, called grinding burn [44]. Grinding burn is closely related to the wear
of the abrasive grits and it can be detected by the power sensor, as power requirements
increase with grinding wheel wear [45]. Inasaki extracted peaks in the frequency
spectrum of acoustic emissions signal and power consumed during grinding action as
features. These features were fused using an artificial neural network (ANN) to
determine grinding wheel condition. Performance of this system was not quantified by
Inasaki; however, Inasaki presented scatter plots to show that the performance of this
method is satisfactory.
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Liao et al. conducted four separate studies to monitor the grinding wheel condition
mainly using an acoustic emissions sensor [46–49]. The primary difference among the
four studies exists in methods adopted for feature extraction and the algorithms adopted
for modeling the grinding wheel wear. Extracted features, algorithms adopted for
modeling the grinding wheel wear, and accuracy attained in all the four studies are
presented in the Table 2.1.
Table 2.1: Comparison of grinding wheel condition monitoring methods
developed using acoustic emissions sensors
Source
[47]

[48]

[49]

[46]

[46]

Features Extracted

Modeling
Accuracy
Algorithm
Wavelet energy was Hidden Markov 75%
computed at each Model (HMM)
node in a wavelet
decomposition tree.
Seven
decompositions were
made.
Wavelet energy was Genetic
86.7%
computed at each Clustering
node in a wavelet Algorithm
decomposition tree.
Twelve
decompositions were
made.
Coefficients of auto- Boosted Classifier 91.9%
regressive
order
model
Coefficients of auto- K-Nearest
92.19%
regressive
order Neighbor (KNN)
model
Wavelet energy was K-Nearest
94.125%
computed at each Neighbor (KNN)
node in a wavelet
decomposition tree.
Twelve
decompositions were
made.
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Yang et al. [50] pointed out that prediction accuracies achieved in the studies
conducted by Liao and co-workers were low, which limited their application in
industry. Further, they reported that features were selected without any consideration
of the physics of the process [50]. To address this limitation, Yang and co-workers
proposed another wheel condition monitoring system using an acoustic emissions
sensor [50]. They processed the raw acoustic emissions signal using discrete wavelet
transformation and decomposed the signal in up to five levels. After level-five
decomposition of the acoustic emissions signal, the root means square (RMS) and the
variance of each separate coefficient were calculated since they were effective in
representing fluctuations in the signal. The features were used as inputs to a model
developed using the Support Vector Machine (SVM) algorithm. The estimates made
using SVM achieved an accuracy of up to 92.73% at a cutting depth of 10μm and 98%
at a cutting depth of 20 μm [50]. To further justify their choice to model grinding wheel
condition using SVM, they developed a model using ANN and compared its results
with SVM, which were 10% less accurate than those of SVM.
Accelerometers are other sensors commonly used to monitor grinding wheel wear.
Hassui et al. conducted a study to evaluate grinding wheel condition using vibration
and acoustic emissions sensors [51]. They determined that the vibration sensor was
more sensitive to the wheel wear condition than the acoustic emission sensors. The root
mean square (RMS) of the vibration signal was used to detect grinding wheel life. Their
study did not use any classification algorithm to detect grinding wheel life, rather a
threshold of RMS of vibration was established to indicate grinding wheel life. Lezanski
proposed a grinding wheel condition monitoring system using vibration, acoustic
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emissions, and force sensors [52]. From each signal, statistical and spectral features
were extracted and fed into an ANN to predict the grinding wheel condition. To
improve the accuracy and efficiency of the model, Lezanski adopted a pruning
technique. Pruning is a dimensionality reduction technique in ANN that zeros the
weights of the input nodes that do not improve the accuracy of the model. The
performance of the ANN improved from 83.3% with no pruning to 94.5% with 35%
pruning.
Hosokawa et al. proposed a method to monitor the grinding wheel surface by using
acoustic emissions sensors [53]. In this study, multiple grinding wheel surface
references were prepared sound levels associated with these reference grinding wheel
surface were recorded. A feed-forward ANN was trained and tested using these
reference cases. They reported that this method had good accuracy in determining
grinding wheel surface condition. However, the accuracy of this method was not
quantified.
Grinding wheel conditioning operations, i.e., dressing and truing, are performed to
restore the cutting ability of the grinding wheel. There are no standard and direct
practices that define the exact moment for dressing and truing. Industry usually adopts
a conservative approach in which the grinding wheel is dressed well before its end of
life to avoid any deterioration in the surface quality [54]. This results in dressing the
grinding wheel more frequently than necessary. Dressing operations are nonproductive
and are considered as auxiliary time, adding cost [55]. If a conservative approach is not
adopted, there is a possibility that the workpiece would exhibit poor surface quality and
be rejected, which adds cost and is not resource efficient. To avoid such dilemmas, it
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is essential to develop a model that can define or predict the moment for dressing and
truing operations. As noted previously, specific grinding energy is dependent on the
grinding wheel condition. This suggests that the in-process parameters that are used for
defining dressing and truing time can also be used to model specific grinding energy.
To avoid the dilemma regarding the moment for dressing and truing operation,
Hassui et al. proposed a method using a vibration sensor [56]. Variations in vibration
signal as grinding wheel condition changes from sharp to dull were recorded and those
variations are used as references to predict the moment for dressing operation. Xue
proposed a method to monitor grinding wheel condition and dressing operation using
an acoustic emissions sensor [57]. Their method first detects undesired wheel
conditions, such as an out-of-round wheel and wheel contour errors, using the acoustic
emissions sensor, which defines the necessity of a dressing operation. Next, the same
acoustic emissions sensor is used to detect improper dressing conditions. Both tasks
are to ensure reproducibility in surface roughness.
It can be observed from the above studies that accelerometer and acoustic emissions
sensors are the most frequently used to monitoring grinding wheel condition and
conditioning operations. This prior work suggests that these two sensors can potentially
be used to indirectly monitor specific grinding energy.

2.1.2 Indirect Process Monitoring Methods for Workpiece Quality
Workpiece quality in the grinding process is usually assessed based on two
workpiece characteristics, i.e., geometry and surface integrity. Geometrical
characteristics include dimension, shape, waviness, and surface roughness. Surface
integrity is defined by quantities such as grinding burn, residual stresses, hardness, and
structure of the material. Workpiece quality in the grinding process is crucial as it
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determines many final characteristics, including minimum tolerances, lubrication
effectiveness, and component life, among others [58]. Workpiece quality is influenced
by the following factors [59]:
•

Wheel characteristics including wheel diameter, grit type and size, wheel grade,
structure, bond and dressing method, and degree of wheel balance.

•

Work characteristics including workpiece hardness, structure, and chemistry.

•

Machine characteristics including spindle and table stiffness, damping, and
dynamic characteristic of the machine structure.

•

Operating conditions including wheel speed, feed, cutting depth, and grinding
fluid.

The grinding process always has unsteady process behavior because of the
stochasticity associated with the grinding wheel and, as a result, robust and efficient
quality monitoring systems are given high priority [60]. The following paragraphs
review workpiece quality monitoring techniques.
Brinksmeier et al. investigated the ability of three different techniques to model
residual stresses and surface roughness [60]: regression, ANN, and fuzzy set theory. In
their study no sensors were used. Cutting speed, material removal rate, and coolant
flow rate are inputs to the models. From the results, it was found that the three different
model types are suited to model residual stresses and surface roughness. The most
favorable technique was reported to be dependent on the application and production
scenario. If there is limited flexibility in conducting a large number of experiments for
generating training data, multiple regression and ANN were not recommended.
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Regression and ANN performed well, however, when they were trained on large data
sets.
Kumar et al. developed two models to predict surface roughness and grinding wheel
condition in electro-discharge diamond grinding (EDDG) using ANN and design of
experiments (DOE) [61]. EDDG is a process where an electric spark is utilized to
thermally soften hard-to-machine workpieces on a microscopic scale to reduce grinding
forces [62]. The DOE that was used in their study used a central rotatable composite
design. As defined by their design, 31 experiments are conducted and mean surface
roughness and grinding wheel wear were recorded. The metric used to measure
grinding wheel wear was reduction in grinding wheel mass. Using the experimental
data, regression and ANN models were developed. Inputs to the model were pulse
current, duty ratio, wheel speed, and grit number. Accuracy of both the models was not
quantified; however, it was noted that they have a good performance.
Unune et al. developed models to predict material removal rate and surface
roughness in EDDG of Inconel 718 using response surface methodology and ANN
[63]. Response surface methodology and ANN models were found to have respective
root mean squared errors of 1.009% and 0.785% in predicting surface roughness. Inputs
to the models were wheel speed, current, pulse-on-time, and duty factor. Analysis of
variance (ANOVA) was also performed to determine the influence of inputs on surface
roughness and material removal rate. Wheel speed was found to be the major factor
influencing both the material removal rate and the surface roughness; it contributed to
89.0% and 79.10% to material removal rate and the surface roughness, respectively.
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Wheel speed is followed by the current, which contributed 4.43% and 8.38% to
material removal rate and surface roughness, respectively.
As noted previously, surface roughness is a consequence of the grinding wheel
condition. This allows monitoring the grinding wheel wear by monitoring surface
roughness. Based on this idea, Arun et al. attempted to predict grinding wheel condition
using surface roughness [64]. An acoustic emissions sensor was used to indirectly
measure surface roughness, and surface roughness measurements were then used to
identify the grinding wheel condition. The acoustic emissions sensor signal was
processed in the time-domain to extract statistical features. From all the extracted
features, dominant features that exhibited strong correlations with grinding wheel
condition and surface roughness were identified using a decision tree algorithm. The
dominant features were the root mean square, amplitude, count of high amplitude
pulses in the acoustic emissions signal, and the average signal level of the acoustic
emissions signal. These features were inputs to models developed using ANN and SVM
with linear, quadratic, cubic, and Gaussian kernel functions. Of all these models, SVM
with a Gaussian kernel function had the best performance with an accuracy of 97.22%,
while the ANN model achieved an accuracy of 89.19%.
Kwak et al. developed an ANN model using an acoustic emissions sensor and
power sensor to predict occurrence of grinding burn and chatter vibration [65]. Features
extracted from the power sensors were static and dynamic power, while features that
were extracted from the acoustic emissions sensor were RMS peak and fast Fourier
transforms (FFT) peak. It was observed that when there is an occurrence of burn and
chatter vibration, the magnitude of all the extracted features increases. Features from
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power sensor data were most sensitive to grinding burn. An ANN model with two
hidden layers was able to predict the occurrence of grinding burn and chatter vibration
with an accuracy of 95%.

