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“Knowledge knocks on the door of action. If it receives a reply, it stays,
otherwise it departs.”

- Sufyaan Ath Thawree
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Abstract

Predicting the failure of any structure is a difficult task in a mechanical system.
However complicated and difficult the prediction might be, the first step is
to know the actual condition of the system. In a complex machine tool,
where a number of subsystems of electro-mechanical structures interact to
perform the machining operation, failure diagnostics become more challenging
due to the high demand for performance and reliability. In a production
environment, this results in maintenance costs that the management always
strives to reduce. Condition-based machine maintenance (CBM) is considered
to be the maintenance strategy that can lead to failure prediction and reducing
the maintenance cost by knowing the actual condition of the asset and planning
the maintenance activities in advance.

Grinding machines and grinding processes have come a long way since
the inception of the centuries old grinding technique. However, we still
have a number of challenges to overcome before a completely monitored and
controlled machine and process can be claimed. One such challenge is to
achieve a machine-level CBM and predictive maintenance (PdM) setup which
is addressed in this thesis. A CBM implementation framework has been
proposed which combines the information sampled from sensors installed for the
purpose of the process as well as condition monitoring. Accessing the machine’s
controller information allows the data to be processed with respect to different
machine states and process stages. The successful implementation is achieved
through a real-time and synchronized data acquisition setup that allows data
from multiple sources to be acquired, stored and consolidated. The dataset
thus generated in the experimental phases, which is used in a significant part
of this project, is also published in Swedish National Data Service (SND).

The thesis also presents the failure diagnostic model based on a two-step
classification approach using benchmarked random forest models. The binary
classifier predicts if there is a fault present in the machine based on crucial
sensors data from the Idle segment of the grinding cycle. Multi-class random
forest classifier diagnoses the fault condition. PdM, knowing when to trigger

v
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maintenance action, is achieved by predicting the overall quality of the
produced parts from the feature set extracted from sensor data of the Spark-out
segment of the grinding cycle. Combining fault diagnosis with the predicted
quality information resulted in reliable and actionable maintenance decisions
for the bearing ring grinder. The demonstrated setup, based on a production
bearing ring grinder, is adaptable to similar machines in production.

vi
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Nomenclature

∆dw Grinding Allowance on diameter (mm)

bD Active grinding wheel width (mm)

bw Ground workpiece width (mm)

ds Grinding wheel diameter (mm)

dw Workpiece diameter (mm)

fr Radial feed (µm)

heq Equivalent grinding thickness (µm)

iw Number of ground workpieces (−)

ns Grinding wheel rotational speed (1/min)

nw Workpiece rotational speed (1/min)

Q′
w Specific material removal rate (mm3/mm · s)

Qw Material removal rate (mm3/s)

vc Cutting Speed (m/s)

Vw Material removal (mm3)

vw Workpiece Speed (m/s)

vfr Radial feed speed (µm/s)
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Chapter 1

Introduction

1.1 Background

Grinding is a centuries old process and is still greatly used in the manufacturing
of precision parts. It is one of the core material removal processes in bearing
production. Being at the end of the process chain, it is crucial to avoid quality
variations that can lead to scrap production. The high demand for output
productivity and fulfillment of various surface quality parameters makes the
area of grinders and grinding process an active research field [1]. The changing
machine conditions of the bearing ring grinder make it challenging to achieve
a predictable process [2]. Despite the integration of several process monitoring
(PM) techniques based on the measurement of in-situ cutting forces, power,
vibrations, etc, today’s grinding process and machines struggle to produce parts
with desired quality without manual intervention in setting up the process for
the first time [2–4]. This variability of the process, in addition to the machine’s
maintenance condition dependency, requires an in-depth understanding and
knowledge of the influence of the involved parameters and how the decision
in one affects the other [1]. This is especially valid when it comes to bearing
production where the tolerances on the produced quality are kept very tight.
These high quality bearings in turn will play a central role as rotating parts of
other machines and equipment [5].

A couple of decades ago, Kegg [6] identified significant improvement
areas in industrial grinding, showing that the process predictability, inventory
reduction, and the need for more automation have a significant impact on
the grinding process and grinding machines in production. Although thermal
compensation in grinding machines and better process predictability are still
not solved, many other innovations in the field have been realized that improve

3
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4 Chapter 1. Introduction

grinding in production, through close collaboration between academia and
industry [7].

Industrial analytics (IA) and industrial internet of things (IIoT) are
key focus areas in many, if not all, manufacturing industries [8]. One
of the more advanced use cases is Condition Monitoring (CM) of machine
tools using machine learning (ML) because of the cost benefits associated
with it. The effort to adapt to the new and technically advanced
ways of working, originating from the concept of Industry 4.0, roots not
only in production reliability but also in the highly competitive business
environment. This has given a great push to the development of Information
and Communication Technologies (ICT). Hence, the technologies underlying
IIoT and Cyber-Physical Systems (CPS) are becoming more prevalent in
companies [8, 9]. This has led to increased interest in the industry to adopt
Condition-based maintenance (CBM) and predictive maintenance (PdM) that
can allow for a more deterministic asset availability, increased production
reliability, and significantly improved maintenance planning [10].

A lot of research focus has been on such maintenance strategies and
techniques including CBM and remaining useful life (RUL) of individual tools
and machine subsystems [11]. This research, although significant for CBM and
RUL, has left a large gap in addressing failure modes and performance issues
related to machines in production [12]. Despite the inevitable focus on PdM
implementation [13], grinding machines and processes are rarely, if at all, part
of scientific publications related to CBM and PdM [5]. Even today’s production
grinders struggle to offer precise process predictability due to the complex
inter-dependency of process control and the physical and operating condition
of the machine [2]. To maintain the quality of the parts produced, the machine
needs to be monitored for degradation of its subsystems and components [14].
Given the criticality of grinders in bearing ring production, adapting CBM
becomes a crucial choice for maintaining the machines to improve production
reliability [15].

1.2 Problem formulation

In spite of the advantages of a capable and suitably planned CBM system in
a machine tool being discussed in the literature, the gap between PM and
control and CM has rarely been addressed, especially for grinding machines
and grinding processes [7, 16, 17]. PM is aimed at approaches used e.g.
installation of sensors to measure, describe and control the process, and CM
is targeted to capture certain behavior e.g. failure mode, of a machine or a
subsystem. Utilizing new sensing technologies gives the opportunity to monitor
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1.2. Problem formulation 5

the machine in real-time using CBM methodologies and achieving effective
maintenance decision-making [18,19]. This requires the selection of components
to be monitored, choosing the right sensing techniques and installation in
accordance with the right data analysis to realize a capable CBM setup. A good
implementation can enhance the performance of the machine while improving
maintenance function [20].

Despite that Machine learning (ML) approaches and methodologies in
failure prediction through collected data for predictive maintenance (PdM)
have been assessed several times [21], failure prognostics is still considered a less
explored task due to its specific nature in relation to the process and equipment
[22]. Recent publications for PdM, in the machine tools segment, focus more
on individual components of the machines e.g., bearings, spindles, and cutting
tools in a lab setting [11, 23, 24]. The lack of CBM and PdM implementation
procedures in addition to the absence of holistic PdM applications [12] leaves
a large gap in the CBM and PdM research, in particular, this is the case for
grinding machines [5].

The aim of this research is to develop a methodology for achieving PdM at
the machine level through a CBM implementation approach in a bearing ring
grinder that also enables future development in advanced process control. The
machine, thus equipped, should enable the possibility to monitor and capture
the ring production process in real-time using synchronized data acquisition
of installed sensors along with the machine’s operational and process data.
Quality measurements are considered key to evaluating the accuracy and
impact of faults on the machine’s performance. Figure 1.2.1 depicts the scope
for which the research questions, RQ1 and RQ2, are formulated. The answers
to these questions would result in a test bed generating high quality data for
advanced data analytics. This would ultimately lead to the replication of the
developed approach for predictive maintenance to other production machines.

Figure 1.2.1. Scope of predictive maintenance.
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6 Chapter 1. Introduction

RQ1 Can common faults in a bearing ring grinder be detected using
condition monitoring, and which are the most promising sensors
and features to detect these faults.

To achieve this, the question is addressed in two parts. (a)
a monitoring setup has to be implemented using sensors and
sensor systems that can capture the machine’s deviation from
the nominal operation. There are two main sources of variations:
(i) using varying process parameters and (ii) mechanical faults
and parts degradation. As for part (b): given the availability of
the sensor data and process information, the objective is to study
the possibility of achieving failure diagnostics using an optimal
sensor setup.

RQ2 Can the quality of produced components of a bearing ring grinder
be estimated using condition monitoring, and which are the most
promising sensors and features to detect this.

Here, the key is to figure out the extent to which the quality is
influenced by machine conditions and process variations. Three
main considerations are (a) quality deviation in correlation to
machine variations in the context of sensor data and process
information, (b) quantifying the quality deviation through prior
knowledge of failure diagnostics, and (c) using the right sensors
and features, reaching a final decision step that verifies the need
to call maintenance.

1.3 Research approach

In the work presented in this thesis, the research questions are approached in
three stages. In the first stage of investigation and setting up of condition
monitoring system for experimentation, part a of the research question one is
addressed. In Paper A, the implementation of the condition monitoring system
is explored through initial experimental tests in the bearing ring grinder. Paper
C expands on the setup achieved in Paper A where the combination of condition
monitoring and process monitoring to achieve a condition-based maintenance
setup is presented. A comprehensive set of experimental test runs, based on
frequently occurring mechanical failures, are used to collect the process, sensor,
and quality measurement data as part of the setup evaluation.
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1.3. Research approach 7

The gathered data is processed and analyzed in the second stage. After
data preprocessing and feature engineering, the machine learning process of
model selection and evaluation is followed for failure diagnostics. Paper B and
Paper D use data resulting from the work of Paper A and Paper C respectively
as part of stage two to reach machine condition and failure diagnostics. A
supervised learning approach to diagnose operational variations from initial
tests is presented in Paper B. Paper D, in addition to failure diagnostics, also
describes the sensor selection as part of feature engineering and presents the
optimal use of sensor setup to answer part b of the research question one.

The third stage focuses on research question two. Part a of the research
question is addressed through Paper B using the data from Paper A. In
this, the extreme process variations affecting the quality are compared against
classification results from sensor data to demonstrate the effectiveness of the
presented monitoring approach. Paper E presents the method to estimate
the quality of the produced parts during experimentation and answers part
b of research question two. Using the sensor and feature selection approach
presented in Paper D, part c of research question two is answered where the
quality data is used to verify the results in Paper E.

Figure 1.3.1 depicts the three stages used and their respective papers. In
the initial testing, the three stages of answering parts of the research questions
are covered in Paper A and Paper B. The learning from the two papers resulted
in the comprehensive setup and testing which followed the three stages in Paper
C, D, and E while answering the research questions as laid out in section 1.2.

Figure 1.3.1. The approach used during the evolution of the project.
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8 Chapter 1. Introduction

1.4 Thesis outline
This thesis is comprised of two parts where Part I, the comprehensive summary,
introduces the topic of research and the origin of the problem. This part
also introduces Grinding and Grinding machines, in the context of bearing
production, in Chapter 2. Additionally, the research challenges in the area
of machine monitoring are also discussed. Chapter 3 formulates the basis
of the problem through the description of different maintenance strategies
and gives an overview of the research of condition-based maintenance in
machine tools while presenting the research gaps in the field in light of this
research project. Using machine learning methodologies as tools, as adapted by
researchers in the field of machine health monitoring, are presented in Chapter
4. Additionally, in this chapter, the basic machine learning framework is also
discussed to clarify the process used when approaching machine learning in the
context of decision-making in machine condition diagnostics. The preparation,
implementation, and utilization of the setup used during this research project
are detailed in Chapter 5 which also describes the experimental testing
conducted and the gathering of the data. Chapter 6 covers the adaptation
and use of the Machine learning methodology discussed in Chapter 4 for our
setup in achieving failure diagnostics and reaching the results. Algorithms
and methodology used in data preparation and signal processing including
filtering and data transformation are explained in this chapter. Here, the use
of the machine learning process in feature engineering and model selection and
development for failure diagnostics and maintenance decision-making is also
presented. A summary of the results in answering the research questions is
discussed in Chapter 6. Chapter 7 concluding the discussions raises some open
questions for potential future work. In the last chapter of Part I, i.e. Chapter 8,
the contributions resulting from my engagement in the project are summarized.
Attached in Part II of this thesis are the papers encompassing the work carried
out during the project forming the backbone of this thesis.
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Chapter 2

Grinding in Bearing Ring
Production

Grinding is one of the oldest manufacturing techniques used by humans and
is nowadays most commonly used as a finishing process. In many cases, no
subsequent post-grinding correction of the surface and geometry is performed.
The tiny and hard abrasive particles are formed in a binder in the shape of a
grinding tool or wheel having a multitude of cutting edges. The grinding tool,
operating at high speed, continuously removes material from the workpiece. For
the grinding as material removal operation, six basic elements are involved [25]

1. The workpiece

2. The abrasive tool with undefined cutting edges

3. The workpiece clamping

4. The process fluid

5. The atmospheric environment

6. The machine’s accuracy

Manufacturing of bearings is challenging as the production operations
must be performed within narrow tolerances of only a few micrometers.
Among different hard machining processes used within SKF to produce bearing
components, grinding is one of the core processes. One major reason for the
wide adaptation of the grinding process is that it can deliver products with
high accuracy and desired surface integrity in a cost-effective way. To have
better control over the quality of the produced ground surfaces, a grinding
cycle consisting of multiple stages of rough or fine grinding followed by a

9
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10 Chapter 2. Grinding in Bearing Ring Production

sparkout stage is used [26]. Despite the high-quality demand on ground
surfaces in bearing production, the grinding process is generally followed by a
superfinishing operation to achieve final quality for the bearing running surface.

The main characteristics of grinding are:

1. Generally feed controlled

2. Line contact between grinding wheel and workpiece

3. Grinding fluid is used to cool, lubricate and remove grinding chips

The grinding process is mainly classified into four different types. These
types are Cylindrical, Internal diameter, Centerless, and Surface grinding.
These depend upon the type of workpiece and its chucking and interaction
with the grinding wheel. Workpiece chucking in grinding can be performed
between centers or centreless in plunge or through feed mode. In plunge
grinding, the grinding wheel comes down literally plunging into the workpiece
to grind and regenerate the workpiece’s surface. In bearing ring production,
typical grinding operations follow, face grinding → outer diameter/external
grinding → internal/bore grinding. Some variations and additional steps can
be performed depending on the bearing component being produced. Figure
2.0.1 shows examples of grinding applications on bearing rings.

Figure 2.0.1. Examples of grinding applications on bearing rings [27].

During the grinding process, the grinding wheel’s performance decreases
due to the abrasive getting dull. To expose the fresh and sharp cutting edges,
the grinding wheel is typically dressed, using a diamond or diamond wheel.
This gives the grinding wheel the required shape and condition in addition to
alignment and balancing to reduce run-out and to produce correct geometry
and surface parameters. The produced quality from the grinding depends very
much on the grinding machine characteristics. Stiffnesses, vibration sources,
thermal sources, the dressing system employed as well as the selection of
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2.1. Grinding parameters 11

the grinding wheel and process parameters such as feed rate, wheel speed,
workpiece speed, clamping method, type of grinding fluid and method of
applying fluid all affect the ground quality. The type of workpiece material
significantly influences the grindablity and the grinding process has to be tuned
depending on the material to be ground. A difficult to grind material normally
employs longer grinding time due to lower applied feed rates and more frequent
dressing cycles.

2.1 Grinding parameters

In the feed controlled grinding process, used in this work, some basic
parameters, described below, are considered important to effectively control
the grinding cycle [26,28,29]. The cutting speed (vc)

vc = π ∗ ds ∗ ns

103 ∗ 60
, (2.1.1)

is depicted in figure 2.1.1. Increasing the vc has the potential to increase
the output of the grinding process.

Figure 2.1.1. Cutting speed vc and work speed vw.

Figure 2.1.1 also shows workspeed (vw)

vw = π ∗ dw ∗ nw

103 ∗ 60
. (2.1.2)

The speed ratio between vc and vw relates, for example, to the grinding zone
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12 Chapter 2. Grinding in Bearing Ring Production

temperature and is kept within a range. Similarly the rotational speed ratio
between ns and nw can influence the circumferential waviness of the workpiece.

Another important parameter is the radial feed speed vfr at which the
grinding wheel moves into the workpiece as shown in figure 2.1.2.

Figure 2.1.2. Radial feed speed.

Radial feed fr is the radial feed per revolution of the workpiece and is
calculated as

fr = vfr

nw
∗ 60, (2.1.3)

and is depicted in the figure 2.1.3.

Figure 2.1.3. Radial feed fr in external grinding.

During grinding, the volume of the workpiece material removed is calculated
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2.2. Grinding machines 13

as

Vw = π ∗ dw ∗ ∆dw

2
∗ bw ∗ iw. (2.1.4)

And the material removal rate for perpendicular plunge grinding,

Qw = fr ∗ vw ∗ bw = π ∗ dw ∗ vfr ∗ bw

103 , (2.1.5)

is defined as the volume of workpiece material removed per time unit. The
specific material removal rate Q′

w, where

Q′
w = Qw

bD
= fr ∗ vw ∗ bw

bD
= π ∗ dw ∗ vfr ∗ bw

bD
∗ 1

103 , (2.1.6)

is defined as the material removal rate Qw per unit of active grinding wheel
width bD.

A basic parameter considered in setting up the cycle is the equivalent
grinding thickness heq. Geometrically, for the used plunge grinding process,
the heq can be depicted as in figure 2.1.4. For the active grinding wheel width,
bD equal to ground workpiece width bw, the heq is given by the ratio of specific
material removal rate and the cutting speed as

heq = Q′
W

vc
= fr ∗ vw

vc
. (2.1.7)

2.2 Grinding machines
Grinding is a surface geometry finalization process that imposes strong
requirements on grinding-machine technology [2]. There have been many
developments in grinding such as fast and automatic wheel balancing systems,
and flexible and automated dressing devices, including and not limited to
innovations in abrasive products. There is still, however, a gap between the
academic and industrial worlds [30]. Since grinding is a key process in bearing
ring production where the recondition of the grinding wheel enables the higher
material removal rates for harder material used. The surface topography and
the subsurface properties achieved in the plunge grinding process result in
the high geometrical/dimensional accuracy required in ring production. This
not only puts high demands on the machine but is also subject to variations
due to changing operating conditions of the machine itself. An increase in
manufacturing accuracy over time [31] stems from the requirements and the
available machines from the machine tool builders. It is difficult to directly
adopt developments from the other machining processes due to the higher
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14 Chapter 2. Grinding in Bearing Ring Production

Figure 2.1.4. Geometric illustration of equivalent grinding thickness heq.

accuracy of the grinding [2]. The key properties of grinding, that makes it
significantly different from milling, manifesting from the industrial challenges,
can be listed as:

1. Higher cutting speeds resulting from large tool diameters and/or high
spindle speeds.

2. Higher normal forces on a grinding wheel in comparison to tangential
forces.

3. Multiple protections against grinding tool failure.

4. A separate dressing unit and programming cycle to regenerate/dress
grinding wheel profile.

5. Higher axes quality and accuracy requirements

6. Need for balancing device to counter high centrifugal forces from rotating
grinding tools.

7. Need to dissipate grinding zone heat using proper coolant supply.
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2.2. Grinding machines 15

8. Employment of Acoustic Emission (AE) sensor or similar for contact
detection between grinding wheel and workpiece.

9. Use of in-situ measuring to achieve higher accuracy parts.

10. Higher requirements on machine design to isolate abrasives particles from
machine parts.

The grinding machines used in the herein described research possess these
properties. Among different types of machines used throughout the bearing
production process, grinding with rotating tools is a commonly used type. The
behavioral aspects of the machine can be associated with the essential machine
elements that constitute its subsystems comprising drive systems, guideways,
and feedback systems. For example, using hydrostatic guideways and spindles
have the advantage of increased stiffness and damping properties [2] as well as
other grinding process limitations can be directly associated with these machine
elements. Hence, the design of the machine and the choice of type of subsystems
become the factors signifying the machine and process accuracy that directly
influence the quality of the produced parts. Figure 2.2.1 depicts the schematic
of the grinder and its subsystems used in bearing ring production in the external
grinding process. The yellow circle illustrates the loop stiffness path.

Figure 2.2.1. Schematic illustration of an external grinder and its subsystems [27].
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16 Chapter 2. Grinding in Bearing Ring Production

2.3 Process monitoring and quality control

The grinding process is generally the final step in the machining of precise
workpieces and accounts for about 20-25% of the total investments in machining
operations in industrialized countries [26]. And as the final process step, the
surface topography of ground parts is an essential factor for the assessment
of the grinding process and an important criterion for choosing the machine
tool, the dressing and grinding tools, and the parameters [32]. As a result
of the intensified potential for high productivity, low cost, and high-grade
quality of grinding products, online condition monitoring and feedback control
of grinding processes are highly demanded by industry [33]. The quality
of the ground surface contains various characteristics such as burned area,
surface roughness, residual stresses, phase transformation, and also cracks
throughout the workpiece. Also, other marks can be found on the surface,
such as cracks produced by the thermal impact, back transferred material,
and craters produced by the grain fracture [34]. Given the complex nature
of abrasive processes, the accurate process modeling of the grinding process is
considered extremely difficult [3] which makes it harder to predict the output
quality. Therefore, the need to monitor the grinding process is highly demanded
which also makes it an active research area [1]. The higher productivity
demands and limited predictable control, require the process to be kept in
a narrow process window. Monitoring the grinding process means observing
the different process and output targets e.g. forces, power, output dimension
or shape, etc. If a process anomaly occurs in the monitored process, the
purpose of the process control loop is to reach a normal grinding condition
again through identified malfunction and appropriate control action [3]. Fusion
of information from appropriately installed sensors and sensor systems, such as
acoustic emission, vibration, force, power, and temperature can pave the path
to a fully controlled manufacturing system with process monitoring, diagnosis,
and control actuation [3, 35,36].

2.3.1 The grinding cycle

Forces generated during grinding cause elastic deformation and deflection of
the machine, grinding wheel, and workpiece [28]. The deflection varies during
grinding and is quite large in comparison to the required accuracy of the
ground part. The magnitude of the deflection is dependent on the number of
parameters such as machine stiffness, workpiece geometry, workpiece material
properties, grinding wheel specification, grinding wheel sharpness, and the
grinding parameters described in section 2.1. The deflections can be difficult
to predict due to the variability of the machine parameters, thus it directly

5834538_Inlaga.indd   345834538_Inlaga.indd   34 2023-01-17   12:102023-01-17   12:10



2.3. Process monitoring and quality control 17

influences the machine and grinding performance.
The grinding cycle is designed and set up to account for the machine

deflections and the cycle behavior. A simple grinding cycle in a plunge
grinding process consists of a roughing stage with a controlled infeed velocity
vfr followed by spark-out with zero infeed velocity. Figure 2.3.1 shows the
simple grinding cycle where 0 − t1 is the initial roughing stage and t1 − tf is
the final sparkout stage. Due to deflections in the machine, the actual infeed
velocity follows the r(t) curve in approaching the controlled infeed velocity after
an initial transient. Hence, the lag (deflections) remains significant until the
actual infeed (r(t)) follows the controlled infeed to a steady state value [28].

Figure 2.3.1. Simple grinding cycle. Adapted from [28].

In bearing ring production, maintaining the quality of the produced parts
is of utmost importance. In different stages of grinding in the production
process, different machines have different quality output requirements. During
the production of bearing components, the plunge grinding cycles are often
more complex and can be comprised of multiple grinding stages [28, 29, 37] as
shown in 2.3.2. The wheel radial movement in this kind of cycle is divided
into phases with decreasing infeed rates decreasing the material removal from
one phase to the next. The elastic deformation occurring in the first phase of
the cycle is supposed to be released in the phases. In figure 2.3.2, the moment
T1 the grinding wheel starts its radial movement with a predefined infeed rate
which follows the curve. Due to the elastic deformation and deflection in the
grinding wheel spindle and workpiece, the actual feedrate between the interval
T1 and T2 differs from the programmed feedrate as also observed in the simple
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18 Chapter 2. Grinding in Bearing Ring Production

griding cycle. After the initial transient and some workpiece revolutions, the
actual infeed becomes equal to the programmed feedrate. To reduce the lag and
to reach the desired workpiece dimensions along with obtaining good surface
roughness and reduced circumferential waviness and tight form tolerances, an
infeed of fine grinding is used between intervals of T2 and T3. At the end of
the cycle, the radial movement of the wheel must stop for a moment in order
to remove the initial elastic deformation and improve the workpiece surface
roughness [38]. This brief stop period is the sparkout between the interval
T3 and T4. The interval breakpoints can also be controlled by in-process
measuring devices.

Figure 2.3.2. Complex multi-stage grinding cycle. Adapted from [28].

2.3.2 Quality measurements

As discussed earlier, for bearing components, important quality parameters
are, e.g. surface roughness, circumferential waviness, and geometrical accuracy
e.g. diameter, etc. During bearing production, it is common practice to tune
the process to get the right quality output where the production of the parts
gets stabilized. To measure these quality parameters of bearing components,
apart from limited in-process measurement, measurement equipment such
as Taylor Hobson, SKF MWA, and others are used. Multiple criteria are
defined for quality evaluation based on the measurement type. For example,
different frequency bands to measure ring waviness, least square circle fit for
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2.3. Process monitoring and quality control 19

the roundness as shown in figure 2.3.3 etc. Once the bearing gets assembled,
the quality is generally verified using vibration based analysis.

LSC

Polar diagram

Figure 2.3.3. The least square circle criteria for roundness measurement in SKF
MWA waviness measurement equipment [39].

Quality measurements are crucial to intelligent failure diagnostic
implementation as they provide the truth to verify the performance of models
predicting the machine’s health. The condition of the machine can be such that
it is not close to failure, however, the performance behavior might change which
can adversely affect the quality. The quality variation during production can
lead to scrap. It can also require rework of the parts as well as the introduction
of increased quality tracking which will increase the production cost.
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Chapter 3

Machine maintenance

Maintenance is defined as, "the combination of all technical, administrative
and managerial actions, during the life-cycle of an item intended to retain
it in, or restore it to, a state in which it can perform a required function"
[40]. The industry is experiencing growing challenges caused by increasing
customer demands and highly competitive business environments [9]. To
enable inventory reduction, delivery times have to become substantially shorter.
Thus, disruptions in production flows are quite critical. In more demanding
business environments, malfunctions, speed losses, and erratic performances of
relevant equipment can impede the timely delivery of products and services
[41]. Moreover, the increased automation levels, despite contributing to the
immobilized capital in fixed assets, enhance companies productivity and reduce
labor costs. Therefore, the ability to effectively preserve equipment conditions
is crucial to meeting the organizational objectives [20,42]. This can be achieved
through taking appropriate equipment maintenance actions that can delay
machine and asset deterioration and minimize or avoid complete system failure
which can cause lower productivity and higher production cost [17]. Despite
the wide acknowledgment of maintenance concepts and practices [43–46],
production systems have evolved faster than maintenance management [47].

3.1 Maintenance strategies

There is a constant need to develop and improve current maintenance programs
with the increase in complexity of the machines. Two major forms or strategies
of maintenance are commonly practiced in industrial and process plants. First
is Run-to-failure, which is as it sounds i.e. if it aint broke, dont fix it. It has
been the most common and logical method of maintenance strategy with no

21
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22 Chapter 3. Machine maintenance

initial cost associated with maintenance as it takes less time and money to do
nothing. Despite being a no-maintenance approach, run-to-failure is considered
to be the most expansive maintenance strategy [48]. It is almost nonexistent
in its true sense as almost all the plants perform basic preventive maintenance
of the assets e.g. necessary lubrication and adjustment of machinery. However,
machines and equipment are not refurbished or repaired rather any major
overhaul or main repairs are made when it fails. To counter the downtime
that might occur due to the non-availability of spares, a large inventory
of replacement parts is needed. This practice is also known as reactive
maintenance and thus is associated with a large inventory and consequently
larger cost.

A relatively modern maintenance strategy is preventive maintenance which
is a time-driven approach. The assets are maintained based on their operation
time where the probability of failure increases with elapsed time. The
mean-time-to-failure (MTTF) of an asset behaves generally along a curve that
is also known as the bathtub curve as shown in figure 3.1.1. The three phases
of a product’s life, according to the bathtub curve are characterized as 1)Infant
Mortality or failure modes driven by manufacturing defects that appear early
in life. 2) Useful Life/Random Failures these can vary widely based on the
use and environment. And 3) Wear-out these are more predictable failure
modes and are somewhat guaranteed to happen as per the equipment design.
Hence, it becomes a statistical approach based on the knowledge of machine
and equipment failures where the machine maintenance is scheduled according
to the failure probability.

Figure 3.1.1. The bathtub curve (adapted from [49]).

As in the industrial world, there is a great variety in manufacturing
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3.1. Maintenance strategies 23

equipment, and the approach to preventive maintenance strategy also varies
significantly. The maintenance programs of respective industries and assets
are determined by functionality and criticality and could range from regular
lubrication to complete overhaul but are habitually governed by time. The
limitation of this approach is the difficulty in choosing the right time for repair
as two assets of the same type will fail differently or at different intervals when
exposed to different operating conditions. So the mean time between failures
(MTBF) will be different for the two similar machines working in different
conditions. Thus the available statistics of the equipments MTBF might result
in either unnecessary maintenance work or catastrophic failure [42]. Despite
the challenges, data shows that reactive maintenance or run-to-failure strategy
normally costs three times more than preventive maintenance of similar nature.

Current maintenance strategies have progressed from reactive maintenance
to preventive maintenance, then to condition-based maintenance (CBM)
managed by experts, and later towards a futuristic view of intelligent predictive
maintenance systems [50]. Overall predictive maintenance is driven by the
actual condition of the asset and CBM is one key aspect or basis of this strategy.
Figure 3.1.2 gives a visual illustration of different maintenance strategies with
respect to their cost benefits. Predictive or condition-based maintenance has
a significant advantage over others where the key step, from P-F curve, is to
detect the potential failure point in the condition of an asset which is being
discussed in this thesis.

Figure 3.1.2. Different Maintenance Strategies [51].
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24 Chapter 3. Machine maintenance

3.2 Condition-based maintenance (CBM)
Condition-based maintenance or CBM is the maintenance strategy of using
sensors in machines for the purpose of monitoring, diagnosis, and prognostics
to effectively achieve and plan cost-efficient maintenance while maintaining the
uptime of the monitored assets [48]. The primary challenge is to predict the
health state of the equipment through the use of sensor data with a level of
certainty to accurately determine maintenance action points through effective
reasoning on the remaining useful life (RUL) [52]. To reach this state where
action can be taken, a perception has to be developed of the current state
that can lead to an understanding of the failure as part of condition-based
maintenance [50]. To anticipate the manifestation of the failure, as soon as
possible, complex analysis methodologies have to be adapted to quantify the
chance of the machine’s operation without fault [53].

