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ABSTRACT

One way to reduce the lifecycle cost and environmental impact of a product in a circular
economy is to extend its lifespan by either creating longer-lasting products or managing the
product properly during its use stage. Life extension of a product is envisioned to help better utilize
raw materials efficiently and slow the rate of resource depletion. In the case of manufacturing
equipment (e.g., an electric motor on a machine tool), securing reliable service life as well as the
life extension are important for consistent production and operational excellence in a factory.
However, manufacturing equipment is often utilized without a planned maintenance approach.
Such a strategy frequently results in unplanned downtime, owing to unexpected failures.
Scheduled maintenance replaces components frequently to avoid unexpected equipment stoppages,
but increases the time associated with machine non-operation and maintenance cost.

Recently, the emergence of Industry 4.0 and smart systems is leading to increasing attention
to predictive maintenance (PdM) strategies that can decrease the cost of downtime and increase
the availability (utilization rate) of manufacturing equipment. PdM also has the potential to foster
sustainable practices in manufacturing by maximizing the useful lives of components. In addition,
advances in sensor technology (e.g., lower fabrication cost) enable greater use of sensors in a
factory, which in turn is producing greater and more diverse sets of data. Widespread use of
wireless sensor networks (WSNs) and plug-and-play interfaces for the data collection on
product/equipment states are allowing predictive maintenance on a much greater scale. Through
advances in computing, big data analysis is faster/improved and has allowed maintenance to
transition from run-to-failure to statistical inference-based or machine learning prediction methods.

Moreover, maintenance practice in a factory is evolving from equipment “health
management” to equipment “wellness” by establishing an integrated and collaborative
manufacturing system that responds in real-time to changing conditions in a factory. The
equipment wellness is an active process of becoming aware of the health condition and of making
choices that achieve the full potential of the equipment. In order to enable this, a large amount of
machine condition data obtained from sensors needs to be analyzed to diagnose the current health
condition and predict future behavior (e.g., remaining useful life). If a fault is detected during this
diagnosis, a root cause of a fault must be identified to extend equipment life and prevent problem

reoccurrence.
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However, it is challenging to build a model capturing a relationship between multi-sensor
signals and mechanical failures, considering the dynamic manufacturing environment and the
complex mechanical system in equipment. Another key challenge is to obtain usable machine
condition data to validate a method.

A goal of the proposed work is to develop a systematic tool for maintenance in
manufacturing plants using emerging technologies (e.g., Al, Smart Sensor, and 1oT). The proposed
method will facilitate decision-making that supports equipment maintenance by rapidly detecting
a worn component and estimating remaining useful life. In order to diagnose and prognose a health
condition of equipment, several data-driven models that describe the relationships between proxy
measures (i.e., sensor signals) and machine health conditions are developed and validated through
the experiment for several different manufacturing-oriented cases (e.g., cutting tool, gear, and
bearing). To enhance the robustness and the prediction capability of the data-driven models, signal
processing is conducted to preprocess the raw signals using domain knowledge. Through this
process, useful features from the large dataset are extracted and selected, thus increasing
computational efficiency in model training. To make a decision using the processed signals, a
customized deep learning architecture for each case is designed to effectively and efficiently learn
the relationship between the processed signals and the model’s outputs (e.g., health indicators).
Ultimately, the method developed through this research helps to avoid catastrophic mechanical
failures, products with unacceptable quality, defective products in the manufacturing process as
well as to extend equipment service life.

To summarize, in this dissertation, the assessment of technical, environmental and economic
performance of the Al-driven method for the wellness of mechanical systems is conducted. The
proposed methods are applied to (1) quantify the level of tool wear in a machining process, (2)
detect different faults from a power transmission mini-motor testbed (CNN), (3) detect a faultin a
motor operated under various rotation speeds, and (4) to predict the time to failure of rotating
machinery. Also, the effectiveness of maintenance in the use stage is examined from an
environmental and economic perspective using a power efficiency loss as a metric for decision

making between repair and replacement.
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1. INTRODUCTION

1.1 Economic and Environmental Impact of Product Life Extension

One of the United Nations Sustainable Development Goals is to ensure sustainable
consumption and production patterns. According to the 2019 progress report, worldwide material
consumption has significantly increased, and imminent action is urged to prevent over-extraction
of resources and increase resource efficiency [1]. Life cycle engineering (LCE) has emerged as a
key concept to evaluate and enhance industrial sustainability, e.g., improved resource and energy
efficiency, by taking into account economic, environmental, and social impacts across the product
life cycle from raw material extraction, manufacturing, distribution, use, to end of life [2]. One
way to reduce the environmental impact of a product in a circular economy is to extend its lifespan
by either creating longer-lasting products or managing the products properly during their use stage
[3]. Life extension of a product is envisioned to help better utilize raw materials efficiently and
slow the rate of resource depletion [4].

Different products have different environmental impact profiles across their life cycle stages.
As an example, the environmental burden of an 1C-engine based automobile is dominated by the
use stage, and a desktop computer is dominated by the materials processing stage. Product life
extension is often viewed as an environmental benefit, in that it obviates the need for early product
replacement with its associated environmental impacts. However, in some cases, rapid rate of
change in a product may mean that a poorly performing product (during use), from an
environmental perspective, is replaced with a better performing product. If such is the case, an
early product failure may be a net environmental benefit.

Due to the fact that products have different environmental impact profiles across their life
cycle stages (e.g., diesel engine vs. cell phone), they may have different strategies for life extension.
Also, the pace of technological evolution (e.g., consumer electronic vs. home appliances) and a
functionality change may affect the strategies. Thus, each product needs to be evaluated to
determine whether a life extension is desirable for that product. For a given product, if life
extension in the use stage is desirable, the useful life of a product can be prolonged through
maintenance (e.g., predictive maintenance) [5]. To evaluate the maintenance effectiveness in the

product use stage, let’s investigate several categories of products.
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Expensive products such as aircraft engines, medical equipment, and wind turbines are often
designed to have a long lifespan, and they are carefully managed during the use stage through
continuous maintenance [6], i.e., intervention at prescribed intervals. Presumably, the logic that
underpins such a maintenance strategy is that it is economically desirable to invest in some
maintenance because of the high annualized product capital cost. The annualized capital cost is far
larger than the annual maintenance cost. On the other hand, for products with a relatively small
annualized capital cost, e.g., kitchen cabinets, microwaves, smartphones, and computers, the cost
of maintenance may be prohibitive relative to the annualized capital cost (in addition, the efficacy
of maintenance on life extension may be minimal). As a result, maintenance is not normally
undertaken and such products are simply replaced when they fail. For such low cost durable goods,
a better strategy may be to design and manufacture the products to be more durable and reliable.

An increase in product life presents an opportunity to decrease material consumption and
diminish the rate of depletion of natural resources. For several different product categories, the
literature reports the average life expectancy and benefits of maintenance (shown in Table 1.1) [7,
8, 9]. As shown in the table, powered products (e.g., vehicles and HVAC systems) have relatively
long life expectancy, but their service life and performance are highly dependent on how well
maintenance tasks are performed (i.e., high maintenance effectiveness) during their service life.
For products such as cabinets, home appliances, and decks, maintenance may not significantly
increase their service life.

Figure 1.1a compares the maintenance effectiveness and life expectancy for different
categories of products. Figure 1.1b displays how product value changes for different maintenance
scenarios. The figure shows that the value of a product degrades over time as it is used (no
investment in maintenance). If a maintenance strategy is utilized, the value still monotonically
decreases, but at a slower rate. Different maintenance strategies affect the rate of value degradation.

To this point, our discussion of maintenance has solely focused on life extension and
economics. But, of course, maintenance activities affect the life cycle, and thus, there are
environmental implications. This is especially the case for products whose use stage has the
greatest environmental impact [3]. Considering both environmental and economic perspectives,
using a maintenance strategy that maximizes product life may not always be desirable. For
example, for some products such as an engine, replacing an old one with a new model (that is more

energy efficient) may reduce the fuel cost and the environmental burden. Moreover, maintenance
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costs may increase toward product end of life. Thus, the pace of technological advancement may
affect the selection of a maintenance strategy. This suggests that maintenance strategy should
consider the environmental impact across the life cycle stages as well as technological

advancement of a new replacement product.

Table 1.1 Life expectancies of various products and maintenance effectiveness [7, 8, 9].

Product Life Expectancy Maintenance
Category Name Effectiveness
Gas Range 15 yrs.
Dryer 13 yrs.
Ap?:)irameces Re_frigerator 9 yrs. Medium
Dishwasher 9 yrs.
Microwave Ovens 9 yrs.
Storage Kitchen Cabi_nets 50 yrs. Low
Garage Cabinet 100+ yrs.
Decks Wooden Decks 20 yrs. Low
Furnace 10-15 yrs.
Heat Pumps 16 yrs. .
HVAC Air Conditioner 10-15 yrs. High
Electric water heater 10 yrs.
Mobile Phones 3-7 yrs.
Fax Machines 3-8 yrs.
Consumer
Electronics Personal Computer 2-8 yrs. Low
Keyboard 3-6 yrs.
Mouse 3-6 yrs.
Motor Vehicles 10 yrs.
Vehicles Watercraft 20 yrs. High
Aircraft 30 yrs.
Industrial Milling Machines 20 yrs. .
Equipment La_thes 20 yrs. Medium
Industrial Motor 10 yrs.
Turbine / Jet Engines 15 yrs.
Engines Engine Instrument 15 yrs. High
Reciprocating engine 7 yrs.
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Figure 1.1 (a) Life Expectancy vs. Maintenance Effectiveness and (b) Product value vs. Time.

As a proxy for environmental impact, energy consumption is often employed. Table 1.2
presents the fraction of the total energy associated with different products for the cradle-to-gate
and post cradle-to-gate portions of the life cycle. This table offers insights into which part of the
life cycle the environmental impact is largest (i.e., material extraction, processing, and
manufacturing vs. use and end of life). For a product whose impact is mostly associated with
cradle-to-gate, an extension in product life (enabled by maintenance) delays product replacement
with its concomitant environmental burden — this would generally be viewed as positive from an
environmental standpoint. On the other hand, a product with a large impact post cradle-to-gate
needs a carefully thought-out maintenance strategy; the strategy needs to consider potential
environmental impacts and also the advisability of life extension given potential environmental
benefits of replacement with a more technologically advanced product.

Based on the literature, it may be concluded that product life extension via maintenance is
desirable for industrial equipment (e.g., generator), automobiles, HVAC systems, and engines.
Figure 1.2 illustrates the role of maintenance in equipment life extension; the scenarios with and
without maintenance in use phase. In the next section, the recent developments related to different
maintenance strategies will be presented. In particular, an application of machine learning to

industrial equipment is discussed.
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Table 1.2 Energy consumed by products across life cycle stages.

Product % Cradle-to-gate | % Post Cradle-to-gate | Reference
Roof Tile 83% 17% [10]
I-Beam 97% 3% [10]
Power Pole Cross Arms 80% 20% [10]
Aircraft Hinge Fitting 99% 1% [10]
Building 50.5% 49.5% [11]
Generator 1.05% 98.95% [12]
Computer 66% 34% [13]
Mobile Phone 5% 43% [14]
Automobiles 11% 89% [15]
Air Conditioner 4% 96% [16]

Performance

Figure 1.2 Role of maintenance in equipment life extension.
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1.2 Equipment Maintenance Strategies

In the 21st century, smart manufacturing (Industry 4.0) is empowered by integration of

20

cyber- and physical-systems with the evolution of computing infrastructures; artificial intelligence,
big data, data analytics, cloud computing, 10T platform, etc. The integration of the systems with
the help of ICT enables to construct an integrative and collaborative system that responds in real
time to meet changing conditions in the factory, supply network, and customer demand. Smart
manufacturing not only seeks to transform a manually operated factory into a highly automated
plant, but also enables responses in real-time to changing conditions in manufacturing equipment,
factory, supply chain network, and customer demand [17]. Smart manufacturing requires an ability
to collect data (observation), process the data to secure critical knowledge (evaluation), find

meaning in the knowledge (diagnosis), and formulate and implement appropriate manufacturing




interventions (decision and implementation). These steps are required for closing the loop on any
process control activity [18].