2.2

Research Gaps

From the literature review presented in the previous sections, it can be observed
that abundant research has been conducted to develop indirect process monitoring
methods for grinding wheel condition and workpiece quality. However, no research
efforts have been made to develop indirect process monitoring methods for specific
grinding energy. Specific grinding energy is most commonly monitored using
dynamometers.
Dongkun et al. used a dynamometer to measure tangential grinding force and using
measured tangential grinding force, specific grinding energy is computed. The
measured specific grinding energy was used to understand the effectiveness of
nanoparticle jet minimum quantity lubrication in grinding [66]. Effective lubrication
will lower specific grinding energy. The specific grinding energy in dry grinding was
found to be 84 J/mm3, and with the application of flood lubrication and nanoparticle jet
minimum quantity lubrication, the specific grinding energy reduced to 29.8 and 45.5
J/mm3, respectively. These results indicate that nanoparticle jet minimum quantity
lubrication is almost as effective as flood lubrication. Similarly, another study was
conducted to study the effectiveness of oil-based nano-lubricants in lowering specific
grinding energy [67]. The study also adopted a dynamometer to monitor the specific
grinding energy. Results indicated that soybean- and paraffin-based minimum quantity
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nano-lubrication systems are better than flood-based lubricant systems in reducing the
specific grinding energy.
Though the above studies used dynamometers to monitor specific grinding energy,
their industrial applicability is limited because of their high cost. Commerciallyavailable multi-axis dynamometers can cost several tens of thousands of dollars. Such
expensive sensors are not suited for broad use in industrial settings; manufacturers are
continuously trying to reduce capital costs to increase their margins. Along with their
high cost, other issues limit the applicability of the dynamometers in production
settings, including a lack of reliability, sensitivity to noise, dust and cutting fluids, and
lack of flexibility in integrating the dynamometer with the workpiece fixture. Another
limitation of using dynamometer to monitor specific grinding energy is accuracy. The
multi-sensor fusion concept suggests that representation of an in-process parameter
made by multiple sensors is more accurate than that made using a single sensor [27].
Force sensors are often installed directly under the workpiece fixture or, in some
cases, on the shaft of the spindle (rotating dynamometers). This requires a special kind
of workpiece fixture that can facilitate installation of the dynamometer. This limits the
type of operations carried out on the grinding machine and the size of workpieces that
can be ground.
From the literature review presented in this document, it was identified that inprocess parameters used to monitor grinding wheel wear, grinding wheel conditioning
operations, and workpiece quality might have the potential to monitor the specific
grinding energy. It was also identified in the above studies that vibration, acoustic
emissions, and power sensors are commonly used to monitor the grinding wheel wear,
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grinding wheel conditioning operations, and workpiece quality. Therefore, it is
assumed that these in-process parameters can also be used to indirectly monitor specific
grinding energy. In the next chapter, mathematical and theoretical models are
developed to determine if these in-process parameters can be used to monitor specific
grinding energy. Studies indicate that dynamometers are effectively used to monitor
specific grinding energy. However, their applicability is limited in production settings
because of cost, low flexibility in adapting workpiece fixtures, and sensitivity to noise,
dirt, and cutting fluids.
This overarching goal of this research is to enable accurate estimation of specific
grinding energy by fusing multiple in-process parameters that are correlated with
specific grinding energy using models developed based on machine learning
techniques.

28

3 METHODOLOGY
This chapter identifies various in-process parameters that are correlated with
specific grinding energy and fuses those in-process parameters together using
mathematical models developed based on machine learning techniques to estimate
specific grinding energy. This chapter is comprised of three sections. The first section
explains the grinding system models that were developed to identify in-process
parameters that are correlated with specific grinding energy. The second section
describes the process monitoring system that was designed to monitor in-process
parameters that are correlated with the specific grinding energy. The third section
discusses the machine learning techniques that are used to fuse the in-process
parameters and to estimate specific grinding energy.

3.1

Grinding System Modeling

It was identified in Chapter 2 that in-process parameters used to monitor grinding
wheel wear and surface quality could also be used to monitor specific grinding energy.
From the literature review presented in the Chapter 2, it was identified that vibration,
acoustic emissions, current, and voltage are the most commonly used in-process
parameters to monitor grinding wheel wear and surface quality. This section presents
the mathematical and theoretical models used to determine if vibration, acoustic
emissions, current, and voltage in-process parameters are correlated with the specific
grinding energy.
First, to determine if the vibration in-process parameter and specific grinding
energy are correlated, a simple mathematical model is developed. In this model, the
workpiece fixture and workpiece in the grinding process are modeled as a spring-mass-
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damper system with a single degree of freedom as shown in Fig. 3.1. Herein the
workpiece fixture and workpiece are collectively called the system.

Spring
Workpiece

Workpiece fixture
Damper

Force acting on the
workpiece fixture
and workpiece in
the tangential
direction during
grinding action

Figure 3.1: Spring mass damper system representing the workpiece and
workpiece fixture
In Fig. 3.1, F(t) is a function that describes the force acting on the system.
Physically, F(t) describes the variation of the tangential grinding force exerted by the
grinding wheel on the system during the grinding action. In this model, F(t) is assumed
to be of a sinusoidal form and is expressed as:
𝐹(𝑡) =

𝐹𝑡 (1+𝑠𝑖𝑛𝜔𝑡)
2

(3.1)

where ω denotes the frequency of the force acting on the system and t is an instant of
time during the grinding action. The frequency of the force is equal to the rotational
frequency of the grinding wheel. In this study, the rotational frequency of the grinding
wheel is 57.5 Hz. By substituting Eq. 1.2 (Chapter 1) into Eq. 3.1, the tangential
grinding force (Ft) can be expressed in terms of specific grinding energy and machine
settings, expressed as:
𝐹𝑡 =

𝑢×𝑎×𝑏×𝑉𝑤
𝑉𝑠

= 𝑢𝑀

(3.2)
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The cutting depth, grinding wheel width, feed rate, and grinding wheel speed are
assumed to be constant in this model and are grouped together into a single variable
denoted by M. Using Eq. 3.2, Eq. 3.1 can be rewritten as:
𝐹(𝑡) =

𝑢𝑀(1+𝑠𝑖𝑛𝜔𝑡)
2

(3.3)

The governing equation of motion of the workpiece fixture and workpiece modeled
as spring-mass-damper system is given by a second-order differential equation:
𝑚𝑥̈ + 𝑏𝑥̇ + 𝑘𝑥 = 𝐹(𝑡)

(3.4)

where 𝑥̈ is the acceleration of the system, 𝑥̇ is the velocity of the system, 𝑥 is the
displacement of the system, m is the mass of the workpiece fixture and workpiece, b is
the damping constant of the system, and k is the stiffness constant of the system. A
particular solution for the governing equation of motion is assumed to be of the
following form:
𝑥 = 𝑋 cos(𝜔𝑡 − 𝜙)

(3.5)

where X denotes the magnitude of the response of the workpiece fixture and workpiece,
𝜙 represents the phase difference between the response of the system and the force
acting on the system. Differentiating Eq. 3.5 with respect to time yields the velocity of
the system and differentiating Eq. 3.5 twice with respect to time yields the acceleration
of the system. The velocity and acceleration of the workpiece fixture and workpiece
system are as follows:
𝑥̇ = −𝑋𝜔sin(𝜔𝑡 − 𝜙)

(3.6)

𝑥̈ = −𝑋𝜔2 cos(𝜔𝑡 − 𝜙)

(3.7)
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Substituting the displacement, velocity, and acceleration of the system and the force
function into Eq. 3.4 and solving for X yields the following the relationship between X
(magnitude of the response of the system) and specific grinding energy:
𝑋=

𝑢𝑀
[(𝑘−𝑚𝜔)2 +𝑏2 𝜔2 ]1/2

(3.8)

The frequency ratio (r) is defined as the ratio of the frequency of the force (ω) to
the natural frequency of the system (ωn). The damping ratio () is defined as the ratio
of the damping constant of the system (b) to the critical damping constant (bc). The
critical damping constant (bc) is a damping constant where the system achieves
equilibrium in minimum time after excitation by force. The frequency ratio, damping
ratio, natural frequency of the workpiece fixture, and critical damping constant are
mathematically expressed as follows:
𝜔

𝑟=𝜔

(3.9)

𝑛

𝑘

𝜔𝑛 = √𝑚

(3.10)

𝑏

𝜍=𝑏

(3.11)

𝑏𝑐 = 2√𝑚𝑘

(3.12)

𝑐

Using Eq. 3.9-Eq. 3.12, the relation between X and specific grinding energy can be
transformed into Eq. 3.13. By substituting Eq. 3.13 into Eq. 3.7 acceleration of the
system is determined and is presented using Eq. 3.14.
𝑋=
𝑥̈ = −

𝑢𝑀
𝑘[(1−𝑟 2 )2 +(2𝜍𝑟)2 ]1/2
𝑢𝑀

𝑘[(1−𝑟 2 )2 +(2𝜍𝑟)2 ]1/2

𝜔2 cos(𝜔𝑡 − 𝜙)

(3.13)
(3.14)
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Equation 3.14 expresses the relationship between the acceleration of the system and
the specific grinding energy and can be further simplified if parameters such as
frequency ratio, phase angle, and damping constant are determined. To determine the
frequency ratio, the natural frequency of the system can be determined, e.g., through
modal analysis conducted in ANSYS Mechanical APDL, as done in this work.
The finite element that was used to model this system is a 3-D, 8-node structural
solid element. The material properties of the workpiece fixture and workpiece used in
the modal analysis are presented in Table 3.1. The block is meshed using a free meshing
technique with an element edge length of 10 mm. Modal analysis was conducted to
determine different mode shapes of the system. Table 3.2 presents the first four natural
frequencies of the workpiece fixture. The first natural frequency of the workpiece
fixture is 20.5 kHz. The first four mode shapes of the system are presented in Fig. 3.2,
where dotted lines indicate the undeformed shape of the workpiece fixture. It can be
observed from the figure that the direction of vibration of the system in the second
mode shape is same as the direction of the vibration of the system in the mathematical
model presented in the study. Therefore, the frequency at the second mode shape is
chosen to compute the frequency ratio of the system.
Table 3.1: Workpiece fixture and workpiece material properties
Workpiece fixture
(6061 aluminum alloy)
Workpiece
(4140 steel alloy)