The main purpose of CBM is to recommend maintenance decisions based
on information obtained through CM [48]. Therefore, the effectiveness of CBM
decisions depends on the monitoring process’s accuracy [54]. According to
Guillén, et al. [55], CBM aims to control equipment failure modes. Thus,
when CBM is established, all potential failure modes that can result in
economic losses should be considered [56]. CBM relies on the assumption that
most failures do not occur instantaneously, and it is possible to detect their
appearance at an early stage of the deterioration process. The main challenge
is to determine the exact moment in which maintenance should be performed
and to identify the most appropriate action [57]. P-F curve, in figure 3.2.1,
can be used to represent the Remaining Useful Life (RUL) of a component,
considering a specific failure mode [58].

Figure 3.2.1. The P-F Curve (adapted from [59]).

The P-F curve depicts the performance or condition evolution of the
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3.3. CBM in machine tools 25

monitored component between the instant in which a potential failure can
be identified (P) and the instant wherein the consequential functional failure
is verified (F). Thus, the time available for performing an appropriate
maintenance action is limited to this interval [60]. However, it should be
considered that failure mode progression is often influenced by changes in
operations, maintenance actions, or due to the occurrence of other failure
modes [61].

3.3 CBM in machine tools

The implementation of a systematic approach to improving productivity using
industry 4.0 innovations in manufacturing gives a competitive advantage to
companies that are willing to adopt the "smart factory" concept [62]. In any
production system, apart from the operational process impacts, the machines
and subsystems are subject to physical degradation [63]. To avoid unplanned
downtime, the industry focuses on predicting behaviors in equipment that can
affect the process and undertaking actions to prevent failures [8]. Appropriate
maintenance actions can only come from an accurate understanding of the
equipment condition where CBM strategy serves the purpose of preventing
performance degradation and functional failures through equipment monitoring
[20].

The objective associated with CBM implementation is to predict anomalies
in regular performance, that can affect the equipment, and take actions to
prevent production losses [8]. The complexity involved in achieving effective
CBM systems results from the level of understanding of CBM strategy [55] as
well as the lack of procedural understanding of technical and economic impact
in the organization [56]. The idea of machine fault diagnosis is to determine
and classify the severity of an asset or its subsystem failure to achieve higher
productivity and avoid catastrophic breakdowns which have a significant effect
on maintenance cost and management [20]. Despite the large initial investment
in a CBM program, the chance of succeeding in CBM implementation comes
down to an adequate implementation approach and the application of CBM
methods [55, 64]. Therefore, researchers have advocated and contributed to
CBM on one end to prioritize prognostics algorithm development [48] and on
other strategic integration of systems to facilitate industrial adaptation [11].

Sophisticated maintenance strategies are to be considered and practiced
for complex and advanced machines in today’s manufacturing. Significant
expenditure goes into maintenance programs in the industry where one-third
to one-half is wasted due to ineffective maintenance [50]. To improve the
maintenance effectiveness of machine systems affected by the stochastic nature
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of machining operations, a well consulted fault diagnosis strategy is needed [65].
A CBM strategy in general and for machine tools comprises three key steps

[66] as shown in figure 3.3.1.

Figure 3.3.1. CBM steps (adapted from [66]).

In the data acquisition step, the data is collected and stored from the
machine. The emphasis is on the collection of useful data as the data in this
context is very versatile and varies according to the machine or condition that
is being monitored. Many parameters can comprise the data set that is to be
processed, ranging from vibration, acoustic, and temperature data to process
quality, and event data. Many sensors and combinations of sensors have been
designed to monitor different parameters for respective data collection [18,67].

One major step in the CBM is data processing. Here the data is handled
according to data type and the type of information that is intended to be
extracted. The data collected could also be of different nature corresponding
to the parameters being monitored e.g. it can be a value or waveform type,
or multidimensional type. Many different data processing or signal processing
techniques have been developed to analyze different time-series waveforms and
other types of data. These techniques, giving useful information from the
signal, are also called feature extraction. Accurate estimation of parameters,
in addition to sensor placement, influences the adaptation of feature extraction
techniques [68]. Time-domain analysis, frequency analysis, and time-frequency
analysis, and their combinations, are examples of different techniques used to
extract features from waveform data [48]. Other data types are also processed
through their respective effective algorithms [69].

To go all the way, the necessary step is maintenance decision-making.
There are two main parts to the decision-making in CBM namely diagnostics

5834538_Inlaga.indd   445834538_Inlaga.indd   44 2023-01-17   12:102023-01-17   12:10
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and prognostics. Diagnostics cover the detection, isolation, and identification
of faults, while, prognostics try to predict faults or potential failures before
they happen. Although it might sound more efficient to jump to prognostics
as, in theory, it is best to know before failure happen, however, in the real
world there will be many faults that will remain unpredictable due to the
complex interaction of machine systems and processes. Diagnostics act as a
complementary tool for prognostics as well to support the uncertain results in
prognostics. Recently, using different diagnostics and prognostics techniques
to optimize CBM for the respective implementations and applications has been
in focus [70].

The combination of the different techniques allows many different
approaches that can be found effective for certain condition monitoring
applications [71]. The versatile nature of the CBM setup and its dependency
on the physics of the system and process offers a gap that can only be filled
by exploring different techniques at each key step of CBM and finding a more
optimized and efficient way to achieve and implement CBM.

3.4 CBM Implementation

CBM implementation is a complex matter and the need to develop more
research related to it has been advocated by several authors [20]. The
development of research approaches to perform failure diagnostics and accurate
prognostics has been emphasized by Jardine et al. [48]. To support the
industry’s strive to adapt to changing technology trends and considering
the challenges in CBM implementation, the development of comprehensive
methodologies in failure diagnostics and prognostic domain providing a holistic
approach is to be prioritized [11]. Hence to increase adaptability and
integration, there is a need for a systematic methodology to be developed to
enable the implementation of CBM systems [13]. The demand only gets stressed
further due to the absence of such holistic approaches for PdM applications
[12,72].

Figure 3.4.1 expands on the CBM strategy introduced in section 3.3 to
elaborate on the implementation steps involved. CBM implementation begins
with setting up a monitoring strategy for the machine. Selecting crucial
subsystems, identifying techniques and technologies for monitoring and the
installation of sensor systems require technical means [20]. The selection of data
analysis methods, together with the adequate implementation approach at each
step can increase the chances of success and the return on investment [56,73].

5834538_Inlaga.indd   455834538_Inlaga.indd   45 2023-01-17   12:102023-01-17   12:10



28 Chapter 3. Machine maintenance

Figure 3.4.1. Implementation steps of CBM process for failure prognostics [74].

3.4.1 Predictive maintenance for Grinding machines

The grinding process is characterized as a highly non-stationary process having
high demands on the machine [3]. In spite of the advantages of a capable
and suitably planned CBM system in a machine tool being discussed in
the literature, the gap between process monitoring and control (PM) and
condition monitoring (CM) has rarely been addressed, especially for grinding
machines and grinding processes [7, 16, 17]. Despite the inevitable focus on
PdM implementation [13], grinding machines and processes are rarely, if at all,
part of scientific publications related to CBM and PdM [5]. Industrial grinding
processes have come a long way in addressing the challenges [6] of process
predictability, inventory reduction, and the need for more automation [16].
However, even today’s production grinders struggle to offer precise process
predictability due to the complex inter-dependency of process control and the
physical and operating condition of the machine [2]. To maintain the quality of
the parts produced, the machine needs to be monitored for degradation of its
subsystems and components [14]. Given the criticality of grinders in bearing
ring production, adapting CBM becomes a crucial choice for maintaining the
machines to improve production reliability [15].
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Chapter 4

Machine learning in
machine-health diagnostics

Machine learning (ML) algorithms e.g. classifiers and statistical learning
methods are used in fault diagnosis of rotating machinery by mapping the
information obtained in the feature space [75]. The selection of methods for
fault diagnosis includes, but is not limited to, k-nearest neighbor (k − NN)
algorithms [76], Bayesian classifier [77], support vector machine (SV M) [78],
and artificial neural network (ANN) [79]. With advancements in the area of
Deep learning, it has become more convenient to use them even in the field of
failure diagnostics [80].

One of the common techniques that have been used, and improved over
time with the availability of more processing and data handling power, is
pattern recognition. Different patterns are extracted from the data and the
system is trained to identify certain behavior or change in a specific pattern
to indicate or predict fault [81]. Pattern recognition has been growing as
many different techniques allow various types of patterns to be monitored e.g.
time-based patterns, frequency-based patterns, statistical patterns, etc. The
decision-making algorithms are then typically trained with supervised learning
to keep track of the signals or patterns from the signals and indicate any
change as an anomaly which then can be related to actual fault using expert
knowledge [69,82].

In traditional machine health monitoring, signal processing methods have
been extensively used to extract useful fault characteristics from sensor signals
[76, 83]. With respect to different ML algorithms being adapted for predictive
maintenance [23], random forest (RF) [84–87], SVM [88–90] and ANN [91, 92]
are the most frequently adopted algorithms followed by Decision trees [93],

29
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(k − NN) [84] and Naive Bayes [92], among others, as part of model training
for failure prediction in the industrial application. In the rare studies of
algorithm comparison [21], Silva et. al [94] reported a negative effect of RF
in comparison to SVM and ANN for developing asset predictive maintenance
utilizing vibration patterns in electric fans. Their preferred approach was to
transform 1-D signal data into an image-like representation and use a pre-tuned
convolutional neural network (CNN) to achieve high-performing PdM. Prytz
et. al [86] showed the use of RF in combination with feature engineering to
improve model performance even with imbalanced data by including historical
maintenance information.

The training of the prediction model is made difficult with the failure class
representing a small fraction of all system states resulting in imbalanced data.
This makes learning from imbalanced data an active field of ML research
[21] to develop sampling techniques for fault detection as part of industrial
maintenance [95].

Accurate fault diagnosis and prediction of the machine condition is crucial
to avoid equipment downtime [10,96] and devise the right maintenance action
in a timely manner, see Section 3.2 and Section 3.3 for further information.
Advancements in ML algorithms and technology, with the possibility to
train, validate and deploy prediction models from time-series data, have
increased their adoption in production environments [97]. In the rotating
machine segment, representing the most significant part of modern industrial
applications, ML has found its footing in failure diagnostics where fault
detection can be considered as a pattern recognition problem. Initiated faults
in a mechanical system results it to function abnormally. However, multiple
faults can cause the installed sensors to pick up on variations which makes it
almost impossible to recognize patterns in a direct way.

4.1 Machine Learning (ML)

Machine learning or ML is a form of applied statistics where the focus is to
statistically estimate complicated functions using computers instead of focusing
on providing confidence intervals around these functions [98]. An ML algorithm
learns from the data where the learning can be defined as, "A computer program
is said to learn from experience E with respect to some class of tasks T and
performance measure P, if its performance at tasks in T, as measured by P,
improves with experience E" [99]. Leaning in this context means the ability
to perform the learned task. Experience is what the learning algorithm learns
from e.g. a dataset or examples of data points from the dataset. After the
learning process, also known as training of the ML model, to evaluate the
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learned ability i.e. the task, a quantitative measure allows giving a score to the
model based on its performance.

Some of the most common tasks that can be solved using ML [98] include
Classification, Regression, Transcription, Machine translation, Structured
output, Anomaly detection, Synthesis and sampling, Denoising, and Density
estimation. A few of the mentioned tasks, relevant to machine-health
diagnostics, are briefly described below.

Classification

Classification algorithm usually produces a function f : Rn → 1, ..., k. Given
y = f(x), the model assigns an input belonging to vector x to a category
or class identified by numeric code y. Object recognition is one example of
classification.

Regression

Regression produces a function f : Rn → R. Although similar to the
classification, the format of the output is different in the regression algorithm.
An example of regression is the prediction of temperature variations. Another
form of regression produces a function f : Rn → Rm which is the case in
autoencoders that, being an ANN, try to learn a compressed representation of
raw data through unsupervised learning.

Anomaly detection

Flagging out unusual or atypical points or events from data is known as anomaly
detection. Provided that a large amount of usual activity data is available e.g.
purchasing habits of users, the anomaly detection algorithm is used to identify
fraud and misuse of the credit cards by the credit card company.

ML categories

In broad terms, ML algorithms can be divided into two categories [98] based
on how they experience the dataset during their learning process.

1. Unsupervised learning

2. Supervised learning
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Unsupervised learning algorithms

An unsupervised learning algorithm analyzes and clusters unlabeled dataset.
The learning model tries to learn and discover patterns and information in
the data on its own. Clustering is one of the roles of unsupervised learning
algorithms where the task is to divide the dataset into clusters of similar
examples. For a given random vector of observation x, the unsupervised
learning algorithm attempts to implicitly or explicitly learn the probability
distribution p(x).

Supervised learning algorithms

The dataset available to a supervised learning algorithm is labeled i.e. each
sampling example of the dataset is associated with a label or target. The
term supervised learning originates from the concept that an instructor shows
the machine learning system what to learn. For the given vector x having
associated values or vector y, the task is to learn to predict y from x by,
usually, estimating p(y|x).

Unsupervised and supervised learning are not strictly defined terms and the
lines between them are often blurred where many ML technologies can be used
to perform both tasks [98]. However, traditionally, regression, classification,
and structured output problems are referred to as supervised learning and
density estimation in support of other tasks is usually considered unsupervised
learning [98].

4.2 ML model development
ML algorithm development involves a series of steps similar to the statistical
modeling process [100]. As per the definition of ML given in section 4.1, to
be able to develop and validate ML models, the following steps are considered
part of the ML model development process [100].

1. Collection of data

2. Data preparation

3. Data analysis and feature engineering

4. Training and validation of ML algorithms

5. Selection of the ML algorithm

6. Testing the ML algorithm

7. Deploying the algorithm
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Here the deployment step is to implement the developed models.
In the CBM context, data collection being a precursor to machine fault

diagnostics, the ML techniques and methodologies span over from data
processing to decision-making steps [21, 48]. Thus, the adoption of ML
methodologies takes four main steps, detailed in the following section, as
follows:

1. Data preprocessing

2. Model training and validation

3. Model selection

4. Model testing

4.2.1 Data preprocessing

In order to achieve a higher degree of accuracy in fault diagnosis, fusing
information from multiple sensors and data sources has been found to be
advantageous [101]. Data can be of different types based on the source, e.g.
timeseries waveform data, machine state information, and maintenance logs,
etc. Thus, multi-source data needs to be processed according to their respective
data type [48] to achieve usable features through key steps of transformation
for better results in fault diagnostics [22].

4.2.1.1 Features and Feature engineering

In ML, features are the independent data points that the ML algorithm
experiences to learn from. To perform the machine learning task, these features
are used against which the algorithm performs the prediction or task. Data
preprocessing is how the collected data is transformed into a representation for
the ML model to learn from. The attributes that constitute the transformed
representation, holding useful information from the data, are called features.
The features, in this case, are to be selected and forwarded to the next step
in the model development process [21]. To improve the performance of ML
algorithms, domain knowledge is used in creating the features from the raw
data. This process of feature creation to achieve useful features for the ML
algorithm is called feature engineering. Thus, features are the building blocks
of datasets and their quality has a major impact on the performance of the
ML algorithms and consequently the quality of intended insights from the ML
models. Depending on the type of problem or task domain, the features can
be very specific. For example, in condition monitoring application of a bearing
assembly, from vibration sensor, common features like rms, displacement, and
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velocity etc. can be extracted. However, ball pass frequency (BPFs) features
corresponding to the ball pass frequency of the outer raceway (BPFO) and
the ball pass frequency of the inner raceway (BPFI) are considered crucial in
predicting and analyzing the surface defects of the bearing [102].

Feature engineering takes advantage, in the creation and selection of
features, from domain knowledge where visualization and exploratory data
analysis. These tools play a central role in improving the understanding of
data and its properties, especially for unexplored data. If done correctly,
the resulting dataset is optimal and contains all the important factors from
which the most accurate predictive models can be trained to produce the most
useful insights. The two major steps involved in feature engineering are feature
extraction and feature selection.

4.2.1.2 Feature extraction

Data processing and signal processing techniques, e.g. data cleaning, outlier
removal, filtering, etc., help analyze acquired data by transforming it into a
useful and understandable format and removing inconsistencies in the data
which can negatively affect a model’s performance. These data processing
steps which are part of feature extraction techniques, make data analysis and
visualization easier. The feature extraction is commonly adapted and developed
according to the sensor placement to optimize the parameter estimation [68].
Once the sensor signals are acquired and the data is available, it is possible
to extract as many features from the signals as possible. The idea of feature
extraction is to retrieve information through the mathematical transformation
of the data. The combination of features from multiple signals can give new
information reflecting the condition of the machine. It is very common to
extract features from the signals in their time as well as frequency domain
components [103, 104]. These time and frequency domain features can further
be divided into dimensional and dimensionless ones. Mean, standard deviation,
root mean square, peak value, etc. are dimensional features indicating
amplitude changes in the measured signal. The dimensionless features such
as skewness, kurtosis, crest factor, etc. are the indicator of the shape of the
signal and are considered robust to machine operational conditions [103, 104].
In addition to individual time and frequency domain features, the features
extracted by wavelet transform (WT) and wavelet packet transform (WPT)
are time-frequency features [105]. These time-frequency domain features
can provide information on machine health under non-stationary operating
conditions [22].
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4.2.1.3 Feature selection

Given multiple sensor signals used for feature extraction, the number of features
in the feature set can become very large very quickly. Additionally, all
the features might not be providing exclusive information on the machine’s
condition, and some if not a significant number of the features might contain
redundant information. The large feature set will not only increase the
dimensionality to be dealt with but will also drive computational cost [22].
A selection has to be made in order to retrieve the features that are most
representative of the differences in the classes. Different feature selection
and dimensionality reduction techniques have been used in machine condition
monitoring and failure diagnostics [106–109] which can be categorized into
filters, wrappers, and embedded methodology.

Filter-based

The selection of features based on their relevance and independence to the ML
model training constitutes the filter-based methods [106]. The selection can
be based on feature sensitivity analysis to the machine state [110], information
gain ratio, feature relevance, and selection based on a distance metric [22].
Fisher score [111] is one example of a filter-based feature selection method to
select features that minimize in-class distance while maximizing between-class
distance. For a classification scenario where the two classes are 1 and 2, the
fisher ratio or score is given by the equation

f = µ1 − µ2

σ12 + σ22 (4.2.1)

, where µ is the mean of the feature belonging to the respective class and σ is
the variance.

Wrapper-based

This approach focus on the interaction of feature selection with the training
performance of the classifier [106]. Using the greedy search method, it tries
all the possible combinations of features against the evaluation criteria e.g.
to achieve the highest accuracy in classification. The selected combination of
features provides optimal results for the ML model. It is more precise but
computationally more expensive than filter-based methods [112].
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Embedded

This approach integrates feature selection into the learning algorithm. It
combines the quality of the filter-based and wrapper-based feature selection
methods. The feature selection and the learning, classification or regression,
is performed at the same time. The resulting feature selection becomes a
compromise between the number of features and the fitness of the model. This
is achieved, for example, through the imposition of the Lasso (L1) regularization
term on the optimizer of the classifier [99]. This regularization term prefers to
obtain the sparse parameters by abandoning redundant features in classification
and thus enforcing the classifier to achieve higher classification performance
[22]. Neighborhood component analysis (NCA) [113] is one such approach
used in this work and is a supervised learning method for selecting features
with the goal of maximizing prediction accuracy.

Principal Component Analysis (PCA)

Multivariate statistical problems and their corresponding multi-dimensional
feature set pose difficulty in visualizing data. It can become inherently
impossible to visualize high-dimensional feature data in 2 or 3 dimensional
views. There is often the case that multiple variables are also correlated and
changing one affects another and could be representing the same behavior in the
system. To remove the redundancy of this information caused by the explosion
of features, principal component analysis (PCA) can be used. PCA in principle
replaces a group of variables with a single new variable called the principal
component. Each principal component is a linear combination of the original
variables and is orthogonal to each other. Hence, these principal components
do not hold any redundant information. The full set of principal components
is of the same size as the original feature set. However, it is intended to select
the few principal components based on their sum of variances being close to
the total variance of the original data. The downside of using the principal
component as a feature reduction and selection method is the disconnection of
principal components (features) to the physical sensors and source feature set.

4.2.2 Model training and validation

After the feature engineering where, in practice, 70 percent of a data scientist’s
time is spent [100], the next step is to begin the training of the ML model.
To train an ML model, the availability of the experimental or source data is
a pre-requisite where the dataset is commonly split into three sets of training
data used to train the ML model to learn the parameters, validation data to
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tune the parameters of the ML model to select the learner and the test data is
used to assess the performance of selected ML model or the classifier [98].

4.2.2.1 Stratified sampling

To eliminate the sampling bias in the training and test set, stratified sampling
of the data set is considered [114]. This is to ensure that the sampled dataset
is representative of the entire population. Stratified sampling allows the data
population to be divided into homogeneous subgroups called strata and the
corresponding number of instances are sampled from each stratum based on
its size compared to the population. Due to this proper representation of
each subgroup within the sampling population, the stratified sampling provides
better coverage of the population.

4.2.2.2 Cross-Validation

To avoid statistical uncertainty in using small validation/testing sets, a
technique of cross-validation based on the idea of repeating the training and
testing computation on different randomly chosen subsets or splits of the
original dataset. It allows the training set to be larger as a separate validation
set is not required in addition to reducing the bias that can otherwise plague the
model’s efficiency scores. The most common technique is cutting the training
dataset in k-folds to be used in ML model comparison while training different
classifiers [98]. The technique, k-fold cross-validation, is thus used where each
fold will be used separately while the model will be trained k times. The
performance is then the mean of all the training runs. The number of folds
is generally selected based on the amount of available training data. A higher
value of k means that each model is trained on a larger training set and tested
on a smaller test fold. Conversely, a lower k-fold means that the model is
trained on a smaller training set and tested on a larger test fold.

4.2.2.3 Hyper-parameter tuning

ML models usually have hyper-parameters to control the algorithm’s behavior.
These hyper-parameters are not directly learned within the algorithm. For
example, capacity as the ability of a model to fit the data acts as a
hyper-parameter. In the case of a polynomial fit problem where a set of data
points are to be fitted with a polynomial model, a higher degree polynomial
will have a higher capacity and possibility to fit the data perfectly. Given
that the true underlying function is quadratic, the high-degree polynomial can
represent the correct function for the training data. However, it will suffer
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from overfitting as it will not generalize over the unseen points as the learned
structure would not match the underlying model. On the other hand, a linear
model, trying to fit the data points from a quadratic model, will experience
underfitting as it will never be able to capture the curvature represented
by the data points. The hyper-parameters in this example, controlling or
penalizing the strength of polynomial weights during learning, can prevent
high-capacity models from overfitting. A validation set, not observed by the
training algorithm, can be used to learn the hyper-parameters e.g. using
the best cross-validation score for a combination of different hyper-parameters
values. To avoid overfitting, models with lower capacity and hyper-parameter
flexibility are preferred that provide sufficient accuracy.

4.2.3 Model selection

Different types and variants of ML models can be trained to learn to perform
the same task e.g. classification and regression etc. During the training and
validation step, a number of candidate models are trained on the same training
dataset. The idea with model selection is to choose a good enough model
that gives acceptable results after validation. For example, for a classification
task, ML models like SVM and RF, model selection after training can be
achieved based on their performance on the validation dataset. In case of
limited availability of the data, cross-validation results are commonly used
for model selection. Hyper-parameter tuning, as explained in section 4.2.2.3,
can be performed for the selected model by taking into account the risk of
overfitting.

4.2.4 Model testing

After completion of the training step, from the data split where a test set,
composed of data points coming from the same distribution as the training set,
can be used to estimate the generalization error of a learner. The consideration
of the test set being unseen by the algorithm during training and validation is
crucial [98]. Cross-validation, as explained in section 4.2.2.2, can be used to
estimate test error by taking an average across k trials. There are many tools
available to formally characterize notions of generalization, underfitting, and
overfitting. Different metrics and scoring practices quantify the quality of the
model performance and predictions.
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4.2.5 ML model evaluation metrics

The evaluation of the machine learning algorithm or model, in the context
of, the classification of machine condition and health state, is crucial. The
use of evaluation metrics can provide insight into the model’s performance to
communicate the results as good or bad. The objective is also to select the
criteria to can evaluate the model in its entirety. The use of data partitioning
provides a separate test dataset to generate evaluation metrics. Following are
the most common performance and model evaluation metrics used for failure
prediction in industrial maintenance [21].

Confusion matrix

For classification models, the confusion matrix is a widely used measure. The
performance of the model in its entirety can be described through a confusion
matrix. It is applicable to both binary as well as multi-class classification
problems. It provides a visual summary of all data points, represented as
values, as classified into classes by the predictor model. Figure 4.2.1 shows an
example confusion matrix for binary classification. Positive being one of the
classes and Negative being the other class, the True Positive or TP indicates the
number of accurately classified points belonging to the Positive class. Similarly,
the True Negative or TN indicates the number of Negative points classified
accurately. The False Positive or FP and the False Negative or FN are the
wrongly classified points as Positive and Negative respectively.

Figure 4.2.1. The confusion matrix for binary classification (Adapted from [115]).

Accuracy

Accuracy is defined as the share of correct predictions among all predictions.
Accuracy is one of the more commonly used metrics and can be derived from
the confusion matrix. Here, it is the ratio between correctly classified points
and all the observation points. The accuracy is given as

accuracy = TP + TN

TP + TN + FP + FN
(4.2.2)
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, where the abbreviations are explained in the Confusion matrix of section 4.2.5.
In many cases where the data is not balanced, i.e. one class is over-represented
in the data compared to the other, the result of the accuracy can be misleading
and will have a bias. To account for unbalanced data the accuracy is calculated
by normalizing the true points as given below

balanced accuracy = 1
2

(
TP

TP + FN
+ TN

TN + FP

)
(4.2.3)

, where the abbreviations are explained in the Confusion matrix of section 4.2.5.

Precision

Precision represents the share of correct predictions among all predictions.
Hence, the ratio of correctly classified points in a class to all the points classified
in that class as

precision = TP

TP + FP
(4.2.4)

, where the abbreviations are explained in the Confusion matrix of section 4.2.5.
In the context of CBM, precision should be high as false failure predictions may
waste time and effort in verifying the system’s current condition [21].

Recall

Recall is defined as the proportion of intended class points that were correctly
predicted. The recall is the ratio of correctly classified points in a class to all
the points belonging to that class. For the binary classification, it is given as

recall = TP

TP + FN
(4.2.5)

, where the abbreviations are explained in the Confusion matrix of section 4.2.5.
In the context of CBM, recall should be high to avoid running into expected
failures and downtimes [21].

F1 score

The performance of the ML model can collectively be measured using the F1
score. It uses precision and recall and is the harmonic average of both. F1
score is given by

F1 = 2 × precision × recall

precision + recall
(4.2.6)
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For a multi-class classification model, the metric can be calculated in terms
of Global F1 score which is based on the global precision and global recall
calculated by averaging individual class scores.
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Chapter 5

The bearing ring grinder
and the experimental setup

In this section, a detailed description of the experimental setup is provided
along with a description of the instrumentation used and the system designed
for data acquisition. The setup constitutes to form a framework that has been
adapted for the selected grinding machine as presented in Paper A and Paper
C. In the last part of the chapter, the testing approach is explained.

5.1 The grinder
The deep groove ball bearing (DGBB) is the most widely used and versatile
bearing type that SKF produces in large numbers. An example along with its
internal components is presented in figure 5.1.1. Precision grinders are used to
grind the bearing components. The bearing ring grinder, in figure 5.1.2, used
for the presented work is of model SGB55 from manufacturer Lidköping and
was used to produce inner rings of SKF-6210 bearings.

The grinder performs an external grinding process and grinds the outer
raceway of the inner ring.

5.2 Instrumentation
In the chapter 2.2, encompassing the grinding machine, the SGB 55 grinder
was identified as the choice of machine for setting up experimentation for
the research project. To grind the bearing rings according to desired process
recipe, the grinder was equipped with sensors to monitor machine and process

43
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44 Chapter 5. The bearing ring grinder and the experimental setup

Figure 5.1.1. Example of a deep groove ball bearing (DGBB) components and the
cutout of fully assembled DGBB (adapted from internal SKF archive).

parameters. These sensors and sensor systems were interfaced through the
machine’s NC and PLC system Additional sensors were installed in the machine
to support the condition monitoring use case for the implementation of CBM.
These sensors were coupled to a data acquisition system for capturing physical
parameters as explained below.

5.2.1 Sensors

Figure 5.2.1 shows the location of the sensors in relation to the machine
subsystems in a schematic view. Some of these sensors serve the purpose of
process monitoring only and are also used by the numerical controller of the
machine during the grinding operation. These sensors and sensor systems are
listed in table 5.2.1.

In addition to the installed sensors, measuring physical quantities to
monitor process and machine health, there are sensors installed as watchdogs
to ensure safe machine operation. These include hydraulic fluid switches,
pneumatic pressure switches, etc.

5.2.2 Data acquisition

To sample signals from all the sensors installed in the machine and its
subsystems, a data acquisition system using National Instrument’s DAQ
hardware and LabView software was designed. The sampling rates, as well
as filtering, were chosen according to the process dynamics intended to be
captured by respective sensors. The anti-aliasing filter added before the
analogue to digital converter (ADC) restricted the bandwidth to satisfy the
Nyquist-Shannon sampling. Two main sampling rates were used i.e. 100kHz
and 10kHz. To streamline the data acquisition pipeline, the analogue sensors
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Figure 5.1.2. The bearing ring grinder SGB55.

Figure 5.2.1. Location of different sensors installed in the machine [116]. See table
5.2.1 for the descriptions of the installed sensors 1-13.
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Table 5.2.1. List of sensors installed in SGB55 grinder [116].

Id Measured quantity Sensor Target subsystem

1 Force Kistler 9105C Workhead
2 Acoustic emission Dittel m6000 Grinding spindle
3 Balancing Unit Marposs P7 Grinding Spindle
4 Power Montronix PS100 Elec. motor (grinding)
5 Strain Kistler 9238B Workhead
6 Acoustic emission Parker 247 Ultraspan Tooling
7 Vibration PCB triax A45 Tooling
8 Vibration SKF CMSS2200 Elec. motor (Grinding)
9 Vibration SKF CMSS2200 Elec. motor (Workhead)
10 Vibration IMI601A01 Grinding Spindle
11 Temperature NTCALUG02A103F Grinding Spindle
12 Temperature NTCALUG02A103F Workhead Spindle
13 Temperature NTCALUG02A103F Tooling

were sampled simultaneously at 100kHz and stored before filtering using
low-pass filters. The digital signals were sampled at 10kHz.

5.3 System architecture
Using the information and communication technologies (ICT) on the shopfloor,
a real-time data acquisition system was integrated with the machine to
acquire data for every grinding cycle. The machine was also configured to
send the grinding recipe and parametric data in every cycle over the OPC
communication protocol. The Data was captured in real-time and stored
continuously as shown in the architectural diagram in figure 5.3.1 representing
the system as presented in Paper A and Paper C.

As part of the data architecture, shown in figure 5.3.1, the quality of the
produced parts, for the experimental runs, was measured as per table 5.3.1,
and stored in the network storage.

5.4 Experimental testing
Once the system got set up to acquire process and condition data during
production cycles, the first thing has been to verify its effectiveness in capturing
the grinding process variations. A simple grinding cycle as described in section
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Figure 5.3.1. The data flow through the connected shopfloor network [16,116].