Smart manufacturing is defined as “fully integrated, collaborative systems” that respond in
real-time to meet changing conditions in the factory, supply network, and customer demand.
Figure 1.3 displays a graphical view of the smart manufacturing system. Well known benefits of
smart manufacturing are: 1) improved maintenance (e.g., less unplanned downtime and extended
equipment life, 2) real-time process and system control (e.g., optimal performance), 3) asset
management (e.g., better utilization of resources), 4) equipment coordination (e.g., improved
quality, productivity, and reduced costs), and 5) better forecasts (e.g., less work in progress and

improved supply chain performance).
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Figure 1.3. Overview of Smart Manufacturing.

In the complex manufacturing field where many elements (e.g., human and tangible and
intangible resources) interact with each other [19], a large amount of data is collected and
accumulated during manufacturing operations. A computing infrastructure informed by the
processed manufacturing data can be controlled by pre-trained Al algorithms. To extract useful
information from manufacturing data, Al techniques have been widely used. The techniques infuse
intelligence into the systems to automatically learn and adapt to the changing environment using
historical experience through training [20]. In addition, the ability to handle high-dimensional data,
reduce complexity, improve existing knowledge, and identify relevant process relations are

highlighted to demonstrate the applicability of the techniques in the manufacturing industry [21].
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These abilities enable to forecast of the topic of the manufacturer’s interest to possibly reduce
variation in their production line and improve productivity and product quality. Therefore, the
future behavior of the manufacturing system can be approximated by applying Al algorithms to
the system, and this created knowledge may help decision making.

Extracted meaningful knowledge provides insights to make a better decision, which can
assist the transformation toward sustainable practices in the manufacturing industry (e.g., reducing
waste [22], increasing energy and resource efficiency [23], and predictive maintenance [24]). To
achieve improved industrial sustainability using the smart manufacturing platform, one approach
is to develop a communication tool between machinery and reliability/maintenance engineers to
optimize machinery maintenance tasks. In the manufacturing plant, optimal maintenance strategies
are necessary to ensure system reliability, reduce cost, avoid downtime, and maximize the useful
life of a component [24]. According to the recent article, unplanned downtime caused by a poor
maintenance strategy reduces a plant’s overall productive capacity by up to 20 percent and costs
around $50 Billion each year [25].

Figure 1.4 summarizes the different maintenance strategies and shows the pie chart
describing the percentage by each strategy in the US manufacturing sector. The earliest
maintenance strategy is the breakdown or unplanned maintenance (run to failure), in which no
maintenance will occur until a machine breakdown happens [26]. In this situation, the utilization
of a machine component may be increased to some extent, but unplanned downtime is unavoidable.
Preventative maintenance, a more widely used strategy in the industry, inspects and maintains the
components with periodic intervals to prevent unexpected machine breakages. However, the
regular inspection/maintenance practice can incur long suspension time and high maintenance cost.
Because of these pros and cons, a maintenance engineer often confronts with the tradeoff situation:
they need to choose between maximizing the useful life of a component (unplanned maintenance)
and maximizing uptime (preventive maintenance) [25].

While unplanned and preventive maintenances have the tradeoff scenario, predictive
maintenance (PdM) is a promising technique that has an ability to break the tradeoff by
maximizing the useful life of a component and uptime simultaneously. It is designed to monitor
the condition of in-service equipment, and then predict when equipment will fail. It means that the
future behavior/condition of machine components can be approximated, which will help to

optimize maintenance tasks (e.g., prognostic health monitoring). Accordingly, the machine
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downtime and maintenance cost can be reduced significantly while making the maintenance
frequency as low as possible.

More advanced maintenance techniques are prognostics and health management (PHM) and
equipment wellness. PHM has appeared as an intelligent solution to increase availability of
manufacturing systems and optimize maintenance planning by estimating the remaining useful life
(RUL) or time to failure (TTF) of a component/equipment [27]. As shown in Figure 1.5, one
common approach to estimate RUL is to (1) construct a health indicator using the information
obtained from sensors, (2) apply the time series historical health indicator data to a regression
model for forecasting, and (3) estimate the remaining time until the forecasting projection crosses
the predefined threshold. General procedure including sensors, data acquisition (DAQ), raw data
pre-processing, fault detection (mechanical diagnosis), and RUL/TTF prediction (i.e., mechanical
prognosis) of PHM is illustrated in Figure 1.6. Sondalini [28] introduced the concept of equipment
wellness by adopting W. Edwards Deming Philosophy for best reliability practices in an equipment
maintenance. Under the equipment wellness strategy, a process of identifying a root cause of a
problem in equipment is additionally considered to prevent reoccurring problems. It is more than
being free from failures. It is a dynamic process prescribing the solution for better and extended

service life.

Prognostics and Health Management
(PHM) / Equipment Wellness
Monitors equipment periodically, and
condition is continuously tracked Predictive
Maintenance predictive _Other
Maintenance 29 ntive

12% ance

Preventive
Maintenance

Breakdown

Maintenance
Brllaakdown e
Maintenance Schedules maintenance task

with a regular time interval Maintenance strategies used in the
US manufacturing sector

Run to failure

Complexity (Cost, Implementation, Infra)

Benefits (Availability, Cost Saving, Maintenance Scheduling)

Figure 1.4 Maintenance Strategies; statistics in the pie chart are from [29].
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Figure 1.5 Remaining useful life (RUL) prediction based on machine health indicator.
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Figure 1.6 General procedure of prognostics and health management (PHM).

To summarize, the purpose of the maintenance is maximizing the availability of
manufacturing systems to increase productivity while reducing maintenance costs by (1)
optimizing maintenance tasks and (2) fixing potential defects before catastrophic equipment
failures occur, i.e., prevent unplanned downtime. As shown in Figure 1.7, Al-driven maintenance
enables to optimize the maintenance schedule by quantifying the remaining life of each component,
and consequently, reduce maintenance cost by simultaneously decreasing machine downtime and
repair cost. In the equipment wellness, adopted by W. Edwards Deming philosophy, there is no
optimal cost (or minimum cost), but instead continue to put efforts to reduce the cost by identifying
and removing the cause of problems (i.e., process control, not product control).

In this research, customized Al-driven models are developed for several machine systems,
and the models are applied to a large-scale data for predicting the systems’ failure events, which
may enable to extend the product life by conducting timely maintenance. Before going into details
of each model, the recent developments related to predictive maintenance, machine learning, and

PHM are presented in the next section.
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2. LITERATURE REVIEW!

2.1 Predictive Maintenance of Machine Tool Systems?

2.1.1 Predictive Maintenance of Cutting Tool

In a milling process, a rotating cutting tool removes materials from a workpiece to obtain
the desired shape. Over the machining time, a geometry of the tool changes as a result of the
interaction between the tool and workpiece. In the process, a material is deformed plastically, and
energy is expended in overcoming friction between the tool and workpiece [30]; a tool gradually
wears due to the generation of heat and stress during the process. Consequently, it will degrade the
performance of the cutting tool, which will affect a surface finish. A surface finish is considered
as a critical measure of the product quality.

To ensure the product quality, the condition of the cutting tool is necessarily monitored and
controlled. Failure to monitor the condition of cutting tool could generate a poor-quality product,
which will turn out to be a scrap. Therefore, a PdM of cutting tool in the machining processes
cannot only inform when a tool needs to be replaced (when the length of tool wear reaches its wear
limit), but also enable to estimate the remaining useful life (RUL) of the tool.

The conditions of the cutting tool can be described by the lengths of wear on the different
faces of the cutting tool as shown in Figure 2.1. Since a common practice to define the condition
of the tool is measuring the abrasive wear length on a flank face of cutting tool [31], a flank wear
limit is used as a metric to define the condition (normal, warning, and failure) of cutting tool in the

simulation, which will be presented in Chapters 4 and 5.

¢ Flank Wear
—- . (vB)
Flank Face of Cutting Tool

Figure 2.1 Types of cutting tool wear.

Crater Wear Cutting Tool

Nose Wear Flank Wear

! More literature review can be found in each chapters.
2 This work is a modified version of the paper published in Procedia Manufacturing [42].
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2.1.2 Predictive Maintenance of Spindle Motor

A spindle is a rotating mechanical element, and an important component in manufacturing
because it directly affects the quality and productivity of manufacturing processes [31, 32]. Since
the power is transmitted to machine tools through spindles, static and dynamic forces are
constantly applied in the rolling elements. Continuously applied forces gradually wear the
components (e.g., bearing, rotor, and shaft), and it could result in a mechanical breakage at the
extreme cases.

Once a spindle is damaged, replacing the parts and calibrating accuracies such as tool runout
are difficult tasks. Spare components can be stocked to be replaced during maintenance schedule.
However, it is difficult to know the current condition of a component (especially, in slight wear
condition) and to predict the remaining useful life of a component [33]. Therefore, a PdM of the
spindle is a valuable method to optimize the maintenance jobs ahead while maintaining the process

quality and productivity through preventing unexpected downtime.

Table 2.1 Parameters used in calculations of the characteristic frequencies.

Parameter Pitch diameter  Ball diameter ~ Contact angle  Spindle speed
Description Dy Dy, a fs

Among many possible defects in rotating components, bearing defects are the main cause
for the spindle damage [32]. For a PdM of spindles, therefore, piezo-electric force measurement
sensors [34] and accelerometers [35] are used to measure the vibration due to the geometric
changes of a ball bearing’s inner and outer race. For the local defects of a ball bearing,
characteristic frequencies can be calculated mathematically using the geometry of a rolling
element bearing as shown in Table 2.1 and Figure 2.2 [36]. In Figure 2.2, the four different kinds
of faults and their corresponding characteristic frequencies are explained: Inner race fault (fir),
Outer race fault (for), Rolling element fault (fban), and Bearing cage fault (fcage). S0, the spindle
conditions can be evaluated using the variation of these four frequencies. In addition to the time
and frequency domain analyses, Al techniques such as ANN (Artificial Neural Network), fuzzy

logic, and Bayesian classification were used for finding the bearing faults in spindles [33].
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Figure 2.2 The geometry of rolling element bearing and derivation of characteristic frequencies
(modified from [36]).

2.2 Machine Condition Monitoring Research: Application of Machine Learning and
Deep Learning on Machine Health Management

The conditions of the in-service machine tools may be translated by signals obtained from
externally mounted sensors (e.g., accelerometer, microphone, dynamometer, and thermometer).
To extract meaningful information from raw analog signals, first, they are necessarily processed
to filter out unwanted frequency spectrums. Next step is to extract features from the processed
signal to generate condition-related information as well as to compress data. Features can be
extracted in either time domain or frequency domain depending on the tool characteristics (for
example, Fourier transform of vibration signal from a spindle indicates a local defect of ball
bearings clearly than the signal in the time domain).

In the field of machine maintenance research (e.g., machine condition monitoring), several
different methodologies have been used to help with decision making and enhancing system
reliability. Condition monitoring methods are often classified into three categories: 1) a physical
model, 2) a knowledge-based model, and 3) a data-driven model [37]. A physical model-based
methodology normally shows good success at reflecting the condition of the monitored system
because the model is built based on accurate mathematical relations tied to physical processes.
However, establishing an accurate physical model is challenging for complex manufacturing
systems. Also, a physical model cannot generally be updated with on-line measurement data,
which limits the model’s flexibility [38]. A knowledge-based methodology, such as an expert
system, solves a specific domain problem using expert knowledge and heuristic rules. In this
methodology, an accurate physical model is not required, but translating domain knowledge into
rules (e.g., IF conditions) is difficult, and the model may not cope well with new situations. Lastly,
a data-driven model estimates model parameters to fit the model using input and output data. This
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method is based on statistical learning theory, and the model automatically learns a relationship
between input and output data (supervised learning) during the training phase. However, the
method often requires a large amount of machine condition data for model training and testing.

Among the methods, data-driven models (e.g., artificial neural networks [39] and random
forest [40], kernel principal component analysis [41]) have received a great deal of attention by
researchers due to increasing availability of open-source data and advances in computing
infrastructure (e.g., GPUs). A data-driven model, which is based on statistical learning techniques,
can handle various types of data and discover hidden connections in large-scale data. Thus, this
method may be a useful tool to identify the health condition of manufacturing equipment using
sensor signals in real-time. This may enable condition-driven maintenance practice, or predictive
maintenance (PdM) [42].