Material Property
Elastic modulus [GPa]
Poisson’s ratio
Density [kg/m3]
Elastic modulus [GPa]
Poisson’s ratio
Density [kg/m3]

Value
69
0.3
2700
210
0.3
8050
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Table 3.2: First four natural frequencies of the system
Mode
1
2
3
4

Frequency (kHz)
20.5
20.7
21.7
24.2

First Mode Shape

Second Mode Shape

Third Mode Shape

Fourth Mode Shape

Figure 3.2: First four mode shapes of the workpiece fixture and workpiece
system
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Substituting the first natural frequency of the workpiece fixture (20.5 kHz) and the
frequency of the force (57.5 Hz) values into Eq. 3.9 yields a frequency ratio of 0.002.
Since the frequency ratio is very small, for simplification it is approximated to be zero.
For a frequency ratio of zero, the phase difference is also approximately zero [68]. It
has been found that the damping ratio in a continuous metal structure such as this
surface grinder is in the range of 0.02-0.04 [69].
𝑟 = 0.002 ≅ 0

(3.15)

𝜙=0

(3.16)

2𝜍𝑟 = 0.00008 ≅ 0

(3.17)

With these approximations, Eq. 3.14 is transformed as:
𝑥̈ = −

uM
𝑘

𝜔2 cos(𝜔𝑡)

(3.18)

It can be observed from Eq. 3.18 that acceleration of the workpiece fixture is
directly proportional to the magnitude of the specific grinding energy at the grinding
wheel rotational frequency, which is 57.5 Hz. This indicates that the vibration inprocess parameter and specific grinding energy are correlated, and the vibration inprocess parameter can be used to indirectly monitor specific grinding energy. However,
as suggested by Eq. 3.18, a perfect correlation might not be observed between the
vibration in-process parameter and specific grinding energy due to the following
factors:
•

The sensorial signal might be susceptible to the noise. The noise makes the
vibration in-process parameter incapable of explaining all variations in specific
energy.
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•

In this model, it is assumed that workpiece vibration arises because of variations
in grinding force. However, this is not the only phenomenon responsible for
vibration of the workpiece fixture. Vibration might also arise from external
sources such as an unbalanced shaft or unbalanced grinding wheel. The
regenerative effect is another phenomenon that can cause vibration in the
grinding process [70]. Regenerative effect is the most common form of selfexcited vibration that arises when there are overlaps of cuts made by grits on
the workpiece. These overlap cuts act as a source of vibration amplification.

Another in-process parameter that has been extensively used to monitor grinding
wheel wear and surface quality is acoustic emissions. Through the vibration model
presented above, it was determined that the vibration in-process parameter at 57.5 Hz
might be correlated with the specific grinding energy. Therefore, acoustic emissions at
57.5 Hz frequency might also be correlated with specific grinding energy, as acoustic
emissions are a consequence of vibrations. The monitoring scope of the vibration
sensor (accelerometer) is limited to only the workpiece fixture and workpiece. By
employing an acoustic emissions sensor, it is possible to monitor vibrations originating
from various elements such as the grinding wheel, spindle system, and machine
structure.
Next, a theoretical model is developed to determine if current and voltage inprocess parameters are correlated with the specific grinding energy. Figure 3.3
illustrates the flow of energy in a standard surface grinder. Energy flow is indicated
using solid red lines. As shown in Fig. 3.3, a standard surface grinder consists of an AC
motor controller, which drives an AC spindle motor, and servomotor controllers, which
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drive the servomotors controlling the table. The AC motor rotates the grinding wheel.
The rotating grinding wheel interacts with the workpiece to remove material. The zone
in which the workpiece and the grinding wheel interacts is called grinding zone.
Servomotors feed the workpiece into the grinding wheel in two horizontal orthogonal
directions.
The controllers receive electrical energy from a wall plug and transfer it
downstream to the motors they control. From the motors, energy is sent further
downstream to feed the workpiece into the grinding wheel and to remove material from
the workpiece in the grinding zone. The energy that is consumed in the grinding zone
per unit volumetric removal rate is known as specific grinding energy.

Energy Flow

Wall Plug
Control Unit

AC Motor
Controller

Servomotor
Controller

Servomotor
Controller
Motors

AC motor

Servomotor

Servomotor

Grinding Zone

Workpiece
Feed
(Tangential to
wheel)

Workpiece
Feed
(Perpendicular
to wheel)

Figure 3.3: Flow of energy in a standard surface grinder

37
It is evident from Fig. 3.3 that when specific grinding energy increases, the energy
consumption of the AC motor will consequentially increase. Similarly, when the energy
consumption of the AC motor increases, the total energy consumption of the machine
will increase. This indicates that specific grinding energy is directly proportional to the
energy consumption of the AC motor and the total energy consumption of the machine.
This theoretical model suggests that the voltage and current in-process parameters are
correlated with the specific grinding energy.
Mathematical and theoretical models presented above indicate that vibration,
acoustic emissions, current, and voltage in-process parameters are correlated with the
specific grinding energy. A process monitoring system is necessary to measure these
in-process parameters. Raw sensorial data for in-process parameters will be processed
in the time and frequency domains to extract features that are correlated with specific
grinding energy. As noted above, those features will be fused using machine learning
techniques to estimate specific grinding energy.
Section 3.2 next discusses the design and details of the process monitoring system
developed to monitor the in-process parameters that are correlated with the specific
grinding energy. Section 3.3 then discusses the mathematics of machine learning
techniques used to estimate specific grinding energy.

3.2

Process Monitoring System Modeling

A schematic of the process monitoring system is displayed in Fig. 3.4. The process
monitoring system constitutes two sets of current and voltage sensors, one acoustic
emissions sensor, one accelerometer, and one dynamometer. Current and voltage
sensors will be used to monitor the total machine current and voltage of the surface
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grinder, and current and voltage of the AC motor. The accelerometer will be used to
monitor the vibration of the workpiece fixture. The acoustic emissions sensor will be
used to monitor acoustic emissions from the grinding action, and finally, a
dynamometer will be used to monitor the tangential grinding force. The measured
tangential grinding force is used to compute specific grinding energy using Eq. 1.2. In
this study, the specific grinding energy derived using measured tangential grinding
force is referred to as measured specific grinding energy (umeasured). Measured specific
grinding energy will be used to train and test the model developed to estimate specific
grinding energy. The specific grinding energy that is estimated using the mathematical
models developed later will be referred to estimated specific grinding energy (uestimated).
Acoustic emission sensor
Voltage Sensor
Grinding Wheel

Control
Unit
Workpiece

Accelerometer

Current Sensor

Workpiece Fixture
Dynamometer
Feed Table

Figure 3.4: Schematic of the process monitoring system
According to the process monitoring system design, the accelerometer will be
installed on the workpiece fixture. The acoustic emissions sensor will be secured to the
casing of the spindle driving the grinding wheel. One set of current and voltage sensors
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will be installed on the power cable between the wall plug and control unit and another
set will be installed on the power cable between the control unit and AC motor. The
following sub-section will discuss the working of each sensor.

3.2.1 Current Sensor
The current sensor adopted in this study functions based on the fluxgate principle.
The circuit of a fluxgate based current sensor is presented in Fig. 3.5.
Magnetic core

Secondary current

Shunt
Feedback winding on
secondary side

Current being
measured

Flux gate

Detection

Excitation

Amplifier

Figure 3.5: Circuit of the current sensor
The working of this sensor is described as follows [71]:
•

The conductor that is carrying the current to be measured passes through a
circular magnetic core, inducing a magnetic flux in the magnetic core. The
magnetic core is considered as the primary side of the current sensor circuit.
The feedback winding is the secondary side.

•

A secondary current that is proportional to the turn ratio in the feedback winding
flows as to cancel out the magnetic flux in the primary side. However, all the
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magnetic flux present in the magnetic core cannot be canceled out. The fluxgate
element detects the remaining magnetic flux in the magnetic core.
•

Additional secondary current is made to flow by the amplifier circuit to cancel
out the remaining magnetic flux.

•

The secondary current that cancels out the remaining magnetic flux flows
through a shunt resistor, producing a voltage across its terminals. The voltage
measured across these terminals is proportional to the current to be measured.
By monitoring this voltage, the current through the conductor can be measured.

3.2.2 Voltage Sensor
Figure 3.6 presents a circuit of the voltage sensor. The voltage sensor is connected
to the load (the surface grinder or the AC motor) in parallel. The input signal from the
load is passed through the surge protector to prevent damage to the voltage sensor that
can arise from surges in the signal. After the surge protector, the signal passes through
an amplifier that brings the input signal to the ±10V range. Next, the voltage signal is
modulated into a proportional magnetic field by the modulator. A demodulator recovers
the original signal, and it is passed through a low-pass anti-aliasing filter. The NyquistShannon sampling theorem states the maximum frequency of the input signal should
be less than or equal to half of the sampling rate [72]. Therefore, the low-pass filter
attenuates all frequencies higher than the sampling frequency. After conditioning the
signal, a differential driver outputs a ±10V differential pair proportional to the input
signal.
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Figure 3.6: Circuit of the voltage sensor [73]

3.2.3 Accelerometer and Dynamometer
The accelerometer and the dynamometer present in this design work based on the
piezoelectric effect. The piezoelectric effect is the generation of electric charge by a
crystalline material upon subjecting it to stress [74]. This effect exists in natural
crystals, such as quartz, and some polymers, such as polyvinylidene fluoride (PVDF).
In an accelerometer, a piezoelectric crystal is sandwiched between the supporting
structure and proof mass. The proof of mass exerts stress on the piezoelectric crystal
that is proportional to the vibration experienced by it. The piezoelectric crystal is
embedded between two thin electrodes, as shown in Fig. 3.7 for picking up the electric
charge. Usually, the charge generated by the accelerometer is picked up by a charge
amplifier, and the charge amplifier produces a voltage output proportional to the charge
generated by the accelerometer. These charge amplifiers are expensive and bulky in
size. To avoid this, an Integrated Electronic Piezoelectric (IEPE) vibration sensor is
employed in this study. IEPE sensors have built-in charge mode amplifiers [75].
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Proof mass

Electrodes

Piezoelectric crystal

Support structure

Figure 3.7: Schematic of an accelerometer
In the dynamometer, the mechanism is similar. Quartz plates embedded in the
dynamometer generate a charge that is proportional to the force applied on them.
Unlike the accelerometer, the dynamometer does not have IEPE capability and needs
an external charge amplifier. The charge amplifier also functions as a power source for
the dynamometer.