Table 5.3.1. Measured Quality Parameters.

Quality Parameter Equipment Used

Relative Diameter Dial gauge (referenced)
Roundness Waviness SKF MWA 160D

Surface Roughness Form Taylor Hobson - Form Talysurf

2.3.1 was used to produce parts in the grinding machine. To reach a holistic
level of CBM implementation and to address the topics related to research
questions, as stated in Chapter 1, experimentation has been performed in two
phases as follows.

5.4.1 Phase I: sensor data vs quality measurements

In Phase I the first part of the experiment focused on the grinding of rings using
extreme levels of process parameters to determine if the sensor setup is capable
to capture different machine and process dynamics. An experimental test run
with two levels of cutting speed vc, material removal Qw, and feedrate fr was
conducted. A failure mode of grinding spindle unbalance was introduced for one
of the tests runs as an additional experiment point. The design of experiment
cube in figure 5.4.1a shows the marked experiments. The choice of combined
Qw and fr, while varying vw was made to keep the heq constant for the intended
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48 Chapter 5. The bearing ring grinder and the experimental setup

(a) Four experiment points, marked with
blue dotted circles, for varying cutting
speed, feedrate, and material removal.
The red circle depicts an additional run
with the grinding spindle unbalance.

(b) Two levels of vc and two levels of unbalance
in addition to no unbalance on the grinding and
workhead spindles.

Figure 5.4.1. Design of experiments for phase I.

levels of vc.
As the second part of experimentation, a full factorial run with 3 varying

factors giving 18 runs in total was conducted as shown in the design of
experiment cube in figure 5.4.1b. Here the two levels of unbalance, in
addition, to no unbalance, were introduced for grinding and workhead spindles
respectively along with two levels of vc. A total of 30 rings were ground in
each dressing interval where half of the rings, spanning over the entire range of
rings in each interval, were measured for their quality, e.g. diameter, surface
roughness, and different waviness parameters, as per table 5.3.1.

This experiment phase was designed to test the system with extreme values
of variations that can occur in the production process where the process
is bound to deviate from its nominal working capability given the chosen
conditions. The data from this experiment gave insight into the capability of
such CBM system with the sensors installed in the selected locations. Details
of the experiment are presented in Paper A and Paper B. This however doesn’t
represent real health deterioration as per the maintenance issues experienced
during regular production.

5.4.2 Phase II: intelligent fault diagnosis

As part of the implementation framework of CBM system and capturing failure
modes occurring during the production of bearing components, the Phase II
experiment was designed and performed as shown in the figure 5.4.2. Here
the failure modes were induced as they occur on the production floor. The
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selected failure modes are based on the maintenance history of similar types
of grinding machines currently being used in bearing production. For this
experiment, nominal grinding parameters are used for the selected grinding
cycle to produce the parts as explained in section 2.3.1. The experiment was
designed with the aim to have balanced data set to avoid any bias that could
cause performance issues in the failure mode classifier training and testing.
A conventional dressing interval of 15 rings per dressing interval was used and
each interval was repeated 7 times. 4 rings from each interval were measured for
their quality parameters. Papers C to E describe the setup and experimental
framework in detail where the fault diagnosis and the quality prediction, using
sensor data, for maintenance decision-making are discussed.

Figure 5.4.2. The experimental test setup in Phase II.

5.5 Data consolidation and signal processing

The data gathered for all the experimental runs and the parts produced ended
up in the network storage which needed to be prepared for the analysis. The raw
sensor signal data stored in files for the individual grinding cycle was matched
to the parts produced based on the tracking and storing methodology adapted
during the production of rings. The machine’s controller data, consisting of
recipe parameters and process variables, was stored in the database against
the timestamp. This data was consolidated with the sensor signals using the
NC trigger, designed to synchronize data acquisition. Hence, the data was
matched and consolidated for further processing using MATLAB.
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50 Chapter 5. The bearing ring grinder and the experimental setup

5.5.1 Segmentation

Signal data, from the sensors, has been processed through a low-pass
Butterworth filter in MATLAB. The chosen signal bandwidth was based on
the type of sensor and dynamics of the machine and the process. The resulting
cleaned sensor signal corresponds to individual grinding cycles where different
parts are identified through a combination of contact trigger and the slide
motion and grinding cycle information from NC as shown in figure 5.5.1.
These segments, from all the sensor signals, are used in feature engineering
before implementing a machine learning framework to train models for failure
diagnostics.

Figure 5.5.1. Parts of grinding cycle from an acquired sensor (force/power) signal.
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Chapter 6

Results and Discussions

The implementation of intelligent failure diagnostics along with all the
pre-requisite data processing, feature engineering, and training and testing
of machine learning algorithms is performed in MATLAB®. Using machine
learning tools for failure diagnostic follows the procedure discussed in chapter
4. The framework is adapted through the process as shown in figure 6.0.1.
Details of the process are discussed in part II of the thesis in appended papers.

Figure 6.0.1. The data processing and model training steps followed in MATLAB
[16].

For the selected use-case discussed in chapter 5, this chapter describes
the main results from the implementation of intelligent failure diagnostics
in exploring the topics related to research questions expressed in Chapter 1.
The results are presented in two separate sections as per the experimentation
phases outlined in section 5.4. Following the process of CBM implementation,
as described in section 3.3, after getting the data acquired, the results from
data processing and failure diagnostics and maintenance decision making are
discussed in this chapter.

51
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52 Chapter 6. Results and Discussions

(a) Acoustic emission sensor - grinding
spindle. (b) Vibration (x-axis) - workhead.

(c) Electrical power - grinding spindle
motor. (d) Gorce (strain) sensor - workhead.

Figure 6.1.1. Timeseries sensors signal data where LF = Low Feed, LC = Low
Cutting speed, HF = High Feed and HC = High Cutting speed.

6.1 Results from phase I

As discussed in Chapter 3, it is challenging to practice CBM in the
manufacturing industry. The asset to be monitored has to be equipped with
sensors and a data acquisition system which in itself is not technically easy
due to variations in machine design and process needs for specific industries
[56,67]. In the first phase, the implemented CBM setup of sensors and system
architecture is tested for its effectiveness through the experimentation described
in section 5.4.1. Some details of setup and experiments are presented in the
articles Paper A and Paper B in the part II of this thesis. The variations
in using different feed and cutting speeds to reach the same dimension of the
ground ring are visible in the raw and filtered signal data as shown in figure
6.1.1.
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6.1.1 Data processing

After the main data cleaning and consolidation during the preprocessing step,
the sensor data from individual cycles are segmented into parts described in
section 5.5.1. The segmented signal, derived from the acoustic emission sensor
(Sensor 2 in figure 5.2.1 and table 5.2.1), in time series, as an example of a
measured signal, is shown in figure 6.1.2.

Figure 6.1.2. Segmentation of the grinding cycle from the AE signal (Sensor 2
in figure 5.2.1 and table 5.2.1). (1) Air grinding, (2) slope due to loop stiffness
(3) reaching max power/force.

Features are extracted from the processed data by splitting the segmented
signals into smaller time windows. The details of feature engineering are
provided in Paper B. The feature list includes statistical features from the time,
frequency, and time-frequency domains. In the time domain, the signal features
are extracted from time slices of 100ms from the 3 part segmented signals.
Features in the frequency domain are extracted by dividing the frequency
spectrum into multiple frequency bands and extracting the features.

Given the easy to spot variations in sensors signals due to change in process
parameters, as shown in figure 6.1.1, it is also evident from extracted features
that the separation between different test runs is significant, for the extreme
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54 Chapter 6. Results and Discussions

process conditions, as shown in figure 6.1.3.

Figure 6.1.3. Test class separation based on feature scatter plot. Here LF = Low
Feed, LC = Low Cutting speed, HF = High Feed, HC = High Cutting speed and
unb = Unbalance failure mode for the setting depicted in figure 5.4.1a.

However, when a failure mode is introduced in the process with the same
parameters, the separation is not possible in the lower visual/physical feature
dimensions as depicted in the scatter plot in figure 6.1.4. Here in sub-plot
a, in the absence of failure mode, the variations in process parameter vc are
visible. For the rest of the sub-plots, representing the level of unbalance on the
grinding spindle, the features are overlapping and hence the failure diagnostic
model will need a higher number of feature lists to successfully separate the
failure classes.

Before training the diagnostic model, to avoid costly computation, the
features are selected using the filter method as described in section 4.2.1.3. The
features with high cross-correlation are eliminated by using the fisher ratio to
rank and select the top features.
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Figure 6.1.4. Feature scatter plots elaborating the overlap of failure mode in feature
space.
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56 Chapter 6. Results and Discussions

6.1.2 Failure diagnostics

Support Vector Machine (SVM,) as a supervised machine learning
methodology, is adapted for training different classifiers with the objective to
explore the diagnostic capability to achieve CBM through the implemented
setup. As discussed in Paper B, different SVM-based classifiers are trained
based on the target classification from the experimentation. For example, the
cutting speed classification gives 100% accuracy due to the strict separation
between the points of low cutting speed and high cutting speed as per the
figure 6.1.4. This is due to the significant frequency shift in the spectrum due
to changes in speeds. The features also originate from the sensors directly
affected by the change in spindle speeds. Features thus selected for different
SVM-based classifications also result in high-performing models in detecting
unbalance failure mode in both Workhead and grinding spindle subsystems.
The top features originate from the Force sensor, vibration sensors on workhead
tooling and motor as well as vibration sensors on the grinding spindle and
motor. This evidently verifies the choice of location for the sensor installation.
As discussed in Paper B, the performance of models detecting the individual
unbalance classes, for both grinding and workhead spindles, using features from
sensor data exceeds the performance when using features from measured quality
as depicted in the table 6.1.1 from Paper B. This proves the effectiveness of
early failure detection through the implemented CBM setup.

6.1.3 Using measured quality

The measured quality parameters of the produced parts including surface
roughness, waviness, and diameter variations are also analyzed to find the
correlation between the variation in the machine’s operating condition and the
produced quality. Looking at the correlation analysis of the measured quality
parameters to the test classes corresponding to all test runs in the DOE as
per figure 5.4.1b, figure 6.1.5 shows the significance of diameter variation to be
on the top in addition to different bands of waviness (MDiX#ms) and surface
roughness (Ra). The features are ranked based on their p-values returned by
the respective 1-way-ANOVA and Kruskal-Wallis Test. The higher the p-value
the higher the significance of the feature as resulted by the respective hypothesis
test.

The SVM classifier trained using the quality parameters as features only
results in 63% of accuracy when using cross-validation in MATLAB’s classifier
learner app. Apart from diameter, waviness and surface roughness are
important features as per the ranking which gets directly affected by the process
and machine’s condition variations. To understand the low performance of the
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Table 6.1.1. Trained Classifiers and their top feature sensors [5].

Classification Accuracy
(%)

Top feature sensors

Workhead
unbalance
(all levels)

82.61 Force (strain),
Vibration workhead fixture,
Vibration workhead motor

Grinding
spindle
unbalance
(all levels)

83.11 Vibration grinding spindle,
Grinding force, force (strain),
Vibration workhead fixture

Unbalance
(all levels)

84.98 Vibration workhead fixture,
Vibration grinding spindle,
Vibration grinding motor,

Acoustic Emission,
Force (Strain)

Ring position in
dress interval

92.48 Vibration workhead fixture

Cutting Speed 100 Acoustic emission, Power,
Vibration grinding motor,
Vibration workhead motor

Presence of
Unbalance

95.7 Vibration workhead motor,
Force (strain),

Vibration grinding motor,
Vibration workhead fixture,
Acoustic emission workhead

Presence of
Unbalance
(quality)

92.87 Using quality feature set

Unbalance
(quality)
(all levels)

62.82 Using quality feature set

quality feature set based classifier, we can observe the confusion matrix as
shown in figure 6.1.6. The miss-classification is mostly observed for the tests
with low cutting speed where the direct variation in the quality parameters
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Features Sorted by Importance

0 0.2 0.4 0.6 0.8 1

One-way ANOVA

Kruskal-Wallis

Feature One-way ANOVA Kruskal-Wa...

Raceway 161.8593 365.5528

Shoulder 136.7456 344.5381

MDiHms 18.2377 299.2235

Radius 43.0711 264.8439

MDiL3ms 4.9834 256.3057

Ra 27.8559 243.7983

MDiLms 5.4243 241.2385

MDiMms 11.1899 188.6017

Rt 5.3352 158.9575

LSCrm 2.9508 151.5551

Pt 4.2167 133.7934

LSCVDwm 3.1748 119.3736

MDiL2ms 4.1031 112.4092

delZ 2.3246 78.7586

PV 2.6236 64.4656

MDiL1ms 4.5686 50.1225

Dress_cycle 0 0

Ring_Nr 1.4996e-32 0

Figure 6.1.5. Quality parameter feature correlation for test classification.

are not significant enough to differentiate between different levels of vibration
as the cycle is less aggressive on a lower cutting speed. Due to the level of
confidence achieved in predicting test classes using sensor data, it is also easier
to predict the quality parameter variation for the highly correlated quality
parameters.

6.2 Results from phase II
In the second phase, the experimentation setup is expanded to include
maintenance issues that are experienced in the grinder during bearing
production. Details of the experiment and the results are discussed in
paper D. As introduced in section 5.4.2, the data acquired in this phase is
balanced where all the failure modes and non-failure mode classes are equally
represented which increases the generalization of the trained model and reduces
chances of over-fitting. The chosen grinding cycle recipe is used for the entire
experimentation and only the machine condition, in terms of failure modes, is
varied.

6.2.1 Data processing

The data processing for this phase of experimentation follows the same steps
as of phase I as explained in section 1.2. After the data is acquired, cleaned,
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Figure 6.1.6. Confusion matrix for test classification where HLO represents a test
with high cutting speed, low unbalance on grinding spindle, and no unbalance on
workhead spindle.

and consolidated, sensor signals are processed through low-pass filtering. The
cut-off frequency of the Butterworth filter, implemented in Matlab, is selected
based on the process dynamics, e.g. the temperature and force sensor signals
are filtered with 500Hz, the acoustic emission sensor with 5kHz, and the
vibration sensors with 44kHz low pass filters. The filtered acoustic emission
sensor signal from the first ring of each test class is shown for comparison in
figure 6.2.1. See section 5.4.2 for more information about the different tests.

The segments are extracted according to the method explained in section
5.5.1. These segments are then used to extract features in their entirety. Figure
6.2.2 depicts the segment calculation where each timeseries waveform is split
into three main segments, as explained in paper D. The segments are split, as
shown in figure 6.2.2, where the grinding wheel comes into contact with the
ring at a, when the NC switches cycle state from rough to sparkout b, and when
the grinding wheel leaves the ring where the NC registers end of grinding cycle
c. Hence, each segment of a sensor signal results in one feature per feature
type. The feature table resulting from the feature extraction can be filtered,
in addition to the individual sensor of the individual ring in the experimental
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Figure 6.2.1. Acoustic Emissions sensor data from the first ring of seventh dressing
interval in all the test runs [70]. Tests 1-7 refer to the failure modes as explained in
Section 5.4.2.

run, based on the feature type from each segment.
To keep the feature set representative of their physical source,

feature selection is considered instead of feature reduction through feature
transformation like PCA. Paper D details the use of NCA for feature weighting
where the top 100 features are selected. In addition to the feature selection,
the sensor ranking algorithm is devised based on the sensor contributing to
the top feature list. The sensor selection allows the top features to be selected
from the chosen sensors only which reduce the feature list further. The sensor
ranking algorithm along with sensor rank, when individual and all segments
are considered for test classification is presented in Paper D. The extracted
features being representative of higher variations between test classes and also
showing less variation within a test class can be visualized using t-SNE plot,
figure 6.2.3 as described in Paper C. It can be seen in the embedding learned
from the features that the test clusters, especially the one belonging to same
segment tend to appear closer to each other. This gives a piece of concrete
evidence that the feature set holds the potential to separate not only different
test classes but also different states of a grinding cycle.

6.2.2 Failure diagnostics

The experimentation with induced faults, as described in section 5.4.2, are
used as target classes to be predicted from the feature set selected from
chosen sensors. The multi-class classification is achieved in a two-step
classification framework to improve generalization. Paper D describes the
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Figure 6.2.2. Segment separation for feature extraction from individual sensor
signal of an entire grinding cycle. 1.)Idle Segment, 2.) Stead grinding segment
and 3.) Spark-out segment [70]. The break points in the signal are a.) Grinding
wheel touching workpiece, b.) Numerical Controller changing state from grinding to
sparkout and c.) The grinding wheel starts to move away from the workpiece.

two-step framework in detail where the feature set is chosen for the detection of
failure mode in the first step as part of binary classification. The fault diagnosis
is achieved using the already selected features in the second step in multi-class
classification.

Before feature selection, the data is split into training and test dataset using
stratified sampling as explained in section 4.2.2.1. The test set is isolated and
the training set is used further in the analysis. Feature ranking for the binary
classification for all the segments is presented in a heat map in figure 6.2.4. The
ranking is represented on a scale of 1 to 250 where the higher value is depicted
by a darker shade of blue. The higher the value, and the shade of blue, the
higher the feature ranking. For example, subfigure a represents features from
segment 1 and shows a strong indication of high feature weight concentrated on
vibration sensors on the grinding spindle and motor and the workhead motor.
In comparison, the feature set from other segments has a higher feature ranking
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Figure 6.2.3. t-SNE clusters of features from all cycle segments. Tests 1-7 refer to
the failure modes as explained in Section 5.4.2. Separation in color clusters depicts
the individual condition as well as cycle segment representation.

associated with the vibration sensor on the workhead spindle which is the result
of the grinding of the ring. Thus choosing the first segment features will have
better performance in training a classifier for detection of failure prediction.

Choosing features only from one segment reduces the computational cost
due to the reduced feature set. Paper D also explains the sensor ranking
algorithm which allows the sensors to be chosen based on the intended setup e.g.
using pre-installed process monitoring sensors or having a cost-effective CBM
setup. Using the first segment to find top features, the selected top-ranked
sensors list is depicted in table 6.2.1. The selected feature set is used in training
different classifiers for binary classification in Matlab’s classifier learner app
where the random forest is selected as the best-performing classifier based on
the accuracy result of 5-fold cross-validation. Using the same feature set to train
the benchmarked random forest model for multi-class classification results gives
high accuracy on the test data set as explained in Paper D. Using evaluation
matrices the performance of the models is verified. Using only the process
monitoring or condition monitoring sensors results in decreased performance.
The trade-off can be made between the choice of sensors and the faults that
are to be diagnosed. Since the induced faults affect the process differently,
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Figure 6.2.4. Heatmap of top features as per the source segments in figure 6.2.2. a)
segment 1, b) segment 2, c) segment 3 and d) all segments. A higher value, represented
by the darker shade, indicates a higher feature ranking. Here Vib = Vibration, Gr =
Grinding, Mot = Motor, WH = Workhead tooling, Sp = Spindle, F = Force, LC =
Load Cell, St = Strain gauge, Pow = Electric Power, AE = Acoustic Emission, Temp
= Temperature [70].

the effect on machine performance also varies accordingly. Based on the CBM
strategy, a maintenance action can be planned once the diagnosis has been
made, however, it is very tricky to know the remaining useful life of the asset.

6.2.3 Quality estimation and decision making

The deviation of quality from accepted tolerances is one of the main reasons
maintenance is carried out on an asset. In the work presented in this thesis,
the unacceptable quality of the produced parts is considered a failure mode
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Table 6.2.1. Result of sensor selection based on top feature availability and
installation cost [70].

Measured
quantity Sensor Target subsystem

Acoustic
emission Dittel m6000 Grinding spindle

Acoustic
emission

Parker 247
Ultraspan Workhead tooling

Vibration SKF CMSS2200 Elec. motor
(grinding)

Vibration SKF CMSS2200 Elec. motor
(workhead)

Temperature NTCALUG02A103F Workhead tooling

against which the maintenance action is called. As explained in section 2.3,
different quality parameters are conventionally measured during bearing ring
production. To implement the scope of decision making as part of PdM in
the context of CBM, the severity of quality deviation is chosen as maintenance
decision criteria. This also reduces the time and effort to develop RUL criteria
for assets and subsystems through extensive life testing. One advantage of
using quality deviation criteria is demand on the bearing production systems
itself as the quality is affected much earlier than the complete failure of machine
and machine components. This has also been verified from the maintenance
records of the machine used as a test bench during the course of the research
project. The quality of the selected rings from the produced parts during the
experimentation is measured using standard measurement equipment. Given
the high volume of production, it is a common practice to measure selected
rings from different production stages to verify the production capability. The
choice of rings used per experimental run is described in section 5.4.2. The
idea has been to capture the quality variation between different test types as
well as within a test type. The strategic selection of the rings, to avoid the
huge time and cost investment of measuring individual parts, has allowed for
capturing the quality variation for the entire dressing interval by distributing
the ring selection from the first to the last ring in the interval. This is also
explained in Paper E. The quality parameters being measured are the ones used
in production. Due to the difference in failure modes and how they affect the
process, not all fault conditions tested produce scrap or unacceptable quality as
per the actual production in this process step. Hence, the quality parameters
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of measured rings are compared against baseline tests to assign an acceptable
range for each measured parameter.

To train the decision making model based on quality estimation from sensor
data, the model needs to be trained against the quality labels. To achieve a
single label for each measured ring, PCA is used to transform the multi-variate
quality parameters and the top 6 principal components are chosen that explain
more than 95% of the data variance. Two approaches to achieve quality labels
have been proposed and described in Paper E. Both types of labels are then used
to train random forest regression learners to learn quality labels from the sensor
data feature set. Figure 6.2.5 shows the predicted quality by estimating the
degree of membership of the produced part belonging to the acceptable quality
cluster. The preferred way of predicting quality is through the estimation of
multivariate quality statistic, Hotelling’s t-square as shown in figure 6.2.6. The
regression learner predicts the t2 value of the produced parts and the parts
having t2 value below the upper control limit (UCL) is considered to have
acceptable quality. The UCL is calculated from the measured rings of baseline
tests as described in Paper E.

Figure 6.2.5. Predicting the overall ring quality produced in test data. The dashed
line represents the threshold above which the quality is acceptable [74]. Tests 1-7
refer to the failure modes as explained in Section 5.4.2.
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Figure 6.2.6. Predicting the overall produced quality in test data through estimating
T 2 statistic. The dashed line represents Upper Control Limit threshold above which
the quality is unacceptable. The red circle markers indicate the rejected rings
according to quality criteria [74]. Tests 1-7 refer to the failure modes as explained in
Section 5.4.2.

Combining the fault diagnosis with predicted quality results in predicting
if the maintenance action has to be triggered. The high accuracy achieved
in predicting the overall quality increases the level of confidence in decision
making despite the unavailability of the exact remaining useful life of the asset
itself. Having condition knowledge and incorporating the deviation in predicted
overall quality while comparing it to the statistical upper control limit gives
rise to a trustworthy predictive maintenance system as demonstrated in this
work.
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Chapter 7

Conclusions & Future Work

This chapter concludes the comprehensive summary part of the thesis and
provides discussions on the research questions (RQs) presented in section
1.2. The future work part of the chapter raises open questions discussing
opportunities to pursue the research further.

The objective of implementing a machine-level condition-based maintenance
setup for intelligent fault diagnosis and predictive maintenance is achieved
through unifying process monitoring and condition monitoring. The developed
methodology is novel where the gaps in the research literature are considered
in providing answers to the RQs. The challenge in achieving diagnosing
failures in grinding machines is addressed, by analyzing the machine’s
performance during the process, in this thesis work. To reach maintenance
decision-making, a quality estimation criterion is proposed. The sensors giving
the best classification results for the trained models are presented. The
machine learning tools and methodology as part of the implementation of
condition-based maintenance of machine tools are also introduced and discussed
which constitute the results discussed in the thesis.

7.1 Conclusions

In this work, the failure diagnostics in implementing CBM for a grinding
machine have been investigated in light of the adapting machine learning
methodologies and reaching a maintenance decision using the efficient list
of features sourced from the right sensors installed in the machine. The
quality, being a crucial aspect in any product, of the produced parts is used
to devise a criterion where the statistically significant deviation from reference
is considered a failure mode to be addressed through maintenance action. In
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doing so, the RQs raised in section 1.2 encompass the overall driving objective
and are answered through this work as below:

RQ1 Can common faults in a bearing ring grinder be detected
using condition monitoring, and which are the most
promising sensors and features to detect these faults.

The faults in the bearing ring grinder, as experienced in production,
are detectable as well as identifiable through the implementation
of the proposed framework of condition-based maintenance. The
proposed framework takes advantage of using already existing process
monitoring and control sensors and complementing them with
additional sensors dedicated to condition monitoring. The sensors
which contribute to top features for intelligent fault diagnosis are
Acoustic Emission, Vibration, and Temperature sensors. Process
monitoring sensor i.e. Acoustic emission sensor is detected as the
most promising sensor followed by sensors dedicated to condition
monitoring. Sensors e.g. Force and Power measurement sensors,
which are part of process monitoring, also contribute to the selected
feature list for failure classification, although ranked below the top
five sensors.

The failure modes considered in this presented work come from the
maintenance history of similar bearing ring grinders in production.
Grinding machines in general and specifically the one being used in
this research project are equipped with a number of sensors for process
control as well as operational watchdogs. The additional vibration,
force, and temperature sensors are installed for purpose of condition
monitoring. The advanced data acquisition setup, gathering data from
all the sensors and consolidating it with the data from the machine’s
control system produces a dataset that enabled the development of
failure diagnostics as part of CBM implementation.

The approach of combining the sensor information from process
monitoring and condition monitoring setup allowed the data
processing to take advantage of process information to achieve
operational state-based feature engineering. Statistical features are
thus extracted from the segmented sensor signals. It also gave the
possibility to select features from the segment which need to be
considered for the desired failure mode prediction.

The sensor selection criteria using top features from the NCA
verifies the use of the selected type of sensor to detect the intended
failure modes. The sensor ranking, giving top-performing sensors
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in fault diagnosis, allows the sensors to be selected based on the
installation cost and the criticality of the failure mode. The acoustic
emission sensors, in combination with vibration and temperature
sensors, give high-performance classifiers for common faults, that
affect the machine’s performance, such as belt failure, unbalance,
tooling damage, etc., as part of intelligent fault diagnosis.

RQ2 Can the quality of produced components of a bearing ring
grinder be estimated using condition monitoring, and
which are the most promising sensors and features to
detect this.

The quality deviation is one critical reason to call for maintenance.
Quality variation, as a failure mode, can result from both process
deviations as well as machine degradation. It is found that the
variations in the machine’s operating condition, including process
dynamics, are captured successfully through the selected features
from the sensor data. Once the failure mode is identified through
intelligent fault diagnosis, the selected features, from the sparkout
segment of sensor signals, are used to successfully estimate the overall
quality. The estimated overall quality from the sensor data feature
set is compared against the learned quality threshold from the quality
produced in baseline grinding cycles. The predicted quality is also
verified against the proposed quality criterion which is defined for the
bearing ring disposition.

Segmentation of the sensor signals allowed the selected feature
set to be used from the specific part of the grinding cycle. This has
given an advantage in generalizing the approach as surface parameters
are directly influenced during the last segment, sparkout stage, of
the grinding cycle. Acoustic emission, vibration, and temperature
sensors installed close to the tooling and grinding zone pick up the
most variations and are thus identified as top sensors through sensor
ranking. Based on the comparison between the predicted overall
quality and the pre-learned threshold, a reliable maintenance action
is triggered together with information on probable fault detected in
fault diagnosis. The high accuracy achieved in predicting the overall
quality evidently shows the effectiveness of such decision support in
triggering maintenance action.

Combining the fault diagnosis and quality estimation using a
common feature set optimized the approach. The choice of sensor list
is made at the failure mode classification stage with the consideration
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that the most effective sensors are to be chosen. Choosing the
same features from different segments for their respective failure
mode prediction and quality estimation models gives a dimension of
specificity to the models.

The results presented, demonstrate the potential of using data
from the sensors, e.g. acoustic emission, vibration, force, power,
and temperature, installed for the purpose of process control and
condition monitoring to predict quality in a bearing ring grinder.
The class balance has been ensured in the setting up of the
experimental tests to avoid over-representation of any failure mode
in the dataset. Although different failure modes affect the measured
quality parameters differently, the defined quality criteria account for
any individual parameter in comparison to the reference quality test.
The high accuracy prediction results achieved on the dataset give
the confidence to replicate the methodology to similar machines in
production.

7.2 Future work

The study conducted during the course of the project and presented in this
thesis along with the recorded discussions and conclusions has led to the
identification of potential avenues to be explored. In answering the research
questions, one major step taken has been to develop a system that can be used
in data collection from the machine to enable the development of analytical
applications including intelligent fault diagnosis for the implementation of
condition-based maintenance. The architecture of data acquisition and the
machine monitoring system acts as a foundation where the data can be
consumed by many different shopfloor applications. The connectivity platform
can further be evaluated from an integration perspective in the context of smart
manufacturing.

Supervised learning algorithms including SVM and RF have been adapted
as models of fault diagnosis which are benefiting heavily from the domain
knowledge-based feature engineering. Algorithms based on artificial neural
networks can be explored for failure mode classification as well as deep neural
networks are to be considered to include feature learning as a next step in
exploring the published dataset. The maintenance decision-making through
quality criteria is proposed which exclusively considers deviation in quality as
a failure mode. Propagation of the faults, especially the extent to which a fault
can influence individual quality parameters can be studied further to improve
the accuracy of decision-making. The comprehensive data generated, as a
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result of the experimentation during the research project, is now published
in the Swedish National Data Service (SND) repositories [117]. The public
availability of the dataset enables further investigation into the bearing ring
grinding machine condition monitoring to develop new fault diagnosis and
predictive maintenance approaches.

The proposed methodology takes into account the knowledge of the process
and the known failure modes that occur for the selected machine type. An
extension of this can be to repeat the study on longer time intervals through
continuous data collection which can then be evaluated for the small deviations
causing events that are not considered as critical by the maintenance team. The
long-term data collection over a period of many months can give the possibility
of including remaining useful life and propagation of fault prediction in the
analysis. The list of selected subsystems can be extended to include the dressing
system of the selected grinder. Additionally, the list of failure modes can also
be extended to include less critical faults when operating the CBM setup for a
longer period of time.
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Chapter 8

Contributions

This chapter summarizes my contributions in the appended papers including
other contributions during the research project. Details related to topics in
the appended papers are discussed in the comprehensive summary part of this
thesis.

8.1 Paper A
Title: A unified approach towards performance monitoring and
condition-based maintenance in grinding machines.
Authors: Muhammad Ahmer, Pär Marklund, Martin Gustafsson, Kim
Berglund.
Published in: Procedia CIRP, 2020; vol. 93, p. 1388-1393, Special Issue.
53rd Conference on Manufacturing Systems.
Summary: The setup of the bearing ring grinder and the data acquisition
system is introduced in this paper. The designed system is tested against
operating the machine under different grinding cycle parameters. Data
processing methodology is introduced with feature extraction that has the
capability of classifying the machine’s operational condition. The result is a
high-dimensional dataset producing a large number of features extracted from
different parts of the cycle. During the experimental run, a large number of
parts are produced for which the data handling is considered a significant step in
the development of condition-based maintenance through the incorporation of
the machine’s process information. Further data analysis w.r.t. data processing
and feature engineering is proposed to train classification algorithms to detect
the operating condition of the bearing ring grinder.
Contribution: I participated in the conceptualization and devising the
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methodology, development, and deployment of machine instrumentation for
experimentation, developed the software, and conducted formal analysis and
data curation for the investigation and preparation of the original draft
manuscript.
Relevance: This paper partially addresses the first part of research question
one.