The data-driven techniques (i.e., Al models) can be divided into supervised, unsupervised,
and reinforcement learning. Supervised learning trains extracted features with their corresponding
labels. For example, if the features from spindle monitoring are tied to normal or fault state of the
spindle, supervised learning algorithms can be used. It includes regression models, support vector
machine (SVM), decision tree, ANN, etc. Unsupervised learning has no labels for each dataset but
generates estimation models. K-means clustering and principal component analysis (PCA) are in
the category of the unsupervised learning. Reinforced learning model learns itself from rewards
and penalties, then the policy is generated to achieve the goal. After an Al model is trained, the
result can be estimated from the model. For example, once a machine health model (predictive
model) is trained from processed accelerometer signals and conditions of a machine (labels), its
health condition can be estimated from current accelerometer signals.

For a data-driven methodology, once an initial set of raw sensor signals is obtained, it may
be too large to be handled. To reduce the large-scale data without compromising its original
character, the raw signals are generally preprocessed first through feature engineering, in which
features (i.e., useful information) may be extracted using statistical measures (e.g., mean, RMS,
standard deviation, kurtosis, and skewness) in time, frequency, or time-frequency domains [43].
In this stage, features must be carefully extracted because the performance of a data-driven model
is largely dependent on the extracted features. Feature engineering may include the selection of
some features, and then evaluation of the features to see if they adequately represent the large-

scale data. This not only requires expert knowledge of the original dataset to decide which features
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should be included or excluded, but it is also a laborious process [44]. Thus, it is desirable to
develop an automatic feature learning method to analyze sensor signal(s) without the necessity of
human intervention [45].

Recently, deep learning methods have been successfully applied in various areas (e.g.,
computer vision and natural language processing). A convolutional neural network (CNN), a
popular deep learning algorithm, is known as a state-of-the-art technique for processing and
analyzing large datasets where the input data are often 2D images [46]. In CNN, a network
architecture is generally designed to learn internal representations that are abstracted from the input
data (e.g., image) by stacking multiple hierarchical layered structures [47]. One benefit of the CNN
when processing machinery vibration signals is its ability to learn non-linear representations of the
input data (e.g., acceleration) using the hierarchical structure [45]. This approach may make the
CNN algorithm a useful tool for machine fault diagnosis since an indicator relating to the machine
faults could be non-linearly correlated to the signals and their covariates. In addition, CNN requires
little data preprocessing efforts because the algorithm is able to automatically learn the features
from input data during the training phase—this is also called representation learning. This method
makes it possible to select features without knowledge of past data and without intensive human
effort.

There are many different ways to construct a CNN architecture; they differ in terms of how
the multiple hierarchical layered structures are stacked. Different architectures have been explored
with the aim of achieving either higher prediction accuracy and/or computational efficiency. One
early CNN architecture, called LeNet, was proposed by LeCun [48]. This architecture consisted of
eight layers and worked well for handwritten character recognition. To solve more complex image
classification problems beyond character recognition, deeper networks (more layers) have been
developed. However, with deeper networks, the training of the networks becomes more
challenging (i.e., it becomes more difficult to optimize learnable parameters). Moreover, as a
network is made deeper and deeper, its accuracy will improve, then plateau, and ultimately degrade
[49]. To overcome the accuracy degradation problem, new ideas on CNN architecture have been
proposed (e.g., inception module [50] and residual module [51]). Several novel architectures were
popularized through image classification—related competitions (e.g., ImageNet Challenge). Some
of these architectures are competitive with humans in terms of image classification. Deep learning

applications have been mostly concentrated on image classification, speech recognition, and
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natural language processing. However, few studies are available where deep learning has been
applied to machine condition monitoring.

In classical machine learning (ML) methods, features are extracted and selected from initial
large-scale datasets first through feature engineering, and then used for training and testing a ML
algorithm. Yu et al. [51] proposed a hidden Markov model (HMM) for machine health monitoring
using features extracted from dynamic principal component analysis (PCA). Wu et al. [52]
monitored the condition of an additive manufacturing process using an acoustic emission signal.
They used PCA to reduce the amount of data needed to train the HMM. Pezzani et al. [53] proposed
a support vector machine (SVM) to monitor the condition of a rotor bar in an induction motor.
They extracted features from the motor current signal using statistical measures. Bhat et al. [54]
also used an SVM to classify the condition of a cutting tool using images of the machined surface.
They extracted and selected features through a gray-level co-occurrence matrix and Fisher
discriminant analysis, respectively. Kane et al. [55] used statistical measures as an input data to an
artificial neural network (ANN) for fault detection in a gearbox.

Among several data-driven models applied for machine condition monitoring, an ANN is
one of the most attractive models due to its ability to manage large-scale data and its ease of
deployment [37]. However, an ANN often requires data preprocessing (i.e., feature engineering),
and how this preprocessing is done will affect ANN performance. Therefore, a method
incorporating automatic feature learning (e.g., CNN) may be desired for processing large-scale
data.

One specific type of ANN is the CNN, which allows features to be automatically learned
during the training phase. Several efforts have been undertaken to build a machine condition
monitoring system using CNN, and the recognition power of CNN has been actively researched
and compared with classical ML algorithms (e.g., support vector machine, random forest, and
ANN) [12, 23, 24]. Ince et al. [58] proposed a shallow CNN architecture for detecting a motor
fault, and the method predicted the fault with an accuracy of 97.4%. In the study, the output class
was limited to two conditions: healthy and not healthy (a fault has occurred). Jing et al. [59] and
Chen et al. [57] introduced various gear faults in a gearbox testbed to collect the acceleration signal
under different health conditions. In both studies, several different CNN architectures were applied
to classify the health condition, and the classification accuracies were compared. Eren et al. [60]

studied bearing fault diagnosis using the Case Western Reserve University Bearing Datasets. The
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study showed the effectiveness of the CNN method without feature extraction or selection
processes. Janssens et al. [61] proposed an automatic bearing fault detection method using
convolutional neural networks (CNN). In the study, different types of bearing faults (e.g., outer-
raceway fault and rotor imbalance) were detected using acceleration signals obtained for a 25 Hz
rotational speed. Jing et al. [56] also used a CNN for condition monitoring of gearboxes. They
compared model prediction accuracies using both automatically learned features and manually
extracted features. A number of CNN network configurations (e.g., various filter sizes, numbers
of filters, and numbers of convolutional layers) were tested. Cacciola et al. [62] studied a neural
network-based monitoring system to identify different root causes of mechanical imbalance
problems in a rotor. Jia et al. [63] showed an improved performance of deep neural networks
compared to shallow neural networks for the diagnosis of the bearing and planetary gearboxes
using an auto-encoder for data preprocessing. The DL-based monitoring approach was reported to
be superior to classical machine learning techniques (e.g., Support Vector Machine (SVM) and
random forest) [56]. Khan and Yairi [64] reported various DL methods and their applications to a
system health monitoring. The use of different deep learning architectures in recent published
papers are summarized in Figure 2.3. Also, they concluded that there is a growing interest in
applying DL methods in the engineering community, but many limitations still exist such as design,
selection, and implementation of DL methods. An extensive review of and reference to ML and
DL applications in machine condition monitoring research may be found in Peng et al. [37] and
Kusiak [65].
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Figure 2.3. The use of different deep learning architectures in recent published papers [64].
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3. RESEARCH GAP AND RESEARCH OBJECTIVES

3.1 Research Gap

ML methods have been extensively applied in machine condition monitoring research. DL
applications are presently a very active area for research; however, there are limited instances
where DL has been applied to machine condition monitoring. Also, many limitations still exist
such as design, selection, and implementation of DL methods [64]. Based on the literature review,
the following gaps have been found:

e Not sufficient study on DL applications to mechanical diagnosis and prognosis: still
lacking if compared to other fields such as speech recognition and image classification

e Fault detection in time-varying conditions: limited studies considering changing
operational conditions in a data-driven model (e.g., previous works on condition
monitoring mainly focused on detecting a fault under constant rotational speed [66])

e Study on robust deep learning model: variability in a model’s performance from data
obtained from different operating settings is not well reported.

e Monitoring multiple mechanical components in the equipment. Most studies are limited to
diagnose and prognose the health condition of one mechanical component.

e Lack of cost-benefit analysis: traditional maintenance vs. deep learning based maintenance

e Evaluation of Product life extension through Al-driven maintenance from an
environmental point of view

Based on the research gap defined above, the research objective will be discussed in the next

section.

3.2 Research Objectives

As is evident from the literature review, there have been growing interests in applying deep
learning in machine health management. However, for real-world applications, the limitations
discussed in the previous section should be addressed. The objective of the proposed work is to
develop a systematic tool for maintenance in manufacturing plant using emerging technologies to

support decision-making in real-time in the presence of changing conditions in manufacturing
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activities. To achieve this objective, the proposed efforts will focus on completing the following

research tasks:

Collecting useable machine condition data from various machine tool systems.
Training machine learning models require a sufficient amount of data. To build a non-
intrusive condition monitoring system, in which proxy measures (e.g., vibration and
acoustic emission) are processed to diagnose and prognose machine conditions, a lab-scale
testbed is designed and constructed to obtain “useable data” and to validate the proposed
method. In the testbed, a fault condition needs to be configured to obtain “machine failure
data” (Figure 3.1 shows an overview of machine condition data collection for the proposed
research).

Modeling deep learning architecture to diagnose and prognose machine health
conditions using proxy measures. Various deep learning architectures (e.g., CNN and
LSTM) and training methods have been proposed. This task will focus on developing a
method to analyze machine condition data from the preprocessing method (e.g., feature
engineering) to deep learning applications. The output of the proposed model could be a
current condition or remaining useful life of a monitored machine.

Developing an abnormality detection system through the fusion of multi-sensor
signals in a machining process. A method to extract and evaluate meaningful values from
multi-sensor signals is required to successfully monitor the condition of the machine tool
during the process. This method has the goal of improving the reliability of sensor
information by enabling better predictive performance and diminishing the effects of noise.
This task will focus on detecting a targeted fault (i.e., abnormalities) during a machining
process through effectively integrating signals collected from in situ multi-sensors.
Developing a speed invariant deep learning model. Variability in a model’s performance
from data obtained from different operating settings is not well studied. For real world
application, a deep learning model ideally detects a targeted fault under changing
operational conditions. Thus, this task will focus on establishing a fault detection model
whose accuracy is invariant to changes in the RPM.

Developing a time series forecasting model and quantifying uncertainty in the model’s
prediction. To forecast machine health condition using time-varying data (e.g., trend and

seasonality), a trained model may be retrained. In the proposed model, as a new observation
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becomes available in time-series data, the model parameters will be updated. Then, the
updated model will predict health indicators of the next multiple time steps. Here, multiple
features will be extracted from raw-signals, and the extracted features and current health
condition will be used in the model to forecast the future health indicators with confidence
intervals.

Studying the effectiveness of maintenance in product life extension, and estimate the
environmental and economic impacts. The environmental and economic benefits of
predictive maintenance have not been reported. Also, the product life extension through
maintenance may not always be desirable. Therefore, this task will focus on investigating
the effectiveness of the product life extension through predictive maintenance and

estimating the environmental and economic impacts in industrial equipment maintenance.

Testbed

Machine
Condition Data
(Vibration)

Large-scale
Testbed
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Figure 3.1. Collection of machine condition data for the proposed research.
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4. DEVELOPMENT OF AN INTELLIGENT TOOL CONDITION
MONITORING SYSTEM TO IDENTIFY MANUFACTURING
TRADEOFFS AND OPTIMAL MACHINING CONDITIONS?

Reprinted with permission from Lee, W. J.,, Mendis, G. P., and Sutherland, J. W., 2019,
“Development of an Intelligent Tool Condition Monitoring System to Identify Manufacturing
Tradeoffs and Optimal Machining Conditions,” 16th Global Conference on Sustainable
Manufacturing.