3.2.4 Acoustic Emissions Sensor
In this research, a condenser acoustic emissions sensor is used to monitor the
acoustic emissions from the grinding action. Figure 3.8 displays a schematic of the
condenser acoustic emissions sensor. This sensor consists of a parallel plate capacitor
formed by diaphragm and a back plate. When the acoustic emissions waves strike the
diaphragm, the diaphragm fluctuates resulting in fluctuations in distance between the
diaphragm and the back plate, changing the capacitance. When the back plates are
farther apart than their initial position, capacitance decreases, and discharge current
occurs. When the plates are closer than their initial position, capacitance increases and

43
charge current occurs. This causes fluctuations in voltage across the resistor, which
mimic the behavior of the acoustic emissions waves.
Sensor casing

Capacitor with capacitance
C formed by the back plate
and the diaphragm

Resistor (R)
Output
voltage
signal (V)

Distance
between
plates (d)
Voltage source (Vb)
Diaphragm

Back plate

Figure 3.8: Schematic of an acoustic emissions sensor
Equation 3.19 gives a mathematical expression for the voltage (V).
1
𝑑

𝑑( )

𝑉 = 𝜀𝐴𝑅𝑉𝑏 [

𝑑𝑡

]

(3.19)

where V denotes the voltage across the resistor with resistance R; ε denotes the
permittivity of air between the capacitor plates; A denotes the surface area of the plates;
Vb denotes the voltage source; and

1
𝑑

𝑑( )
𝑑𝑡

denotes the differentiation of distance between

the capacitor plates with respect to the time.

3.3

Multi-sensor Fusion Modeling

The next step in the methodology is to develop a mathematical model that fuses inprocess parameters that are believed to be correlated with the specific grinding energy
to estimate specific grinding energy indirectly. To develop a mathematical model that
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can fuse in-process parameters, machine-learning techniques are adopted. There are
multiple machine-learning techniques in the literature such as artificial neural networks
(ANN) and support vector machine-regression (SVM-R), that can be used [76].
However, there are no definitive guidelines in the literature that can guide researchers
in selecting the most appropriate technique for their application. Usually, multiple
machine learning techniques are tested and the one with the best performance is
selected. In this study, specific grinding energy is modeled using ANN and SVM-R to
determine the one with the better performance. The following sub-sections discuss the
mathematics of ANN and SVM-R.

3.3.1 Artificial Neural Network
An artificial neural network is defined as a network of densely interconnected
simple processing elements, called neurons, that are capable of performing massively
parallel computations for data processing and knowledge representation [77]. Neurons
are usually arranged in three different layers, as shown in Fig. 3.9 Neurons in the input
layer receive features extracted from raw sensorial data as inputs (f1, f2, …, fn), while
the neuron in the output layer generates an estimate of specific grinding energy. The
layers in between the input and output layers are referred to as hidden layers. The
number of hidden layers and the number of neurons in each hidden layer are usually
determined through trial and error. Every neuron in a layer sends an input signal to
every other neuron in the next immediate succeeding layer, as shown in Fig. 3.9.
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𝑓1
𝑓2

Output layer
𝑢

𝑠𝑡𝑖𝑚𝑎𝑡 𝑑

𝑓𝑛

Hidden layers
Figure 3.9: Visualization of an artificial neural network
Figure 3.10 describes how a neuron in an ANN works. Each incoming input to the
neuron is multiplied by a weight. Weights are used to indicate the relative importance
of one input with respect to all other inputs. The sum of weight inputs is computed and
is forwarded to a transfer function. The transfer function generates a new input signal
for all the neurons in the next immediate succeeding layer. A neuron can be
mathematically described as shown in Eq. 3.20.
y=𝑁

𝑂 = 𝑃(∑𝑦=1 𝑖𝑛 𝑓 ′ 𝑦 𝑠 ′ 𝑦 )

(3.20)

In the equation, O denotes the output generated by the neuron for all neurons in the
next immediate succeeding layer, y represents the variable used to index the inputs and
weights of the neuron, 𝑓′1 and 𝑓′𝑁𝑖𝑛 denote the first and Ninth inputs received by a
neuron, and 𝑠′1 and 𝑠′𝑁𝑖𝑛 are the respective weights associated with those neurons. The
variable P denotes the transfer function.

46
𝑓′1

𝑠′1

Transfer function
(P)

𝑂

𝑠′ 𝑁𝑖𝑛
𝑓′𝑁𝑖𝑛

Figure 3.10: Neuron in an artificial neural network
The procedure involved in developing the specific grinding energy model using the
ANN technique can be described as follows:
•

The first step in developing a model using ANN is to define the structure of the
ANN. Specifying the number of inputs, outputs, and hidden layers and the
number of neurons in each hidden layer defines the structure. The ANN in this
study has 16 input neurons, one output neuron, and five hidden layers with 10
neurons in each layer. The 16 neurons in the input layer correspond to the 16
features that are extracted from the raw sensorial signals. The extraction of
features is discussed in Chapter 4.

•

After defining the structure of the ANN by specifying the number of inputs,
outputs, hidden layers, and the number of neurons in each hidden layer, the the
training procedure is initiated with randomly generated weights.

•

In the training phase, the ANN is given the input features that are extracted from
raw sensorial data and is allowed to make estimations of the specific grinding
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energy. Because all the weights in the ANN are randomly generated,
estimations of specific grinding energy are also random.
•

The ANN constructs a cost function, such as mean squared error of the model,
which explicitly indicates the deviation of estimations from the ground truth
(measured specific grinding energy).

•

Using an optimizer, ANN attempts to minimize the cost function by iteratively
adjusting the weights of the connection. The iterations are carried out until a
predefined condition is met. The predefined condition can be the possible
number of iterations or acceptable cost function value. This step is referred to
as the training phase. After completing the training phase, the specific grinding
energy model developed using ANN is ready to be deployed.

The optimizer used in this study is the Levenberg-Marquardt (LVM) algorithm
because of its better stability and convergence rates [78]. The cost function used is
mean squared error, denoted by E. The cost function is mathematically expressed as:
1

𝐸(𝑓, 𝑠) = 𝑛 ∑𝑛1(𝑢
𝑢

𝑠𝑡𝑖𝑚𝑎𝑡 𝑑

𝑠𝑡𝑖𝑚𝑎𝑡 𝑑

− 𝑢𝑚

= ℎ(𝑓, 𝑠)

𝑎𝑠𝑢𝑟 𝑑 )

2

(3.21)
(3.22)

where n denotes the number of samples used by the optimization algorithm in the
training phase; f is the feature vector; s is the weight vector; and h denotes the model
developed to estimate specific grinding energy.
To understand the LVM algorithm, it is essential to understand the Stochastic
Gradient method, Newton method, and Gauss-Newton method [78]. The Stochastic
Gradient method uses the information of the gradient vector of the cost function
𝛻𝐸(𝑓, 𝑠). The direction of the gradient vector is the direction of the greatest ascent
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pointing towards the maximum value of the cost function. By moving in the opposite
direction, we move closer to the minimum value of the cost function. For each step
towards the minimum of the cost function, the weights are adjusted using the gradient
vector as presented in Eq. 3.23 [79]:
𝑠𝑙+1 = 𝑠𝑙 − 𝜂(𝛻 𝐸𝑙 (𝑓, 𝑠))

(3.23)

where 𝑠𝑙+1 is the updated weight after the l+1th iteration and 𝑠𝑙 is the weight after the
lth iteration; 𝜂 is defined as learning rate, which denotes the pace at which the cost
function is moving closer to the minimum value of the cost function; and l denotes the
iteration step. If 𝜂 is small, the cost function converges slowly and if 𝜂 is large the cost
function converges fast and there is a possibility that it might over jump the minimal
value. This issue can be avoided if the Newton method is used for optimization as it
utilizes the information of a second-order derivate of the cost function in the form of
the Hessian matrix. The second-order derivate indicates the steepness of the curve. If
the steepness of the curve is large, the algorithm tends to move towards the minimum
value slowly, while for the curves with small steepness, the algorithm tends to move
faster. For each step towards the minimum of the cost function, the weights using the
Newton method are adjusted as described by Eqs. 3.24 and 3.25 [79]:
𝑠l+1 = 𝑠𝑙 − 𝐻𝑙−1 𝛻 𝐸𝑙 (𝑓, 𝑠)
𝜕2 𝐸
𝜕𝑠1

𝐻𝑙 =

2

⋯

⋮

⋱

[𝜕𝑠𝑁 𝑠1

⋯

𝜕2 𝐸

(3.24)

𝜕2 𝐸
𝜕𝑠1 𝑠𝑁

⋮

(3.25)

𝜕2 𝐸
𝜕𝑠𝑁 2 ]

where Hl denotes the Hessian matrix, which contains second order partial derivate of
the cost function with respect to all weights in the weight vector, and N is the index for
weights in weight vector. The Hessian matrix is computationally expensive. However,
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it can be approximated using the Jacobian matrix (J) and its transpose (JT), as shown in
Eq. 3.26. The gradient of the cost function can also be approximated using the Jacobian
matrix, as shown in Eq. 3.27. The Jacobian matrix contains partial derivatives of the
error matrix (e) with respect to all weights in the network, as shown in Eq. 3.28. The
error vector is mathematically expressed as shown in Eq. 3.29.
𝐻𝑙 = 𝐽𝑇 𝑙 𝐽𝑙

(3.26)