8.2 Paper B

Title: Integration of process monitoring and machine condition diagnostics to
improve quality prediction in grinding.
Authors: Muhammad Ahmer, Pär Marklund, Martin Gustafsson, Kim
Berglund.
Published in: Procedia CIRP, 2020; vol. 101, p. 170-173, Special Issue. 9th
CIRP Conference on High Performance Cutting.
Summary: This paper presents the performance of classifiers i.e. SVM trained
on different labels of machine conditions from the initial set of experiments. The
objective of this study has been to verify the possibility of training a classifier to
predict the machine’s state with acceptable performance. In comparison to the
measured quality of the produced parts, the features extracted from machine
and sensor data resulted in high-performing classifiers. The classifier trained
using quality data was limited in performance especially when failure mode was
introduced. The performance issues were apparent due to similar variations in
quality between different grinding recipes as well as during the presence of the
unbalance failure mode. This demonstrated the effectiveness of the setup in
predicting machine behavior accurately in correlation to variation in quality.
Contribution: I participated in the conceptualization and devising of the
methodology, developed the software, and conducted formal analysis and data
curation for the investigation and preparation of the original draft manuscript.
Relevance: This paper extends on the work presented in paper A as taking
deeper dive into data processing and analysis and it addresses the first part of
research question one in light of process variations. It also tries to address part
of research question two in investigating the effect of machine variations on the
produced quality.

8.3 Paper C

Title: An implementation framework for condition-based maintenance in a
bearing ring grinder.
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Authors: Muhammad Ahmer, Pär Marklund, Martin Gustafsson, Kim
Berglund.
Published in: Procedia CIRP, 2022; vol. 107, p. 746-751, Special Issue.
Leading manufacturing systems transformation - Proceedings of the 55th
Conference on Manufacturing Systems.
Summary: The framework to implement condition-based maintenance is
devised and presented in this paper. From instrumentation of the machine
to data consolidation and preparation. The complete machine monitoring
system allowed precise capturing of the data from sensors as well as the
machine’s numerical controller. This allowed reliable data gathering for the
devised failure mode experimental testing as presented in the paper. Being
the initial and practical aspect to enable subsequent analytical applications
development, the process knowledge is used in critical subsystem as well as
sensors locations selection and the capturing of machine process parameters
through the implementation of real-time synchronized data acquisition. The
dataset thus produced is of high quality to reach intelligent fault diagnosis.
Contribution: I participated in the conceptualization and devising of the
methodology, development, and deployment of machine instrumentation for
experimentation, developed the software, and conducted formal analysis and
data curation for the investigation and preparation of the original draft
manuscript.
Relevance: To fully address research question one, this paper presents the
setup as a framework that is adapted according to the questions raised in
research question one.

8.4 Paper D
Title: Failure mode classification for condition-based maintenance in a bearing
ring grinding machine.
Authors: Muhammad Ahmer, Fredrik Sandin, Pär Marklund, Martin
Gustafsson, Kim Berglund.
Published in: The International Journal of Advanced Manufacturing
Technology, 2022; vol. 122, p. 1479-1495.
Summary: In this paper the intelligent failure diagnosis framework is
presented as a two-step approach. The data is processed by taking the
advantage of the complete grinding cycle and using the machine parameters.
The presented approach of segmenting the cycle data allows a targeted feature
set to be used in the training failure detection model. Random forest being
the top-performing classifier is trained for both failure detection and failure
mode identification step. The high performance of the classifier is achieved
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using the features from the most effective sensors as a result of the sensor
ranking algorithm. The two-step classification improves the generalization of
failure diagnostics. Due to the large separation in feature space, the failure
mode classifier, as the multi-class classifier, performs marginally better than
the binary classifier used in the detection of the presence of a failure mode.
Contribution: I participated in the conceptualization and devising of the
methodology, development, and deployment of machine instrumentation for
experimentation, developed the software, and conducted formal analysis and
data curation for the investigation and preparation of the original draft
manuscript.
Relevance: This paper builds on the implementation work of paper C to
answer research question one and answers it by presenting a failure diagnostic
framework along with the sensor selection criteria to choose the best features
from the most effective sensors. This paper also lays the groundwork for the
data processing needed to answer research question two.

8.5 Paper E
Title: Using multivariate quality statistic for maintenance decision support in
a bearing ring grinder.
Authors: Muhammad Ahmer, Fredrik Sandin, Pär Marklund, Martin
Gustafsson, Kim Berglund.
Published in: Machines, 2022; vol. 10(9), no. 794.
Summary: To reach a decision in condition-based maintenance
implementation, an approach, to estimate the quality of bearing rings
using the sensor data, is proposed in this paper. The segmentation of the data
allows the features to be chosen from the relevant part of the grinding cycle
which is then used in the training regression model to estimate overall quality.
The grinding step chosen in the study being the intermediate process of bearing
production, required the criteria to be devised to label the quality of the parts
produced. Reference test cycles are used to define the quality criteria, against
which the labels for the regression models are learned using a supervised
and an unsupervised learning approach. The quality labels generated from
the supervised approach of using Hotelling’s T-squared statistic proved to
be repeatable in comparison to using fuzzy c-means clustering to group the
produced quality in hyper-space in relation to reference quality. The quality
estimators trained using the learned labels performed with more than 94% of
accuracy on the test set of measured rings. The estimation of quality severity
compared against a threshold predicts the remaining usefulness of the machine
in production. A maintenance decision is reached and the action is devised
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using the estimated severity of the produced quality in combination with the
identification of the failure mode.
Contribution: I participated in the conceptualization and devising of the
methodology, development, and deployment of machine instrumentation for
experimentation, developed the software, and conducted formal analysis and
data curation for the investigation and preparation of the original draft
manuscript.
Relevance: Using the understanding of sensors and features selection built in
paper D, this paper addresses research question two. Consideration of quality
variations as part of research question two is addressed through the quality
criteria devised in this paper. This paper also partly answers research question
one by presenting the approach of reaching a maintenance decision when a fault
is identified using the condition monitoring setup.

8.6 Other contributions
During the course of the project, setting up the machine with a comprehensive
data acquisition system incorporating industry 4.0 and information and
communication technologies (ICTs) to enable the analytical application of
condition-based maintenance is one noteworthy contribution. It is crucial to
achieving a solution that is cost-effective and reliable and that can produce
structured data [118]. The system architecture developed and deployed during
the study has been demonstrated through the multi-channel data acquisition
of the installed sensors as well as the dataset generated including data from the
numerical controller of the machine. The comprehensive data generated, as a
result of the experimentation for the failure modes, is published in the Swedish
National Data Service (SND) repositories [117] to enable further research in
analytical methodologies and machine learning tools used in intelligent fault
diagnosis.
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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 

Keywords: Assembly; Design method; Family identification

1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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Abstract

The process controller in a precision grinder for bearing rings puts high performance demands on the machine to achieve desired quality in
production. This paper presents a unique approach of adding additional sensors for machine condition monitoring for the purpose of learning and
using high fidelity condition indicators. The consolidation of real-time sensor data and the process control signals yields high-dimensional dataset.
Automatic segmentation helps optimize the amount of data for processing and data mining ahead of fault diagnosis. The proposed setup is state
of the art for prognostics as part of condition-based maintenance in a production machine.
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Keywords: Analytics; Automation; Condition monitoring; Grinding; Machining; Maintenance; Manufacturing; Measurement; Process Monitoring; Sensor.

1. Introduction

The technologies that are making fourth industrial revolution
possible are also bringing a new wave of innovation in man-
ufacturing [2]. The term ”smart factory” has become widely
common which refer to a connected and flexible manufactur-
ing system that uses a continuous stream of data from con-
nected operations and production systems to learn and adapt
to new demands [11]. Smart factory being at the core to drive
the new industrial revolution, the competitive advantage is with
the companies which are willing to adopt and adapt to these new
technologies [7]. According to Sjodin et al [11], concept of pro-
cess innovation is core of smart factory and the leading manu-
facturers implement this systemic approach to improve produc-
tion efficiency. Maintenance is one of the key-points that factors
in achieving the objective of maintaining and/or improving the
worldwide competitiveness [6]. Thus the scope of the new Intel-
ligent Production Systems and equipment is to improve mainte-
nance and reduce the cost to help the maintenance agent to take
the right decision at the right time in the right place.

∗ Corresponding author. Tel.: +46-725-776547.
E-mail address: muhammad.ahmer@skf.com (Muhammad Ahmer).

Grinding is a centuries old process and still greatly used
in manufacturing of precision parts. A couple of decades ago,
Kegg [5] identified significant improvement areas in industrial
grinding, showing that process predictability, inventory reduc-
tion and need of more automation having significant impact.
Although thermal compensation in grinding machines and bet-
ter process predictability are still not solved. However many
other innovations in the field have been realized through close
collaboration between academia and industry [8]. Industry has
come long way in achieving high precision without too much
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worldwide competitiveness [6]. Thus the scope of the new Intel-
ligent Production Systems and equipment is to improve mainte-
nance and reduce the cost to help the maintenance agent to take
the right decision at the right time in the right place.

∗ Corresponding author. Tel.: +46-725-776547.
E-mail address: muhammad.ahmer@skf.com (Muhammad Ahmer).

Grinding is a centuries old process and still greatly used
in manufacturing of precision parts. A couple of decades ago,
Kegg [5] identified significant improvement areas in industrial
grinding, showing that process predictability, inventory reduc-
tion and need of more automation having significant impact.
Although thermal compensation in grinding machines and bet-
ter process predictability are still not solved. However many
other innovations in the field have been realized through close
collaboration between academia and industry [8]. Industry has
come long way in achieving high precision without too much
compromise over material removal rate. Thus grinding is a key
process in bearing ring production where the recondition of the
grinding wheel enables the higher material removal rates for
harder material used. The surface topography and the subsur-
face properties achieved in plunge grinding process results in
higher geometrical/dimensional accuracy required in ring pro-
duction. This not only puts high demands on the machine but
also subject to variations due to changing operating condition
of the machine itself.

To achieve a predictable process, process monitoring is com-
monly employed where many process variables e.g. in situ cut-
ting forces, power, vibrations etc are measured using different
sensing techniques [13, 12]. Even today grinding process and
machines are far from first piece correct [15] which is also de-
pendent upon the condition of the machine that results from
the machine maintenance. Condition based machine mainte-

2212-8271 c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

Available online at www.sciencedirect.com

Procedia CIRP 00 (2019) 000–000 www.elsevier.com/locate/procedia

53rd CIRP Conference on Manufacturing Systems

A unified approach towards performance monitoring and condition-based
maintenance in grinding machines

Muhammad Ahmera,∗, Pär Marklundb, Martin Gustafssona, Kim Berglundb

aAB SKF, Gothenburg, Sweden
bLuleå University of Technology, Luleå, Sweden

Abstract

The process controller in a precision grinder for bearing rings puts high performance demands on the machine to achieve desired quality in
production. This paper presents a unique approach of adding additional sensors for machine condition monitoring for the purpose of learning and
using high fidelity condition indicators. The consolidation of real-time sensor data and the process control signals yields high-dimensional dataset.
Automatic segmentation helps optimize the amount of data for processing and data mining ahead of fault diagnosis. The proposed setup is state
of the art for prognostics as part of condition-based maintenance in a production machine.

c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

Keywords: Analytics; Automation; Condition monitoring; Grinding; Machining; Maintenance; Manufacturing; Measurement; Process Monitoring; Sensor.

1. Introduction

The technologies that are making fourth industrial revolution
possible are also bringing a new wave of innovation in man-
ufacturing [2]. The term ”smart factory” has become widely
common which refer to a connected and flexible manufactur-
ing system that uses a continuous stream of data from con-
nected operations and production systems to learn and adapt
to new demands [11]. Smart factory being at the core to drive
the new industrial revolution, the competitive advantage is with
the companies which are willing to adopt and adapt to these new
technologies [7]. According to Sjodin et al [11], concept of pro-
cess innovation is core of smart factory and the leading manu-
facturers implement this systemic approach to improve produc-
tion efficiency. Maintenance is one of the key-points that factors
in achieving the objective of maintaining and/or improving the
worldwide competitiveness [6]. Thus the scope of the new Intel-
ligent Production Systems and equipment is to improve mainte-
nance and reduce the cost to help the maintenance agent to take
the right decision at the right time in the right place.

∗ Corresponding author. Tel.: +46-725-776547.
E-mail address: muhammad.ahmer@skf.com (Muhammad Ahmer).

Grinding is a centuries old process and still greatly used
in manufacturing of precision parts. A couple of decades ago,
Kegg [5] identified significant improvement areas in industrial
grinding, showing that process predictability, inventory reduc-
tion and need of more automation having significant impact.
Although thermal compensation in grinding machines and bet-
ter process predictability are still not solved. However many
other innovations in the field have been realized through close
collaboration between academia and industry [8]. Industry has
come long way in achieving high precision without too much
compromise over material removal rate. Thus grinding is a key
process in bearing ring production where the recondition of the
grinding wheel enables the higher material removal rates for
harder material used. The surface topography and the subsur-
face properties achieved in plunge grinding process results in
higher geometrical/dimensional accuracy required in ring pro-
duction. This not only puts high demands on the machine but
also subject to variations due to changing operating condition
of the machine itself.

To achieve a predictable process, process monitoring is com-
monly employed where many process variables e.g. in situ cut-
ting forces, power, vibrations etc are measured using different
sensing techniques [13, 12]. Even today grinding process and
machines are far from first piece correct [15] which is also de-
pendent upon the condition of the machine that results from
the machine maintenance. Condition based machine mainte-

2212-8271 c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

Available online at www.sciencedirect.com

Procedia CIRP 00 (2019) 000–000 www.elsevier.com/locate/procedia

53rd CIRP Conference on Manufacturing Systems

A unified approach towards performance monitoring and condition-based
maintenance in grinding machines

Muhammad Ahmera,∗, Pär Marklundb, Martin Gustafssona, Kim Berglundb

aAB SKF, Gothenburg, Sweden
bLuleå University of Technology, Luleå, Sweden

Abstract

The process controller in a precision grinder for bearing rings puts high performance demands on the machine to achieve desired quality in
production. This paper presents a unique approach of adding additional sensors for machine condition monitoring for the purpose of learning and
using high fidelity condition indicators. The consolidation of real-time sensor data and the process control signals yields high-dimensional dataset.
Automatic segmentation helps optimize the amount of data for processing and data mining ahead of fault diagnosis. The proposed setup is state
of the art for prognostics as part of condition-based maintenance in a production machine.

c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

Keywords: Analytics; Automation; Condition monitoring; Grinding; Machining; Maintenance; Manufacturing; Measurement; Process Monitoring; Sensor.

1. Introduction

The technologies that are making fourth industrial revolution
possible are also bringing a new wave of innovation in man-
ufacturing [2]. The term ”smart factory” has become widely
common which refer to a connected and flexible manufactur-
ing system that uses a continuous stream of data from con-
nected operations and production systems to learn and adapt
to new demands [11]. Smart factory being at the core to drive
the new industrial revolution, the competitive advantage is with
the companies which are willing to adopt and adapt to these new
technologies [7]. According to Sjodin et al [11], concept of pro-
cess innovation is core of smart factory and the leading manu-
facturers implement this systemic approach to improve produc-
tion efficiency. Maintenance is one of the key-points that factors
in achieving the objective of maintaining and/or improving the
worldwide competitiveness [6]. Thus the scope of the new Intel-
ligent Production Systems and equipment is to improve mainte-
nance and reduce the cost to help the maintenance agent to take
the right decision at the right time in the right place.

∗ Corresponding author. Tel.: +46-725-776547.
E-mail address: muhammad.ahmer@skf.com (Muhammad Ahmer).

Grinding is a centuries old process and still greatly used
in manufacturing of precision parts. A couple of decades ago,
Kegg [5] identified significant improvement areas in industrial
grinding, showing that process predictability, inventory reduc-
tion and need of more automation having significant impact.
Although thermal compensation in grinding machines and bet-
ter process predictability are still not solved. However many
other innovations in the field have been realized through close
collaboration between academia and industry [8]. Industry has
come long way in achieving high precision without too much
compromise over material removal rate. Thus grinding is a key
process in bearing ring production where the recondition of the
grinding wheel enables the higher material removal rates for
harder material used. The surface topography and the subsur-
face properties achieved in plunge grinding process results in
higher geometrical/dimensional accuracy required in ring pro-
duction. This not only puts high demands on the machine but
also subject to variations due to changing operating condition
of the machine itself.

To achieve a predictable process, process monitoring is com-
monly employed where many process variables e.g. in situ cut-
ting forces, power, vibrations etc are measured using different
sensing techniques [13, 12]. Even today grinding process and
machines are far from first piece correct [15] which is also de-
pendent upon the condition of the machine that results from
the machine maintenance. Condition based machine mainte-

2212-8271 c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

5834538_Inlaga.indd   1135834538_Inlaga.indd   113 2023-01-17   12:112023-01-17   12:11



 Muhammad Ahmer  et al. / Procedia CIRP 93 (2020) 1388–1393 1389Available online at www.sciencedirect.com

Procedia CIRP 00 (2019) 000–000 www.elsevier.com/locate/procedia

53rd CIRP Conference on Manufacturing Systems

A unified approach towards performance monitoring and condition-based
maintenance in grinding machines

Muhammad Ahmera,∗, Pär Marklundb, Martin Gustafssona, Kim Berglundb

aAB SKF, Gothenburg, Sweden
bLuleå University of Technology, Luleå, Sweden

Abstract

The process controller in a precision grinder for bearing rings puts high performance demands on the machine to achieve desired quality in
production. This paper presents a unique approach of adding additional sensors for machine condition monitoring for the purpose of learning and
using high fidelity condition indicators. The consolidation of real-time sensor data and the process control signals yields high-dimensional dataset.
Automatic segmentation helps optimize the amount of data for processing and data mining ahead of fault diagnosis. The proposed setup is state
of the art for prognostics as part of condition-based maintenance in a production machine.

c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

Keywords: Analytics; Automation; Condition monitoring; Grinding; Machining; Maintenance; Manufacturing; Measurement; Process Monitoring; Sensor.

1. Introduction

The technologies that are making fourth industrial revolution
possible are also bringing a new wave of innovation in man-
ufacturing [2]. The term ”smart factory” has become widely
common which refer to a connected and flexible manufactur-
ing system that uses a continuous stream of data from con-
nected operations and production systems to learn and adapt
to new demands [11]. Smart factory being at the core to drive
the new industrial revolution, the competitive advantage is with
the companies which are willing to adopt and adapt to these new
technologies [7]. According to Sjodin et al [11], concept of pro-
cess innovation is core of smart factory and the leading manu-
facturers implement this systemic approach to improve produc-
tion efficiency. Maintenance is one of the key-points that factors
in achieving the objective of maintaining and/or improving the
worldwide competitiveness [6]. Thus the scope of the new Intel-
ligent Production Systems and equipment is to improve mainte-
nance and reduce the cost to help the maintenance agent to take
the right decision at the right time in the right place.

∗ Corresponding author. Tel.: +46-725-776547.
E-mail address: muhammad.ahmer@skf.com (Muhammad Ahmer).

Grinding is a centuries old process and still greatly used
in manufacturing of precision parts. A couple of decades ago,
Kegg [5] identified significant improvement areas in industrial
grinding, showing that process predictability, inventory reduc-
tion and need of more automation having significant impact.
Although thermal compensation in grinding machines and bet-
ter process predictability are still not solved. However many
other innovations in the field have been realized through close
collaboration between academia and industry [8]. Industry has
come long way in achieving high precision without too much
compromise over material removal rate. Thus grinding is a key
process in bearing ring production where the recondition of the
grinding wheel enables the higher material removal rates for
harder material used. The surface topography and the subsur-
face properties achieved in plunge grinding process results in
higher geometrical/dimensional accuracy required in ring pro-
duction. This not only puts high demands on the machine but
also subject to variations due to changing operating condition
of the machine itself.

To achieve a predictable process, process monitoring is com-
monly employed where many process variables e.g. in situ cut-
ting forces, power, vibrations etc are measured using different
sensing techniques [13, 12]. Even today grinding process and
machines are far from first piece correct [15] which is also de-
pendent upon the condition of the machine that results from
the machine maintenance. Condition based machine mainte-

2212-8271 c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

Available online at www.sciencedirect.com

Procedia CIRP 00 (2019) 000–000 www.elsevier.com/locate/procedia

53rd CIRP Conference on Manufacturing Systems

A unified approach towards performance monitoring and condition-based
maintenance in grinding machines

Muhammad Ahmera,∗, Pär Marklundb, Martin Gustafssona, Kim Berglundb

aAB SKF, Gothenburg, Sweden
bLuleå University of Technology, Luleå, Sweden

Abstract

The process controller in a precision grinder for bearing rings puts high performance demands on the machine to achieve desired quality in
production. This paper presents a unique approach of adding additional sensors for machine condition monitoring for the purpose of learning and
using high fidelity condition indicators. The consolidation of real-time sensor data and the process control signals yields high-dimensional dataset.
Automatic segmentation helps optimize the amount of data for processing and data mining ahead of fault diagnosis. The proposed setup is state
of the art for prognostics as part of condition-based maintenance in a production machine.

c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

Keywords: Analytics; Automation; Condition monitoring; Grinding; Machining; Maintenance; Manufacturing; Measurement; Process Monitoring; Sensor.

1. Introduction

The technologies that are making fourth industrial revolution
possible are also bringing a new wave of innovation in man-
ufacturing [2]. The term ”smart factory” has become widely
common which refer to a connected and flexible manufactur-
ing system that uses a continuous stream of data from con-
nected operations and production systems to learn and adapt
to new demands [11]. Smart factory being at the core to drive
the new industrial revolution, the competitive advantage is with
the companies which are willing to adopt and adapt to these new
technologies [7]. According to Sjodin et al [11], concept of pro-
cess innovation is core of smart factory and the leading manu-
facturers implement this systemic approach to improve produc-
tion efficiency. Maintenance is one of the key-points that factors
in achieving the objective of maintaining and/or improving the
worldwide competitiveness [6]. Thus the scope of the new Intel-
ligent Production Systems and equipment is to improve mainte-
nance and reduce the cost to help the maintenance agent to take
the right decision at the right time in the right place.

∗ Corresponding author. Tel.: +46-725-776547.
E-mail address: muhammad.ahmer@skf.com (Muhammad Ahmer).

Grinding is a centuries old process and still greatly used
in manufacturing of precision parts. A couple of decades ago,
Kegg [5] identified significant improvement areas in industrial
grinding, showing that process predictability, inventory reduc-
tion and need of more automation having significant impact.
Although thermal compensation in grinding machines and bet-
ter process predictability are still not solved. However many
other innovations in the field have been realized through close
collaboration between academia and industry [8]. Industry has
come long way in achieving high precision without too much
compromise over material removal rate. Thus grinding is a key
process in bearing ring production where the recondition of the
grinding wheel enables the higher material removal rates for
harder material used. The surface topography and the subsur-
face properties achieved in plunge grinding process results in
higher geometrical/dimensional accuracy required in ring pro-
duction. This not only puts high demands on the machine but
also subject to variations due to changing operating condition
of the machine itself.

To achieve a predictable process, process monitoring is com-
monly employed where many process variables e.g. in situ cut-
ting forces, power, vibrations etc are measured using different
sensing techniques [13, 12]. Even today grinding process and
machines are far from first piece correct [15] which is also de-
pendent upon the condition of the machine that results from
the machine maintenance. Condition based machine mainte-

2212-8271 c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

Available online at www.sciencedirect.com

Procedia CIRP 00 (2019) 000–000 www.elsevier.com/locate/procedia

53rd CIRP Conference on Manufacturing Systems

A unified approach towards performance monitoring and condition-based
maintenance in grinding machines

Muhammad Ahmera,∗, Pär Marklundb, Martin Gustafssona, Kim Berglundb

aAB SKF, Gothenburg, Sweden
bLuleå University of Technology, Luleå, Sweden

Abstract

The process controller in a precision grinder for bearing rings puts high performance demands on the machine to achieve desired quality in
production. This paper presents a unique approach of adding additional sensors for machine condition monitoring for the purpose of learning and
using high fidelity condition indicators. The consolidation of real-time sensor data and the process control signals yields high-dimensional dataset.
Automatic segmentation helps optimize the amount of data for processing and data mining ahead of fault diagnosis. The proposed setup is state
of the art for prognostics as part of condition-based maintenance in a production machine.

c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

Keywords: Analytics; Automation; Condition monitoring; Grinding; Machining; Maintenance; Manufacturing; Measurement; Process Monitoring; Sensor.

1. Introduction

The technologies that are making fourth industrial revolution
possible are also bringing a new wave of innovation in man-
ufacturing [2]. The term ”smart factory” has become widely
common which refer to a connected and flexible manufactur-
ing system that uses a continuous stream of data from con-
nected operations and production systems to learn and adapt
to new demands [11]. Smart factory being at the core to drive
the new industrial revolution, the competitive advantage is with
the companies which are willing to adopt and adapt to these new
technologies [7]. According to Sjodin et al [11], concept of pro-
cess innovation is core of smart factory and the leading manu-
facturers implement this systemic approach to improve produc-
tion efficiency. Maintenance is one of the key-points that factors
in achieving the objective of maintaining and/or improving the
worldwide competitiveness [6]. Thus the scope of the new Intel-
ligent Production Systems and equipment is to improve mainte-
nance and reduce the cost to help the maintenance agent to take
the right decision at the right time in the right place.

∗ Corresponding author. Tel.: +46-725-776547.
E-mail address: muhammad.ahmer@skf.com (Muhammad Ahmer).

Grinding is a centuries old process and still greatly used
in manufacturing of precision parts. A couple of decades ago,
Kegg [5] identified significant improvement areas in industrial
grinding, showing that process predictability, inventory reduc-
tion and need of more automation having significant impact.
Although thermal compensation in grinding machines and bet-
ter process predictability are still not solved. However many
other innovations in the field have been realized through close
collaboration between academia and industry [8]. Industry has
come long way in achieving high precision without too much
compromise over material removal rate. Thus grinding is a key
process in bearing ring production where the recondition of the
grinding wheel enables the higher material removal rates for
harder material used. The surface topography and the subsur-
face properties achieved in plunge grinding process results in
higher geometrical/dimensional accuracy required in ring pro-
duction. This not only puts high demands on the machine but
also subject to variations due to changing operating condition
of the machine itself.

To achieve a predictable process, process monitoring is com-
monly employed where many process variables e.g. in situ cut-
ting forces, power, vibrations etc are measured using different
sensing techniques [13, 12]. Even today grinding process and
machines are far from first piece correct [15] which is also de-
pendent upon the condition of the machine that results from
the machine maintenance. Condition based machine mainte-

2212-8271 c© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 53rd CIRP Conference on Manufacturing Systems.

Author name / Procedia CIRP 00 (2019) 000–000 2

nance allows to do maintenance according to the use of the
machine and is vital to provide prediction of future usability
[4, 15]. Advances in new sensing technologies has paved path
to monitor machining processes in real time of a machine, to
be analyzed and processed to achieve condition monitoring and
maintenance decision making [3]. Machine component data e.g.
spindles and axes drives data, in addition to conventional moni-
toring of process using force, acoustic emissions and power [9],
can be utilized to evaluate machine health [14]. Although exten-
sive work has been carried out in evaluation of approaches for
monitoring of defects using individual and combination of sen-
sors [3] for condition monitoring of CNC machines, the focus
has been inclined towards tool monitoring and milling centers.
The grinding machines as whole have never come into consid-
eration of CBM researchers doing research in predictive health
monitoring PHM or predictive maintenance and only spindle
condition monitoring [10] for machine tools comes close. One
reason might be the focus has been on the grinding process it-
self where the challenges are yet to be solved [8]. The other
reason seems to be the use of data driven techniques to achieve
better tool condition monitoring for improved process control
[1, 9]. To reach a level where a complete machine diagnostics
and prognostics [4] in a grinding machine is achievable, these
gaps are needed to be addressed.

The objective is to develop and evaluate predictive mainte-
nance test setup for a production grinding machine. The ma-
chine, thus equipped, enables the possibility to monitor and
capture the ring production process in real-time using synchro-
nized data acquisition of installed sensors along with machine’s
operational and process data. Quality measurements are consid-
ered key to evaluate accuracy of the machine diagnostics. Fig-
ure 1 depicts the scope where the resulting setup is a test bed
generating high quality data for advanced data analytics. This
will ultimately lead to the replication of the developed approach
for predictive maintenance to other production machines.

Fig. 1. Scope of predictive maintenance

2. Setup

The aim of the setup is to have a production machine
equipped with sensors for process monitoring and control. The
SGB55 external grinder from Lidköping Machine Tools is cho-
sen as it has Acoustic emission, force and spindle power sensing
for the process monitoring and control purposes. The machine’s
control system is SIEMENS SINUMERIC Solution line 840D
which provides the possibility to host an OPC DA server to push
programmed cycle data to a client in real-time which is saved
in the database.

Fig. 2. (a) workhead Assembly (Intellectual Property of SKF), (b) Grinding
assembly and (c) Dressing Unit assembly

To install the sensors for the condition based monitor-
ing (CBM) purpose, the machine is divided into three main
parts/subsystems i.e. Grinding Spindle assembly, workhead as-
sembly and dressing spindle unit. The grinding and workhead
spindles are hydrostatic spindles driven by electric motors via
belts. The dressing spindle is a bearing spindle driven by elec-
tric motor via belts and pulley. The grinding spindle assembly
is mounted on the hydrostatic slide actuated by a linear mo-
tor to feed grinding wheel into the work-piece. The work-piece
rotates in the fixture attached to the workhead spindle. The fig-
ure 2 shows different parts of the machine. Additionally, the
hydraulic and fluid systems for the machine are monitored as
watchdog for the normal operation.

As part of CBM implementation, vibration, force and acous-
tic emission sensors were added to the machine. It is essential
that the right information is captured since the data will be used
for the condition diagnostics and prognostics thus the demand
on right choice of sensor and sensor location is high. The in-
stalled sensors should also be able to survive the harsh environ-
ment of the machine for longer periods of time. The table 1 lists
the sensors in the machine along with the targeted subsystems.
The sensors are installed at key locations within the machine
as the quality of the sensor signal as well as the information
in the signal depends on it. The force and vibration sensors are
Integrated Electronics Piezo-Electric (IEPE) sensors and thus
require signal conditioner which provides the analogue voltage
output in the range of 0− 10V and is connected to the analogue
voltage acquisition card of the data acquisition unit.

To synchronize the data capturing along with the machine’s
plunge grinding cycle, trigger signals are used in the NC pro-
gram that operate PLC output according to the position of slides
in the machine during the cycle. The physical triggers are also
needed to initialize the measurements from the signal condi-
tioners of force and acoustic emission sensors. The sensor sig-
nals are sampled using National Instruments digital and ana-
logue Data Acquisition modules and chassis (NI-cDAQ) and
synchronized with the grinding cycle using triggers generated
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Fig. 3. The data flow setup.