Abstract

Smart manufacturing has leveraged the evolution of a sensor-based and data-driven platform to
improve manufacturing outcomes. As a result of increased use of sensors and networked machines
in manufacturing operations, artificial intelligence techniques play a key role to derive meaningful
value from big data infrastructure. These techniques can inform decision making and can enable
the implementation of more sustainable practices in the manufacturing industry. In machining
processes, a considerable amount of waste (scrap) is generated as a result of failure to monitor a
tool condition. Therefore, an intelligent tool condition monitoring system is developed in this paper
to identify sustainability-related manufacturing tradeoffs and a set of optimal machining
conditions by monitoring the status of the machine tool. An evolutionary algorithm-based multi-
objective optimization is used to find the optimal operating conditions, and the solutions are

visualized using a Pareto optimal front.

Keywords: Smart and Sustainable Manufacturing; Artificial Intelligence; Evolutionary Strategies;

Tool Condition.

4.1 Introduction

Smart manufacturing is enabled by developments in big data analytics, smart sensors, cloud
computing, Internet of Things (loT) platforms, and artificial intelligence, and has received
significant attention [67]. Smart manufacturing can minimize cost, optimize labor use, and increase

product quality and productivity in manufacturing operations through integration of cyber- and

3 This work is a slightly modified version of the paper published in Procedia Manufacturing [148].
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physical- systems. The integration of these systems is enabled by advanced computing
infrastructure, informed by a large dataset collected during manufacturing, and is controlled using
trained and selected machine learning techniques. Smart manufacturing extracts meaningful value
from large datasets to advance existing analysis capabilities and provide new competencies [22].
Smart manufacturing can improve efficiency and reduce waste from the production process, which
also increases the sustainability of the manufacturing enterprise. These smart manufacturing
methods can enable better decision making and more sustainable practices in the manufacturing
industry (e.g., waste reduction [22], better energy and resource efficiency [68], and higher product
quality [69]).

To achieve “zero-waste” in the manufacturing process, this study focuses on
avoiding/minimizing the waste (scrap) in the machining process, which is a widely used
manufacturing process. In machining processes, surface integrity is a critical measure of product
quality, which, if not properly monitored and controlled, can lead to defective parts and
unnecessary waste. Surface integrity is profoundly affected by the condition of the cutting tool,
which is difficult to detect during operation. Failure to monitor the condition of the tool can
generate a considerable amount of waste, poor quality parts, and economic losses. Therefore, an
intelligent tool condition monitoring system is required to ensure product quality and to minimize
the amount of scrap in a highly-automated environment (e.g., CNC machining center).

To build an intelligent tool condition monitoring system, various sensing technologies (e.g.,
vibration, acoustic emission, force, and power) are incorporated in the manufacturing process to
acquire information about the condition of the machine tool [70]. With the availability of sensor
signals, data-driven models can be developed using artificial intelligence techniques (artificial
neural networks [71], support vector machines [31], fuzzy systems [72], and random forest
methods [73]) to monitor and predict the condition of the tool.

Although artificial intelligence techniques have been successfully applied to machine tool
condition monitoring, the effects of deterioration in machine tool performance on the productivity
of the production line have not been well studied. Conventional machining models are based on
the assumption that the performance of the machine tool does not change over the course of the
process [74]. However, from a quality perspective, the capability of the machine tool deteriorates

over the operation as the cutting tool wears. Therefore, optimal machining parameters should be
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identified as a function of the condition of the tool by analyzing the tradeoffs between profit,
product quality, and productivity.

In this paper, an intelligent tool condition monitoring system is developed not only to predict
tool condition, but also to identify a set of optimal machining conditions. First, a data-driven model
is developed. To obtain training and testing datasets, three types of sensors (current, vibration, and
acoustic emission) are employed during the milling process under various cutting operations. Then,
the collected raw signals go through signal processing, feature generation, and feature
extraction/selection to be transformed into more useful signals [75]. After processing the dataset,
a support vector machine is used to classify the condition of the tool. In order to find the optimal
machining conditions as a function of the tool’s condition, a multi-objective optimization is
performed using evolutionary strategies, and the tradeoffs are investigated using a Pareto optimal
front.

4.2 Development of an Intelligent Tool Condition Monitoring System

In the monitoring system, a support vector machine (SVM) and evolutionary strategies (ES)
are employed to monitor the condition of the machine tool and to identify the optimal cutting
conditions, respectively. The SVM is based on statistical learning theory, which is a nonparametric
dependency estimation using a given dataset [76]. The ES was inspired by the idea of natural
section and is used for global parameter optimization. Flank wear, which is abrasive wear on the
flank face of the machine tool, is useful to quantify the condition of the tool [31]. A detailed

schematic diagram of the tool condition monitoring system is shown in Figure 4.1.

Offline Monitoring (Train)

Sgnsor & Signal Condit_ioning ff = Featur_e Generati(_)nl
Signals Processing Selection/Extraction
Tool Wear Tool Condition . Al Technique
(VB) "~ (Support Vector Machine)
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T Online Monitoring (Test)
Sensor Signal Conditioning
Operator Signals I Processing gy Featres _l
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Manufacturing Tradeoffs / (Evolutionary Strategies) Monitoring System

Optimal Machining Condition

Figure 4.1 Development of an intelligent tool condition monitoring system.
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The monitoring system is developed in two stages, offline monitoring (Training) and online
monitoring (Testing). In the offline monitoring stage, the data-driven model (SVM) is trained using
the processed sensor signals (input) and tool wear (output). In the online monitoring stage, a real-
time multi-sensor dataset obtained during the machining process is applied to the trained data-
driven model to predict tool wear. Given the condition of the machine tool, the ES based, multi-
objective optimization algorithm optimizes several machining conditions (process parameters) for
a set of evaluation parameters- workpiece quality, cost, and productivity — which can be adjusted

based on a particular manufacturer’s requirements.

4.2.1 Milling Experimental Dataset

To demonstrate the capabilities of the proposed monitoring system, a milling dataset was
obtained under various operation conditions, as displayed in Table 4.1 [46, 47]. In the experiment,
the milling operations were conducted to investigate the amount of flank wear (VB) after each
cutting run. The tests were performed at a cutting speed of 200 m/min (=826 rev/min), two depths
of cut (0.75 mm and 1.5 mm), and two feeds (0.25 mm/rev and 0.5 mm/rev). A cast iron workpiece

with the dimensions of 483 mm (I) by 178 mm (w) by 51 mm (h) was machined.

Table 4.1 Milling experiment conditions.

Case Depth of Cut (mm)  Feed (mm/rev) Case Depth of Cut (mm)  Feed (mm/rev)
Case 1 (++) 15 0.5 Case 3 (--) 0.75 0.25
Case 2 (+-) 15 0.25 Case 4 (-+) 0.75 0.5

During the milling experiment, five different signals, (1) the AC spindle motor current, (2)
the table vibration (VBtable), (3) the spindle vibration (VBspindle), (4) the acoustic emission at
the table (AEtable), and (5) the acoustic emission at the spindle (AEspindle), were collected. The
vibration and acoustic emission sensors are mounted on the table and spindle, as found in [13];
other experimental details can also be found in that document as well.

Several useful features can be generated, extracted, and selected from the observed signals
to describe more appropriately the tool condition under different machining operations [75].
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4.2.2 Feature Generation / Extraction / Selection

Features of the dataset can be identified using “descriptors,” representing central tendency
or dispersion of the collected data. In this paper, 14 descriptors are employed to generate features
from each run as shown in Table 4.2.

To determine which descriptors show a meaningful difference in performance as the tool
degrades for each cutting run, the signals from Case 3 were tested, the meaningful descriptors were
identified, and analysis was performed on all four cases using the meaningful Case 3 descriptors.
Several descriptors display distinguishable behaviors as the number of runs increases (higher run
means higher tool degradation), so 13 (AC), 8 (VBtable), 8 (AEtalbe), and 4 (AEspindle) features
were extracted from entire descriptors.

The original signals from each selected descriptor may still have noise, and the
dimensionality of the feature set (33) is too large to be analyzed. Therefore, principal component
analysis (PCA) is used to extract new effective features (i.e., principal components) from the
original features [79], while preserving global information. PCA is a mathematical procedure for
compressing multi-variable data (e.g., data from multi-sensor) by mapping the data onto new axes,
which are called principal components. The principal components are constructed by developing

linear relationships between the original variables, as shown in [80].

Table 4.2 Descriptors used to generate features for analysis (x is observed signal and n is the
number of samples).

Descriptor Equation Descriptor Equation Descriptor Equation
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The goal of PCA is to find a new set of axes which maximizes the variance of the transformed
data. The principal components can be found after eigen decomposition of the covariance matrix,
and the eigenvector of the covariance matrix which has the largest variance is called first principal
component, having a second largest variance is called second principal component, and so on.
Here, PCA is applied to the extracted feature to compress the dataset without significant loss of
information. The output (score matrix) from PCA is directly used for input to the data-driven model
(SVM).

4.2.3 Support Vector Machine

The SVM technique is a state-of-the-art learning method used to solve multi-class
classification problems [81]. The method generates several hyperplanes to maximize the margin
between different classes [31]. In the method, an optimal hyperplane is sought to separate the
different classes most effectively. The features close to the hyperplane, called support vectors (sv),
are identified and are used to find optimal hyperplanes that maximize the margin between the
different classes [82]. The training of the algorithm is performed by solving a linearly constrained
quadratic optimization problem.

In this paper, a non-linear SVM is employed that incorporates a non-linear function (kernel
function). The non-linear SVM transforms the original input space to a higher-dimensional feature
space using a kernel function, where the dataset is linearly separable. A kernel function is defined
as a dot product of two feature vectors. In this paper, the three kernel functions, linear (K(xi, Xx)=
xi"x«), polynomial (K(xi, x)= (xi"x«+1)), and Gaussian (K(xi, xi)= exp(-||xi - x|/ 26?)) are tested
(d is a coefficient). Further discussion of the method can be found in [82].

The SVM was implemented in MATLAB R2017a software. For classification of the tool
wear conditions, three-status (tool wear below 0.2 mm, 0.2 mm — 0.4 mm, and above 0.4 mm),
four-status (tool wear below 0.10 mm, 0.10 mm — 0.3 mm, 0.3 mm — 0.45mm, above 0.45 mm),
and five-status (tool wear below 0.15 mm, 0.15 mm — 0.30 mm, 0.30 mm — 0.45 mm, 0.45 mm —
0.6 mm, above 0.6 mm) classifications are used to examine sensitivity. The input dataset consists
of two principal components (the first and second principal components) and two process
parameters (depth of cut and feed), and k-fold cross validation (k=10) is run for training and testing.
Different kernel functions are tested to identify the best-fitted kernel function, and the best results

for three-, four-, and five-status classifications are presented in Figure 4.2 using a confusion matrix
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(Wear 1, 2, 3, 4, and 5 in the figure indicate the tool statuses mentioned above). The cubic kernel
(polynomial kernel with d=3) and linear kernel show the best performance in classifying three-
status and four- and five-status classifications, respectively.

A confusion matrix is known to be an effective tool to visualize the performance of a
classification technique. In the matrix, each row and column display true and predicted values. The
prediction accuracies and the errors from misprediction are shown in boxes with the green
horizontal stripes and orange vertical stripes, respectively. By displaying the accuracies and errors
together in the matrix, the confusion matrix can show which classifier is confused when a
prediction is performed. In Figure 4.2, as the number of classifiers increases, the accuracies
decrease, as would be expected. All mispredictions in the figure are found at adjacent classifiers,

which indicates that all predicted values have not significantly deviated from the true values.
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Figure 4.2 Confusion matrices for three-status with cubic kernel (left), four-status with linear
kernel (middle), and five-status with linear kernel (right).

4.3 Multi-Objective Optimization to Identify Manufacturing Tradeoffs and Optimal
Machining Condition

4.3.1 Evolutionary Strategies

A real-world problem may have multiple local and global optimum values. A local optima
search method is based on a neighborhood search method, where a solution is steadily improved
within the neighborhood, however the solution may not attain a global optimum value. The most
successful global optimization algorithm is based on a stochastic search method (or evolutionary
method), which enables the escape from local optimums [83]. ES, a widely used evolutionary
method, imitates the behavior of organic evolution procedures to seek the optimum values [84].