𝛻(𝐸(f, 𝑠)) = 𝐽𝑇 e𝑙

(3.27)

𝜕 1
𝜕𝑠1

𝐽𝑙 =

⋮
𝜕 𝑛
[ 𝜕𝑠1

⋯
⋱
⋯

𝜕 1
𝜕𝑠𝑁

⋮

(3.28)

𝜕 𝑛
𝜕𝑠𝑁 ]

𝑒1
(𝑢 − 𝑢𝑚 )1
(ℎ(𝑓1 , 𝑠) − (𝑢𝑚 )1 )
.
.
.
.
.
.
e𝑙 =
=
=
.
.
.
𝑒
(𝑢
−
𝑢
)
( 𝑛) (
((ℎ(𝑓𝑛 , 𝑠) − (𝑢𝑚 )𝑛 ))
𝑚 𝑛)

(3.29)

Using these approximations, the Newton method transforms into the Gauss-Newton
method, and the equation to update the weights is as follows [79]:
𝑠𝑙+1 = 𝑠𝑙 − (𝐽𝑇 𝑙 𝐽𝑙 )−1 𝐽𝑇 𝑙 e𝑙

(3.30)

One disadvantage of the Gauss-Newton method reported in the literature occurs
when the initial value of the objective function is too far from the minimum value. In
this case, the cost function never converges towards the minimum value [78].
It can be understood that the Gauss-Newton method has the ability to converge
faster, while the Stochastic Gradient method offers better stability. The LVM algorithm
is a fusion of these two techniques with faster convergence rates and better stability. It
is developed through modification of the Gauss-Newton method. The modification to
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the Gauss-Newton method is the inclusion of the µ combination coefficient in Eq. 3.30,
which can be used to update weights in LVM [79].
𝑠𝑙+1 = 𝑠𝑙 − (𝐽𝑇 𝑙 𝐽𝑙 + µ𝐼)−1 𝐽𝑇 𝑙 e𝑙

(3.31)

By adjusting the value of µ, Eq. 3.31 can either perform as the Stochastic Gradient
method or as the Gauss-Newton method, depending upon the position of the cost
function with respect to the minimum value of the cost function. The LVM algorithm
can be formalized as follows:
Step 1: Use the random weights to compute the initial value of the cost function
(𝐸(𝑓, 𝑠)𝑙 )
Step 2: Solve Eq. 3.29 for the new weight vector
Step 3: Using the new weight vector, compute new value of the cost function
(𝐸(𝑓, 𝑠)𝑙+1 )
Step 4: If the new cost function ((𝐸(𝑓, 𝑠)𝑙+1 )) is less than the old cost
(𝐸(𝑓, 𝑠)𝑙 ), then retain the new weight vector (sl+1) and set 𝜇 = 0.1 × 𝜇 and go
back to Step 2.
Step 5: Else, set 𝜇 = 10 × 𝜇 and go back to Step 3.
The factor 𝜇, when multiplied by 10, it behaves as steepest descent technique, and
if it is multiplied by a factor of 0.1 it behaves as Gauss-Newton technique. The
Stochastic Gradient method is chosen for better stability when the current position of
the cost function is far away from the minimal value and the Gauss-Newton method is
chosen for greater speed as it gets closer to the minimal value.
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3.3.2 Support Vector Machine – Regression
The other machine learning technique that was utilized to develop the mathematical
model for indirect estimation of specific grinding energy is SVM-R. ANN embodies
empirical risk minimization which aims to minimize the error on the estimated data. In
contrast, SVM-R is based on structural risk minimization, which minimizes an upper
bound on the expected deviation. This principle of SVM-R gives it better generalization
ability with even limited and high dimensional data [80].
The SVM-R method aims to model specific grinding energy by identifying a
function of the form shown in Eq. 3.32 that deviates from the ground truth by more
than a factor of 𝜆 as shown in the Eq. 3.33 [80]:
𝑔(𝑓, 𝑝) = 𝑢
|𝑢𝑚

𝑎𝑠𝑢𝑟 𝑑

𝑠𝑡𝑖𝑚𝑎𝑡 𝑑

=𝑝⋅𝑓+𝑐

− (𝑝 ⋅ 𝑓 + 𝑐)| ≤ 𝜆

(3.32)
(3.33)

where f is the feature vector; p is the coefficient vector; and c is the intercept of the
function. It is necessary that this function is as flat as possible to avoid over-fitting and
generalization error. To ensure that the SVM-R model is as flat as possible, it is
necessary to find a function that has a minimal norm value 𝑝𝑝′. This minimization
problem can be formulated as a convex optimization problem to minimize 𝑝𝑝′. The
convex optimization problem is as shown [80]:
1

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 2 𝑝𝑝′

(3.34)

However, it is possible that there might not be a function that satisfies the condition
mentioned in Eq. 3.33 at all points. To deal with these kinds of infeasible constraints,
two slack variables are introduced in the objective function as well as in the constraints.
Slack variables are positive and are used to indicate the error beyond 𝜆 that is tolerable.
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After the introduction of slack variables (𝜉𝑚 , 𝜉𝑚 ∗ ) the optimization problem and
constraints are transformed as follows [80]:
1

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 2 𝑝𝑝′ + 𝐶 ∑𝑛1(𝜉𝑚 + 𝜉𝑚 ∗ )
(𝑢𝑚
𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ∶

𝑎𝑠𝑢𝑟 𝑑

(3.35)

− (𝑝 ⋅ 𝑓 + 𝑐)) ≤ 𝜆 + 𝜉𝑚

((𝑝 ⋅ 𝑓 + 𝑐) − 𝑢𝑚 𝑎𝑠𝑢𝑟 𝑑 ) ≤ 𝜆 + 𝜉𝑚 ∗
𝜉𝑚 ≥ 0
𝜉𝑚 ∗ ≥ 0
{

(3.36)

The constant C is known as the box constraint of the SVM-R method, and it is always
greater than zero. The box constraint determines the trade-off between the flatness of
the function and the amount up to which deviations larger than 𝜆 are tolerated. The
optimization problem is a function of p. The convex function can be solved using the
Stochastic Gradient method discussed in the previous section. After determining the
minimum value of p using the Stochastic Gradient method, the SVM-R model to
estimate specific grinding energy is ready to be deployed.
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4 EXPERIMENTAL ANALYSIS AND RESULTS
4.1

Process Monitoring System Prototyping

Using the schematic design of the process monitoring system presented in the
previous chapter, a prototype was developed on a Tormach PSG 612 surface grinder.
Figure 4.1 shows the prototype of the process monitoring system. The following
paragraphs will describe the details of the surface grinder and all the sensors that are in
the process monitoring system prototype.
Acoustic Emissions
Sensor

Accelerometer

Dynamometer

Current and Voltage
Sensor

Figure 4.1: Prototype of process monitoring system constructed on a Tormach
PSG 612 surface grinder

4.1.1 Surface Grinder
The Tormach PSG 612 surface grinder is equipped with one AC motor, which
drives the grinding wheel at a constant speed of 3450 RPM, and two servomotors,
which drive the feed table in two horizontal orthogonal directions, tangential and
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perpendicular to the grinding wheel [81]. The speed of the feed table in both directions
can be adjusted according to the requirements of the operation. The surface grinder
operates in a semi-automatic mode in which the movement of the feed table in both the
directions is automated, and the cutting depth is adjusted manually by the user.
It was observed in this study that the feed table must pass the grinding wheel
multiple times to complete the material removal process. At a given cutting depth with
higher feed rates, the feed table must pass the grinding wheel a greater number of times
than that at lower feed rates to complete the material removal process.
The workpiece that was used in this study is AISI 4140 alloy steel. The material
properties of the workpiece are presented in the Table 4.1
Table 4.1: Workpiece material properties (AISI 4140 alloy steel) [82,83]
Material Property
Yield strength [MPa]
Elastic modulus [GPa]
Poisson’s ratio
Hardness

Value
0.4
210
0.3
Rockwell B90

4.1.2 Current and Voltage Sensors
The process monitoring system prototype has two pairs of current and voltage
sensors. One set of current and voltage sensors is installed on the power cable from the
control unit to the AC motor to measure the energy consumption of the AC motor.
Another set is installed on the power cable from the wall plug to the control unit to
measure the total energy consumption of the machine. Each sensor receives power from
an external source rated 10VDC. The signal from each sensor is sent to a NI 9222
voltage input module (National Instruments). Figure 4.2 presents a schematic
describing how the current and voltage sensors are installed on the surface grinder.
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External power source rated 10VDC for the sensors

Line wire

Current
sensor
Voltage
sensor

Line wire

Control
Unit

Current
sensor

Voltage
sensor
Grinding
motor

Neutral wire

Neutral wire

NI 9222 voltage input module on NI cDAQ 9178 chassis

Figure 4.2: Schematic of current and voltage sensors installation
The user manual of the surface grinder indicates that the machine and AC motor
have peak current ratings of 7 A and 8 A, respectively, and voltage ratings of 110-123
V. Current and voltage sensors in this study are selected in such a way that their input
ranges are inclusive of the peak current and voltage ratings. The input ranges of the
current and voltage sensors are 0-15 A and 0-150 V, respectively.

4.1.3 Dynamometer
As noted previously, a dynamometer (Kistler 9257B) is used to measure the
tangential grinding force. The measured tangential grinding force is used to compute
specific grinding energy (umeasured). The measured specific grinding energy will be used
to train and validate the mathematical models developed in the previous chapter.
To accommodate the dynamometer on the surface grinder, a special workpiece
fixture, shown in the Fig. 4.3, was designed and fabricated. The workpiece fixture
contains four counterbore M8 clearance holes that are concentric with four threaded
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M8 holes on the dynamometer. Using these holes and M8 screws, the workpiece fixture
is installed on the dynamometer. The base of the dynamometer has slotted M8
clearance holes, as shown in Fig. 4.3, to install the dynamometer on the surface grinder.
The top surface of the workpiece fixture contains three dowel pins. These pins are used
to locate the workpiece, and two screw clamps are used to secure the workpiece by
pushing it against the dowel pins.
The dynamometer generates a charge signal proportional to the force being
measured. The charge signal is sent to a charge amplifier, which generates a voltage
signal proportional to the charge signal. The voltage signal is sent to the NI 9222
voltage input module. The charge amplifier also acts as a power source for the
dynamometer. In a prior research study that was conducted using this surface grinder,
the observed tangential grinding forces were in the range of 10-80N. Similar to the
current and voltage sensors, the dynamometer is selected in such a way that its input
range is inclusive of the range observed in the previous study. The input range of the
dynamometer is 0-5kN.