Table 1. List of sensors.

Measured quantity Sensor Target subsystem

Force Kistler 9105C workhead assembly
Strain Kistler 9238B workhead assembly
Acoustic emission Parker Kittiwake 247 Ultraspan Workhead assembly
Acoustic emission Dittel m6000 Grinding spindle
Vibration PCB triax A45 Workhead assembly
Vibration SKF CMSS2200 Elec motor (workhead)
Vibration SKF CMSS2200 Elec motor (dressing)
Vibration IMI601A01 Grinding Spindle
Vibration IMI601A01 Dressing Spindle
Vibration IMI601A01 Dressing arm
Power Montronix PS100 Elec motor (grinding)

Table 2. Measured Quality Parameters

Quality Parameter Equipment Used

Diameter Relative measurement wrt to reference
Roundness and Waviness SKF MWA 160D
Surface Roughness and Form Taylor Hobson - Form Talysurf

from the machine’s cycle. To capture the full spectrum for pos-
sible failure modes in the machine, the simultaneous sampling
rate of 100kHz is used and a three stage cascaded low pass filter
is used as an analogue anti-aliasing filter with 44kHz as cutoff
frequency to satisfy Nyquist criterion. The sampling rate is high
enough for all the sensor signals as the process related dynamic
behaviour is captured within the frequency range of 5kHz. The
DAQ is connected to a machine side computer via USB chan-
nel and acquisition software is designed in the LABVIEW. As
mentioned earlier the machine data is pushed for every cycle

to a network database. All the produced parts during the mea-
surement cycle are stored to be measured for quality. The data
is stored in the local network storage to be accessed later for
further processing. The flow of data and information is shown
in figure 3.

Fig. 4. External grinding parameters (left), ground ring before and after (right)

In a normal production cycle where this machine is set to
produce inner ring of a bearing, the quality checks are per-
formed based on preset intervals. Quality parameters, selected
for this study, mentioned in table 2, are not possible to be mea-
sured for every part produced. Thus a number of rings are se-
lected such that the variations during and between dressing cy-
cles are captured for every and any condition that the machine
is operating in. Given that the time consumed for the chosen
quality measurements per ring is significantly longer than the
grinding cycle, the measurements are carried out, by saving
the selected rings in chronological order and categorized dur-
ing the trials, separately and simultaneously between differently
measuring equipment. The quality measurement data is com-
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Fig. 3. The data flow setup.
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bined and stored in the database to be accessed in the analysis
stage. The measurements are performed according to the prod-
uct specification and compared against the design tolerances for
classification.

To verify the setup with the data capture and condition
variation that can be monitored using the CBM platform im-
plemented as mentioned, a set of extreme grinding condi-
tions are chosen by varying the main grinding parameters e.g.
cutting speed, f eed rate and material removal. The external
grinding is depicted on the left of figure 4 along with the ground
ring on the right. Unbalances, above the accepted limit of ISO
balance quality grade G1, are introduced to both grinding and
workhead spindles as failure modes of the machine. This gives
possibility to test isolated and interacting failure modes in the
grinding machine under full spectrum of operating conditions.

3. Data and Results

The setup is tested and ready to run longer grinding hauls
for any setup of the machine. As an initial run around 1800
rings are produced under varying operating conditions. A sim-
ple grinding cycle shown in figure 6 is adapted for the study.
The two stage cycle limits the number of transients during the
grinding cycle. To avoid temperature introduced transients, the
machine is brought to normal running state for each new con-
dition by using additional workpieces which are scraped after-
wards.

MATLAB is used as data analysis platform for the study
ranging from accessing and processing raw data to training and
testing machine learning algorithms, outlined in figure 5. As
first step the data is queried from different sources and consol-
idated to be cleaned and processed. The sensor data is read for
each channel per cycle from the network storage comprising
of stored streaming data files. The time stamp from the file is
used to query data from the mysql database holding machine’s
grinding cycle parameters and variable data. The quality data is
accessed from the stored database where it is collected after the
measurements are completed.

Collecting data from different sources for each cycle and
pre-processing it is key step for subsequent analysis. As part

Fig. 6. Programmed grinding cycle used for the trials

of the condition monitoring work, the aim is to learn condition
indicators that correspond to different operating conditions of
the machine and capture the failure mode if present in any con-
dition. The sensor data from the AE and the vibration sensors
are shown in figure 7 and figure 8 as an example from the dif-
ferent sets of grinding cycles. To separate different behaviours
in the grinding cycles, a way to identify different machine oper-
ating steps is used to split the data accordingly. Figure 9 shows
the identified utilizing the first derivative of filtered AE signal,
segments for each cycle where the data is chopped to generate
three divisions for each cycle. The domain knowledge of the
grinding process designed for the machine gives a significant
advantage for choosing the right part of the cycle.

For the feature extraction step the selected sub cycle parts
are divided to different time and frequency bands to extract the
statistical features. The perspective provided by these features
easily classify the simpler condition of the grinding machine
as shown in figure 10 where the two clusters of each cutting
speed are clearly far apart. For the machine condition where
all the unbalances are introduced, the separation is impossi-
ble in two-dimensions (figure 11). A quadratic support Vector
machine (SVM) classifier managed a classification accuracy of
more than 92% for the test conditions in the machine using fea-

Fig. 5. The data processing steps in MATLAB
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Fig. 7. AE signal from Grinding spindle for different grinding cycles along
normalized timescale. L:Low, H:High, F:Feed, C:Cutting speed

Fig. 8. Vib signal from Workhead fixture for different grinding cycles along
normalized timescale. L:Low, H:High, F:Feed, C:Cutting speed

Fig. 9. Segment identification presented on AE sensor signal.

tures from both time and frequency domains of the segmented
data.

Fig. 10. Cutting speed data cluster. Axes represents extracted features from
data. x-axis: energy of frequency spectrum of vibration signal of grinding spin-
dle motor. y-axis: 90th percentile of frequency spectrum of vibration signal of
workhead spindle motor

Fig. 11. Unbalance tests clusters shown in different colors. Axes represents ex-
tracted features from data. x-axis: 90th percentile of one segment from strain
sensor signal in time domain. y-axis: root mean square of one segment from
force sensor signal in time domain.

Provided that a large number of features are extracted from
the dataset that holds high degree of information gives the pos-
sibility to identify and classify the clusters of data in higher
dimension. In such cases where data is accessible in relatively
lower quantities for different classes of data, linear classifiers
like Scalar Vector Machines are considered effective.
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4. Conclusion

The work presented provides a solution for connected assets
to be monitored for condition based grinding machine mainte-
nance. The acquired data made available enables downstream
process innovations through data processing and advanced an-
alytics. The segmentation gives possibility to extract relevant
features for the diagnostics in subsequent analysis stage. This
helps in choosing the same part of cycle from different grind-
ing conditions where the feature extraction is expected to cap-
ture the intended behaviour irrespective of significant difference
between cycle times due to use of different cycle parameters.
Figures 10 and 11 show the features extracted from time and
frequency domains of the grinding cycle segment, as shown in
figure 9, have the potential to classify the machine behaviours.
This significantly reduces the amount of data to be processed
which improves efficiency. Given the number of sensors and
parameters as part of the data set, the feature extraction results
in very high dimensional dataset for each grinding condition.
For dimension reduction, feature selection is being considered.
However to choose relevant features while keeping the number
to a minimum is identified as a challenge in the work. The large
number of produced rings also make data handling a special
task. The idea is to repeat the analysis for each part of the cycle
to identify the most crucial part of the cycle to be monitored ac-
cording to CBM implementation. Thus further in-depth testing
and analysis is proposed to present the best features to classify
different machine conditions under varying process settings.

The initial tests covered large number of produced parts un-
der varying conditions demonstrates the potential in the CBM
implementation for maintenance diagnostics, it requires further
study for extended period of time to address the prognostic part
of the aim. The production machine provides the possibility to
capture the complete dataset of the grinding cycle as presented
and hence paves path to dig deeper into the feature learning and
classification algorithms.
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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 

Keywords: Assembly; Design method; Family identification

1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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Abstract

Bearing ring grinding incorporates sensors to control the grinding cycle in real time. Prediction of output quality is difficult due to the complex
combination of process settings and machine characteristics. Causal relationship of machine performance with varying operating conditions was
studied with reference to the produced quality by adding condition monitoring setup to the machine. Data driven diagnostics of machine condition
through integration of condition and process monitoring sensor data at the completion of the grinding cycle improves quality cognisance. This can
be used to tune control parameters to achieve more predictable quality in successive cycles.
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1. Introduction

Manufacturing in all the domains focuses on process con-
trol to drive the output quality. The level of the control can
vary widely from a whole manufacturing plant to a small ma-
chine doing a very simple task such as putting shipping labels
on packaged products. The increasing competition in the man-
ufacturing industries dictate higher quality thus pushing more
demands on producing with tighter tolerances at lower cost and
higher quality. When it comes to machining finish surfaces,
grinding is one of the oldest techniques used because, in com-
parison to machining operations where geometrically shaped
cutting edge is used, it offers 5-10 times higher cutting speeds
and can achieve surface roughness of 0.3 nm and geometri-
cal accuracy of around 10 nm [9]. With incorporation of sens-
ing technologies, the grinding process can produce products of
highest surface quality [8, 2]. This separates the grinding ma-
chines from other machine tools in terms of structure and tool
setting. The requirement on the accuracy of spindles is also
higher for grinding compared to milling operation. For grinding
to be the precision process to produce the desired surface qual-

∗ Corresponding author. Tel.: +46-725-776547.
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ity, a continual increase in accuracy of the grinding machines is
desired [7, 9]. Although research has shown potential in active
tool monitoring, using techniques like wavelet analysis, support
vector machines (SVM) [10] and feature level sensor fusion [6]
to predict surface quality [1]. However these techniques focus
on process monitoring and lack the correlation of changing ma-
chine condition and the quality produced thus have not been
implemented in industry. This is especially valid when it comes
to applications with high cutting speeds, e.g. bearing ring grind-
ing.

Quality of bearing, whether a standard or super precision
product, plays central role in any machine with rotating parts
which is evident from the statistics of mechanical failures.
The quality with which the bearing components are produced
directly influence the operating condition of the bearing as
well as the machine where the bearing is installed. There-
fore, in any bearing ring production process, the variation in
process/machine precision and accuracy has broad impact. To
reduce the user dependency on machine’s performance while
maintaining a strong maintenance program is no easy feat. Con-
trol of production cycle thus requires actively addressing the
changes in machine’s behaviour. Today the focus on imple-
menting the framework to achieve predictive maintenance is
inevitable [4] which imparts self-awareness into the manufac-
turing system. Condition monitoring being the vital initial step
to predictive maintenance holds the key to diagnose the faults

2212-8271 c© 2019 The Authors. Published by Elsevier B.V.
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1. Introduction

Manufacturing in all the domains focuses on process con-
trol to drive the output quality. The level of the control can
vary widely from a whole manufacturing plant to a small ma-
chine doing a very simple task such as putting shipping labels
on packaged products. The increasing competition in the man-
ufacturing industries dictate higher quality thus pushing more
demands on producing with tighter tolerances at lower cost and
higher quality. When it comes to machining finish surfaces,
grinding is one of the oldest techniques used because, in com-
parison to machining operations where geometrically shaped
cutting edge is used, it offers 5-10 times higher cutting speeds
and can achieve surface roughness of 0.3 nm and geometri-
cal accuracy of around 10 nm [9]. With incorporation of sens-
ing technologies, the grinding process can produce products of
highest surface quality [8, 2]. This separates the grinding ma-
chines from other machine tools in terms of structure and tool
setting. The requirement on the accuracy of spindles is also
higher for grinding compared to milling operation. For grinding
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chine doing a very simple task such as putting shipping labels
on packaged products. The increasing competition in the man-
ufacturing industries dictate higher quality thus pushing more
demands on producing with tighter tolerances at lower cost and
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grinding is one of the oldest techniques used because, in com-
parison to machining operations where geometrically shaped
cutting edge is used, it offers 5-10 times higher cutting speeds
and can achieve surface roughness of 0.3 nm and geometri-
cal accuracy of around 10 nm [9]. With incorporation of sens-
ing technologies, the grinding process can produce products of
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chines from other machine tools in terms of structure and tool
setting. The requirement on the accuracy of spindles is also
higher for grinding compared to milling operation. For grinding
to be the precision process to produce the desired surface qual-

∗ Corresponding author. Tel.: +46-725-776547.
E-mail address: muhammad.ahmer@skf.com (Muhammad Ahmer).
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to predict surface quality [1]. However these techniques focus
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reduce the user dependency on machine’s performance while
maintaining a strong maintenance program is no easy feat. Con-
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[3] where data driven techniques can improve on ways to rec-
ognize failures in time [5]. Despite the challenges, grinding ma-
chines has been less of a focus in scientific publications regard-
ing prognostics and predictive maintenance.

The aim of the work is to:
1. Develop a condition based maintenance (CBM) setup for

a production grinding machine which can be used as part
of a predictive maintenance program.

2. Identify suitable features for classification of failure
modes due to spindle and workhead unbalance with chang-
ing operating conditions.

3. Investigate if the surface quality features can be used to
classify failures and machine condition due to spindle and
workhead unbalance.

2. Machine and process

The ring grinder used in this work is an external plunge
grinder from Lidköping machine tools (SGB 55-B). The ma-
chine comprises three main spindle units; namely grinding spin-
dle unit, dressing spindle unit and workhead spindel unit. The
grinding and workhead spindles are hydrostatic spindles while
the dressing spindle is a bearing spindle. Supported spindles
are driven by electric motors via belts and pulleys. The same
three main subsystems are also targeted for the condition based
maintenance implementation and are equipped with vibration,
acoustic emission and force sensors. The machine and subsys-
tems are depicted in figure 1.

Fig. 1. (a) Workhead Assembly with spindle and proprietary chucking mecha-
nism, (b) Grinding assembly, (c) Dressing Unit assembly, (d) Grinding Spindle
and (e) Diamond Roller

The sensors for condition monitoring are mounted to ad-
dress the failure modes of the grinding machine for individual
subsystems. This refers to the vibration sensors (100mV/g, 1-
axis IMI) mounted on the electric motors and spindles, ad-
ditional vibration sensors (100mV/g, 3-axes PCB) for the
tools and fixture monitoring of the workhead unit and sur-
face strain sensor (± 800µε piezo-electric, Kistler) is used to
measure the closed loop force in the system during grinding
cycle. An additional single channel acoustic emission sensor

(24/7 ultraspan, HOLROYD) is mounted on the workhead to
monitor interface of the workpiece and the workhead fixture.
The sensors signals’ are sampled along with the process signals
in addition to the machine’s operational parameters for each
grinding cycle which are pushed in a database for each cycle.
The high frequency data from the sensors are stored on a net-
work drive which is synchronized with the grinding cycle using
machine generated triggers.

A set of tests is devised where different combinations of cut-
ting speeds and feed rates were used. The equivalent grinding
chip thickness heq of 0.144 µm is used to setup grinding cy-
cle for respective cutting speeds to achieve specific removal
rates of 86 and 216 (mm3/mm) respectively. The Tyrolit’s type
CS 208A 120k6 sintered grinding wheel is used along with Ty-
rolit’s REX diamond profile roller dresser. Inner rings of bear-
ing type 6210 having steel grade 100Cr6, a deep grove ball
bearing with bore diameter of 50 mm, outer diameter of 90 mm
and width of 20 mm, are used for the trials.

To capture changes in grinding conditions and affect on ma-
chine condition two levels of cutting speeds were chosen where
high cutting speed is 1.5× the low cutting speed. To capture the
grinding wheel degradation, more rings were ground in between
each dressing cycle than a production cycle. Additional weights
were added to both workhead and grinding spindles to introduce
unbalance. The weights were added in accordance with the ISO
balancing grade of G 2.5 and G 6.3 to bring the balance outside
of the accepted level of grinding spindles which is G 1.

Fig. 2. Grinding force and/or power response

A position controlled grinding cycle is programmed to
achieve the force/power behaviour during grinding in ideal con-
ditions as in figure 2. Around 1800 rings are ground at the dif-
ferent cutting speeds with and without the presence of failure
mode of unbalance. Data is consolidated from sensor signals
and machine NC cycle parameters. After pre-processing, data
is segmented into different parts, 1, 2 and 3, based on the differ-
ent steps of the grinding cycle as shown in figure 3. The change
in the grinding cycle is captured from derivative change of en-
veloped and low pass filtered AE signal. For the analysis the
segment 3 is extracted for further processing as the grinding
normal force and power reaches equilibrium after the max loop
stiffness is reached in segment 2.
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Fig. 3. Segmentation of the grinding cycle from the AE signal. (1) Air grinding,
(2) slope due to loop stiffness (3) reaching max power/force

3. Results

MATLAB environment is utilized for the analysis of the data
from signal processing to the training and testing of the classi-
fiers. Sensor fusion results from the transformation of the fea-
ture space. Signals are thus decomposed using band-pass filter-
ing as part of wavelet packet decomposition. 23 sub-signals are
achieved for each domain from the decomposition. Fast fourier
transform (FFT) algorithm is used to calculate the spectrum for
the respective signals and sub-signals. The statistical features
are extracted from time and frequency domain of all the sig-
nals. These extracted features are listed in table 1. To cut-off
potential outliers the 90th percentile feature is used.

Table 1. Features calculated from all the signals

Feature Equation

mean µ = 1
N
∑N

i=1 xi

standard deviation S =
√

1
N−1
∑N

i=1 |xi − µ|2

skewness s = E(x−µ)3

σ3

kurtosis k = E(x−µ)4

σ4

root-mean-squrae xrms =

√
1
N
∑N

i=1 |xi|2

peak-to-peak xpp = max(x) − min(x)

crest f actor C = |xpeak |
xrms

band power P = x2
rms

energy
∫ N

1 x(i)dN ≈ 1
2
∑N−1

i=1 (xi + xi+1)

Feature selection is necessary to filter out the redundant in-
formation in the features set where fisher ratio is found to be
effective for choosing the subset with fisher score of at least 0.9.
Support Vector Machine (SVM) is adopted for the supervised
learning of the classes because of its effectiveness in tool condi-
tion monitoring when not much data is present in the beginning.
The test operating conditions of the machine are the classes to
be learned from the data. 18 test classes are resulted from com-

bination of two cutting speeds and three levels of unbalance on
both workhead and grinding spindles which are shown in dis-
tinct colors in figures 4 and 5.

The top features based on fisher score for different class sep-
aration based on sub classes of the tested machine conditions
i.e. cutting speed only or unbalance only classes, give useful
insight into the level of information that is held in different sen-
sors’ signals. The left graph in figure 4 demonstrates the clear
separation of test data using only two features from Acoustic
emission and vibration sensor from electric motor of grinding
spindle. On the x-axis is the energy feature of one of the time
bands and on the y-axis the feature is the energy of the spec-
trum of vibration signal of the grinding motor. The rest of the
combinations of machine conditions (test classes) are not eas-
ily separable as can be seen for unbalance classes in the right
graph of figure 4. The x-axis displays the power of time band
signal of vibration from workhead fixture and on the y-axis the
feature is the power of the time signal of vibration from the
grinding spindle.

SVM classifier in combination with varying number of se-
lected features is evaluated for the classification of the test data
resulted from combination of different machine conditions i.e.
cutting speeds and presence of unbalances. The table 2 gives an
overview of the results when top 10 features are used in training
and classification of the test data. The last column lists sensors
which contribute to the top features.

Fig. 4. Cutting speed clusters (left) and Presence of Unbalance clusters (right)
based on their respective two top features. Colors (right) represent 9 unbalance
classes with no, low and high unbalance on spindles.

The quality parameters such as sur f ace roughness,
Waviness and diameter variations are measured using standard
measurement equipment. The surface roughness and waviness
graphs are presented in figure 5 of selected rings from each
dressing interval of the test set. Here the colors represent dif-
ferent machine conditions e.g. the green points represent high
cutting speed with no unbalance on workhead only where as
red points are low cutting speed and no unbalance condition.
Although the trend (global variation) and grouping (local varia-
tion) of data according to machine condition is somewhat visi-
ble, however the affect is not as strong as seen in the sensor data.
This is seen by training an SVM classifier, over quality parame-
ters as features, to classify the machine’s conditions where only
63% accuracy is reached in comparison to 85% from the sensor
signal data.
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Fig. 3. Segmentation of the grinding cycle from the AE signal. (1) Air grinding,
(2) slope due to loop stiffness (3) reaching max power/force

3. Results

MATLAB environment is utilized for the analysis of the data
from signal processing to the training and testing of the classi-
fiers. Sensor fusion results from the transformation of the fea-
ture space. Signals are thus decomposed using band-pass filter-
ing as part of wavelet packet decomposition. 23 sub-signals are
achieved for each domain from the decomposition. Fast fourier
transform (FFT) algorithm is used to calculate the spectrum for
the respective signals and sub-signals. The statistical features
are extracted from time and frequency domain of all the sig-
nals. These extracted features are listed in table 1. To cut-off
potential outliers the 90th percentile feature is used.

Table 1. Features calculated from all the signals

Feature Equation

mean µ = 1
N
∑N

i=1 xi

standard deviation S =
√

1
N−1
∑N

i=1 |xi − µ|2

skewness s = E(x−µ)3

σ3

kurtosis k = E(x−µ)4

σ4

root-mean-squrae xrms =

√
1
N
∑N

i=1 |xi|2

peak-to-peak xpp = max(x) − min(x)

crest f actor C = |xpeak |
xrms

band power P = x2
rms

energy
∫ N

1 x(i)dN ≈ 1
2
∑N−1

i=1 (xi + xi+1)

Feature selection is necessary to filter out the redundant in-
formation in the features set where fisher ratio is found to be
effective for choosing the subset with fisher score of at least 0.9.
Support Vector Machine (SVM) is adopted for the supervised
learning of the classes because of its effectiveness in tool condi-
tion monitoring when not much data is present in the beginning.
The test operating conditions of the machine are the classes to
be learned from the data. 18 test classes are resulted from com-

bination of two cutting speeds and three levels of unbalance on
both workhead and grinding spindles which are shown in dis-
tinct colors in figures 4 and 5.

The top features based on fisher score for different class sep-
aration based on sub classes of the tested machine conditions
i.e. cutting speed only or unbalance only classes, give useful
insight into the level of information that is held in different sen-
sors’ signals. The left graph in figure 4 demonstrates the clear
separation of test data using only two features from Acoustic
emission and vibration sensor from electric motor of grinding
spindle. On the x-axis is the energy feature of one of the time
bands and on the y-axis the feature is the energy of the spec-
trum of vibration signal of the grinding motor. The rest of the
combinations of machine conditions (test classes) are not eas-
ily separable as can be seen for unbalance classes in the right
graph of figure 4. The x-axis displays the power of time band
signal of vibration from workhead fixture and on the y-axis the
feature is the power of the time signal of vibration from the
grinding spindle.

SVM classifier in combination with varying number of se-
lected features is evaluated for the classification of the test data
resulted from combination of different machine conditions i.e.
cutting speeds and presence of unbalances. The table 2 gives an
overview of the results when top 10 features are used in training
and classification of the test data. The last column lists sensors
which contribute to the top features.

Fig. 4. Cutting speed clusters (left) and Presence of Unbalance clusters (right)
based on their respective two top features. Colors (right) represent 9 unbalance
classes with no, low and high unbalance on spindles.

The quality parameters such as sur f ace roughness,
Waviness and diameter variations are measured using standard
measurement equipment. The surface roughness and waviness
graphs are presented in figure 5 of selected rings from each
dressing interval of the test set. Here the colors represent dif-
ferent machine conditions e.g. the green points represent high
cutting speed with no unbalance on workhead only where as
red points are low cutting speed and no unbalance condition.
Although the trend (global variation) and grouping (local varia-
tion) of data according to machine condition is somewhat visi-
ble, however the affect is not as strong as seen in the sensor data.
This is seen by training an SVM classifier, over quality parame-
ters as features, to classify the machine’s conditions where only
63% accuracy is reached in comparison to 85% from the sensor
signal data.
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Table 2. Trained Classifiers and their top feature sensors
Classification Accuracy

(%)
Top feature sensors

Workhead unbalance
(all levels)

82.61 Force (strain), Vib workhead fix-
ture, Vib workhead motor

Grinding spindle un-
balance
(all levels)

83.11 Vib grinding spindle, grinding
force, force (strain), Vib workhead

Unbalance
(all levels)

84.98 Vib workhead fixture, Vib grinding
spindle, Vib grinding motor, Acous-
tic Emission, Force (Strain)

Ring pos in dress in-
terval

92.48 Vib workhead fixture

Cutting Speed 100 Acoustic emission, Vib grinding
motor, Power, Vib workhead motor

Presence of
Unbalance

95.7 Vib workhead motor, Force (strain),
Vib grinding motor, Vib workhead
fixture, AE workhead

Presence of Unbal-
ance (quality)

92.87 Using quality feature set

Unbalance (quality)
(all levels)

62.82 Using quality feature set

Fig. 5. Surface roughness (top) and waviness (bottom) variations w.r.t machine
conditions. Colors represent 18 test classes.

4. Conclusion

From the table 2, the 93% accuracy in detection of the fail-
ure modes i.e. presence of the unbalances, shows the potential
of setup and method. The lower accuracy of 93% is from the
lower order SVM classifier trained on the quality measurement
as there is possibility of over-fitting due to lower amount of

measurement data. The all condition (all levels) classification
has lower accuracy 85% due to wrong classification of lev-
els of unbalance. The reason for this is because at higher cut-
ting speed the lower level of unbalance produces similar if not
worse affect as higher level of unbalance on lower cutting speed
due to change in spindles revolution speeds. The classification
can be improved with the addition of cutting speed as feature
to the classifier. Which gives an advantage over the classifica-
tion achieved from the quality only. The even lower accuracy
of 63% of the same classification from quality feature set rep-
resents similarities between the quality produced in presence of
different levels unbalances for different cutting speeds. The re-
sulting spread in quality measurement lowers the confidence to
predict the root failure which is evident from lower classifica-
tion accuracy. Hence the condition monitoring setup can pre-
dict the right operating condition of the machine and thus clas-
sify overall quality more accurately. To improve on this work,
a more long term study of the production cycle is proposed
where the overtime effects of process and machine condition
variations can be observed on a full grinding cycle. The quality
measured from such study will also help evaluate the estima-
tion of specific quality parameters. The setup achieved paves
path for further exploration and evaluation of complex failure
modes in a grinding machine through analysis using advanced
analytics where feature learning can be employed. This is a key
step towards prognostics where specific maintenance can be re-
quested based on quality deviations caused by deterioration of
the machine parts.
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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 

Keywords: Assembly; Design method; Family identification

1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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Abstract

The demand on a bearing ring grinder, as any other machine tool, is to produce parts as per the specification and desired quality. A failure to achieve
the quality can be due to functional issues or mechanical failure modes. Ultimately this results in lower productivity and higher production costs.
Despite the increased emphasis on practicing condition-based machine maintenance (CBM) in manufacturing applications, it is still considered a
challenge to fully deploy CBM in production machines due to diversity in equipment and variety in machine configurations as well as complex
characteristics of failure modes. Although there exists extensive literature on CBM for machine tools and subsystems, the issue remains with
realization of a technically capable and cost effective CBM system, specifically for a bearing ring grinder. Therefore, sensor(s) selection, data
acquisition setup, data processing and analysis are the essential factors considered in the proposed framework to ensure a systematic and organized
CBM implementation. The CBM setup is evaluated against production of bearing rings under different process and failure conditions. A machine
type independent data acquisition system is designed to capture both machine and process dynamics. The data gathered from sensors at strategic
locations exhibits its effectiveness in capturing the process and condition variations in relation to time and operating modes. The presented results
of data analysis support the capability and effectiveness of the proposed framework. The utility of this framework can be extended for any number
of scenarios including predictive maintenance or adaptive process optimization where solutions using machine learning and artificial intelligence
tools can benefit from high dimensional structured dataset. The proposed framework provides a strong foundation to fast track the adaption of
CBM in other production machines having similar subsystems.
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1. Introduction

The implementation of systematic approach to improve pro-
ductivity using industry 4.0 innovations in manufacturing gives
competitive advantage to companies which are willing to adopt
the ”smart factory” concept [1]. Maintenance being one of the
key factors in achieving the objective of maintaining as well
as improving industrial competitiveness, condition monitoring
(CM) and related technologies are increasingly prevalent in the
industry[2]. Appropriate maintenance actions can only come
from accurate understanding of the equipment condition where
Condition-Based Maintenance (CBM) strategy serves the pur-
pose in preventing performance degradation and functional fail-
ures through equipment monitoring [3]. The objective associ-
ated with CBM is to predict anomalies in regular performance,
that can affect the equipment, and take actions to prevent pro-

duction losses [2]. The complexity involved in achieving ef-
fective CBM systems results from the level of understanding
of CBM strategy [4] as well as the lack of procedural under-
standing of technical and economic impact in the organization
[5]. Despite the large initial investment in a CBM program, the
chance at succeeding in CBM implementation comes down to
adequate implementation approach and the application of CBM
methods [4, 6]. Therefore, researchers have advocated and con-
tributed in CBM on one end to prioritize prognostics algorithm
development [7] and on other strategic integration of systems to
facilitate industrial adaptation [8].

The challenge roots from, in addition to the technical com-
plexity, the absence of an holistic approach that addresses per-
formance as well as health of the asset [9]. It is equally im-
portant to monitor machine tools, their subsystems and compo-
nents along with their capability to produce accurate parts [10].
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1. Introduction

The implementation of systematic approach to improve pro-
ductivity using industry 4.0 innovations in manufacturing gives
competitive advantage to companies which are willing to adopt
the ”smart factory” concept [1]. Maintenance being one of the
key factors in achieving the objective of maintaining as well
as improving industrial competitiveness, condition monitoring
(CM) and related technologies are increasingly prevalent in the
industry[2]. Appropriate maintenance actions can only come
from accurate understanding of the equipment condition where
Condition-Based Maintenance (CBM) strategy serves the pur-
pose in preventing performance degradation and functional fail-
ures through equipment monitoring [3]. The objective associ-
ated with CBM is to predict anomalies in regular performance,
that can affect the equipment, and take actions to prevent pro-

duction losses [2]. The complexity involved in achieving ef-
fective CBM systems results from the level of understanding
of CBM strategy [4] as well as the lack of procedural under-
standing of technical and economic impact in the organization
[5]. Despite the large initial investment in a CBM program, the
chance at succeeding in CBM implementation comes down to
adequate implementation approach and the application of CBM
methods [4, 6]. Therefore, researchers have advocated and con-
tributed in CBM on one end to prioritize prognostics algorithm
development [7] and on other strategic integration of systems to
facilitate industrial adaptation [8].