The major working schemes of ES are population, recombination, mutation, and selection (elitism
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and evaluation). In the algorithm, as shown in Table 4.3, the candidate solutions are described by
a parental set («) and an offspring set (A). The random individuals (first parental set) are generated
first, and the best individuals (first offspring set) are selected based on a selection algorithm (e.g.,
fitness function (f(xi))). Then, the best individuals (new parental set) produce a new offspring set,
and so on. This process iterates until the termination condition is reached (j is greater than or equal

to generation).

Table 4.3 (ut+ A)-ES Algorithm.

Evolutionary strategies algorithm
1: initialize X1, X2, ..., X,

2: while j < generation

3: fori=1toido

select p parents: xi? —x;
recombination: Xi — X"
mutate x;" — X"

elitism x;PUX™ — X;

evaluate f(xi)
end for
10: select u parent from {X1, X2, «eup X2} — {X1, X2, ve0y Xu }
11: j=j+1
12: end while

©e N gk

In order to generate the offspring population (lines between 3 and 9 in Table 4.3), the selected
parent group iterates through recombination, mutation, and selection. The genetic information is
mixed (discrete recombination) and randomness (N(&, ¢?)) is added in the recombination and
mutation stages, respectively. In the selection process, the best solution from the union of the
parental population and the offspring population (u+ A) is chosen using a fitness function (f(xi))
[85].

As described above, a stochastic search method is a powerful technique to discover the
global optimum in a real-world problem. Therefore, the (ut+ X)-ES optimization technique is

employed to find the optimal set of cutting conditions for a given set of objective functions.
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4.3.2 Objective Functions

Objective functions are used to translate real-world behaviors into optimizable mathematical
forms. Three main considerations in manufacturing are cost, quality, and production time. To
satisfy a manufacturer’s needs, the proper machining conditions have to be identified according to
certain tradeoffs between the considerations. In the milling process, since condition of the machine
tool changes over machining time, different cutting conditions may be required after each
operation. Therefore, in this paper, the tool condition is incorporated as a part of the objective
functions to search for an optimal set of machining conditions as the tool’s capability changes.
This approach can also minimize the potential waste generated due to poor product quality. In this
section, three objective functions representing profit, quality, and productivity are formulated to
conduct multi-objective optimization. The first objective, profit, is formulated as follows:

Profit = Revenue Rate - Machine Operating Cost - Quality Cost - Tool Cost. (4.2)

Profit can be expressed as manufactured workpiece price ($) per unit machine time (min)
with the assumption that sufficient demand exists for the workpiece and the process has an infinite
horizon [74].

end of cut . start of cut
D
feed

! v et

(V4 \2/ _______________ N

! I i cutter

i |

1 |

1 |

1 workpiece '

1 |

1 1

1
n—»k—»:w
' 1

Le L Le

Figure 4.3 Top view of face milling operation.

Using the geometry shown in Fig 3, milling time (tmining) and revenue rate (R) to manufacture

a workpiece can be expressed as

tmitling = (L+2Lc)/ fr, 4.2)
L - 43)
R = p/(tmitting * thandiing ) (4.4)
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where f; is the feed rate of the workpiece (mm/min), w is the width of cut (mm), D is the diameter
of the cutter (mm), p is the revenue per workpiece ($), thandiing IS the loading/unloading time for the
workpiece (min), tmiling is the milling time (min), L is the length of the workpiece to be machined
(mm), and L. is the extent of the cutter’s first contact with the workpiece (mm).

Machining operation cost can be divided into direct labor cost and machine cost, and can be

written as
Clabour = (Chandlingthandling + Cmillingtmilling )/(tmilling + thandling ) ' (45)

Cmachine = Cztmilling /(tmilling + thandling )’ (46)

where Chandiing iS the direct labor cost of loading/unloading (handling) per unit time ($/min), Cmilling
is the direct labor cost of manning the machine per unit time ($/min), and C; is the cost of a machine
per unit in-cut time ($/min).

Traditionally, the quality cost is often ignored if a quality metric of a manufactured product
is between the lower specific limit (LSL) and the upper specific limit (USL). However, the Taguchi
proposed a simple quadratic equation to quantify the cost of quality loss [86]. In the equation, the
loss ($) depends on the deviation from a target value. In this study, the cost of quality loss due to
surface roughness (Ra) is incorporated in the profit model using Taguchi’s quality loss function
using a continuous assumption. Then, the cost of quality loss per unit machine time can be
mathematically expressed as

Cauality =Cr (Ra — RO)Z/(tmilling +thandiing) (IFf Ra> R, and 0 otherwise), 4.7)

where C is the quality cost per unit? deviation ($/um?), Ro is the target surface roughness (um),
and Ra is the arithmetic average surface roughness (um) [74].
To estimate Ra as functions of feed and tool wear, the Raequation from [87] is modified as

follows (in the equation, Ra grows as feed and tool wear increase)

R, =0.0321f%/(r, — VB), (4.8)

where f is the feed rate (mm/rev) (=f;/ spindle speed), rw is the cutter nose radius (mm), and VB is
the tool wear (mm).

In the machining process, a machine tool needs to be replaced when machining time of the
tool exceeds the tool life. Assuming the tool wear is continuously monitored, a user-defined tool
wear limit and the amount the tool wears at jth and (j-1)th operations may be used to calculate the

tool cost per unit machine time. The approach provides a more nuanced metric of performance
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decrease than a constant tool depreciation value would allow. Instead, the tool cost per unit
machine time depends on the amount of tool wear growth between adjacent cutting runs.

Mathematically, this can be written as
AVBLH 1

Cioot =Cs (49)

VBjimit * titting + thandling
where Cs is the tool purchase/set-up cost ($), VBiimit is the tool wear limit (mm), 4VBjj;-1is the tool
wear growth between jth and (j-1)th operation, and j is an integer.

Using the equations described above, the three objective functions are presented as follows

(here, productivity and quality are represented by cycle time and surface roughness, respectively)

Max: Profit (: R - Clabor - C:machine - Cquality - C:tool )7 (410)
Min: Cycle Time (=tyjjing *thandiing )» (4.11)
Min: Surface Roughness (=R, ). (4.12)

4.3.3 ldentifying the Tradeoffs using a Pareto Optimal Front

In this section, the (u+ A)-ES algorithm is performed to identify the tradeoffs using the three
objective functions developed in the previous section. The two machining process parameters
(spindle speed and feed rate) are used as variables to define an optimal set of machining conditions.
Machining characteristics used in the simulation are displayed in Table 4.4 (maximum and target
surface roughness, cutter nose radius, labor cost, and quality cost are adopted from [74]). The three

objective functions are subject to the constraints described in Table 4.4.

Table 4.4 Machining characteristics and constraints.

Machining Characteristics Constraints

L 483 mm  Changiing 0.5 $/min My 0.8 mm Viin 800 rev/min Spindle Speed  Vuyin<V < Viax
thandiing 3.63min  Chiliing 0.5 $/min Rimax 10 pm Vinax 1200 rev/min Feed Rate frmin< < frmax
P 50 % C, 2% Cs 100 $ fr min 206.5 mm/min  Surface Finish  Ra < Rmax

D 70 mm C, 0.75 $/um?  VBjimit 0.6 mm fr max 413 mm/min Profit 0 < Profit

w 40 mm Ro 2.5um AVBjja 0.07 mm Tool Wear VB < VBiimit

With the given machining characteristics and constraints, a multi-objective optimization is
conducted to identify the tradeoffs between the objectives. The size of the parent and offspring

population is set to 50, and the evolutionary process is iterated for 100 generations. Here, the two
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parameters (size and generation) are carefully selected to show Pareto optimal front line clearly in
figure and to obtain exact global solutions, respectively. To visualize the tradeoffs at different tool
conditions, Pareto optimal fronts are plotted at tool wear values of 0.15 mm, 0.3 mm, and 0.5 mm.
The Pareto optimal front helps to quantify the tradeoffs among the objectives to compromise
between parameters [88]. Therefore, multiple Pareto optimal solutions are likely to help

manufacturers to select the machining process parameters that suit their preferences.
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Figure 4.4 Three tradeoffs; profit vs. surface roughness (left), profit vs. cycle time (middle), and
cycle time vs. surface roughness (right).

In Figure 4.4, the three tradeoffs between pairs of objectives are presented, and each
individual symbol in the figures indicates a different combination of the process parameters. The
profit is maximized as the surface roughness increases and cycle time decreases. However,
customer requirements may set alternative upper bounds on the allowable surface roughness of the
product, and the manufacturer must decide on an acceptable safety margin for their process, which
can further bound this optimization. Although the quality cost is incorporated into the profit model
and is directly related to surface roughness, other cost factors contribute more significantly to the
overall cost of the product. Also, since the surface roughness is directly proportional to the square
of the feed rate, the higher feed rates (shorter cycle time) cause poor surface quality. For a constant
surface roughness, the profit decrease and the cycle time increases as the amount of tool wear
increases. Therefore, these relationships enable a manufacturer to select the best combination of
machining process parameter for their circumstances. By choosing an optimal set of parameters,
the throughput and process of the manufacturing process can be optimized while minimizing new
tool use and decreasing/eliminating poor quality products, thus creating a more sustainable

manufacturing process.
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As an example, two objective functions, -profit and surface roughness, are minimized. The
constraints for variables are set to as follow: 0.2 mm <VB< 0.7 mm, 206.55 mm/min < Feed Rate
<413 mm/min, and 800 rev/min < RPM (Spindle Speed) < 1000 rev/min. Pareto optimal fronts at
initial generation, 50" generation, and 100th generation are shown in Figure 4.5. At 100th
generation, the best combination having minimum cycle time is decided as VB= 0.500445 mm,
Feed Rate=252.1306 mm/min, and RPM=949.5869 rev/min. In Figure 4.6, three objective
functions, -profit, surface roughness, and cycle time are minimized with fixed tool wear (= 0.3mm),
and Pareto optimal front is shown. For this, the constraints for variables are set to as follow: 206.55
mm/min < Feed Rate <413 mm/min and 800 rev/min < RPM (Spindle Speed) < 1000 rev/min.
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Figure 4.5 Pareto optimal front; (a) initial generation, (b) 50th generation, (c) 100th generation.
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Figure 4.6 Pareto optimal front (100th generation).
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4.4 Conclusion

In this paper, an intelligent tool condition monitoring system is proposed not only to monitor
the condition of a machine tool, but also to identify an optimal set of machining conditions as a
function of tool wear by optimizing tradeoffs between different objectives - profit, quality, and
productivity. Since a tool’s performance changes over the machining time, tool condition
information is incorporated in the multi-objective optimization technique to identify tradeoffs. The
proposed monitoring system is expected to recommend a proper degree of tool utilization by
maximizing a manufacturer’s needs. The recommend values enable better decision making, which

can also help to reduce the amount of the scrap by controlling product quality.
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5. MONITORING OF A MACHINING PROCESS USING KERNEL
PRINCIPAL COMPONENT ANALYSIS AND KERNEL DENSITY
ESTIMATION®

Reprinted with permission from Lee, W. J., Mendis, G., Triebe., M., and Sutherland, J. W., 2020,
“Monitoring of a Machining Process using Multi Level Kernel Principal Component Analysis and
Kernel Density Estimation,” Journal of Intelligent Manufacturing

Abstract

Tool wear is one of the consequences of a machining process. Excessive tool wear can lead to
poor surface finish, and result in a defective product. It can also lead to premature tool failure,
and may result in process downtime and damaged components. With this in mind, it has long been
desired to monitor tool wear/tool condition. Kernel principal component analysis (KPCA) is
proposed as an effective and efficient method for monitoring the tool condition in a machining
process. The KPCA-based method may be used to identify faults (abnormalities) in a process
through the fusion of multi-sensor signals. The method employs a control chart monitoring
approach that uses Hotelling ’s T2-statistic and Q-statistic to identify the faults in conjunction with
control limits, which are computed by kernel density estimation (KDE). KDE is a non-parametric
technique to approximate a probability density function (PDF). Four performance metrics,
abnormality detection rate (ADR), false detection rate (FDR), detection delay (DD), and
prediction accuracy (PA), are employed to test the reliability of the monitoring system and are
used to compare the KPCA-based method with PCA-based method. Application of the proposed
monitoring system to experimental data shows that the KPCA based method can effectively

monitor the tool wear.