4.1.4 Accelerometer and Acoustic Emissions Sensor
The accelerometer is installed on the vertical surface of the workpiece fixture using
a 5/32-inch screw. The accelerometer used in this study does not need any charge
amplifier or external power source. It is directly connected to an NI 9234 sound and
vibration input module. The input module supplies power to the accelerometer.
The acoustic emissions sensor is secured to the casing of the shaft of the AC motor.
Similar to the accelerometer, the acoustic emissions sensor does not need any external
power. It is directly connected to the NI 9232 sound and vibration input module and
the acoustic emissions sensor receives power from this module.
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The range of vibrations and acoustic emissions generated during the grinding action
on the surface grinder could not be determined accurately before prototyping the
process monitoring system. Therefore, the accelerometer and acoustic emissions
sensors were selected in such a way that they have the widest range possible. The input
range of the accelerometer and acoustic emissions sensors are ± 4905 m/s2 and 5-70
kHz, respectively. The technical specifications of the sensors are summarized in Table
4.2. Figure 4.4 summarizes all the electrical connections in the process monitoring
system.
Counter bore M8
clearance hole

Workpiece

Screw clamps

Dowel pin

Slotted M8 clearance
holes

Threaded M8
hole
Dynamometer

Figure 4.3: Special workpiece fixture developed to install dynamometer
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Table 4.2: Technical specifications of the selected sensors
Sensors

Model

Range

PCB 378C10

Conversion
factor
1 mV/Pa

5 to 70000 Hz

Sampling
Frequency
25 kHz

Acoustic
emissions
sensor
Dynamometer
Accelerometer
Current sensor
Voltage sensor

Kistler 9257B
PCB 356A33
Verivolt I-FG-1c
Verivolt V-1c

7.5 pC/N
10 mV/(m/s2)
1.667 V/A
1V/21V

0-5 kN
± 4905 m/s2
0-15 A
0-150 VAC

25 kHz
25 kHz
1 kHz
1 kHz

Bayonet Neill – Concelman (BNC)
cable
NI cDAQ 9178

Dynamometer

NI 9222 Voltage input
module

Charge amplifier

USB
Host
computer

Two voltage sensors
Wires

NI 9222 Voltage input
module

Two current sensor

Accelerometer

NI 9234 Vibration
input module

BNC cable
Acoustic emissions
sensor

NI 9232 Sound input
module

NI Compact Data
Acquisition System
(cDAQ) 9178

BNC cable

Figure 4.4: Schematic representing the electrical connections in the process
monitoring system prototype

4.2

Experimental Design and Data collection

Experimental machine settings of this study are presented in Table 4.3. After
prototyping the process monitoring system, a full factorial design with two factors (feed
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rate and cutting depth), each factor with three levels, was developed as presented in
Table 4.4. The levels mentioned in the Table 4.4 are selected in such way that it is
feasible to the grinding the workpiece with the grinding wheel without clogging the
grinding wheel in the workpiece. For example, any cutting depth greater than 0.076
mm will cause immense load on the grinding wheel causing it to clog in the workpiece
during the grinding process. This experimental design yields nine (32) treatment
combinations. Every treatment combination is repeated 60 times. It is essential that the
540 experiments (9 treatment combinations repeated 60 times) should be randomized
before conducting the experiments. Randomization helps to eliminate effects of
unknown or uncontrolled variables. A complete randomization was not conducted in
this study. It is essential that every treatment combination begins with same grinding
wheel condition. If randomization is made, it is possible that a treatment combination
will be conducted using dull wheel, while the other treatment combination is made with
the sharp wheel. To avoid such inconsistencies, complete randomization was not made.
However, the order of the nine treatment combinations was conducted in a random
order; randomization of treat combinations was achieved using the shuffle command
in MATLAB. Each treatment combination was repeated 60 times.
To ensure consistent grinding wheel condition for every experiment, the grinding
wheel is dressed and trued before the beginning of every treatment combination using
aluminum oxide sticks and silicon carbide wheels, respectively. The workpiece is
ground several times prior to the beginning of an experiment to stabilize the grinding
wheel and prepare the workpiece surface.
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Table 4.3: Experimental machine settings
Grinding Process Parameter
Grinding wheel type
Grinding wheel diameter [mm]
Grinding wheel width [mm]
Cutting depth [mm]
Feed rate [mm/sec]

Value
Metal-bonded CBN wheel
117.8
6.3
0.0254, 0.0508, 0.0762
20.59, 63.85, 93.36

Table 4.4: Factors and levels in the experimental design
Factors
Cutting Depth (a)
Feed Rate (Vb)

Level 1
0.0254
0.001
20.59
4.0

Level 2
0.0508
0.002
63.85
12.5

Level 3
0.0762
0.003
96.36
18.9

Units
mm
inches
mm/sec
ft/min

Using the experimental design presented above, experiments are conducted
systematically, and data is collected. To enable data collection, a program is developed
in the LabVIEW application. The LabVIEW program performs the following functions
in sequence:
•

The primary function of the LabVIEW program is to work as medium between
the user/researcher and the sensors. The user/researcher defines the sampling
frequency of each sensor in the LabVIEW program. After defining the sampling
frequencies, the program collects the sensorial data from each sensor during the
experiment and stores the data temporarily in the memory of the data
acquisition system (cDAQ).

•

From the cDAQ memory, the program pulls the raw sensorial data and stores it
in the random-access memory (RAM) of the host personal computer (PC).

•

The raw sensorial data is pulled from the RAM into the LabVIEW application
to be written into a file in the hard drive of the host PC as a text (.txt) file.
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4.3

Feature Extraction

To quantify the information contained in the sensor data, features in the frequency
domain and statistics are extracted from the raw sensorial signals. Next, the feature
extraction method applied to each sensor is discussed.

Vibration when grinding wheel is at the center of the workpiece

1

Beginning of grinding action

2

3

4

End of grinding action

Figure 4.5: Raw vibration signal during grinding with a cutting depth of 0.0254
mm and with a feed rate of 20.59 mm/sec (four passes)
Figure 4.5 presents a raw vibration signal collected during grinding with cutting
depth of 0.0254 mm and with a feed rate of 20.59 mm/sec. When the grinding wheel
contacts the workpiece, the magnitude of the vibration increases significantly. As
grinding action progresses along the length of the workpiece, the vibration decreases
till the center of the workpiece and again rises until it reaches the other end of the
workpiece. Fig. 4.5 indicates that the workpiece passes under the grinding wheel four
times.
It was determined in Chapter 3 that the vibration amplitude is proportional to the
specific grinding energy at 57.5 Hz. The rotational frequency of the grinding wheel is
approximately 57.5 Hz, which is determined by the spindle speed of the grinding
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machine. The sampled raw vibration signal is transformed into the frequency domain
using the fast Fourier transform (FFT) algorithm and vibration signal in the frequency
band of 55-65 Hz is extracted. Along with 55-65 Hz frequency band (first harmonic),
the vibration signals at the second (110-130 Hz) and third (160-200 Hz) harmonics of
the grinding wheel rotational frequency are also extracted. The energy of each
frequency band is computed (the area under the frequency band curve) and stored as a
feature. A visualization of the vibration signal in these three frequency bands is
presented in Fig. 4.6. It can be observed that the magnitude of vibrations is significantly
higher at the center of these frequency bands, which are the frequencies associated with
the interaction of the grinding wheel and the workpiece. This indicates that vibration
primarily arises from the interaction of the grinding wheel and the workpiece. The
stronger the interaction between the workpiece and the grinding wheel, the greater the
specific grinding energy and the greater the magnitude of vibration at the first three
harmonics.
Figure 4.7 presents a sample of the raw acoustic emissions signal. It would be
expected that a raw acoustic emissions signal will be of the form observed in the
vibration signal because acoustic emissions are a consequence of vibration. However,
only a slight similarity can be observed between the vibration and acoustic emissions
signals. The similarity is limited to the first pass. In the laboratory in which this study
is carried out, it is essential that a dust collector is continuously operated if experiments
are conducted on the surface grinder for operator safety. The dust collector is associated
with a loud and wide range of noises. It is believed that those noises from the dust
collector corrupted the acoustic emissions signal originating from the grinding action.
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The acoustic emissions arising from the vibrations that are correlated with specific
grinding energy will also be correlated with the specific grinding energy. The signal
processing method adopted for the vibration signal is also adopted for processing the
acoustic emissions signal. The acoustic emissions signal is processed using an FFT
algorithm. The frequency bands corresponding to the first three harmonics of grinding
wheel rotation are extracted from the raw acoustic emissions signal. The energy of each
frequency band is computed and stored as a feature.