The challenge roots from, in addition to the technical com-
plexity, the absence of an holistic approach that addresses per-
formance as well as health of the asset [9]. It is equally im-
portant to monitor machine tools, their subsystems and compo-
nents along with their capability to produce accurate parts [10].
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ductivity using industry 4.0 innovations in manufacturing gives
competitive advantage to companies which are willing to adopt
the ”smart factory” concept [1]. Maintenance being one of the
key factors in achieving the objective of maintaining as well
as improving industrial competitiveness, condition monitoring
(CM) and related technologies are increasingly prevalent in the
industry[2]. Appropriate maintenance actions can only come
from accurate understanding of the equipment condition where
Condition-Based Maintenance (CBM) strategy serves the pur-
pose in preventing performance degradation and functional fail-
ures through equipment monitoring [3]. The objective associ-
ated with CBM is to predict anomalies in regular performance,
that can affect the equipment, and take actions to prevent pro-

duction losses [2]. The complexity involved in achieving ef-
fective CBM systems results from the level of understanding
of CBM strategy [4] as well as the lack of procedural under-
standing of technical and economic impact in the organization
[5]. Despite the large initial investment in a CBM program, the
chance at succeeding in CBM implementation comes down to
adequate implementation approach and the application of CBM
methods [4, 6]. Therefore, researchers have advocated and con-
tributed in CBM on one end to prioritize prognostics algorithm
development [7] and on other strategic integration of systems to
facilitate industrial adaptation [8].

The challenge roots from, in addition to the technical com-
plexity, the absence of an holistic approach that addresses per-
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1. Introduction

The implementation of systematic approach to improve pro-
ductivity using industry 4.0 innovations in manufacturing gives
competitive advantage to companies which are willing to adopt
the ”smart factory” concept [1]. Maintenance being one of the
key factors in achieving the objective of maintaining as well
as improving industrial competitiveness, condition monitoring
(CM) and related technologies are increasingly prevalent in the
industry[2]. Appropriate maintenance actions can only come
from accurate understanding of the equipment condition where
Condition-Based Maintenance (CBM) strategy serves the pur-
pose in preventing performance degradation and functional fail-
ures through equipment monitoring [3]. The objective associ-
ated with CBM is to predict anomalies in regular performance,
that can affect the equipment, and take actions to prevent pro-

duction losses [2]. The complexity involved in achieving ef-
fective CBM systems results from the level of understanding
of CBM strategy [4] as well as the lack of procedural under-
standing of technical and economic impact in the organization
[5]. Despite the large initial investment in a CBM program, the
chance at succeeding in CBM implementation comes down to
adequate implementation approach and the application of CBM
methods [4, 6]. Therefore, researchers have advocated and con-
tributed in CBM on one end to prioritize prognostics algorithm
development [7] and on other strategic integration of systems to
facilitate industrial adaptation [8].

The challenge roots from, in addition to the technical com-
plexity, the absence of an holistic approach that addresses per-
formance as well as health of the asset [9]. It is equally im-
portant to monitor machine tools, their subsystems and compo-
nents along with their capability to produce accurate parts [10].
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Grinding process in a grinder is one of the oldest techniques
used to produce finish surfaces due to its significantly higher
cutting speeds and geometrical accuracy. Grinders have come
a long way through incorporating sensing technologies to pro-
duce products of highest surface quality [11]. In bearing manu-
facturing industry, grinding is a key process to produce bearing
components. The production accuracy requirement of the func-
tional surface of a bearing ring puts high performance demands
on the grinder in terms of process stability as well as health
condition of the machine itself [12]. Utilizing new sensing tech-
nologies gives opportunity to monitor the machine in real time
through using CBM methodologies and achieving maintenance
decision making [13, 14]. This requires selection of compo-
nents to be monitored, choosing right sensing techniques and
installation in accordance with the right data analysis to real-
ize a capable CBM setup. A good implementation can enhance
the performance of the machine while improving maintenance
function [3].

In spite of the advantages of a capable and suitably planned
CBM system in a machine tool being discussed in the literature,
the gap between process monitoring and control (PM) and con-
dition monitoring (CM) has rarely been addressed, especially
for grinding machines and grinding processes [12, 15, 16]. The
aim of this work is to present a CBM implementation approach
in a bearing ring grinder that also enables future development in
predictive maintenance and advanced process control. The pro-
posed implementation framework combines PM and CM where
a systematic methodology is developed to deliver an effective
and efficient predictive maintenance ready equipment. The se-
lection of the subsystems and machine components to monitor
is based on the historical maintenance data of the machine’s
failures. The sensors mounted on the selected subsystems are
chosen to detect associated failure modes. Data acquisition sys-
tem, taking advantage of information and communication tech-
nologies (ICT), becomes an essential part of the proposed ap-
proach. Data is acquired for induced failures which is analyzed
for its effectiveness in capturing machine and process related
variations. The types of failures and their association with ma-
chine maintenance is considered out of scope even though the
wider adaptation of CBM as maintenance strategy is considered
of importance [17]. Hence, CBM as the maintenance strategy
implementation is not addressed in this article.

2. The bearing ring grinder

The deep groove ball bearing (DGBB) is the most widely
used and versatile bearing type which SKF produces in large
numbers. Grinding machines of various types are used in pro-
ducing different variants of the product for specific need and
market. Large volume production needs efficient production to
maintain lower costs while avoiding down times in production.
Individual components of DGBBs, see figure 1, are often pro-
duced in different production lines and brought together in the
end to assemble into a bearing. To produce the functional sur-
faces, also known as raceways, of the inner and outer rings,
precision grinders are used to achieve the desired quality. The

bearing ring grinder, in figure 2, used in this work is of model
SGB55 from manufacturer Lidköping and is used to produce
inner rings of SKF-6210 bearings.

Fig. 1. Example of a deep groove ball bearing (DGBB) components and cutout
of fully assembled DGBB (adapted from internal SKF archive).

Fig. 2. The bearing ring grinder SGB55.

The external grinding process grinds the outer raceway of
the inner ring. The machine, already having sensors for process
control, is complemented with additional sensors for condition
monitoring to complete the CBM setup. Table 1 lists all the sen-
sors in the machine used in this investigation, which includes
the sensors associated with process control e.g. grinding spin-
dle balancing Unit, Acoustic emission on grinding spindle and
power sensor.

2.1. The subsystems

Generally a grinder as shown in figure 2 has three main sub-
systems or components that makes up the grinding function-
ality of the machine. 1) Grinding spindle slide where, in this
case, the grinding spindle is driven by electric motor via belt
and is mounted on a slide that moves towards the workpiece
(ring) to remove the material. 2) Workhead Spindle assembly
which is similar to grinding spindle assembly. The only differ-
ence is that workhead spindle holds and rotates the workpiece
on its tooling where it is ground to desired dimensions during
the grinding cycle. And 3) the dressing unit which redresses the
grinding wheel after every pre-set number of grinding cycles or
parts produced.
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Table 1. List of sensors installed in SGB55 grinder.
Id Measured quantity Sensor Target subsystem

1 Force Kistler 9105C Workhead
2 Acoustic emission Dittel m6000 Grinding spindle
3 Balancing Unit Marposs P7 Grinding Spindle
4 Power Montronix PS100 Elec. motor (grinding)
5 Strain Kistler 9238B Workhead
6 Acoustic emission Parker 247 Ultraspan Tooling
7 Vibration PCB triax A45 Tooling
8 Vibration SKF CMSS2200 Elec. motor (Grinding)
9 Vibration SKF CMSS2200 Elec. motor (Workhead)
10 Vibration IMI601A01 Grinding Spindle
11 Temperature NTCALUG02A103F Grinding Spindle
12 Temperature NTCALUG02A103F Workhead Spindle
13 Temperature NTCALUG02A103F Tooling

2.2. Machine operation

Set of parameters that define a grinding cycle or cycle recipe
is programmed in the machine that, when run, controls the feeds
and speeds during production cycle. The machine has check-
points and watchdogs to ensure its running state is reached be-
fore the grinding process can be initiated. These include the ver-
ification of working fluid systems e.g. hydraulic and pneumatic
systems through use of flow and pressure sensors. This ensures
the machine’s safe operation which is necessary for longevity
of its subsystems like spindles and slides that are built for the
life of the machine.

2.3. Failure modes

The performance critical subsystems for the grinding cycle
are have been equipped with additional sensors for condition
monitoring. Any performance variation due to functional fail-
ure of these subsystems can result in a production stop until
maintenance fixes the issue and revives the machining opera-
tion. Thus the critical subsystems, based on maintenance crite-
ria, are Grinding spindle slide and the workhead spindle assem-
bly.

3. CBM implementation

CBM process, as highlighted in section 1, consists of three
main steps of Data Acquisition, Data Processing and Mainte-
nance decision-making [7]. Although these are widely accepted
as common steps, their application in real life scenarios and
machine systems can substantially vary. In order to succeed
in CBM implementation, the process must be custom designed
considering the objective and functional requirements of target
application system. In this section the CBM implementation not
only covers the architecture and framework but also the steps,
shown in figure 3, taken to implement the CBM setup for con-
tinuous data monitoring and failure data creation for our bearing
ring grinder.

The sensor location is crucial in getting an effective CBM
setup. Domain knowledge for spindle monitoring as well as
grinding process monitoring is utilized to choose the location of
sensors for the selected subsystems. Figure 4 shows the location

Fig. 3. Condition based maintenance (CBM) implementation flow chart.

of the sensors in the machine. The vibration sensors added for
condition monitoring require an external signal conditioner to
drive the Integrated Circuit-Piezoelectric (ICP) sensor and pro-
vide voltage output to the data acquisition system. The voltage
output from the sensors are connected to the data acquisition
system which consists of NI’s cDAQ data acquisition hardware
and LabView software. To keep the setup simple and cost effec-
tive, NI-9215 analogue to digital conversion (ADC) modules
are used with external anti-aliasing filters. The filters are added,
as per figure 5, according to the bandwidth requirement of each
sensor and measurement type. Digital input module is used to
synchronize the data acquisition with the machine’s operational
state. Thus the machine triggers the data acquisition system au-
tomatically before starting the grinding cycle enabling the sys-
tem to capture individual cycles of operation without need of
manual intervention.

Fig. 4. Schematic diagram of the grinder. Numbers indicate the location of re-
spective sensors from Table 1.

Fig. 5. The 3 cascaded RC low-pass filter is added as anti-aliasing filter. The
resistors and capacitors are chosen as per the cut off frequency.

The data from machine and sensors as part of acquisi-
tion system is captured automatically through the existing in-
formation and communication technology (ICT) setup on the
shopfloor [12] as depicted in figure 6. The combination of sen-
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Table 1. List of sensors installed in SGB55 grinder.
Id Measured quantity Sensor Target subsystem

1 Force Kistler 9105C Workhead
2 Acoustic emission Dittel m6000 Grinding spindle
3 Balancing Unit Marposs P7 Grinding Spindle
4 Power Montronix PS100 Elec. motor (grinding)
5 Strain Kistler 9238B Workhead
6 Acoustic emission Parker 247 Ultraspan Tooling
7 Vibration PCB triax A45 Tooling
8 Vibration SKF CMSS2200 Elec. motor (Grinding)
9 Vibration SKF CMSS2200 Elec. motor (Workhead)
10 Vibration IMI601A01 Grinding Spindle
11 Temperature NTCALUG02A103F Grinding Spindle
12 Temperature NTCALUG02A103F Workhead Spindle
13 Temperature NTCALUG02A103F Tooling

2.2. Machine operation

Set of parameters that define a grinding cycle or cycle recipe
is programmed in the machine that, when run, controls the feeds
and speeds during production cycle. The machine has check-
points and watchdogs to ensure its running state is reached be-
fore the grinding process can be initiated. These include the ver-
ification of working fluid systems e.g. hydraulic and pneumatic
systems through use of flow and pressure sensors. This ensures
the machine’s safe operation which is necessary for longevity
of its subsystems like spindles and slides that are built for the
life of the machine.

2.3. Failure modes

The performance critical subsystems for the grinding cycle
are have been equipped with additional sensors for condition
monitoring. Any performance variation due to functional fail-
ure of these subsystems can result in a production stop until
maintenance fixes the issue and revives the machining opera-
tion. Thus the critical subsystems, based on maintenance crite-
ria, are Grinding spindle slide and the workhead spindle assem-
bly.

3. CBM implementation

CBM process, as highlighted in section 1, consists of three
main steps of Data Acquisition, Data Processing and Mainte-
nance decision-making [7]. Although these are widely accepted
as common steps, their application in real life scenarios and
machine systems can substantially vary. In order to succeed
in CBM implementation, the process must be custom designed
considering the objective and functional requirements of target
application system. In this section the CBM implementation not
only covers the architecture and framework but also the steps,
shown in figure 3, taken to implement the CBM setup for con-
tinuous data monitoring and failure data creation for our bearing
ring grinder.

The sensor location is crucial in getting an effective CBM
setup. Domain knowledge for spindle monitoring as well as
grinding process monitoring is utilized to choose the location of
sensors for the selected subsystems. Figure 4 shows the location

Fig. 3. Condition based maintenance (CBM) implementation flow chart.

of the sensors in the machine. The vibration sensors added for
condition monitoring require an external signal conditioner to
drive the Integrated Circuit-Piezoelectric (ICP) sensor and pro-
vide voltage output to the data acquisition system. The voltage
output from the sensors are connected to the data acquisition
system which consists of NI’s cDAQ data acquisition hardware
and LabView software. To keep the setup simple and cost effec-
tive, NI-9215 analogue to digital conversion (ADC) modules
are used with external anti-aliasing filters. The filters are added,
as per figure 5, according to the bandwidth requirement of each
sensor and measurement type. Digital input module is used to
synchronize the data acquisition with the machine’s operational
state. Thus the machine triggers the data acquisition system au-
tomatically before starting the grinding cycle enabling the sys-
tem to capture individual cycles of operation without need of
manual intervention.

Fig. 4. Schematic diagram of the grinder. Numbers indicate the location of re-
spective sensors from Table 1.

Fig. 5. The 3 cascaded RC low-pass filter is added as anti-aliasing filter. The
resistors and capacitors are chosen as per the cut off frequency.

The data from machine and sensors as part of acquisi-
tion system is captured automatically through the existing in-
formation and communication technology (ICT) setup on the
shopfloor [12] as depicted in figure 6. The combination of sen-
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sors mounted on machine subsystems to capture irregularities
through comprehensive data acquisition setup utilizing ICT and
shopfloor connectivity results in seamless monitoring and anal-
ysis of the data.

Fig. 6. The data flow through the connected shopfloor network [12].

The real-time data acquisition is achieved through process
data being captured on change using open platform communi-
cations standard while the sensor data is captured in blocks of
100ms of samples. Figure 7 shows part of the LabView wire
diagram of the data acquisition program as well as the live sen-
sor data from the interface screen where cycle information is
being monitored in real-time during the machine operation for
this study.

Fig. 7. Part of the LabView wire diagram (left) and the live individual sensor
(acoustic emission) signal monitoring (right) through data acquisition system
during grinding.

The grinder, although being critical production machine,
lacks historical monitoring and event data. The machine and
process knowledge and expertise from maintenance help intro-
duce failures or failed components to imitate production scenar-
ios related to conditional variations. Grinding knowledge and
production experience enhance the possibility of sensors to cap-
ture even minute process variations that affects quality. This al-
lows, in addition to continuous data collection, valuable data
to be gathered with high fidelity for the machine’s operation
and performance under varying machine conditions. In section
4, the results from the collected data demonstrate the effective-
ness of the implemented setup in capturing machine condition
variations and the affect on the process itself.

4. Results

The failure modes represented in the data originate from ma-
chine setup errors and material failures in machine components
and subsystems as experienced by the maintenance team. In to-
tal 7 different types of test runs are conducted including ref-
erence tests as well as operating machine with failure modes
using failed or degraded components introducing common fail-
ures. Each test was repeated 7 times with dressing interval of
15pcs. Figure 8 shows the filtered Acoustic Emission signal
for the rings with same grinding wheel condition, i.e. first ring
of the first dressing interval, but varying machine conditions.
Each curve on the graph represent the cycle from different type
of test run where the legend in the figure 8 represent the type of
the machine condition related to induced failure mode.

The machine is set to produce parts according to a pre-
defined recipe where the final dimensions of the ring are
reached using grinding slide’s position scale. Before every test
run the machine is configured in the same way as for normal
production to achieve the required ground ring dimensions. Due
to the individual machine setup for each test type to ensure fi-
nal ring dimensions, the resulting test runs can have variation
in their cycle times as shown in figure 8. Here each of the curve
is generated from the same ring in the dressing interval from

Fig. 8. Grindign wheel Acoustic Emission sensor output of 1st ring of first dressing interval in different test conditions.
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acoustic emission sensor signal in all different machine setups
including the failure conditions. Despite that the ring is ground
to similar dimensions, the variations in cycle behavior for indi-
vidual machine conditions becomes apparent for each test type.
Apart from significant variations between test and failure types,
the variations within the same test but between grinding wheel
dressing intervals are also captured by the sensors. The effects
of machine condition on the grinding cycles for the same ring
position in the dressing interval are presented for force sensor in
figure 9 and for temperature sensor in figure 10. In these plots,
individual colored curve represents 15th ring from respective
dressing interval during the test. In this particular test condition
the worn-out workhead tooling, which had been removed dur-
ing preventive maintenance of the machine, is re-used resulting
in the machine operating under the potential failure mode.

Fig. 9. Grinding Force sensor reading of 15th ring from every dressing interval
of worn-out tooling test condition.

Fig. 10. Workhead tooling temperature sensor reading of 15th ring from every
dressing interval of worn-out tooling test condition.

The inherent behaviour of the grinding process within a
dressing interval of the same test is also captured and presented
in figure 11 for the workhead force sensor and in figure 12 for
the workhead tooling temperature sensor. Four out of fifteen

rings are plotted to signify the variations within the 4th out of 7
dressing interval of the test. Here the larger variations, in com-
parison to differences between dressing intervals, represent the
change is condition of the grinding wheel itself as it grinds the
rings through the dressing interval. The capturing of all the pro-
cess steps that constitute to a complete cycle allow the imple-
mented system to capture variations not only between different
operating conditions but also their affects between dressing in-
tervals as well as individual productions cycles.

Fig. 11. Grinding Force sensor reading of rings from 4th dressing interval of
worn-out tooling test.

Fig. 12. Workhead tooling temp sensor reading of rings from 4th dressing inter-
val of worn-out tooling test.

To emphasise on the data representing and capturing devi-
ations, higher dimensional feature set from sensor signals, di-
vided into different cycle steps, are visualized in two dimen-
sions using t-Distributed Stochastic Neighbor Embedding (t-
SNE) in figure 13. This technique allows to quickly visual-
ize the higher dimensional data set in a lower dimension and
evaluate the separation between data corresponding to different
classes i.e. test conditions in our case. The t-SNE plot clearly
shows clusters of different colors representing different test con-
ditions where some are a bit overlapping representing test con-
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individual colored curve represents 15th ring from respective
dressing interval during the test. In this particular test condition
the worn-out workhead tooling, which had been removed dur-
ing preventive maintenance of the machine, is re-used resulting
in the machine operating under the potential failure mode.

Fig. 9. Grinding Force sensor reading of 15th ring from every dressing interval
of worn-out tooling test condition.

Fig. 10. Workhead tooling temperature sensor reading of 15th ring from every
dressing interval of worn-out tooling test condition.

The inherent behaviour of the grinding process within a
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in figure 11 for the workhead force sensor and in figure 12 for
the workhead tooling temperature sensor. Four out of fifteen

rings are plotted to signify the variations within the 4th out of 7
dressing interval of the test. Here the larger variations, in com-
parison to differences between dressing intervals, represent the
change is condition of the grinding wheel itself as it grinds the
rings through the dressing interval. The capturing of all the pro-
cess steps that constitute to a complete cycle allow the imple-
mented system to capture variations not only between different
operating conditions but also their affects between dressing in-
tervals as well as individual productions cycles.

Fig. 11. Grinding Force sensor reading of rings from 4th dressing interval of
worn-out tooling test.

Fig. 12. Workhead tooling temp sensor reading of rings from 4th dressing inter-
val of worn-out tooling test.

To emphasise on the data representing and capturing devi-
ations, higher dimensional feature set from sensor signals, di-
vided into different cycle steps, are visualized in two dimen-
sions using t-Distributed Stochastic Neighbor Embedding (t-
SNE) in figure 13. This technique allows to quickly visual-
ize the higher dimensional data set in a lower dimension and
evaluate the separation between data corresponding to different
classes i.e. test conditions in our case. The t-SNE plot clearly
shows clusters of different colors representing different test con-
ditions where some are a bit overlapping representing test con-
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ditions to be close to each other according to the data in higher
dimensions. Multiple clusters of same color depict different
grinding cycle states in the same operating condition. Separa-
tion between Red markers (baseline) and purple markers (tool-
ing condition failure mode) verifies that machine performance
is significantly affected due to the induced failure.

Fig. 13. t-SNE clusters of features from cycle segments. Separation in color
clusters depicts the individual condition as well as cycle segment representa-
tion.

Although the data effectively captures the individual test
conditions and its affects on the machine performance, figure
13 clearly demonstrates the need of feature engineering in con-
sidering diagnostics as well as prognostics as the next step in
this CBM implementation.

5. Conclusion and future work

This paper presents an implementation framework for CBM
in a bearing ring grinder at SKF. The sensors considered for
CBM setup includes the already installed process monitoring
and control sensors as well as the additional sensors installed
for condition monitoring purposes. The proposed system is
achieved through coupling advanced data acquisition setup with
machine’s process controller and capturing data simultaneously
from the sources for individual grinding cycle. This generates
a dataset of high fidelity under different test cases of machine
condition and grinding process scenarios. The failure modes are
selected from maintenance history of the grinder in production.
The results presented for the acquired data demonstrate the ca-
pability of the system to capture machine and process related
variations under the test conditions. This work is presented as
the initial step in the development of a complete CBM system
for the bearing ring grinder. Synchronization of data in the pre-
sented framework is to be used to process the data into grind-
ing cycle segments for feature engineering and development of
failure diagnostics. Thus, incorporating the domain knowledge
further has potential of enhancing the failure prediction capabil-
ities of the system. A next step would be to learn the correlation
between produced part quality and the machine states and op-
erating conditions.

References
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Abstract
Technical failures in machines are major sources of unplanned downtime in any production and result in reduced effi-
ciency and system reliability. Despite the well-established potential of Machine Learning techniques in condition-based 
maintenance (CBM), the lack of access to failure data in production machines has limited the development of a holistic 
approach to address machine-level CBM. This paper presents a practical approach for failure mode prediction using 
multiple sensors installed in a bearing ring grinder for process control as well as condition monitoring. Bearing rings are 
produced in a set of 7 experimental runs, including 5 frequently occurring production failures in the critical subsystems. 
An advanced data acquisition setup, implemented for CBM in the grinder, is used to capture information about each indi-
vidual grinding cycle. The dataset is pre-processed and segmented into grinding cycle stages before time and frequency 
domain feature extraction. A sensor ranking algorithm is proposed to optimize feature selection for failure classification 
and the installation cost. Random forest models, benchmarked as best performing classifiers, are trained in a two-step 
classification framework. The presence of failure mode is predicted in the first step and the failure mode type is identified 
in the second step using the same feature set. Defining the feature set in the failure detection step improves the predictor 
generalization with the classifiers’ performance accuracy of 99% on the test dataset. The presented approach demonstrates 
an efficient failure mode classification by selecting crucial sensors resulting in a cost-effective CBM implementation in 
a bearing ring grinder.

Keywords Grinding · Production system · Condition-based maintenance (CBM) · Sensor · Failure classification

1 Introduction

Industrial analytics (IA) and industrial internet of things 
(IIoT) are key focus areas in many, if not all, manufacturing 
industries [1]. One of the more advanced use cases is Con-
dition Monitoring (CM) of machine tools using machine 
learning (ML) because of the cost benefits associated with 
it. The effort to adapt to the new and technically advanced 
ways of working, originating from the concept of Industry 4.0, 
roots not only in production reliability but also in a highly 
competitive business environment. This has given a great 
push to the development of Information and Communica-
tion Technologies (ICT). Hence, the technologies underly-
ing IIoT and Cyber-Physical Systems (CPS) are becoming 
more prevalent in companies [1, 2]. This has led to increased  
interest in the industry to adapt Condition-based maintenance 
(CBM) and predictive maintenance (PdM) that can allow for a 
more deterministic asset availability, increased production reli-
ability, and significantly improved maintenance planning [3].
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Failure prediction through CM is key in setting up an 
effective maintenance management system that increases 
productivity and ensures asset reliability. As part of this 
maintenance strategy, PdM is achieved through reliably pre-
dicting the usability of the asset based on the failure diag-
nostics, as part of CBM setup, to devise the timely schedul-
ing of maintenance activities [4]. It is, however, challenging 
to practice CBM in the manufacturing industry. The asset 
to be monitored has to be equipped with sensors and a data 
acquisition system which in itself is not technically easy 
due to variations in machine design and process needs for a 
specific industry [5, 6].

The aim of any CBM implementation is to propose main-
tenance decisions based on information acquired through 
CM [7]. The accuracy in the decision-making process 
reflects the effectiveness of CBM systems [8]. The most 
popular definition of CBM that exists in the literature [7, 
9] signifies the challenges in the areas of data acquisition, 
data processing, and decision-making where the CBM 
implementation and management need refinement. CBM 
usually requires the selection of components to be moni-
tored in the asset [10]. Therefore, a considerable investment 
is required to acquire the right equipment for an appropri-
ate data collection setup. A significant part of the expanse 
comes from measurement devices, system design, domain 
knowledge, and training [11, 12]. A combination of differ-
ent methodologies and techniques for acquiring, managing, 
and analyzing data have to be adopted [13, 14] for accurate 
decision-making as well as achieving cost-effective main-
tenance planning and execution [5].

To support the industry’s strive to adapt to changing 
technology trends and considering the challenges in CBM 
implementation, the development of comprehensive meth-
odologies in failure diagnostics and prognostic domain 
providing a holistic approach is to be prioritized [15]. 
Hence to increase adaptability and integration, there is a 
need for a systematic methodology to be developed to ena-
ble the implementation of CBM systems [9]. The demand 
only gets stressed further due to the absence of such holis-
tic approaches for PdM applications [16, 17]. The overall 
lack and limitations of existing CBM implementation pro-
cedures create a space where a lot of confusion between 
CBM systems and CBM policies has emerged [5].

A lot of research focus has been on such maintenance 
strategies and techniques including CBM and remaining 
useful life (RUL) of individual tools and machine sub-
systems [15]. These works, although significant for CBM 
and RUL research, have left a large gap in addressing fail-
ure modes and performance issues related to machines 
in production [17]. Despite the inevitable focus on PdM 
implementation [9], grinding machines and processes are 

rarely, if at all, part of scientific publications related to 
CBM and PdM [18]. Industrial grinding processes have 
come a long way in addressing the challenges [19] of pro-
cess predictability, inventory reduction, and the need for 
more automation [20]. However, even today’s production 
grinders struggle to offer precise process predictability due 
to the complex inter-dependency of process control and the 
physical and operating condition of the machine [21]. To 
maintain the quality of the parts produced, the machine 
needs to be monitored for degradation of its subsystems 
and components [22]. Given the criticality of grinders in 
bearing ring production, adapting CBM becomes a crucial 
choice for maintaining the machines to improve production 
reliability [23].

Therefore, the aim of this paper is to present an efficient 
diagnostic framework for failure mode classification as part 
of a cost-effective CBM implementation in a bearing ring 
grinder. The data acquisition system is designed to acquire 
the entire grinding cycle along with the process parameters 
which form the dataset analyzed here [24]. It is crucial to set 
up the experimentation so that the failure classes are repre-
sented equally in the dataset. A number of experiments are 
designed and performed which allow the machine to grind 
parts under different machine conditions to replicate real 
failures. Various test runs, during experimentation, allow the 
collection of the data that is used to systematically study the 
machine behavior to diagnose failure modes for the machine 
condition. The data is processed by splitting the grinding 
cycle into parts in a novel way. The features are extracted 
and relevant sensors are selected to train failure classifiers 
for the bearing ring grinder.

2  Method

An experimental approach to failure diagnostics in real-
izing the CBM framework for bearing a ring grinder has 
been taken in this article. The CBM framework combines 
condition monitoring (CM) and process control by taking 
advantage of domain knowledge in the proposed methodol-
ogy. Figure 1 depicts the steps considered in the scope of the 
work in developing failure mode diagnostics for the CBM. 
The methodology developed is based on the observations 
obtained during the machining of bearing rings.

2.1  Data acquisition

The aim to capture and store the data related to sensors and 
the machine’s operating parameters are enabled by setting 
up the machine with dedicated sensors and a data acquisi-
tion system.
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2.1.1  CBM setup

In a production environment, a CBM setup needs to be made 
available that enables predictive maintenance to be tried 
and developed. As discussed, the challenge not only lies in 
choosing the right methodology to analyze machine data 
but also in identifying the best way to monitor the machine 
and acquire data. The setup has to account for the choice of 
subsystems and machine components to be monitored and 
the intended data processing that will be required to develop 
the diagnostic and prognostic algorithms. The presence of 
cyber-infrastructure using information and communication 

technologies (ICT) is crucial in setting up a complete CBM 
system. Therefore, it has been demonstrated in our work [25] 
that a functioning and capable system is achievable when a 
production machine is equipped with sensors for condition 
monitoring in addition to the already existing process control 
setup. The CBM system has the physical elements and the 
required infrastructure to support the communication and 
interaction between different components. The data flow 
between different parts of the system is presented in Fig. 2.

The bearing ring grinder, top left in Fig. 2, is an exter-
nal grinder SGB55 from Lidköping and is being used to 
grind outer rings of bearing type SKF-6210. The grinding 
machine has been equipped with sensors for process control 
and machine condition watchdogs. Table 1 lists standard 
sensors and standard systems incorporated in the process 
cycle recipe used to operate machines to grind bearing rings 
during their production. The sensors are mounted on the 
machine subsystems to measure their respective quanti-
ties before and during the grinding cycle. For example, the 
balancing unit is activated every time the grinding wheel 
is dressed to ensure a balanced grinding wheel and avoid-
ance of vibrations causing quality issues. Similarly, acoustic 
emission, force, and power sensors are used to monitor and 

Fig. 1  Failure diagnostic methodology steps in CBM

Fig. 2  The data flow setup. 
Adapted from [25]
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control the cycle itself. The machine’s control system is the 
SIEMENS Solution Line series Numerical Controller based 
system. The process data is captured using OPC server client 
communication and is published to monitor the machine’s 
state and output efficiency in the factory. The data is gener-
ated for every grinding cycle in the machine and is pushed 
into the database.

The additional sensors, listed in Table 2, are added to 
broaden the availability of data for the machine, process as 
well as condition monitoring. The machine and its subsys-
tems, where the sensors are installed, are represented in the 
schematic view in Fig. 3. The sensor data is acquired in 
synchronization to the machine cycle using National Instru-
ments’ (NI) data acquisition hardware where the control 
and acquisition software is developed in the NI LabView 
platform. The data acquisition system initiates sampling of 
sensor signals, at 100kHz, every time the machine goes into 
grinding mode and records the entire dataset from all the 

sensors for every produced part. The sensor data, along with 
the machine’s process data, is gathered from all the test runs 
before further processing.