Keywords: Kernel Principal Component Analysis, Control Chart, Machining Process, Tool

Condition Monitoring.

4 This work was published in Journal of Intelligent Manufacturing [41]. The permission (license number:
5024361053735) is obtained to from Springer Nature include the paper in this thesis.
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5.1 Introduction

Machining processes such as milling, turning, and drilling are widely used in industry. For
machining processes, the surface finish is a critical measure of product quality. When problems
occur in a machining operation, the surface may be damaged and a defective product may be
produced. The machined part surface finish can be influenced by a number of factors, e.g., tool
geometry, feed rate, cutting speed, and tool wear. In production, the gradual degradation, chipping,
or even catastrophic failure of a cutting tool can all lead to poor surface texture. Since such
problems are to be avoided, it would be desirable to monitor the surface finish of products
generated over time. However, in practice, in-process surface finish measurement is very
challenging, as is measuring tool wear in-process. Since neither surface finish nor tool wear can
easily be monitored in-process, we generally look for proxy measures, i.e., more easily measurable
quantities that are correlated to surface finish and tool wear.

With the advent of automated production, e.g., NC machining, automated tool condition
monitoring has received considerable attention [89]. With an automated tool condition monitoring
system, hardware and software are used to monitor the process and make decisions about the tool
condition [90]. As with humans who use their senses to acquire a variety of information on the
state of a machining process, an automated tool condition monitoring system may also use an
assortment of sensors to learn about the process and the tool condition. Sensor signals have been
used in a variety of different ways to estimate the condition of a tool, e.g., artificial neural network
[36, 37], support vector machine [38], fuzzy system [92], and random forest [73].

Single sensor systems have been broadly employed to monitor tool condition (e.g., vibration
sensors [93], acoustic emission sensors [94], and current sensors [95]). However, the sensitivity
and noise rejection of the signals can vary with machining conditions [75]. The limitations of
single sensor monitoring systems are well explained by Abellan-Nebot and Romero Subirdn [75].
Because of the limitations, it is often assumed that obtaining information from multiple sensors is
preferred to having data from a single sensor when endeavoring to predict tool condition [79].
However, the effective use and integration of data from multiple sensors to create the best possible
description of the state of the process is challenging. These challenges include: (1) integrating the
data from different sources (e.g., accelerometer and acoustic emission sensor), (2) integrating data
of varying reliability (e.g., the data from a sensor is in error), and (3) synthesizing the data to
estimate the state of the process (e.g., estimating the amount of flank wear using accelerometer
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and acoustic emission data). The integration of data from multiple sensors is often termed multi-
sensor data fusion. This process has the goal of improving the reliability of sensor information [71]
by enabling better predictive performance and diminishing the effects of noise. Multiple sensors
can complement each other when monitoring tool condition. For example, an acoustic emission
sensor may precisely estimate the state of the process while an accelerometer may not, or vice
versa [96]. Methods to extract and evaluate meaningful values from multi-sensor signals in order
to successfully monitor the condition of the machine tool are an on-going area of research [89].

The fusion of multi-sensor data requires an algorithm to process and synthesize the data. As

a way to extract valuable information from multiple sensor signals, principal component analysis
(PCA) has often been used [48, 49]. PCA is a mathematical procedure for reducing the
dimensionality of data from multiple sensors by mapping the data onto new axes, which are called
principal components [99]. The principal components are constructed by developing linear
relationships among the original variables. Therefore, PCA plays an important role in extracting
useful features/information from multi-sensor data [100]. However, PCA performs poorly in
effectively addressing non-linear behaviors among sensor signals [101]. It is to be noted that
dynamic data collected from sensors monitoring a machining process, e.g., accelerometer signals,
may be related to one another by non-linear relations.
Kernel principal component analysis (KPCA) is an expanded form of PCA that can handle non-
linear relationships among variables [102]. It transforms the observed data to a higher dimensional
space using a non-linear function (kernel function). This method allows for the separation of
normal and abnormal data obtained from manufacturing signals (that may have non-linear
relationships), so it has the potential to identify whether a manufacturing process is under a good
or bad (fault) condition.

In KPCA, after mapping the observed data into a new coordinate system, it is necessary to
discriminate between normal and abnormal conditions. This is conventionally performed using a
set of system-specific criteria. When the data exceeds certain limits, the data is identified as being
abnormal (a fault is present) or “out-0f-control” and an operator can work to address the fault. One
way to identify faults during manufacturing operations is to develop a control chart and compare
process data to the control chart limits.

Hotelling’s T?-statistic and Q-statistic can be used to identify process abnormalities when

working with multi-dimensional data that is time-varying [98]. Hotelling’s T2-statistic and the Q-
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statistic represent the Mahalanobis distance (variation in model subspaces) and the Euclidean
distance (variation in residual subspaces), respectively [103]. Driven by the need to establish an
automated tool condition monitoring system that can handle multi-sensor signals and monitor tool
wear in real-time, in this paper, control charts for Hotelling’s T?-statistic and for the Q-statistic
will be employed to monitor faults in the machining process and identify when tool changes should
occur.

Control limits for Hotelling’s T2-statistic and for the Q-statistic are normally calculated using
the F distribution and the % distribution with the assumption that the original data is independent
and follows a multivariate Gaussian distribution [49, 55, 56]. For sensor signals obtained during
milling experiments the data are likely highly auto-correlated, and thus, principal component
scores are unlikely to follow the assumptions either. Thus, this assumption may result in less
precise estimates of probabilities density function. With this in mind, a data-driven, and non-
parametric approach, i.e., KDE, is used in this paper.

Tool wear is a critical factor influencing product quality, thus the wear should be controlled
within a certain limit in a machining process. However, it is difficult to know tool condition during
the process because the process is a nonlinear time-variant system [31]. Therefore, an effective on-
line tool condition monitoring system is necessary to monitor tool failure in a non-intrusive
environment. In the past, PCA has been extensively used to extract valuable information from
multiple sensor signals while KPCA has been employed less. Accordingly, a difference in
performance between PCA and KPCA has not been well reported. To apply a KPCA and control
charts method in a machining process, control limits should be implemented. These control limits
are based on a chosen risk level and should be properly selected. However, there has been a lack
of research investigating tradeoffs of monitoring performance as control limits change. Thus, the
uniqueness of this paper is as follows:

e a tool condition monitoring system is developed by applying the fundamental idea of
KPCA with control charts to monitors tool wear during a machining process using proxy
measures.

e in order to evaluate the proposed methods, four performance metrics, are studied,
quantified, and their tradeoffs discussed.

e an empirical probability density function is used to find a control limit for a control chart.

e an optimal control limit is found for the method in terms of performance metrics.
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This paper is organized as follows: first, an example for a non-linear behavior among sensor
signals is briefly introduced and the advantages of KPCA over PCA are noted. Second, KPCA is
discussed and it is shown how control charts may be developed from KPCA-modified data. Next,
a method to analyze tool wear is developed, and the abnormal state is defined. Using experimental
data collected from multiple sensors, a KPCA- and Hotelling’s T? and Q control charts-based
monitoring system is developed in two phases. In Phase 1, the model is trained using normal state
data (the tool wear is below the wear limit) from a face milling operation, and control limits are
calculated. In Phase 2, data that may or may not contain faults is visualized using the two control
charts. These control charts can be used to detect abnormalities (faults) using the control limits
(determined in Phase 1). To compare the performances of KPCA and PCA, the four performance
metrics are evaluated, and an optimal control limit is investigated using the experimental data.
Also, several KPCA models were trained using the different datasets. Each model is trained to
monitor the tool wear during its predefined wear range. The training dataset for each model is

decided by the predefined wear limits in this paper.

5.2 A Non-linear Behavior Example

When a sensor is deployed in a manufacturing process, the goal is often to acquire
knowledge about some state variable (e.g., flank wear) that is not directly observable via the sensor
signal. To achieve this goal, techniques have to be developed for analyzing sensor signals and for
making decisions about the state (or condition).

Several approaches have been explored to integrate multi-sensor data to develop the best
possible description of the state of the system [75]. One widely used method to integrate the data
from multi-sensor systems is PCA [100]. PCA is a linear dimensionality reduction technique that
removes the correlation among signal features. PCA is often used for high dimensional data to
identify similarities and differences in data clustering behavior by extracting features, i.e.,
corrupted sensor data can be used as an input to extract features in PCA. This technique can
simplify the complexity of the data without compromising the information in the original data.

However, PCA may not be sufficient to describe all behaviors. Lever et al. [101] cautioned
that PCA may fail to find non-linear data patterns. Several researchers have also expressed
concerns about applying PCA to a non-linear signal due to its linear property [106]. To illustrate

the problem when applying PCA to data obtained from a manufacturing process, consider a
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machining process for which it is desired to develop estimates of the condition of cutting tool (e.g.,
flank wear). Let us assume that a process is instrumented with two sensors (that provide signals y1
and y») and each observed signal follows a different sinusoidal function as follows

y, = Asin(t) + &, (5.1)

Yy, = Bcos(t +7) +&,, (5.2)
where &, and ¢, are independent noise variables and the parameters (A, B) are (3, 5), (10, 12), and

(25, 28) for Conditions 1, 2, and 3, respectively. Here, the Conditions 1, 2, and 3 are assumed to
be low, medium, and high wear conditions. The noise variables are considered to reflect many

small system factors that collectively produce a Gaussian pattern of variation (&, and ¢, are

assumed N (0,1%)). As is evident, the parameters A and B (the signal amplitudes) increase as the
cutting tool condition shifts from low to high wear.

Values of y1 and y» were generated for t = [0, 0.1, 0.2, ..., 9.9, 10] for all three conditions
(1, 2, and 3). As shown in Figure 5.1a, the y1 and y2 signals appear to form ellipses for each
condition. As expected, transforming the data using a linear PCA transformation (Figure 5.1b)
does not lead to the ability to discriminate the data from the different tool conditions. The result
of applying KPCA to the three sets of y1 and y. data is shown in Figure 5.1c. As is evident, the
data from the three conditions are now clustered into groups that are linearly separated. Details
regarding the KPCA method are provided in the next section.
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Figure 5.1. Two sensor signals (a) in original space, (b) following PCA transformation, and (c)
following KPCA transformation.
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5.3 Kernel Principal Component Analysis (KPCA)

As a milling process progresses, the behavior of sensor data collected from the process is
likely to change due to tool wear. In order to construct a monitoring system for process faults using
KPCA, two phases need to be conducted. In Phase 1, the model is trained using data from the
process when it is operating in-control (data from normal conditions). After training the model,
control limits for the normal behavior of a milling process can be calculated. In Phase 2, data
collected under both normal (in-control) and abnormal conditions (out-of-control) may be
compared to the control limits and the process performance evaluated. Comparison of the data
from Phase 2 with the control limit allows for abnormal behavior to be detected. The overall
performance of the monitoring system can be assessed using such performance metrics as
abnormality detection rate, false detection rate, and detection delay.

KPCA transforms the observed data into a higher dimensional space using a non-linear
function (kernel function) and generates principal components using a method known as the
“kernel trick.” The transformed space is sometimes referred to as the “feature space.” This
technique is beneficial in situations where a linear transformation of the data in the original space
does not provide discriminatory power. By mapping the original data using a kernel function, the
transformed data can be separated in the newly mapped space. This enables the extraction of

relevant features from the data, and can improve the predictive capacity of the method.

KPCA takes a normalized observed data matrix X e R™" with m rows (observations) and n
columns (variables), and transforms it into the feature space using a non-linear mapping function

#(x). This can be mathematically written as x e R™" — g(x)e R" (F: feature space). To find new

axes, a typical PCA technique can be applied in the feature space, but this is computationally
expensive (Wang 2012). Instead, the kernel trick method is applied [108]. Using this method, a

number of principal components can be extracted, up to m, while simultaneously decreasing

computation time. In the kernel method, x(xi,xj):qﬁ(xi)Tqﬁ(xj) and x are called the kernel

function and the kernel matrix, respectively.