Figure 4.6: Vibration signal at the first three harmonics of the grinding wheel
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Figure 4.7: Raw acoustic emissions signal during grinding with a cutting depth
of 0.0254 mm and with a feed rate of 20.59 mm/sec
Voltage signals measured at the wall plug and the AC motor are continuous signals
with a magnitude of 120V. Voltage signals (120V) that do not vary with the process
conditions such as cutting depth and feed rate voltage signals are not presented here.
Figure 4.8 presents raw current signals measured at the wall plug and the AC motor
during grinding process with a cutting depth of 0.0254 mm and feed rate of 20.59
mm/sec. Two surges in the raw current signal can be observed. The first surge occurs
when the AC motor is turned on and the next surge is observed when the grinding wheel
contacts the workpiece. Following these two surges, there is a constant current band
with small peaks in regular at regular intervals, as shown in the Fig. 4.8. This constant
current band is associated with the grinding wheel rotating at a constant speed. The
small peaks are associated with the material removal processes or other interactions of
the grinding wheel with the workpiece (i.e., ploughing and sliding).
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Sudden surge in current when
AC motor is turned on

Small peaks in current
associated with material
removal

Second surge in current when
grinding wheel contact
workpiece

Figure 4.8: Raw current signals from the wall plug and AC motor during
grinding with a cutting depth of 0.0254 mm and with a feed rate of 20.59 mm/sec
The features that are extracted from the current and voltage signals are the total
energy consumption of the machine and the energy consumption of the AC motor.
Equations 4.1 and 4.2 are the mathematical expressions used to compute the total
energy consumption of the machine and energy consumption of the AC motor,
respectively,
𝑛′

𝑡

𝐸𝑚𝑎𝑐ℎ𝑖𝑛 = ∫1 ∫𝑡 2(𝑉𝑚𝑎𝑐ℎ𝑖𝑛 × 𝐼𝑚𝑎𝑐ℎ𝑖𝑛 )
1

(4.1)
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𝑛′

𝑡

𝐸𝑚𝑜𝑡𝑜𝑟 = ∫1 ∫𝑡 2(𝑉𝑚𝑜𝑡𝑜𝑟 × 𝐼𝑚𝑜𝑡𝑜𝑟 )

(4.2)

1

where t1 and t2 denote the beginning and the ending of a grinding pass; Vmachine and
Imachine denote instantaneous voltage and current measurements of the entire machine;
Vmotor and Imotor denote instantaneous voltage and current measurements of AC motor;
and 𝑛′ denotes the number of times the workpiece passed the grinding wheel. The
variables Emachine and Emotor denote the total energy consumption of the machine and
the energy consumption of the AC motor during a complete grinding cycle. Using these
two equations, energy consumption in-process parameters are calculated and stored as
features.
Table 4.5 provides a list of all the features that are extracted from the raw sensorial
data of all the sensors.
Table 4.5: Features extracted from raw sensorial data
Notation
ECM

Feature extracted Notation
Total
energy EVY(170-190)
consumption of
the machine

ECA

Energy
EVY(110-130)
consumption of
the AC motor
controller

EAE(170190)

Energy of acoustic EVY(55-65)
emissions in the
170-190
Hz
frequency band

EAE(110130)

Energy of acoustic EVX(170-190)
emissions in the
110-130
Hz
frequency band

Feature extracted
Energy
of
vibrations along
Y-axis in the
170-190
Hz
frequency band
Energy
of
vibrations along
Y-axis in the
110-130
Hz
frequency band
Energy
of
vibrations along
Y-axis in the 6555 Hz frequency
band
Energy
of
vibrations along
X-axis in the
170-190
Hz
frequency band
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EAE(55-65)

Energy of acoustic EVX(110-130)
emissions in the
65-55
Hz
frequency band

EVZ(170190)

Energy
of
vibrations along
Z-axis in the 170190 Hz frequency
band
Energy
of
vibrations along
Z-axis in the 110130 Hz frequency
band
Energy
of
vibrations along
Z-axis in the 65-55
Hz
frequency
band

EVZ(110130)

EVZ(55-65)

4.4

EVX(55-65)

umeasured

Energy
of
vibrations along
X-axis in the
110-130
Hz
frequency band
Energy
of
vibrations along
X-axis in the 6555 Hz frequency
band
Measured
specific energy

CD

Cutting depth

FR

Feed rate

Correlation Analysis

Correlation analysis is a statistical technique used to determine the strength of the
relationship between two variables, and expressed using the Pearson Correlation
Coefficient (𝜌) given in Eq. 4.3
𝜌=

𝑛 ∑ 𝑣1 𝑣2 − ∑ 𝑣1 ∑ 𝑣2
√[𝑛 ∑ 𝑣1 2 −(𝑣2 )2 ][𝑛 ∑ 𝑣1 2 −(∑ 𝑣2 )2 ]

(4.3)

where n is number of samples of each variable used to compute correlation coefficient
and v1 and v2 denote the two variables whose correlation is being determined. The
Pearson Correlation Coefficient can range from 0 to 1, where 1 indicates the strongest
correlation between two variables. Figure 4.9 presents a heatmap for all the Pearson
Correlation Coefficients, which were determined for all possible pairs of features
extracted. It should be noted that the inferences that are drawn from this correlation
analysis are relevant to the experimental conditions in this study and are not likely
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universally true. Inferences might change with change in the process or in the features
extracted, or even with a change in the experimental conditions.

Figure 4.9: Visualization of the Pearson Correlation Coefficients between the
extracted features (notations are as defined in Table 4.5)
From Fig. 4.9 it can be observed that the feed rate has the strongest correlation (
= 0.69) with the measured specific grinding energy. Figure 4.10 presents the variation
of mean measured specific grinding energy with the feed rate. According to the Eq. 1.2,
as the feed rate increases while all other variables remain constant, specific grinding
energy should decrease. The variation of mean measured specific grinding energy with
the feed rate is consistent with the theoretical expression at 0.0254 mm and 0.0762 mm
cutting depths. The specific grinding energy decreases as the feed rate increases at
cutting depths of 0.0254 mm and 0.0762 mm. However, at a cutting depth of 0.0508
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mm, mean measured specific grinding energy first increases as feed rate increases from
20.59 mm/sec to 63.85 mm/sec and then decreases as feed rate increases from 63.85
mm/sec to 96.36 mm/sec. From Fig. 4.10, the error bars indicate that data is closely
centered around the mean at all conditions and the differences in the means can be
considered to be statistically significant.

Specific Grinding Energy (J/mm3)

80
70
60
50
40
30
20
10
0
0.0254 mm
20.59 mm/sec

0.0508 mm
Cutting Depth
63.85 mm/sec

0.0762 mm
96.36 mm/sec

Figure 4.10: Variation of measured mean specific grinding energy with feed rate
with error bars representing standard deviation
After the feed rate, features extracted from the vibration sensor presented the
second strongest correlations with the measured specific energy. Those features are the
energies of the vibration signal in the frequency band of 170-190 Hz along all the three
axes, i.e., EVZ(170-190), EVY(170-190), and EVX(170-190), with Pearson
Correlation Coefficients of 0.68, 0.64, and 0.61, respectively. This indicates that the
vibration sensor is potentially more capable than any of the other sensors in accurate
indirect monitoring of specific grinding energy.
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Remaining features extracted from the vibration sensor are also correlated with
measured specific grinding energy significantly with Pearson correlation coefficients
in the range of 0.57-0.26. The vibration features in the frequency band of 55-65 Hz
presented an average correlation coefficient of 0.53 and the vibrations features in the
frequency band of 110-130 Hz presented an average correlation coefficient of 0.36.
This reinforces the capability of the vibration sensor to indirectly monitor the specific
grinding energy.
After the vibration sensor, the current and voltage sensors together have the next
best potential to indirectly monitor specific grinding energy. Features extracted from
current and voltage sensors have correlation coefficients of 0.32 and 0.43 with the
measured specific grinding energy. The features extracted from the acoustic emissions
signal exhibit the lowest correlation. As stated previously, the acoustic emissions signal
is corrupted by the noise generated by the dust collector, which offers a possible
explanation for the very weak correlation with the measured specific grinding energy.
Excluding the features extracted from the acoustic emissions sensor, remaining features
are utilized to train and test the mathematical models discussed in the previous chapter.

4.5

Results

The ANN and SVM-R models are developed in MATLAB and Python
environments, respectively, to estimate specific grinding energy. This section discusses
the results achieved using both modeling techniques. Table 4.6 describes the
parameters of both models. In MATLAB, training and testing data are randomly split
in the ratio of 70% and 30% (based on common practice), respectively, for both models.
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The cost function and optimization algorithm are as defined in the previous chapter.
The following section will discuss the results achieved using the ANN model.
Table 4.6: Model parameters
Training data size
Testing data size
Optimization algorithm
Cost function

ANN
378 (70%)
162 (30%)
Levenberg - Marquardt
Mean squared error

SVM-R
378 (70%)
162 (30%)
Stochastic Gradient
Norm of the function

4.5.1 Results of Artificial Neural Network Model
As noted above, in MATLAB, training and testing data are randomly split in the
ratio of 70% and 30%. The testing data is again split into two halves. The first half is
used for validation and the second half for testing. The optimization algorithm
determines the weights of the model using the training data. Training phase is an
iterative process. After every iteration, it is essential to determine if the weights
assigned in that iteration are the optimal weights by using the validation data set. If the
cost function with the validation data is greater than the cost function with the training
data, it indicates the weights are not optimal and the training has to continue.
As noted previously, the optimization algorithms works to minimize the cost
function in the training phase. This will consequentially lower the cost function in the
validation phase. After a certain number of iterations, while the cost function in the
training phase continues to decrease, the cost function in the validation phase begins to
rise. The rise in the cost function in the validation phase indicates that the model is
overfitting on the training data and training must be stopped.
In this study, if the cost function in the validation phase increases continuously for
six iterations, it is considered that the model is over-training and training must be
stopped. After completing the training phase, the model is tested using the test data to
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determine the performance of the model. The testing data is not used to adjust or
determine the parameters of the model. The testing data is never seen by the model, it
is solely used to determine the accuracy and performance of the model. Figure 4.11
displays how cost function varies in all three phases over 30 iterations.

Figure 4.11: Variation of the cost function during training, validation, and
testing phases of ANN model development
At the beginning of the training process, the cost function is very high (on the order
of 10). By the 24th iteration of the testing phase, the cost function reduces to 2.588.
After 24th iternation it can be observed that the cost function is increasing in the
validation phase and testing phase, while the cost function in the testing phase is
decreasing. This suggests that the model is over-fitting the experimental data and the
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training process is stopped after six iterations from the 24th iteration. By stopping the
training procedure at the 30th iteration, over-fitting of the model is prevented.
After preventing the over-fitting of the model on the training data, it is essential to
make sure the model is not under-fitted on the training data. To determine if the model
is under-fitted on the training data, standardized residual plots are generated.
Standardized residuals plots contain standardized residuals on the Y axis and estimated
specific energy on the X axis. Standardized residuals are computed using Eq. 4.4.
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 =

𝑢𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 −𝑢𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑
𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑 𝑣𝑖𝑎𝑡𝑖𝑜𝑛 (𝑢𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 −𝑢𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 )

(4.4)

If there is a trend in the standardized residual plots, it indicates that the model still
has scope for improvement. Figure 4.12 presents a residual plot generated using all the
experimental data.