2.1.2  The grinding cycle

A 2-stage position controlled grinding cycle is used with 
predefined cutting speed and feedrate [26]. The grinding 
cycle consists of 1. Rough and 2. Sparkout stages are shown 
in Fig. 4. A fixed approach known as the air grinding stage 
is used where the grinding slide approaches the ring with a 
higher speed than the grinding feedrate. This stage is pro-
grammed with the grinding allowance available to account 
for the incoming size and position of the ring, until close 
to contact, in the workhead tooling. Typical grinding force 
and power measured during the corresponding stages of the 
programmed grinding cycle are shown in Fig. 5. The herein 
described grinding cycle does not use in-process diameter 
measurement and in order to achieve a fixed output diameter, 
the machine is preconditioned and the cycle is adjusted to 
ensure that the desired dimension is produced for the incom-
ing rings. This, despite using a simpler grinding cycle, is to 
ensure that the production machine setup procedure is fol-
lowed and the rings are ground to the same dimensions as in 
production. Therefore, the quality of the produced rings in 
the experimentation can be measured using company stand-
ard measurement equipment.

2.1.3  Experimental tests

For this study, the machine is prepared to produce parts for 
the selected cycle type under predefined machine condi-
tions to replicate failures experienced in production. The 
failure modes are identified, after interviewing the mainte-
nance technicians, from the maintenance history of similar 
machines in the factory. The top five frequently occurring 
faults, which have a direct impact on the produced quality 
and require maintenance intervention, are selected. Table 3 
lists the sequence of experimental test runs for respective 
failure modes. Baseline tests in the beginning and at the end 
of the experiment ensure the reference machine operation is 
achieved against which the failure condition performance 
is evaluated.

Baseline tests are conducted by verifying the machine is 
in the standard operating condition by setting up the machine 
to produce parts in regular production. Belt Damage test is 
run after replacing the workhead drive belt with an older 
worn-out belt with enhanced damage as seen by mainte-
nance technicians in production. Unbalance of the work-
head spindle is achieved by adding unbalanced weight on the 
drive pulley. 2.5G of unbalance is introduced in the spindle 
according to ISO 1940-1 which is outside the specification 
of a grinding spindle. Setup - Drive plate is the run-out error 

Table 1  List of sensors installed for process monitoring

Measured quantity Sensor Designation Target subsystem

Force Kistler 9015C Workhead
F.WH.LC

Acoustic emission Dittel m6000 Grinding spindle
AE.Gr.Sp

Balance Marposs P7 Grinding spindle
Power Montronix PS100 Elec. motor  

(grinding)
Pow.Gr.Mot

Table 2  List of sensors installed for condition monitoring

Measured quantity Sensor Target subsystem

Strain Kistler 9238B Workhead
F.WH.St

Acoustic emission Parker U247 Workhead tooling
AE.WH.Sp

Vibration PCB triax A45 Workhead tooling
Vib.WH.X/Y

Vibration SKF CMSS2200 Elec. motor  
(grinding)

Vib.Gr.Mot
Vibration SKF CMSS2200 Elec. motor  

(workhead)
Vib.WH.Mot

Vibration IMI601A01 IMI601A01 Grinding spindle
Vib.WH.Sp

Temperature NTCALUG02A103F Grinding spindle
Temp.Gr.Sp

Temperature NTCALUG02A103F Workhead spindle
Temp.WH.Sp

Temperature NTCALUG02A103F Workhead tooling
Temp.WH
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in the direction of the ring face that can affect the ring rota-
tion during the process. Setup - Workhead tooling fault is the 
error introduced in setting up the microcentric tool holder, 
used for ring chucking, as part of the machine resetting. This 
can happen due to parts miss-match or human error during 
the resetting process. Worn out - Workhead tooling support 
failure mode refers to the worn-out tool components in the 
microcentric tool holder. In this failure mode, damaged ring 
support (shoes) is installed that had been replaced earlier 
during the machine maintenance.

During normal production, the incoming un-ground 
rings have variations in terms of roundness and grinding 
allowance which can cause significant variations in the 
cycle behavior towards final output quality. Although this 
is accounted for by using a multi-stage grinding cycle, how-
ever, to keep consistency throughout the experimental test 
runs, the input rings are pre-rough ground to have an equal 
grinding allowance for all the test runs. Figure 6 shows the 
rings where a is the incoming hardened rings also known as 
black rings. After a little bit of stock removal, pre − rough , 
b, and rings with the same diameter are achieved. These 

rings are used for the tests with the remaining grinding 
allowance of approx. 500�m on diameter.

It is important to gather enough data to statistically bal-
ance out the variations within the tests and have equally 
distributed data to avoid over representation of any particular 
test type. Hence, for each test, a dressing interval of 15 rings 
is used where the grinding wheel is dressed after every 15

th 
grinding cycle. In each failure mode test, a few dressing 
intervals are used to adjust the grinding cycle to produce 
rings in the desired dimension. This allowed the machine 
to be properly preconditioned and to reach a level where 
parts are consistently produced with the same amount of 
material removal. After reaching steady production, a series 
of 7 dressing intervals comprising 105 rings are produced. 
The total number of rings produced in this experimenta-
tion becomes 735 as depicted in Fig. 7. This procedure is 
repeated for each failure mode test and a set of rings thus 
produced are labeled for traceability and stored for measure-
ment and future analysis. As described in Sect. 2.1.1 the data 
is simultaneously acquired for each grinding cycle and for 
individual rings produced in the machine. MATLAB is used 

Fig. 3  The schematics for 
machines and subsystems. a 
Grinding motor, b grinding 
spindle, c grinding wheel, 
d workhead motor, e workhead 
spindle and f workhead tooling

zx
y

a

b

c

d

e f

Fig. 4  The programmed grinding cycle Fig. 5  The typical resultant force and power of the grinding cycle
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as the main analysis tool for data exploration and processing 
as well as for analytical framework development.

2.2  Data processing

As described in Sect. 2.1.1, the sensors listed in Tables 1 
and 2 are mounted on the machine and are acquired dur-
ing every grinding cycle of the machine’s operation. The 
dataset is built from the data collected throughout the 
experimental test runs. Since the data is already saved 
according to individual rings, there is very little work 
needed to consolidate the data to start exploration. The 
data is accessed directly from the network storage and 
database and imported into MATLAB for exploration and 
further processing. Sensor data is sampled continuously 
at a high frequency to include all the process dynamics to 
ensure high data fidelity of measured quantities. To avoid 
aliasing, an anti-aliasing filter of 43kHz is added before 
the analog to digital converter. Although a very high fre-
quency of sampled data is not required for sensors other 
than vibration sensors, it keeps the data acquisition setup 
simple at cost of added memory required for storage. At 
the time of data is read into MATLAB, initial filtering is 
applied to bring the data to desired frequencies that cor-
respond to machine and process dynamics. This includes 
low-pass filtering of sensor data and the time landmarks 

are identified from the process parameter data where the 
grinding cycle changes from one stage to the next.

2.2.1  Segmentation

Taking advantage of the knowledge of the cycle helps 
build a better predictive model [18]. Hence the grinding 
cycle for each ring is segmented into cycle sections based 
on the start of grinding before the grinding wheel makes 
the contact, force transient where the force in the system 
starts to rise just after the contact before reaching grind-
ing steady state, grinding slide travel during rough grind-
ing and finally sparkout at the end of the grinding cycle. 
Combining the change in gradient in time series signal of 
acoustic emission sensor with the process parameters from 
machine data, the segments are calculated for the individ-
ual ground rings. The contact detection at the beginning of 
the grinding cycle is used to calculate the actual length of 
the grinding cycle using true feedrate and the length that 
the grinding slide travels to grind the ring. The change of 
gradient in the signal data help identify the steady state of 
the grinding forces. Hence, these segments, for the typi-
cal force curve in the used grinding cycle, are presented 
in Fig. 8. This segmentation divides the time series data 
from each sensor for the individual ring into 4 segments. 

Table 3  List of test cases for 
selected failure modes

Id Test/Failure mode Failed component Reason in production

1 Baseline Reference condition nominal operating condition
2 Belt Damage Workhead drive belt aging or material failure
3 Unbalance Workhead Spindle material wear/failure
4 Setup Drive plate material wear/failure
5 Setup Workhead tooling set up error, material failure
6 Worn out Workhead tooling support aging, material failure or crash
7 Baseline Reference condition nominal operating condition

Fig. 6  The workpieces (rings) 
are used in the machine. 
a Black, b pre-rough and 
c ground ring
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The change in the cycle of time-domain signal from the 
Acoustic Emission sensor is used to identify the segments 
for each ring. The building forces part also referred to as 
the force build-up segment, of the cycle is omitted due to 
the presence of transients resulting from the initial contact 
between the grinding wheel and the ring. The behavior of 
this transient segment is highly dependent on the incom-
ing quality and any variation in the incoming quality will 
change the transient behavior. During production, it is 
expected to have variations in the pre-ground rings which 
can add unintended variations to the data and extracted 
features without giving any useful information. Thus the 
force build-up segment is not considered in feature extrac-
tion. The 3 segments of the cycle which are considered 
for further processing are listed in Table 4. From each 
individual sensor signal segment, time domain, as well as 
frequency domain features, is extracted.

2.3  Feature extraction

Signal processing uses low-pass filtering of the sensor 
signals according to process dynamics as part of the data 

processing step and segmentation plays a crucial role in 
identifying the parts in the time series sensor data from 
where the features are extracted. It is possible to extract an 
infinite amount of features from the signals. The objective 
here is to retrieve the maximum information by applying 
mathematical transformations, either linear or non-linear. 
By transforming the feature space, the combination of the 
features can give new information. The statistical features 
are calculated from sensor signal segments in the time and 
frequency domain with equations in Table 5, for the vari-
able vector x built with N observations.

In addition to the 9 features in Table 5, the 90
th percen-

tile is also used as a 10
th feature to cut-off potential outli-

ers. For the frequency domain features, the FFT algorithm 
in Matlab is used to calculate the frequency spectrum after 
removing the low frequency trend from the time series 
data. Although the feature selection is employed at a later 
stage, the feature calculation itself can be computation 
heavy and time consuming. Therefore, the feature list for 
the scope of this work is chosen based on its relevance 
to machine failure classification [27, 28], simplicity, and 
calculation efficiency.

2.4  Sensor(s) and feature selection

Sensors are needed in accordance with the right failure 
mode to be detected in the machine. Not only the right type 
of sensor is important, but also the right location becomes 
crucial in the efficient and timely detection of the faults in 
the machine. In this section the methodology developed for 

Fig. 7  The experimental test 
runs where drive plate failure 
mode (test 4) is expanded to 
show the dressing cycles and 
the rings in each run

Table 4  List of segments corresponding to programmed grinding 
cycle stages for time-domain sensors data of individual cycle

Segment No. Name Grinding cycle Stage

1 Idle segment Approach Stage
2 Steady Grinding segment Roughing Stage
3 Spark-out segment Spark-out Stage

Fig. 8  Segmentation of grinding cycle
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sensor ranking and selection criteria based on top features 
for the failure classification is presented. As discussed in 
Sect. 2.3, individual grinding cycle segments are used to 
extract features in the time and frequency domain which 
results in a large feature set. To reduce the computational 
cost of classifier training, the features that are the most rep-
resentative of the variations in failure mode test classes are 
to be selected.

2.4.1  Feature selection

A number of feature selection techniques like Fisher score 
[29] and chi-squared [30] can be used for the type of clas-
sification problem at hand. Also to keep the feature set rep-
resentative of their physical source, principal component 
analysis is not considered a dimensional reduction step. 
Instead, MATLAB implementation of neighborhood com-
ponent analysis (NCA) [31] is used for feature selection due 
to its computational efficiency and insensitivity towards 
irrelevant features in high dimensional feature space. The 
NCA algorithm in Matlab determines the feature weights 
by using a diagonal adaptation of NCA with regularization 
while minimizing an objective function that measures the 
average leave-one-out classification loss over training data. 
The output of the NCA is the weight vector that gives mini-
mum classification error. The feature set is then sorted in 
descending order of NCA weights from where the top fea-
tures are selected for sensor ranking.

2.4.2  Sensor ranking and sensors selection

Based on the feature ranking achieved using NCA, a sensor 
ranking criteria is defined as depicted in Algorithm 1 This 
results in sensors being weighted based on their features and 
frequency of occurrence in the top feature list. The sensor 

ranking is achieved through sorting the weights. The sensors 
can be chosen by taking advantage of the domain knowl-
edge in setting up the grinding process in the machines. 
Thus in addition to ranking, the selection process can also 
incorporate the cost and complexity of sensors installation 
and their relevance to the process and targeted fault diagno-
sis. The dropping of sensors reduces the feature set further 
to improve the selection of simpler classification models 
with reduced complexity and better overall performance 
through increased generalization without having to train on 
extremely large datasets. Since there can be various factors 
deciding on sensor selection thus the final list cannot be 
deterministic. The final sensors list for the above mentioned 
criteria is presented later in Table 10 in Sect. 3.

2.5  Classifier(s) training

In the CBM context, failure diagnostics holds the key to 
predictive maintenance. Therefore, for efficient implementa-
tion, a two-step classification framework is proposed with 
separate classifiers to be trained for failure classification. 
The first failure classifier, also named the binary classifier 
detects the presence of a failure mode in the grinder, and 
the second classifier, the multi-class classifier, the aim is to 
predict the type of the detected failure mode. The addition 
of a binary classifier in the framework explores the natural 
decomposition of the classification problem of failure mode 
prediction and leverage binary classification problem that 
may not easily scale to multiple classes. This classification 
framework, closely resembling a hybrid model, makes the 
machine learning model loosely related to ensemble learn-
ing. This will give freedom to choose best performing mod-
els of different types taking advantage of the classification 
problem type. The proposed classification framework along 
with the CBM steps leading up to classification is presented 
in Fig. 9.

Table 5  Features in both the time and frequency domain that are cal-
culated for all signal segments

Id Feature Equation

1 mean � =
1

N

∑N

i=1
xi

2 standard deviation
S =

�

1

N−1

∑N

i=1
∣ xi − � ∣

2

3 skewness s =
E(x−�)3

�3

4 kurtosis k =
E(x−�)4

�4

5 root mean square
xrms =

�

1

N

∑N

i=1
∣ xi ∣

2

6 peak-to-peak xpp = max(x) − min(x)

7 crest factor C =
∣xpeak ∣

xrms

8 band power P = x2

rms

9 energy E = ∫ N

1
x(i)dN ≈

1

2

∑N−1

i=1
(xi + xi+1

)
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The dataset, after extracting features, is structured with 
added class labels of failure as well as failure types for each 
ring. This allows the data to be sampled with respect to 
test details, labels of fault existence, and failure mode as 
well as selecting features only from the desired segment. 
Separate training and test datasets for both classifiers are 
prepared using stratified sampling to avoid class skewness 
with a 70% − 30% split. k − Fold cross validation with k = 5 
is considered for this analysis instead of a separate validation 
set. From the training feature set, it is also made possible to 
select features from individual or all segments for the train-
ing of classifiers. Feature ranking for binary classification 
is used to select sensors and the corresponding features in 
training the binary classifier. The training set for the multi-
class failure mode classification is adjusted to have the fea-
ture list from binary classification. The advantage of using 
this two-step classification framework is the generalization 
of the failure classification. Although it is difficult to create 
every possible failure in the grinding machine to train a per-
fect classifier, the binary classifier in the presented approach 
significantly reduces the need to have data from many failure 
classes. If the features from the incoming data are different 
from the feature set from the baseline tests, the classifier 
should be able to detect the presence of a failure mode. The 
multi-class classifier provides the root cause through super-
vised training of the classification model.

2.5.1  Model selection

For failure diagnostics in CBM, supervised learning models 
like support vector machines (SVM) [20], k-nearest neighbor 
[32], neural networks [33], and decision trees [9] can be used 
for classification. However, for the scope of this work, the 
classifiers in Matlab’s classifier app are benchmarked using 

the training dataset for the multi-class classifier. Therefore, 
the top performing random forest using the default hyper-
parameters as listed in Table 6 is selected as the prediction 
model for both binary as well as multi-class classifiers. The 
tuning of these hyper-parameters is not considered in this 
work.

2.6  Failure diagnostics testing

The test datasets and specifically the multi-class classifica-
tion dataset is used to verify the failure diagnostic frame-
work as depicted in Fig. 9. The probability estimate scores 
for individual classifiers are used to judge the classification 
results. Evaluation metrics, e.g., confusion matrices, preci-
sion, recall, and F1-scores, are used to evaluate the perfor-
mance. Using stratified sampling in preparing datasets for 
training along with the design of experiments ensures the 
class balance. Hence the performance evaluation metrics 
being used are less susceptible to false or less truthful indi-
cations of performance. The presence of failure mode and 
the prediction of the cause of the failure or the identifica-
tion of the failure mode are used to support the decision-
making process in a CBM setup. The maintenance action 
can be planned or triggered based on the probability score 

Fig. 9  Failure mode prediction 
framework

Table 6  List of default hyper-parameters used for training of “Fit 
ensemble of learners for classification” in MATLAB

Parameter Value

Method Bootstrap aggregation
Number of ensemble learning cycles 30
Weak learners to use in ensemble Decision tree
Maximum number of decision splits n − 1 where n is number of 

observations
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of the classification that gives a level of confidence in fail-
ure prediction using the proposed failure mode classification 
framework.

3  Results and discussion

From data acquisition through CBM setup in the bearing ring 
grinder and from data processing and feature engineering to 
training of classification models for failure diagnostics, the 
results achieved are presented in this section. As described 
in Sect. 2.1.1, the machine equipped with sensors for process 
control is complemented with additional sensors for condition 
monitoring with the aim to implement the CBM framework 
for failure diagnostics. Process and sensor data are continu-
ously acquired from the machine for the experimental tests 
where the failure in the machine subsystems, as per Table 3, 
is introduced to simulate production level breakdowns and 
maintenance issues. The raw data is processed in the data 
processing step to prepare it for feature engineering.

As mentioned in Sect. 2.2, individual grinding cycle data 
is acquired for all the sensors. Acoustic emission sensor data 
from the first ring of the seventh dressing interval in every 
test run is displayed on re-scaled axes in Fig. 10.

It is evident that each of the test runs results in differ-
ent behavior of the grinding cycle, even the baseline runs, 
test 1 and test 7, have some differences. The significant dif-
ference, apart from some shift in the start of the grinding 
feed due to dependency on the contact detection, is the total 
length of the cycle in each test. For example, the cycle for 
the workhead tooling setup failure mode in test 5 is around 
twice as long as other cycles. This is due to the fact that the 
machine is using a position controlled grinding cycle and it 

continues to grind until the output dimension, in terms of 
end position, is reached. The wrong setup of the tooling, in 
this case, affects the ring’s position relative to the grinding 
wheel. Thus the grinding wheel slide has to travel more with 
the feedrate to reach desired final ring dimension.

The key step of segmenting the grinding cycle into parts 
representing different stages of the process is achieved through 
combining acoustic emission signal and the process informa-
tion from the machine controller as described in Sect. 2.2.1. 
These segments form the acoustic emission signal in the base-
line test (Test 1), which is presented in Fig. 11. It can be seen 
that segment 3 starts slightly before the change of derivative 
or the big drop at the end of the rough grinding stage. This the 
system relaxing in the spark-out stage from all the force built 
up during the grinding process and at this stage the final profile 
of the ring surface materializes.

The feature set, described in Sect. 2.3, is extracted from 
the three segments of each sensor signal. Representation of 
the features according to the segments also allows seeing the 
effect of individual parts of the cycle in classification per-
formance. Figures 12 and 13 show the feature scatter plots 
from segment 3 of the grinding cycle.

The feature selection, as explained in Sect. 2.4, from 
the NCA in Matlab is used to identify top features for 
dimensionality reduction. Since the NCA method uses the 
label to optimize the feature selection, the top feature list 
will vary based on the grinding cycle segments considered 
for feature extraction and the class labels used. According 
to the classification approach proposed in this article, the 
top features are identified for the binary classification, i.e., 
the features to detect the presence of failure mode in the 
machine. The feature ranking, from individual segments 
as well as considering all segments, is presented as the 
heat maps in Fig. 14.

Fig. 10  Acoustic emission sen-
sor data from the first ring of 
the seventh dressing interval in 
all the test runs
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It is to be noted that considering individual or all seg-
ments together will give a different feature ranking list as 
evident from the heatmap where the top ranking feature 
value is 250 and the lowest ranking feature gets the value 1. 
In Fig. 14, the feature matrix of segment 1, depicted by a, 
it can be seen that few of the features are active, especially 
from the sensors mounted on the grinding slide. As soon 
as the grinding wheel comes into contact with the work-
piece in segments 2 and 3, Fig. 14b, c respectively, the sen-
sors related to the grinding cycle become more influential, 
e.g., the electrical power for the grinding motor as well as 
the grinding force sensor. Despite extracting features from 
individual segments, using all segments for feature selection 
distributes the feature significance throughout the heatmap 
as seen in d of Fig. 14. Thus using individual segments allow 
a few sensors to be chosen based on their ranking on the top 
feature list. This, however, does not give a definitive picture 
of sensor ranking which is required to reduce the feature 
set further.

For the analysis undertaken in this work, top features are 
chosen as per the learned weights using NCA as explained 
in Sect. 2.4.1. top 5 features are shown in Table 7. Top 100 
features are selected to determine sensor ranking as per the 
proposed sensor ranking method explained in Sect. 2.4.2. 

According to the proposed method, the higher the feature in 
the top feature list, the more ranking is given to the respec-
tive sensor and vice versa. Also, more features from the same 
sensor in the top feature list will also result in the sensor get-
ting a higher rank. This gives the sensor ranking as shown 
in Table 8 where the sensor ranking changes based on which 
segment is used for feature selection for binary classification 
using the NCA method.

This approach of sensor ranking also allows choosing 
the sensors that further reduce the list of selected fea-
tures. This decision can not only be based on the type of 
measurements to be included in model training but also 
based on the ease of installation of the sensor(s) and costs 
associated with it. The choice of selecting segment(s) and 
the sensors also depends upon the failure modes that are 
to be detected and classified. As evident from Table 8 for 
the sensor ranking achieved in binary classification, the 
sensors moving towards the top of the list for segment 2 
and segment 3 are the ones installed for the purpose of 
process control. It is to be noted that the sensor ranking 
from segment 3, where the grinding cycle has reached 
steady state and the spark-out stage has started, evidently 
enlists top sensors which give direct measurements related 
to the grinding cycle performance. During segment 3 of 

Fig. 11  Processed grinding 
cycle segments corresponding 
to Table 4. (1) Idle segment, (2) 
stead grinding segment and (3) 
spark-out segment 
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the grinding cycle, the quality of the product is defined 
as the grinding slide stops moving and removing further 
material, thus it can give a better clue of the presence of 
failure mode and its effect on the output quality. Choosing 

the right sensors in this step boosts the overall perfor-
mance of failure diagnostics as the same sensors and their 
corresponding features are used to train both binary and 
multi-class classification models. Therefore, the failure 

Fig. 12  Scatter plot for the two 
of the extracted features. On the 
x-axis is the feature representing 
90th percentile (perc90) values 
from frequency domain (freq) 
signal of Grinding spindle (Gr.
Sp) Acoustic emission (AE) 
sensor from all the segments. 
On the y-axis is mean values 
of frequency domain (freq) 
signal of workhead (WH) force 
(F) sensor (Load Cell = LC) 
extracted from all segments. 
The colors show test cases 1–7 
as listed in Table 3

Fig. 13  Scatter plot for 
extracted features. On the x-axis 
is the root mean square (rms) 
values of the Workhead (WH) 
Acoustic Emission (AE) sensor 
signal in the time domain (tim) 
of all segments. On the y-axis 
is the root mean square (rms) 
values of the vibration (Vib) 
sensor (X) on Workhead (WH) 
from the time-domain (tim) sig-
nal of all segments. The colors 
show test cases 1–7 as listed in 
Table 3
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modes influencing the grinding cycle performance, i.e., 
affecting the quality of the parts being produced, can be 
captured by choosing sensors related to process control 
in addition to conventional condition monitoring sensors.

The selected classification model is the random forest 
as per MATLAB’s classification learner app benchmark 
figures presented in Table 9. Here the combined train-
ing set is used to learn all 7 classes of the failure mode 
tests using data from all sensors, cycle segments, and their 

corresponding feature set. Although the performance advan-
tage is not very drastic between random forest and support 
vector machine models, the random forest model is chosen 
in this work. The random forest is considered advantageous 
for its use in similar applications in multi-class classifica-
tion in comparison to support vector machines. Thus two 
separate random forest models for binary as well as multi-
class classification are selected to be trained with the hyper-
parameters listed in Table 6.

Fig. 14  Heatmap of features as per the source segments in Fig.  11. 
a Segment 1, b  segment 2, c  segment 3 and d all segments. Higher 
value indicates higher feature ranking. Here Vib = Vibration, Gr = 

Grinding, Mot = Motor, WH = Workhead tooling, Sp = Spindle, F = 
Force, LC = Load Cell, St = Strain gauge, Pow = Electric Power, AE 
= Acoustic Emission, Temp = Temperature
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In light of condition monitoring as part of CBM imple-
mentation, grinding cycle segment 1 is chosen for the 
failure classification presented in this article. Segment 
1, idle segment, is where the grinding wheel has not yet 
come into contact with the workpiece. If the failure mode 
gets detected and identified through segment 1, then, the 
uncertainty of quality deviation due to the presence of 
failure can be reduced. This will also allow taking action 
before the scrap gets produced due to affected grinding 
performance. Table 10 lists the sensors chosen from the 
segment 1 sensor ranking list of Table 8. The choice of 
sensors, as mentioned before, is not just choosing the top 
ones, rather the decision here is made considering both the 
failure modes as part of failure diagnostics and the effort 
and cost of installation of additional sensors and sensor 
systems in the machine. For example, the reason for not 
choosing the force sensor is the cost associated with the 
installation is higher than the rest of the sensors. There-
fore, through this selection criteria, the sensors considered 
are listed in Table 10.

These sensors correspond to 58 features from both time 
and frequency domains. Using this feature set, the binary 
and multi-class failure mode random forest classifiers are 
trained on their respective training sets with an accuracy 
of more than 99% . The evaluation metrics are calculated 
from the unseen data of the test set where the predictions 
from the trained models are compared to known labels. The 
resulting confusion matrix for both random forest classifiers 
is presented in Figs. 15 and 16.

Using precision and recall from the confusion matri-
ces we can calculate the F1 scores for binary classi-
fier as 99.54% and the global F1 score for failure mode 
classifier becomes 99.68% . It is evident that the fail-
ure mode classifier performs marginally better than the 
binary classifier. This is due to the potential of clearer 
separation between individual failure modes in the fea-
ture space as some failures affect the machine perfor-
mance to a larger extent compared to others. On the 
other hand, the binary classification has to struggle a 
bit to distinguish between no failure and a failure where 
the machine’s performance is not significantly impacted. 
This behavior is evident in the t-Distributed Stochastic 
Neighbor Embedding (t-SNE) plots of the training set 
for the binary classifier in Fig. 17 and the failure mode 
classifier in Fig. 18. Despite the complexity, the trained 
classifiers predict with high accuracy as depicted by the 
evaluation metrics.

This becomes even more significant if the sensor cho-
sen for feature reduction belongs to either process con-
trol (Acoustic emission and Force sensor) or condition 
monitoring (Vibration sensor on the workhead electric 

Table 7  Top 5 features from 
the selected 100 features from 
respective segments

Vib vibration, Gr grinding, Mot motor, WH workhead tooling, Sp spindle, F force, LC load cell, St strain 
gauge, Pow electric power, AE acoustic emission, Temp temperature, kurt kurtosis, tim time domain, freq 
frequency domain

Segment 1 Segment 2 Segment 3 All segments

Vib.Gr.Sp.kurt.freq Vib.Gr.Sp.kurt.freq Vib.WH.X.p2p.freq Vib.WH.Y.p2p.freq
Vib.WH.Y.kurt.freq Vib.Gr.Mot.kurt.freq Vib.WH.Y.p2p.freq Temp.Gr.Sp.kurt.tim
Vib.Gr.Mot.kurt.freq Vib.WH.Y.kurt.freq Vib.Gr.Sp.kurt.freq Vib.Gr.Mot.kurt.freq
Temp.WH.Sp.kurt.tim Vib.Gr.Mot.pow.tim AE.Gr.Sp.pow.freq Temp.WH.Sp.kurt.tim
Temp.Gr.Sp.kurt.tim Vib.WH.Mot.p2p.freq Temp.WH.kurt.tim AE.Gr.Sp.kurt.freq

Table 8  Sensor ranking based on top 100 features from respective 
segments

Vib vibration, Gr grinding, Mot motor, WH workhead tooling, Sp 
spindle, F force, LC load cell, St strain gauge, Pow electric power, AE 
acoustic emission, Temp temperature

Segment 1 Segment 2 Segment 3 All segments

AE.WH Vib.WH.Mot AE.Gr.Sp AE.Gr.Sp
AE.Gr.Sp Vib.WH.Y Vib.WH.Mot Vib.WH.Mot
Vib.WH.Mot AE.WH Vib.Gr.Mot Vib.Gr.Mot
Vib.Gr.Mot Pow.Gr.Mot Temp.Gr.Sp Temp.WH
Temp.WH.Sp Vib.Gr.Mot Temp.WH Vib.WH.Y
Temp.WH Vib.Gr.Sp Temp.WH.Sp Temp.Gr.Sp
Temp.Gr.Sp AE.Gr.Sp AE.WH Pow.Gr.Mot
Pow.Gr.Mot Temp.WH Vib.WH.Y Temp.WH.Sp
Vib.Gr.Sp Temp.WH.Sp Pow.Gr.Mot AE.WH
F.WH.LC Temp.Gr.Sp Vib.Gr.Sp Vib.WH.X
Vib.WH.X F.WH.LC Vib.WH.X Vib.Gr.Sp
Vib.WH.Y Vib.WH.X F.WH.LC F.WH.LC
F.WH.st F.WH.St F.WH.St F.WH.St

Table 9  Bench-marking of classification models in MATLAB’s clas-
sification learner app

Classification Model Training 
Accuracy

Random Forest 99.8
Support Vector Machine 96.6
Decision Tree 93.1
KNN 91.4
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motor) only. In the case of using process control sensors, 
i.e., acoustic emission and force sensor only, the binary 
classification accuracy drops slightly to 98.6% ; however, 
the failure mode classification accuracy ends up at 90% . 
This difficulty in failure mode classification shows the 
overlapping of failure mode classes in feature space. On 
the flip side, if only condition monitoring sensors, i.e., 
vibration sensors on workhead assembly and motor are 
used, the binary classification accuracy remains similar at 
99.3% and only the failure mode classification accuracy is 
reduced to 96.9% . The most miss classified failure mode, 
in this case, is Test 4 which is related to Drive plate setup. 
Due to the lower intensity of this failure mode, the inclu-
sion of an acoustic emission sensor picks up the failure 
as it affects the grinding cycle performance significantly. 
This evidently shows the strength of choosing sensors that 
can improve failure diagnostic performance and a trade-
off can be made to detect the presence of failure only 
where the additional sensors can result in higher costs.