When mapping the original data, the feature space can be accessed by a kernel function,
which enables the linear separation of the data to identify a behavior in the feature space. Therefore,
an appropriate kernel function should be selected depending on the type of data. The most widely

used kernel functions are the polynomial kernel, the Gaussian kernel, and the hyperbolic tangent
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(tanh) kernel. When a kernel function is chosen, the kernel matrix can be directly computed from
the training data. From this, the behavior of the feature space data may be identified when the
behavior of the original data changes with time.

In Phase 1, a score matrix is created. The raw sensor data is transformed by KPCA to produce
data in the feature space — the data in the feature space is termed the score matrix. The detailed

procedures to calculate the score matrix are presented below.

5.3.1 Phase 1: Offline Training

To calculate the score matrix of the training data in Phase 1, a coefficient matrix
(eigenvector), a , whose corresponding eigenvalues are organized in descending order must be
obtained. This can be done by applying eigen decomposition to the kernel matrix. To do this, a

covariance matrix (Cr), must be determined first:
1 m
Ce ZEZ #(x)P(x)" (5.3)
i=1
Then, the eigenvalues (1) and eigenvectors (e) that satisfy the following equation must be found
Cre, = Age,, (5.4)

where p represents the p™ dimension (p=1, 2, ..., m) in the feature space. Using Egs. (5.3) and
(5.4), we have

%l:_zz‘ﬂj(xi o) }ep - %Z(;ﬁ(xi )'ep)¢(xi )= 8o, (5.5)

and the eigenvectors can be stated as a linear combination of the m mapped data values as follows
[109]

ey = D (904) -, X)) = D 6(X,), (5.6)
P =1 j=1
where a is a coefficient matrix. By inserting ep, obtained from Eg. (5.6), into Eq. (5.5), Eq. (5.5)
can be rewritten as
l m m m
E;«xxi)m )Y a1 x;) =2y D, i#(x)). (5.7)

=t j=1
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Using the definition of the kernel function, x(x;.x;)=¢(x)" ¢(x;), and multiplying by #(x,)"

on both sides of Eq. (5.7), the equation can be rewritten as follows:

%Zx(xk X )Zczp'jrc(xi Xj) =/1p2ap'j/c(xk X)), (5.8)
i1

j=1 =1
where k=1, 2 ..., m. When converting Eq. (5.8) into matrix notation [104],
x’a = Imka, (5.9)
where K€ R™",
To shift the mean of the mapped data from the n sensors, ¢(X;) to zero, Eq. (5.10) may be

applied. Equation (5.11) serves to center the kernel matrix:

(/;(Xiorj)=¢(Xiorj)—%z¢(xiorj): (5.10)
i=1
’%(Xiaxj):&(xi)T&(Xj)v (5.11)

where & is centered kernel matrix. Equation (5.11) can be rewritten in matrix form as follows:

Kk=rx—1,x—xl,+1,x1,, (5.12)
where 1., is an mxm matrix in which each element is equal to 1/ m. By replacing xk with £ in
Eq. (5.9), the solution of the eigen problem given by the following equation,

Ka=ma, (5.13)
yields the eigenvectors ay,a,, -, a,,,a, and the corresponding eigenvalues in descending order,
A=A =--> . 4> A, . Tonormalize the eigenvectors, Eq. (5.14) may be applied [109]:

e},ep :Zzap,iap,j¢(xi )T¢(Xj)=ﬂpa;ap =1 (5.14)
i=1 j=1
Using the training data, xj where j=1,2,..., m, the score matrix, i.e., the data in the principal

component space, can be calculated using:

Zjp :Zap’iré(xi X)) (5.15)
i=1

The score matrix, z, will be used to calculate Hotelling’s T2-statistic and Q-statistic. If the

model is trained with data obtained from normal operating conditions, the next step is to monitor
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a process using the developed model. In Phase 2, the model may be applied to the data that may

contain abnormal conditions.

5.3.2 Phase 2: Online Monitoring

Once the trained model from Phase 1 is established, we can shift to Phase 2. For n-
dimensional normalized test data, X, € R", the test kernel vector K, € R*™ can be formulated with

the training data used in Phase 1 as follows:
[Kt]i = Ky (X, xp), (5.16)

where X, € R" i=[1, 2, ..., m], t=[1, 2, ..., K], and k is the number of test data values. Then, the

centered test kernel vector can be calculated:

K =K, -1,rx-K1,+1,xl,, (5.17)

where 1, =1/m[L, 1, .., ] e R*™ Using the centered test kernel matrix, the score matrix for the test

data is
Zt,p :Zap,ilzt(xi ’Xt)' (518)
i=1

The data (newly mapped into principal component axes) is described by the score matrix. The next
step is to select the number of principal components (p).

To ensure the method accurately represents the original data, a suitable number of principal
components must be selected to ensure that there is no loss of information relative to the original
data. Since the goal of PCA/KPCA is to reduce the dimensionality of the data, using all principal
components is not desired. The cumulative explained variance (CEV) is used to select an
appropriate number of principal components. As seen below, CEV describes the amount of
variation of the selected principal components relative to the total variation associated with all

principal components.
p n
CEV (%)= Y 4 /D4 x100. (5.19)
i=1 i=1

The number of principal components considered in the model, p, may be increased until the CEV
suitably describes all the information content. Usually, the number of principal components is
chosen to ensure that the CEV exceeds 90% [110].
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With an appropriate number of principal components determined, control charts can be
generated. Control charts are often used in industry to identify and act upon abnormalities that
occur during a manufacturing process. The application of KPCA to control charts will be discussed

in the next section.

5.4 Control Charts for Abnormality Detection

After mapping the observed data into the new dimensional space, it is desired to distinguish
abnormal behaviors as they arise relative to normal behavior. This can be achieved through the use
of a control chart, which organizes information in a simple visual manner to determine when a
process is in- or out-of-control. In this paper, control charts for Hotelling’s T2-statistic and for the
Q-statistic are used to detect abnormalities during the milling process. Hotelling’s T2-statistic
employs the Mahalanobis distance (variation in model subspaces) while the Q-statistic utilizes the

Euclidean distance (variation in residual subspaces) [103].

5.4.1 Hotelling’s T?-statistic and the Q-statistic

Hotelling’s T?-statistic explains the variation of observed data and can be calculated as

follows:

sz :[Zj,lv"'vZj,p:|9-1|:zj,1’"'lZj,p:'T y (5.20)
where z is a score matrix, Q is a diagonal matrix of the eigenvalues corresponding to the selected

principal components, p is the number of selected principal components, j =[1, 2, ..., m], and m
is the number of samples. In Eq. (5.20), z can be replaced by the values for Z that were calculated
in Eq. (5.18).

The T2-statistic is able to distinguish abnormal from normal data using the degree of
variation from the trained model. However, if the model is not fit appropriately, it may fail to
detect abnormal data, especially when the difference between normal and abnormal data is
relatively small. To compensate for this weakness, the Q-statistic may be used [111]. The Q-
statistic is the difference between the sum of the squared variations in the entire feature space and
the sum of the squared variations in the principal component space. An inappropriate selection of
the number of principal components (p) may cause a large error in the Q-statistic. A large error
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can also arise if there is a structural change in the data. Mathematically, the Q-statistic can be
written as [104]:

Q- - (5.21)

Again, Z can be used in place of z. For better understanding, Mahalanobis (T?) and Euclidean (Q)
distances are graphically represented in Figure 5.2 using original space (X-Y) and two principal
component space.

Tracking the T?- and Q-statistics over time are complementary methods to detect
abnormalities. For T? and Q control charts that have been developed based on “in control” behavior,
an abnormal event can be detected when either a T2 or Q value exceeds the control limits. This will

be discussed in the next section.
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Figure 5.2. Mahalanobis distance (T?) and Euclidean distance (Q).

5.4.2 Determination of Control Limits Using a Kernel Density Estimation

Given the m values for the T2- and Q-statistics from Eq. (5.20) and Eq. (5.21), control limits
can be established for a process behaving normally. Then, as additional data are subsequently
collected, abnormal behavior can be detected. In control charts for T2-statistic and Q-statistic, only
upper control limits are used. Often, the control limits for T? and Q control charts are computed
using F and 2 distributions, respectively, with the assumption that the original data is independent
and follows a multivariate Gaussian distribution (Ketelaere et al. 2015). Since such an assumption

may not be true for our application, we establish control limits using KDE. KDE is a data-driven,
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and non-parametric approach to approximate a PDF. KDE creates a PDF of a random variable X

( X'is T2 or Q) to smoothly fit the data. Given a random sample (x,%,,....x,), KDE creates the

PDF using the following relation:

PDF(x):%ZK(X_hXi), (5.22)
i=1

where K is a kernel function, h is the bandwidth (a smoothing parameter), and w is the number of
samples. Silverman [112] provides some examples of widely-used kernel functions and
bandwidths,

exp(-x2/2)

K00="F (5.23)
455 0.2
h:[gwj , (5.24)

where & is the estimated standard deviation of x ().
For a given risk level (1-5), and T2-statistic and Q-statistic values, the upper control limit ¢,

of the control charts can be defined as follows:

P(x<c)= I_C PDF (T 20r Q) dx = 3. (5.25)

Therisk level, 1- g, is the probability of a point falling beyond the upper control limit due to chance
when the process is “in control.”

A control limit is a key factor discriminating in control and out of control. Improper selection
of the control limit can lead to a large false positive (Type 1) and false negative (Type 2) error.
Therefore, in this paper, various control limits between 90.0% and 99.9% are investigated to find
an optimal limit (alarming threshold, i.e., control limit, is represented by a percentage using £ in
this paper). Once limits have been established for the T? and Q control charts, attention shifts to
using the charts for the purpose of process monitoring. During this process monitoring phase, we
are interested in how well the control charts perform, e.g., how rapidly abnormal behavior is
detected.
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5.4.3 Performance of the Monitoring System

To ensure the reliability of the monitoring system, its performance must be studied.
Abnormality detection rate (ADR), false detection rate (FDR), detection delay (DD), and
prediction accuracy (PA) have been employed to quantify the performance of the monitoring
system. ADR quantifies the rate of abnormality detection after the process has entered an abnormal
state. FDR measures the rate of false detection before the abnormal state. These two metrics work
in tandem to identify whether the KPCA analysis has scaled the data to an appropriate signal-to-
noise level, so that the monitoring system is able to discriminate between normal and abnormal
data. While an occasional outlier will always occur (Type | error), these metrics can help identify
when too many outliers are detected. DD is the time delay between when a process enters an
abnormal state and the abnormal state is detected. If the DD is excessive, the abnormality is not
suitably addressed by the operator in a timely manner. These three metrics (ADR, FDR, and DD)
are written as

ADR(%)= number of data detected as abnormal %100 (5 26)
number of actual abnormal data ’ '

FDR(%)= number of false detection %100, (527)
number of actual normal data

DD= predicted first abnormal sample number - actual first abnormal sample number. (5.28)

PA can be simply calculated by dividing the sum of true positive and true negative by total number

of total observation.

Process

Phase 1 Analysis — Offline Monitoring (Train) Step 1. Obtain a dataset under normal condition to be used as a training dataset.
Then, normalize the training data using the standard deviation and mean of
Signal v the data from each variable.
s;::” Fe:::;i::;ri::on ]—'[ s?,’:;]i:n ] Step 2. Apply the selected kernel function to compute a kernel matrix. Then,
center the matrix using Eq. (10).
Step 3. Solve the ei problem and Sort
Wear Limit 1 in g order.

Wear Limits Wear Limit 2 - Step 4. Use Eq. (14) to satisfy a normalization condition for a.
Tool Wears 3 Training KPCA s o
(vB) based Models Step 5. Obtain the principal components using Eq. (15) and compute a score
3 matrix, z, the pi pal rectors.
Wear Limit n Step 6. Determine the number of retained dimensions using Eq. (19). Then,
the itoring metrics 77 statistic and Q-statistic using Eq. (20)
KDE based and Eq. (21).