Figure 4.12: Standardized residual plot
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It can be observed in Fig. 4.12 that the standardized residuals are randomly
distributed. This indicates the model has potentially captured all patterns present in the
data. Thus, the performance of the model is next evaluated at different feed rates. The
metric used to evaluate the performance of the model is mean accuracy. Mean accuracy
is computed using Eq. 4.5:
𝑀𝑒𝑎𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

1
𝑛

∑𝑛𝑖=1

(𝑢𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 )𝑖 −(𝑢𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 )𝑖
(𝑢𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 )𝑖

× 100%

(4.5)

The mean accuracy of the model is 84.8%. Multi-sensor fusion suggests that the
accuracy of the model will improve when the number of sensorial inputs to the model
increases. To evaluate this supposition, the features extracted from the vibration sensor
signal are first removed. This cause mean accuracy to drop from 84.8% to 79.77%.
Next, the energy consumption of the AC motor feature is removed as an input from the
model. This caused mean accuracy to drop from 79.77% to 79.1%. Removal of these
inputs demonstrates the ability of the multi-sensor fusion technique to more accurately
estimate specific grinding energy with additional inputs. Figure 4.13 represents how
the mean accuracy of the model decreases with fewer sensorial inputs.

75
90

84.8
79.77

80

79.1

Mean Accuracy

70
60
50
40
30
20
10
0
Model 1

Model 2

Model 3

Figure 4.13: Variation in ANN model’s mean accuracy with decreasing sensorial
inputs

4.5.2 Support Vector Machine – Regression
The SVM-R is developed using the Python programming language because of the
ease that Python libraries offer. Unlike the procedure observed in ANN model
development, the SVM-R development process does not include a validation phase.
There are only training and testing phases. With the model parameters indicated in
Table 4.6, the SVM-R model is trained and tested with 378 and 162 data points,
respectively. The final performance of the model depends on the initial guess of the
parameter p in Eq. 3.32. After numerous guesses, the best model is determined. The
model developed in this research has a final mean squared error (cost function) of 0.3.
Similar analysis conducted in the previous section to evaluate the multi-sensor
fusion concept is also conducted in this sub-section. The results indicate that the mean
accuracy of the model dropped from 94.02% to 91.1% when the all the features that
are extracted from the vibration sensor are removed. When the energy consumption of
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the AC motor feature is removed as input from the model, the mean accuracy of the
model dropped from 91.1% to 89.64% as shown in the Fig. 4.14. This decreasing trend
of model accuracy with fewer sensorial inputs is presented in Fig. 4.14.
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Figure 4.14: Variation in SVM-R model’s mean accuracy with decreasing
sensorial inputs
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5 SUMMARY AND CONCLUSIONS
This chapter provides a summary of the research tasks that were undertaken and
presented in this thesis. This chapter also discusses the major academic contribution of
this research as well as opportunities for future work.

5.1

Summary

The manufacturing sector is considered a great boon to the economy and society of
the U.S as it contributes significantly to job and wealth creation. These benefits of
manufacturing, however, come at an added cost. The manufacturing sector is one of
the biggest consumers of fossil fuels and leaves a significant burden on the environment
in the form of greenhouse gas emissions. Growing concerns about global warming and
climate change had made improvements in the environmental performance of the
manufacturing process imperative. A significant portion of the GHG emissions
associated with a manufacturing process primarily arise due to the consumption of
electrical energy. This suggests that it is essential to reduce the energy consumption of
a manufacturing process to improve its environmental performance.
A first step necessary to reduce manufacturing energy consumption is to develop
energy models that would allow practitioners to analyze their processes. Such energy
models would enable researchers and manufacturers to estimate and understand process
energy consumption patterns. However, developing an analytical energy model for
machining processes, such as grinding, is challenging due to complex and dynamic
interactions between the cutting tool (e.g., grinding wheel) and the workpiece.
Analytical modeling of machining processes is more difficult when it is essential to
consider the influence of numerous in-process parameters such as chatter, cutting tool
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condition, and others. Another approach to monitor machining process energy
consumption observed in the literature is to use multi-axis dynamometer and torque
sensors. However, multi-axis dynamometers and torque sensors are expensive
monitoring devices. The manufacturing sector primarily aims to derive profits by
minimizing capital and operational costs. In such cases, expensive energy monitoring
devices are not attractive.
Hence, the research reported herein was undertaken to enable estimation of specific
grinding energy by fusing multiple in-process parameters that are correlated with the
specific grinding energy using models that are developed based on machine learning
techniques.
This thesis attempted to achieve this research objective through the following tasks:
•

Mathematical and theoretical models were developed to identify the in-process
parameters that are correlated with the specific grinding energy. Using the
mathematical model, it was established that the vibration in-process parameter
is correlated with the specific grinding energy at the rotational frequency of the
grinding wheel. As would be expected, the theoretical model established that
the total energy consumption of the machine and the energy consumption of the
AC motor are also correlated with the specific grinding energy.

•

To experimentally validate the correlation between the in-process parameters
identified in the above step, a process monitoring system prototype was
developed that employed voltage, current, accelerometer, and acoustic
emissions sensors. Current and voltage sensors are used to monitor the total
current and voltage of the machine and current and voltage of the AC motor.
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The accelerometer and acoustic emissions sensor are used to monitor the
vibrations and acoustic emissions at a range of machine settings.
•

After developing the process monitoring system prototype, a full factorial
design was established, ensuring experiments were systematically conducted.
The collected raw sensorial data was processed in the time and frequency
domains to extract features that are correlated with the specific grinding energy.
Correlation analysis was conducted to determine the magnitude of correlation
between the measured in-process parameters and specific grinding energy. It
was established that features from the vibration signal exhibited the strongest
correlation, followed by features from the current and voltage sensors. The
acoustic emissions features exhibited the weakest correlation. Among the
machine settings, feed rate presented the strongest correlation with the specific
grinding energy. The correlation of feed rate with the specific grinding energy
is larger than that of any feature extracted from raw-sensorial data.

•

Two models were developed using artificial neural network (ANN) and support
vector machine – regression (SVM-R) techniques to estimate specific grinding
energy by fusing all the features extracted from the raw sensorial signals;
acoustic emissions features were neglected due to their low relative correlation
to specific grinding energy. The ANN and SVM-R models were able to estimate
the specific grinding energy with a mean accuracy of 84.96% and 90.36%.
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5.2

Conclusions

In conclusion, this research identified multiple in-process parameters in the
grinding process that are correlated with the specific grinding energy using
mathematical and theoretical models. The correlation between the in-process
parameters and the specific grinding energy is quantified using experimental data. The
vibration in-process parameter exhibited the strongest correlation, followed by the
current and voltage in-process parameters collected at AC motor with correlation
coefficient of 0.43. Current and voltage in-process parameters collected at the wall plug
have correlation coefficient of 0.4. Acoustic emissions exhibited the weakest
correlation, likely due to noise from the dust collector.
Determining these correlations enabled the development of two machine learning
models to estimate specific grinding energy by fusing data from low-cost sensors
monitoring those in-process parameters. The models are developed based on ANN and
SVM-R techniques and they estimated the specific grinding energy with a mean
accuracy of 84.96% and 90.36%. These models are a demonstration of a new costeffective and accurate method to estimate specific grinding energy.

5.3

Contributions

Mathematical and theoretical models presented in Chapter 3 have established that
the vibration, current, and voltage in-process parameters are correlated with the specific
grinding energy. By identifying these correlations, researchers and manufacturers do
not have to rely on complicated analytical modeling techniques or costly dynamometer
data to model specific grinding energy. As observed previously, analytical methods are
very challenging when they are used to model complex processes such as grinding.

81
Further, application of analytical modes has been limited to the laboratory setting, since
they are not sufficiently reliable and accurate for industrial settings. In addition,
application of dynamometers to measure and model specific grinding energy is cost
prohibitive in a production setting. A single dynamometer for process analysis and
optimization can cost tens of thousands of dollars. Identification of correlations
between the in-process parameters and specific grinding energy in this work has
contributed a new cost-effective and accurate method to model specific grinding
energy. This model will enable researchers and practitioners to understand and make
informed business and engineering decisions to reduce specific grinding energy.

5.4

Opportunities for Future Work

In completing this thesis, several research opportunities were identified, as
discussed below.
Opportunity 1: In the mathematical model presented in Chapter 3, it was assumed
that the vibration arises because of the variations in the grinding force acting on the
workpiece fixture. However, the vibration cannot be explained by a single
phenomenon. Vibration can arise from an unbalanced spindle system, irregular
grinding wheel wear, and chatter. It might be possible that one of these phenomena can
completely explain the variability in the interaction of the grinding wheel and the
workpiece and the variability in the specific grinding energy. If that phenomenon could
be identified, it would eliminate the necessity of using multiple sensors to model
specific grinding energy, resulting in further cost savings and a more accurate model.
To determine if any one vibration phenomenon can explain variability in specific
grinding energy, it is essential to develop an understanding of the origin of each
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vibration phenomenon. Based on that understanding, mathematical models can be
developed to check if any vibration phenomenon can explain variability in the specific
grinding energy.
Opportunity 2: To develop models based on ANN and SVM-R, 540 experiments
were conducted to generated data for training and testing. Manufacturers might not be
able to afford the time and materials to conduct many experiments for model
development, especially in the defense and medical industries where raw materials are
expensive and time is a crucial factor. It is essential to determine if any existing
machine learning technique can accurately model specific grinding energy with smaller
training data sets. Several machine learning models should be developed to estimate
specific grinding energy and all those models should be trained and tested with different
sizes of training data ranging from several hundred to several thousands. This analysis
would assist in identifying a machine learning technique capable of operating on
smaller data sets.
Opportunity 3: Previously, it was noted that grinding wheel wear is proportional
to the specific grinding energy. However, there is still not an accurate and direct
grinding wheel wear monitoring technique. Researchers rely on surface roughness and
temperature measurements to determine the grinding wheel wear. If an accurate and
direct monitoring technique could be developed for grinding wheel wear, it could be
fused into models developed in this study to estimate specific grinding energy with
accuracy greater than what is observed in this study. For example, linear CCD cameras
can be used to directly monitor the grinding wheel wear. The monitoring data from the
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CCD cameras can be embedded into models developed in this study to estimate specific
grinding energy.
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