The resulting classification prediction framework as pre-
sented in Sect. 2.5 and depicted in Fig. 9 is generalized 
over detecting a failure mode and only then classifying and 

diagnosing the failure mode. This distinction in the clas-
sification can be used to trigger maintenance action as part 
of a condition-based maintenance strategy. This 2-stage 
classification framework allows for higher performance in 
training as well as in prediction. The inference pipeline also 
becomes simpler and the trade-off between two types of 
classification at the cost of the number of features required 
can easily be learned through iterations or separating fea-
ture selection. Using segmentation significantly reduces the 
feature set and improves model generalization to avoid over-
fitting. Choice of features based on sensors and grinding 
cycle segment can be made based on the type of fault to be 

Table 10  Result of sensor selection based on top feature availability 
and installation cost

Measured quantity Sensor Target subsystem

Acoustic emission Dittel m6000 Grinding spindle
Acoustic emission Parker 247 Ultraspan Workhead tooling
Vibration SKF CMSS2200 Elec. motor (grinding)
Vibration SKF CMSS2200 Elec. motor (workhead)
Temperature NTCALUG02A103F Workhead tooling
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Fig. 15  Confusion matrix for binary Random Forest classifier. Here 
the class 0 corresponds to no failure and the class 1 corresponds to 
the failure class
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identified. Failure modes related to grinding cycle perfor-
mance take advantage of segments related to grinding and 
the CBM failure diagnostics can be achieved even before 
the start of the grinding cycle as presented in this work.

4  Conclusion

This paper presents a failure diagnostic framework for the 
implementation of condition-based maintenance (CBM) in 
a bearing ring grinder. Segmentation, as part of signal pro-
cessing, of the grinding cycle data has enabled the extraction 
of features that capture the variations in different parts of the 
process. Using a combination of the proposed feature selec-
tion and sensor ranking method results in a reduced feature 
set. The sensor selection criteria allow the features to be 
filtered based on corresponding sensor importance for the 
failure mode classification as well as the cost associated with 
it. The two-step classification improves the generalization of 
failure diagnostics. A model identifying the presence of a 
fault as a binary classifier gets precedence in establishing the 
sensors and the corresponding features to be used in failure 
diagnostics. Combining the use of process control and con-
dition monitoring sensors provides a comprehensive feature 
set that outperforms failure classification over the features 
from independent sensors. For both binary and multi-class 
classification models, the benchmarked random forest in 
Matlab performs with an accuracy of more than 99% on test 
datasets. According to the proposed classification framework 
using the feature set from the idle grinding segment, the 
failure mode identification is only triggered if the presence 
of failure is detected in the data. Adapting advanced machine 
learning models incorporating multiple cycle segments can 

enhance the capability of failure predictability in the context 
of CBM in the bearing ring grinder.
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Abstract: Grinding processes’ stochastic nature poses a challenge in predicting the quality of the
resulting surfaces. Post-production measurements for form, surface roughness, and circumferential
waviness are commonly performed due to infeasibility in measuring all quality parameters during
the grinding operation. Therefore, it is challenging to diagnose the root cause of quality deviations
in real-time resulting from variations in the machine’s operating condition. This paper introduces a
novel approach to predict the overall quality of the individual parts. The grinder is equipped with
sensors to implement condition-based maintenance and is induced with five frequently occurring
failure conditions for the experimental test runs. The crucial quality parameters are measured for
the produced parts. Fuzzy c-means (FCM) and Hotelling’s T-squared (T2) have been evaluated to
generate quality labels from the multi-variate quality data. Benchmarked random forest regression
models are trained using fault diagnosis feature set and quality labels. Quality labels from the T2

statistic of quality parameters are preferred over FCM approach for their repeatability. The model,
trained from T2 labels achieves more than 94% accuracy when compared to the measured ring
disposition. The predicted overall quality using the sensors’ feature set is compared against the
threshold to reach a trustworthy maintenance decision.

Keywords: grinding; multivariate statistics; maintenance decision; condition-based maintenance;
condition monitoring; health management; prognostics; fault diagnosis

1. Introduction

Grinding is a key process in bearing production. Being at the end of the process
chain, it is crucial to avoid quality variations that can lead to producing scrap. The high
demand for output productivity and fulfillment of various surface quality parameters
makes the area of grinders and grinding process an active research field [1]. The changing
machine conditions of the bearing ring grinder make it challenging to achieve a predictable
process [2]. Despite the integration of several process monitoring techniques based on the
measurement of in-situ cutting forces, power, vibrations, etc., today’s grinding processes
and machines struggle to produce parts with desired quality without manual intervention
in setting up the process for the first time [3–5]. This variability of the process, in addition
to the machine’s maintenance condition dependency, requires an in-depth understanding
and knowledge of the influence of the involved parameters and how the deviation in one
affects the other [1]. This is especially valid when it comes to bearing production where the
tolerances on the produced quality are kept very tight.

In any production system, apart from the operational process impacts, the machines
and subsystems are subject to physical degradation [6]. To avoid unplanned downtime
the industry focuses on predicting behaviors in equipment that can affect the process
and undertaking actions to prevent failures [7,8]. The idea of machine fault diagnosis
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is to determine and classify the severity of an asset or its subsystem failure to achieve
higher productivity and avoid catastrophic breakdowns which have a significant effect
on maintenance costs [9]. Sophisticated maintenance strategies are thus considered and
practiced for complex and advanced machines in today’s manufacturing. Significant
expenditure goes into maintenance programs where one-third to one-half is wasted due to
ineffective maintenance [10]. To improve the maintenance effectiveness of machine systems
affected by the stochastic nature of machining operations, a well-consulted fault diagnosis
strategy with a maintenance decision support system is needed [11].

Condition-based maintenance (CBM) is the maintenance strategy of using sensors in
machines for the purpose of monitoring, diagnosis, and prognostics to effectively achieve
and plan cost-efficient maintenance while maintaining the uptime of the monitored as-
sets [12]. The primary challenge is to predict the health state of the equipment through
the use of sensor data with a level of certainty to accurately determine maintenance action
points through effective reasoning on the remaining useful life (RUL) [13]. To achieve the
level of certainty where the action can be taken, a perception has to be developed for the
current state that can lead to the understanding of the failure as part of condition-based
maintenance [10]. To anticipate the manifestation of the failure, as soon as possible, com-
plex analysis methodologies have to be adapted to quantify the chance of the machine’s
operation without fault [14].

Despite that Machine learning (ML) approaches and methodologies in failure predic-
tion through collected data for predictive maintenance (PdM) have been assessed several
times [15], failure prognostics is still considered a less explored task due to its specific nature
in relation to the process and equipment [16]. As a result maintenance decision-making
becomes challenging where accuracy and robustness are crucial in making decisions [17].
Due to limitations in run-to-failure data that can be used in extrapolating machine condi-
tions, the PdM is approached by obtaining labeled quality data and interpreting it. The use
of these methodologies as maintenance decision support is an open issue due to the lack
of annotations in such data [18]. In manufacturing environments where the labeled data
is not readily available, clustering techniques, with an appropriate statistical hypothesis,
are preferred [19]. Many of the statistical process control techniques, leveraging Principal
Component Analysis (PCA), have found applications in process industries, especially
for real-time condition monitoring of complex systems where multiple process variables’
measurements are to be handled [20]. Combining ML and multivariate process statistics as
a hybrid learning approach can provide on-line monitoring and pattern classification of
individual variables [21].

Recent publications for PdM, in the machine tools segment, focus more on indi-
vidual components of the machines e.g., bearings, spindles, and cutting tools in a lab
setting [22–24]. The lack of CBM and PdM implementation procedures in addition to the
absence of holistic PdM applications [25] leaves a large gap in the CBM and PdM research,
in particular this is the case for grinding machines [26]. Therefore, this work addresses
achieving PdM at the machine level by predicting produced quality and combining it with
existing failure diagnostic information for a bearing ring grinder. In the paper, to determine
when the maintenance action is necessary, the measured output quality is considered as
evidence to identify if the failure impacts the operational performance of the machine
or subsystem. To reach an overall quality label for an individual ring from multivariate
measured quality parameters, two approaches have been explored. Regression learners
are trained in each approach to predict the overall quality produced in each grinding cycle
using feature set from sensor data. The sensor data feature set is taken from the failure
mode classification work as part of the CBM framework implementation [27]. Repeatability
and reliability of the explored approaches, in terms of implementation, are considered to
propose the preferred model of choice. A quality criterion, based on measured quality
parameters, is also developed to verify and validate the overall quality prediction and
performance quantification of the proposed approach.
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2. Method

The modeling of machine degradation, being a stochastic phenomenon, is extremely
important for failure diagnostics and maintenance planning. Taking advantage of all the
available information from health monitoring data is advantageous to precisely describe
the extent of degradation. In this work, the Lidköping SGB55 grinder, shown in Figure 1, is
equipped with a state-of-the-art real-time data acquisition and health monitoring system [2].
To enable early fault detection in the bearing production process, initial grinding is chosen as
the process to be monitored and analyzed. In the CBM context, the maintenance strategy has
to follow the implementation steps of data acquisition, data processing, and maintenance
decision-making. The maintenance decision-making presented in this paper builds on the
previous work on the development of intelligent fault diagnosis [27] and follows the steps
as depicted in Figure 2. As shown in Figure 3, this work focuses on the severity estimation
model and its support in maintenance decision-making for the bearing ring grinder.

Figure 1. The Lidköping SGB55 bearing ring grinder used in this investigation.

Figure 2. Implementation steps of CBM process for failure prognostics.
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Figure 3. Failure prediction framework utilizing classification models for failure diagnostics and
regression models as severity estimation for the prediction of produced quality. The bounding box
represents the scope of this article.

2.1. Data Acquisition

Knowing the maintenance history of the SGB55 grinder, critical subsystems i.e., Grind-
ing Slide assembly and Workhead assembly are monitored with sensors installed on strate-
gic locations [2]. The Figure 4 shows the schematics of the SGB55 grinder and its subsystems.
The machine is equipped with sensors, listed in Table 1, for process control as well as ad-
ditional sensors for condition monitoring. The sensor data is acquired using National
Instruments Data Acquisition hardware, cDAQ-9174 with NI-9215 analogue and NI-9423
digital input modules, and the LabView system. The data acquisition system has the
capability to simultaneously acquire and store sensor data in sync with the machine’s cyclic
operation. For each grinding cycle, the operational parameters are also stored in a database
for each grinding cycle.

Table 1. List of sensors installed in SGB55 grinder.

Measured Quantity Sensor Target Subsystem

Force Kistler 9105C Workhead Assembly
Acoustic emission Dittel m6000 Grinding spindle

Power Montronix PS100 Elec. motor (grinding)
Strain Kistler 9238B Workhead Assembly

Acoustic emission Parker U247 Workhead Tooling
Vibration PCB triax A45 Workhead Tooling
Vibration SKF CMSS2200 Elec. motor (grinding)
Vibration SKF CMSS2200 Elec. motor (workhead)
Vibration IMI601A01 Grinding Spindle

Temperature NTCALUG02A103F Grinding Spindle
Temperature NTCALUG02A103F Workhead Spindle
Temperature NTCALUG02A103F Workhead Tooling
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Figure 4. SGB55’s critical subsystems for sensor installations as part of CBM implementation.

Test and Measurement Criteria

A grinding cycle [28] consisting of a roughing stage and spark-out stage, shown in
Figure 5, is programmed to grind the rings. The Roughing stage removes the material
to reach the desired dimension of the rings and the Spark-out stage influences the final
quality parameters that are being measured at the end. Since the data is acquired w.r.t. the
individual grinding cycle, all the ground workpieces for the tests are saved as well. Failure
modes are introduced in the selected subsystem components to simulate failures during
production. To collect enough statistical data, each test is run for 7 dressing intervals where
the grinding wheel is refreshed after each interval. 15 rings are ground in each dressing
interval which gives a total of 105 rings for each test and produces 735 rings for all the
tests. Figure 6 maps the operating conditions for each type of test and the corresponding
rings produced in each test interval. It is infeasible to measure every ring produced using
standard equipment. Hence a subset of the produced rings is chosen to be measured for
the quality parameters, e.g., form, surface roughness, and waviness, as listed in Table 2.
As shown in Figure 6, ring numbers 1, 3, 7, and 15 from each dressing interval are measured
for the quality parameters to evaluate the quality being produced during each test run.
In addition to the measured quality disparity between different tests, the choice of rings
allows capturing the quality variations not only between dressing intervals but also within
the dressing interval of a test.

Table 2. Measured Quality Parameters.

Quality Parameter Equipment Used

Relative Diameter Dial gauge (referenced)
Roundness, Waviness SKF MWA 160D

Surface Roughness, Form Taylor Hobson—Form Talysurf
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Figure 5. Grinding cycle to produce parts during tests. The grey line represents the grinding slide
position as it moves into the workpiece. Blue represents the resulting in typical force/power signals
and the segments that are extracted from each sensor signal for every cycle.

Figure 6. The figure presents the failure mode tests where the Test 4, as an example, is expanded to
depict the test procedure with dressing intervals and the rings in each of the dressing intervals. This
gives a total of 105 rings produced for each test.
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2.2. Data Processing

MATLAB® is used for data and signal processing where the data is accessed from the
network storage and databases and is cleaned and filtered before further processing [2,27].
Each cycle is divided into segments as shown in the Figure 5 where the Idle segment,
the Steady Grinding segment, and the Spark-out segment are isolated from each sensor
signal for further processing in feature extraction. To be able to estimate overall ring
quality using grinding cycle data, the Spark-out segment is selected for feature engineering.
The Table 2 lists the selected main quality parameters derived from quality measurements.
Extreme data points resulting from measurement errors can skew the analysis, therefore
the quality parameters are cleaned and verified before further processing.

2.2.1. Feature Engineering

After initial data processing, statistical features [26] are extracted from time and fre-
quency domain components of the sensor data for the selected segment. The 9 main quality
parameters from measured form, surface roughness, and multiple bands of circumferential
waviness are selected as quality features. The quality data is mean normalized per feature
for the measured rings according to

z =
X − µ

σ
, (1)

where X is the set of observations, µ is the mean of X and σ is the standard deviation of X.
MATLAB’s Principal Component Analysis (PCA) algorithm is used to calculate principal
components through singular value decomposition (SVD).

2.2.2. Sensor Data Feature Set

As part of the failure diagnostics [27], 10 features are extracted from each cycle segment
in both time and frequency domain signals. These features are statistical features, namely,
mean, standard deviation, skewness, kurtosis, root-mean-square, peak-to-peak, crest factor,
band power, energy, and the 90th percentile. Features can be selected based on the segment
of interest. As part of feature selection, neighborhood component analysis (NCA) is
used due to its computational efficiency and insensitivity towards irrelevant features.
The selected features are the top 100 features as per the NCA weight vector that gives
minimum classification error [27].

2.2.3. Model Development

To predict the overall quality of the produced parts, the quality predictors need to be
trained for quality labels using the sensor data feature set as input. The labeled quality
data have to be prepared from multivariate quality measurements. Two approaches are
used to prepare labeled data from measured quality parameters. Although serving the
same purpose of providing labels the quality predictor model, these approaches provide
unsupervised (approach 1) and supervised (approach 2) way of preparing labeled quality
data. In each approach, a separate regression learner is trained to predict the overall
quality. The quality prediction then can be used to determine if the maintenance action
needs triggering.

Approach 1

In the first approach, top 6 principal components are used where the data from
9 quality parameters of measured parts are transformed using the principal component
score of the PCA method in MATLAB. The transformed data is then used to perform
fuzzy c-means (FCM) clustering, which is an unsupervised clustering approach, using the
parameters given in Table 3. The parameters are modified from default values to account
for the possible clusters in the quality data with the reduced provision of overlap of the
learned clusters. The FCM clustering method allows each data point to belong to multiple
clusters with varying degrees of membership. The cluster where the baseline tests, 1 and 7
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get higher membership probability is used as the reference cluster for the acceptable quality
and a label for the training data set. The regression model is then trained using the sensor
signal feature set to estimate the probability of membership of the output quality to the
reference cluster.

Table 3. Optional parameters used for the fuzzy c-means clustering algorithm in MATLAB.

Option Value

Nr. of clusters 4
Fuzzy overlap 1.1
Max. Iterations 50

Min. obj. improvement 0.001
Info Disp. flag False

Approach 2

In the second approach, the T2 statistic given by the PCA in MATLAB provides the
statistical measure of the multivariate distance of each observation, i.e., ring quality data,
from the center of the dataset. The PCA function also supports an output method of
Hotelling’s T-Squared Statistic (T2) for the input data according to

T2 = n(x − m)′(cov)−1(x − m), (2)

where x belong to feature set of observations X, m is the distribution mean of X, (x − m) is
the vector distance of an observation point x from m and (cov)−1 is the inverse covariance
matrix of X. The PCA method uses all the principal components to compute the T-squared
statistic such that it is computed in full feature space. The T2 statistic received for the
measured rings becomes the label and is used in training a regression model using the
feature set from sensor signal data. The trained model estimates and thus populates a T2

control chart for the ring produced in each grinding cycle given the feature set from the
cycle data.

To select the regression learner, MATLAB’s regression learner app is used to train
different models ranging from linear and support vector machines to regression trees and
random forest. The feature set used to benchmark models originates from the sensor data
as mentioned previously in this section. The models are trained separately with quality
labels from both approaches including the labels for baseline tests. The random forest
regression learner with default hyper-parameters, listed in Table 4, came out to be the top
performer in this bench-marking. Hence the random forest regression model is trained
further to be the selected overall ring quality estimator.

Table 4. Hyperparameters used for training of “Fit ensemble of learners for regression” in MATLAB.

Parameter Value

Method Least-squares boosting
Number of ensemble learning cycles 30

Weak learners to use in ensemble Decision tree template
Minimum observations per leaf 8

Learning rate for shrinkage 0.1

2.3. Decision-Making

The significance of any maintenance strategy is reflected through the accuracy and
reliability of the maintenance decision-making. The random forest regression learners
estimate the overall quality output of individual grinding cycles in terms of predicting the
produced quality parameters as a multivariate statistical measure. Failure diagnostic is an
important first step which is achieved from random forest classifiers, trained on the feature
set from sensor signal data, to predict if the failure exists and the type of failure mode in
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the acquired data. Once the existing failure mode has been identified, the overall produced
quality is predicted.

The random forest regression model from the first approach, trained using data from
the FCM clustering method, estimates the probability of the output quality belonging to the
reference quality cluster. A pre-selected threshold is used to trigger the maintenance action
if the probability falls short of the threshold indicating the failure mode to be severe as the
quality reaches the unacceptable limit. This method relies on the accuracy of the learned
cluster membership used as a label to train the regression model as well as the selection of
the threshold. The FCM clustering, being an unsupervised learning methodology, adds
uncertainty to the decision-making as the training of the regression model relies on the
learned clusters being representative of the failure and reference classes. The threshold
itself adds another dimension that needs optimization based on knowledge and validation
through quality measurements.

As for the second approach where the random forest regression model is trained using
Hotelling’s T-squared statistic, it estimates the T2 statistic by taking feature set input from
sensor data of individual grinding cycles. The T2 statistic can be used to populate the
control chart where the quality deviation can also be visually monitored against an upper
control limit (UCL). The estimated T2 statistic is compared against the UCL to trigger the
maintenance action if the T2 value exceeds the limit. The UCL is calculated based on the
data from the baseline tests 1 and 7 according to

UCL =

(
p(k − 1)(n − 1)
kn − k − p + 1

Fα[p, (kn − k − p + 1)]
)

, (3)

where (1 − α)100% is the confidence level, n is the size of the sample set, k is the size of
the subgroup, p is the degrees of freedom and Fα is the F-statistic at α. Note that the UCL
does not depend on the T2 values calculated for the sample set. Keeping the confidence
level (1 − α) less than 100% reduces the chances of false positives in the control chart. This
comparison for making the maintenance decision has a dependency on the measurement
data itself for the calculation of UCL which acts as the threshold for the predicted quality.
Thus it is more reliable and repeatable than the clustering approach where the probability of
the learned clusters differing in every iteration is higher. Also, the variation in the incoming
data will have a different distribution of quality parameters which will influence the cluster
learning significantly.

2.4. Predicted Quality Validation Criteria

The rough grinding considered in this work is the intermediate step in the bearing
ring production. Therefore, the produced parts are measured from the tests according to
Figure 6. To verify the performance of the proposed model that estimates the overall ring
quality, criteria to classify produced rings to be within specifications are defined. Since the
T2 multivariate statistic does not signify variations in the individual quality parameters,
the entire quality data from the baseline test is taken as a reference. Individual quality
parameters for the measured rings are categorized as within specifications if they fall in
the 20% of the mean of the parameter of their respective ring number in the baseline test.
For a ring to be considered of acceptable quality, at least 4 of the 9 quality parameters are to
be within specifications. The pseudo-code for this criteria calculation is presented in the
Algorithm 1. This results in the individual quality parameter to be quantified as Rpq = 0
if within the range and Rpq = 1 if outside the 20% range. Hence, the rings get classified
as either accepted (Rq ≤ 4

9 | Rq → 0) or rejected (Rq > 4
9 | Rq → 1) as per the proposed

quality criteria. Thus the ground truth of the measured rings allows the validation of the
output of the severity model predictions from the test dataset.
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Algorithm 1 Calculating acceptable quality criteria based on the measured quality parameters.

Input:
Q : Measurement data
Pq : List of measured quality parameters
T : List of Tests
D : List of Dressing cycles in T
R : List of ring numbers measured in D
re f : Baseline test
for i ∈ R do

for j ← 1 to length of Pq do
q = 1

n ∑n
k=1 Q(re f )kj where k ∈ D

for k ← 1 to length of D do
for l ← 1 to length of T do

if q − 0.2 ∗ q < Qijk < q + 0.2 ∗ q then
Rpqijkl = 0

else
Rpqijkl = 1

end if
end for

end for
end for

end for
Rq = 1

n ∑n
k=1 Rpqk where k ∈ Pq

Output:
Rq : Classified rings as per measured quality

3. Results and Discussion

This paper is the extension of the previous work where the CBM framework [2] is
implemented to achieve intelligent fault diagnosis in the bearing ring grinder [27]. Using
information from the implemented CBM setup, to determine the maintenance decision step
as per PdM, the quality data is included in the analysis as depicted in Figure 3. As explained
in Section 2.1, data from the installed sensors and the machine’s operating parameters are
acquired simultaneously for each grinding cycle from which the statistical features are
extracted after filtering and segmentation. As described in Section 2.2.2, the top features are
chosen based on NCA. Figure 7 shows the heatmap of features extracted from all segments.
Since the NCA is insensitive to unnecessary features, a higher weight is given to the best
performing features to reach optimum failure classification. The selected feature set for
the failure classification results in greater than 98% accuracy, for both the binary and the
multi-class failure mode classifier. The intelligent fault diagnosis along with the published
dataset [29] and feature and sensor selection for failure mode classification are covered in
the implementation of the CBM setup for the bearing ring grinder [27].

The produced rings from the experimental test runs are measured as described in the
Section 2.1. The Figure 8 shows the box plot of surface roughness and circumferential form
measurement of all the measured rings. It is to be noted that different types of failure modes
will affect the measured parameters differently as evident for the two quality parameters,
surface roughness (Ra) and form, as shown in the Figure 8. The PCA from the 9 measured
quality parameters of the produced parts is shown in Figure 9. Although more than 60%
of the variance is explained by the first two principal components, it is not enough to
separate all the test classes. From the Figure 9, the tests 1, 2, 3, and 7 seem to overlap. Since
tests 1 and 7 are reference baseline tests, they are bound to be closer to each other in the
hyperspace. Due to less severity of the failure modes 2 and 3, statistically, it is possible to
produce parts within tolerance. At this early stage of material removal in production, it
will not be possible to identify quality variations resulting from these failure modes due to
the limited number of in-line quality parameters being measured.
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Figure 7. Heatmap of features from all segments as per NCA weights. A higher value indicates a
higher feature ranking. Here Vib = Vibration, Gr = Grinding, Mot = Motor, WH = Workhead tooling,
Sp = Spindle, F = Force, LC = Load Cell, St = Strain gauge, Pow = Electric Power, AE = Acoustic
Emission, Temp = Temperature. Adapted from [27].

Figure 8. Box plot of a) Mean Normalized Surface Roughness and b) circumferential form measure-
ment. The box plot for each test 1–7 includes measured rings from all the dress cycles. The red +

indicate outlier value that is more than 1.5 times interquartile range away from bottom or top of the
box.
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Figure 9. The Pareto plot in subfigure (a) shows more than 95% of the variance explained by 6
principal components. The scatter plot in subfigure (b) for the first two principal components shows
the separation of the test classes 1–7 as per Figure 6.

As explained in Section 2.2.3 for the Approach 1 using the fuzzy c-means clustering
algorithm, the top 6 principal components are used to learn 4 quality clusters in MATLAB
using the parameters listed in the Table 3. The 4 number of clusters better explained the
variations before the clusters within a class start to appear. Examining the raw quality
data from a domain expert perspective also suggests the close existence of the test classes
as shown in Figure 9. The learned cluster centers from the FCM clustering algorithm,
in Figure 10, are presented in the first 2 principal component dimensions. The resulting
allocation of each test class for the 4 centers is depicted in a stacked bar plot in the Figure 11.
Since FCM is based on optimization, the cluster allocation varies for each run of the
algorithm which affects the repeatability of the results in this approach. From the Figure 11,
it is evident that the cluster center 4 is the reference cluster and is used as the quality label
to train the regression model.

Figure 10. Clusters and cluster centers visualized in the plane of the two principal components.
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Figure 11. Probability or degree of cluster center membership to the individual quality observation
of the respective test classes in 6 PCA dimensions.

The selected regression model is the random forest as per MATLAB’s regression learner
app benchmark figures presented in the Table 5. Thus the center 4 data, representing the
degree of membership for each measured observation, is used as a label to train the random
forest regression model with an achieved Root Mean Square Error (RMSE) of 0.28 out of the
max scale of 1. The low RMSE gives a good predictor which is evident from the Figure 12
where the test data from tests 1 and 7 are estimated to be belonging to the reference cluster.
The uncertainty in cluster learning and cluster center membership allocation makes it
difficult to repeatedly use the method for reliable predictability. The significant difference
between the benchmark and the presented first approach’s RMSE results from FCM-based
labeled data is evidence of the inherent fuzzy behavior of the algorithm directly influencing
the performance accuracy.

In contrast, the Approach 2 of Hotelling’s T-squared statistic is less uncertain due to
repeatability and reliability based on the available data. The T2 statistic values achieved
from the output of the PCA algorithm in MATLAB are used as labels to train the random
forest regression learner using default hyper-parameters and only modifying the ones
listed in the Table 4. The training of the regression learner results in an RMSE of 5.19 out
of max scale T2 value of 26.62 which, in terms of error rate, is lower than the RMSE of
Approach 1, i.e., 19% < 28%. The UCL calculated from the training quality dataset using
the Equation (3) becomes 9.1 with the confidence level of 97% obtained from α = 0.027.
The training dataset when compared against the UCL is shown in Figure 13.

Table 5. Bench-marking of regression models in MATLAB’s regression learner app. Quality Label
columns represent the achieved Root Mean Square Error (RMSE) for the labels used from the two
approaches in training the models.

Regression Model Quality Labels 1 Quality Labels 2

Random Forest 0.358 4.960
Regression Tree 0.414 5.743

Support Vector Machine 0.544 6.184
Linear Regression 1.755 11.065
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Figure 12. Predicting the overall ring quality produced in test data. The dashed line represents the
threshold above which the quality is acceptable.

Figure 13. Calculated T2 statistic from training quality dataset using MATLAB’s Principal Component
Analysis (PCA) algorithm. The dashed line represents Upper Control Limit (UCL).
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The regression model estimations on the test set of sensor feature set are shown in the
Figure 14. The UCL is shown as a dashed line and serves as a threshold above which the
quality becomes unacceptable. Even though the test set, comprising of feature set from
the selected segment of the sensor data, is larger than the entire quality dataset, the results
follow the trend of the training set of measured quality. It is only fitting to verify the
regression model predictions using absolute truth which is the measured ring quality itself.
The box plot in the Figure 15 depicts the classification of measured rings as accepted or
rejected based on the criteria defined in Section 2.4. The threshold is the limit representing 4
out of 9 measured quality parameters to be within the accepted tolerance limit. The overall
quality scale in the Figure 15 is the average of quality parameters disposition where a higher
level means more quality parameters out of specifications. Note that the criteria result in
the classification of individual rings based on all the measured quality parameters. Hence,
the measured rings that end up out of spec according to quality criteria are represented as
red circle markers in the Figure 14. Most of the markers being above the UCL line of the plot
verify the performance of the model on the test set with calculated accuracy of more than
93% on the corresponding rings measured for quality. In comparison, the FCM approach
has less absolute differentiation between the quality data from different test classes which
confirms the overlapping quality clusters in the hyper-space. However, the results from the
T2 statistic are repeatable which is desirable in any failure prediction model.

Figure 14. Predicting the overall produced quality in test data through estimating T2 statistic.
The dashed line represents Upper Control Limit threshold above which the quality is unacceptable.
The red circle markers indicate the rejected rings according to quality criteria.
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Figure 15. Box plot showing the quantification of the quality produced in each test after the acceptance
criteria have been applied to the measured parts.

The results presented here demonstrate the potential of using data from the sensors,
e.g., acoustic emission, vibration, force, power, and temperature, installed for the purpose
of process control and condition monitoring to predict quality in a bearing ring grinder.
In this work, the class balance has been ensured in setting up the experimental tests to avoid
over-representation of any failure mode in the dataset [2]. Although different failure modes
affect the measured quality parameters differently, the defined quality criteria account for
the individual parameter in comparison to the reference quality test. The high accuracy
prediction results achieved on the dataset give the confidence to use the presented approach
in regular production to estimate overall quality for rings using the sensor data only.

4. Conclusions

This paper presents an approach to predicting the overall quality of ground bearing
rings using a feature set from the sensor data. The grinder is equipped with additional
acoustic emission, vibration, force (strain), and temperature sensors for machine health
monitoring purposes. The feature set, resulting from the failure diagnostics using sensor
data, is also used to benchmark the random forest as a top-performing regression model
to estimate the quality of the produced rings. Using Hotelling’s T-squared statistic to
generate quality labels is presented as the preferred choice over fuzzy c-means clustering,
for its repeatable results. The model prediction is compared against a threshold value
for ring quality disposition to trigger a maintenance action. The quality criteria based
on individual quality parameters validate the proposed model performance with 94.2%
accuracy on the test set of measured rings. The use of multivariate quality statistic ensures
the consideration of all quality parameter variations that are otherwise infeasible to measure
in-line during the grinding operation. Thus, this work successfully demonstrates the
possibility to use the data from the installed sensors to not only estimate the condition
and performance but also to predict the produced quality variations of the production
grinder. The high accuracy achieved in predicting the overall quality evidently shows the
effectiveness of such decision support in triggering maintenance action. The potential to
improve performance through enhanced quality classification criteria needs to be verified
through extended testing and measurement of the produced parts. Additionally, individual
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quality parameters can be predicted to take specific remedial actions. However, for the
scope of this work, the herein presented approach demonstrates an efficient and effective
implementation of a maintenance decision support system for a bearing ring grinder.
With the availability of multiple sensor data from the entire grinding cycle, using more
sophisticated data processing and model development can be considered to improve failure
prognostics as part of predictive maintenance.
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