Control Limits

ey Step 7. Determine and evaluate the confidence interval and calculate the control
and Evaluation

limits for the control charts using Eq. (25)

Fhase2 Analysis = Online Monitoriig (Test) Step 1. Obtain a testing dataset i ing normal and itions. Then,
Signal - scale the data using the standard deviation and mean used in Step 1 of
Sensor Conditioning! Feature Generation H Feature ] phase 1
Data i and Extraction Selection Step 2. Compute the kernel matrix using a training dataset and test dataset by Eq.

T

(16). Center the matrix using Eq. (17).

Step 3. Calculate the principal ising Eq. (18) and pute the score
matrix, Z.

Step 4. Calculate the monitoring metrics, T?-static and Q-static, using Eq. (20)

and Eq. (21).

Step 5. Develop the control charts and monitor abnormal behavior using control
limits calculated in Step 7 of Phase 1. If either T-static or Q-static values
exceeds the control limits, then the tool wear exceed the threshold.

Tool Condition
TorQ> Monitoring

Using Control
Charts

Figure 5.3 Procedure for development and use of the monitoring system (in the figure the chapter
numbers are omitted in the equation numbers).
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After all the metrics are obtained, the monitoring system can be applied to real data obtained
from a process. The detailed procedure to establish the system is described in Figure 5.3. As the
milling process progresses, the behavior of observed sensor data is likely to change due to
increasing amounts of tool wear. Therefore, abnormality must be defined to monitor the condition

of the machine tool.

5.5 Monitoring and Detecting Abnormalities in a Milling Process

An abnormality can be defined as “cutting tool failure or faults,” which can be caused by
breakage, rapid dulling, or gradual wearing of the tool. Tool breakage is caused by excessive forces
and can be catastrophic to the process and perhaps the machine tool. Rapid tool dulling is caused
by excessive heat generation and intense stress during the cutting process. Gradual wear is caused
by normal use of the tool (e.g., heat generation and stress). Gradual wear is defined as a steady
increase in wear length on the flank and rake faces of the cutting tool. For this paper, we define
cutting tool failure as when the measured flank wear exceeds a specified limit. Flank wear is a
widely used metric to determine the remaining life of a cutting tool. However, the flank wear limit
of a given tool may vary with manufacturer, brand, and type. According to ISO 3685-1977 [112],
tool dullness is related to the average height of wear on the flank face, and the wear is
recommended to be less than 0.3 mm to ensure product quality [97]. Several researchers have used
0.2 mm as a tool wear limit in experiments [64, 65]. Based on the previous studies and the 1SO
standard, in this paper, several wear limits (W1=0.15 mm, W2=0.2 mm, W3=0.3 mm) are
employed during the study of the monitoring system’s performance.

Following the training period that establishes the control charts limits during normal
behavior, the system enters the monitoring phase. If the amount of the observed tool wear exceeds
the wear limit, it is identified as an abnormality (fault) by the method.

A model is trained with data obtained while the cutting tool wear is under the wear limit.
This results in transformed data in the principal component space that is in a “normal state.”
Because three wear limits are defined in this paper, three KPCA models are trained using their
corresponding training dataset, i.e., the data collected while a cutting tool is under the
corresponding wear limit. After training, the models can identify performance (high tool wear)

that does not fit with this normal state. When data does not fit with the normal state behavior, the
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process is said to be in an “abnormal state.” The proposed methodology can be used to test the

automated tool condition monitoring system using experimental data.

5.6 Experiment Set Up

Milling processes see widespread use in industry. During a milling process, the material is
deformed plastically in the shear zone. The deformation requires force, induces vibrations, and
creates other tangible evidence of its occurrence. This evidence may be acquired by sensors (e.g.,
accelerometer, force dynamometer, and microphone). As the tool wears, more energy is required
to achieve the deformation. This change can be related to the tool condition because it is reflected
in the power (current), vibration, acoustic emission, etc. during the cutting process. As a result,
data acquired by sensors can be used to inform models used to monitor the milling process.

Data from milling experiments available at the NASA repository was used to test the
proposed tool condition monitoring system [77]. The experiments contain data that represent both
normal (below wear limit) and abnormal (above wear limit) states, which enables the development
of an algorithm to separate the two states. Some of the key details of the experiments are noted
below; others may be found in the cited work.

In the experiments, milling operations were conducted on a Matsuura machining center MC-
510V under various cutting conditions (Table 5.1) to investigate tool wear. A 70 mm face mill
with six TiC/TiC-N/TiN coated KC 710 tool inserts was used to cut the workpiece. The milling
experiments were performed at a cutting speed of 200 m/min (826 rev/min), two axial depths of
cut (0.75 mm and 1.5 mm), and two feeds (0.25 mm/rev and 0.5 mm/rev). Two workpiece materials
(cast iron and J45 stainless steel) were used, with initial dimensions of 483 mm (I) by 178 mm (w)
by 51 mm (h). The height of the workpiece was reduced by the axial depth of cut during the course
of three parallel passes of the face mill over the workpiece. Following each pass (or run), the flank
wear (VB) was measured with a microscope and recorded. Thus, the more a tool is used, the more
the tool wears. Once the wear became very large (i.e., far larger than the wear limit), the experiment
was stopped. The number of runs was dependent on the process parameters and workpiece material
hardness.

During the milling operation, a current converter (OMRON, K3TB-A1015), a current sensor
(FLEXCORE, CTA 213), an acoustic emissions sensor (PHYSICAL ACOUSTIC GROUP, WD
925), and an accelerometer (ENDEVCO, 7201- 50) were used to collect data. The

65



acceleration/vibration and the acoustic emission sensors were mounted on the table and spindle.
Six different data streams were acquired: (1) AC spindle motor current, (2) DC spindle motor
current, (3) table acceleration (VBtable), (4) spindle acceleration (VBspindle), (5) acoustic
emission at table (AEtable), and (6) acoustic emission at spindle (AEspinlde). The data was

digitized and fed through an RMS meter to produce 9,000 data points for each run.

Table 5.1. Experiment condition.

Experiment Depth of Feed Material
Number Cut (mm)  (mm/rev)

1 15 0.5 Cast Iron
2 0.75 0.5 Cast Iron
3 0.75 0.25 Cast Iron
4 15 0.25 Cast Iron
5 0.75 0.25 Stainless Steel
6 0.75 0.5 Stainless Steel
7 1.5 0.25 Stainless Steel
8 1.5 0.5 Stainless Steel

Each run contained data from the non-cutting portion of the operation, before the tool made
contact with the workpiece, and after the face mill stopped cutting. These data points were not
included in the analysis (only data during the cutting portion of the operation was considered). For
each run, 175 RMS data were uniformly sampled from the cutting portion of the 9,000 data set
(approximately one-second interval between data points). The 175 data point sets for multiple runs
were appended together to provide data for an entire experiment, and they were divided into a
training and a testing dataset.

In the next section, the proposed monitoring system will be tested using the milling data to
show how well the combination of the KPCA algorithm and control charts are able to monitor the

abnormal behavior during the milling process.

5.7 Application of the KPCA and Control Charts Methods to the Experiment Data

In order to implement the KPCA based monitoring system, MATLAB software was used.

To compare the performance of KPCA with PCA, a polynomial kernel (x(x;, X;)=(x/ X; + r)?) was

selected with the kernel function parameters set to r=1 and d=3; the polynomial kernel was found
to most effectively separate the given data. As has been noted, three wear limits (W1, W2, and

W3) were used to study the monitoring performance. But, here, let’s focus on one wear limit (0.2
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mm) first to visualize control chart in this section, i.e., a 0.2 mm wear limit was used to differentiate
between a “sharp” tool and a dull tool (a single KPCA model). Also, a control limit, 99%, was
selected to look for statistical signals. Data collected with a sharp tool should exhibit normal
behavior, while data taken with a dull tool may demonstrate abnormal behavior. Abnormal
behavior is determined by alarming thresholds, i.e., T2 and Q control limits. These thresholds are
computed by KDE using Eq. (5.22) and are shown in the control charts using horizontal dashed
lines. To indicate the point at which the sharp tool becomes dull (i.e., the first sample for which
the wear limit of 0.2 mm is exceeded), the abnormality starting point (ASP) is marked in the control
charts using a vertical dotted line. Accordingly, a vertical line in the control charts indicates a

ground truth.
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Figure 5.4 Control charts for T? and Q statistics; (a) Experiment 2, (b) Experiment 3, (c)
Experiment 5, and (d) Experiment 6.
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5.7.1 Development of Control Charts Using the Milling Data

KPCA is used to convert raw multi-sensor data into the principal component space. Control
charts for T2 and Q may then be established to monitor the process during the cutting operation;
tool wear behavior can be related to the behavior on the control charts. The data for experiments
2, 3,5, and 6 in Table 5.1 were selected to be examined. Control charts for these data with 99%
control limit (horizontal dashed line) are shown in Figure 5.4.

To train the models, 1225, 1050, 875, and 525 data points out of 2450, 2450, 2625, and 1575
were used, respectively, for Figure 5.4a-d. These data points were chosen because the tool wear is
below the wear limit. To achieve a 90% CEV, 22 principal components were used, and control
limits were calculated using the KDE as discussed in section 5.4.2. After the data points listed
above, the tool enters the dull state. Thus, beginning with samples 1226, 1051, 876, and 526 (for
Figure 5.4a, Figure 5.4b, Figure 5.4c, and Figure 5.4d), we begin the process monitoring phase to
look for statistical signals. Because of our knowledge of the manner in which the experiments were
performed, we also happen to know that the process is truly in an abnormal state (dull tool).

As shown in Figure 5.4, T? and Q values were plotted relative to the control limits. Before
the ASPs, the T? and Q values were computed using the data collected when a sharp tool was
employed in the operations. Therefore, the values are expected to be below their respective control
limits. Starting from ASPs, it is expected that we will have occasional T2 and Q values below their
respective control limits since a dull cutting tool is being used in the operation. In general, the
control charts in Figure 5.4 show that the Q control charts captured the abnormalities faster than
the T2 control charts. However, as mentioned earlier, these two control charts have a
complementary relationship. If either a T2 or Q value exceeds its control limits, then this signal
indicates that the process has entered an abnormal state.

To evaluate the performance of the monitoring system, the four performance metrics DD,
ADR, FDR, and PA were employed. For Figure 5.4a, Figure 5.4b, and Figure 5.4c, the DDs were
0. This means the control charts signaled the presence of an abnormality as soon as the tool entered
the dull state. Since the feed rate was 206.5 mm/min (= 826 rev/min * 0.25 mm/rev) in Experiment
3 and 5 (Figure 5.4b and Figure 5.4c), the cutting time for one run was approximately 2.3 minutes
(workpiece length: 483 mm). Therefore, the interval between two data points was approximately

0.8 seconds (0.4 seconds when feed is 0.5 mm/rev). For Figure 5.4d, delays of 2 points were
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observed from the time at which a dull tool began to be used, which corresponds to a small time
period.

The ADRs were as 98.45%, 99.71%, and 100% for Figure 5.4a, Figure 5.4b, and Figure 5.4c,
respectively. This means that the KPCA based control charts are very sensitive to detecting the use
of dull tool; as the tool becomes duller values on the control charts are even further beyond the
control limits (i.e., the models can capture most of the out-of-control points after the process has
entered an abnormal state). In Figure 5.4d, the ADR value was small relative to the other cases.
However, although several true abnormal data points were not evaluated as “out of control” by the
method, the first alarm was indicated with only a small detection delay; this signal is important
information to an operator.

The FDRs were computed as 0.98%, 1.14%, 0.91%, and 1.14% for Figure 5.4a, Figure 5.4b,
Figure 5.4c, and Figure 5.4d, respectively. Since the 99% (f = 0.99) control limits were established
using the KDE method, nominally 1% of the training data are expected to be above the control
limit before the process enters the abnormal state. As expected, in all tests, the number of false
alarms were in that range. To decrease the number of false alarms, looser control limits (increased
J value) may be used, but this would make the charts less sensitive when it is desired to quickly
detect signals associated with a dull tool.

The performance metrics for all experiments are described in Table 5.2. In the table, KPCA
method is compared with PCA method to investigate the effectiveness of KPCA in terms of the
performance metrics (to ensure that the CEV exceeds 90% in both PCA and KPCA, 4 and 22
principal components are used in PCA and KPCA, respectively). Overall, KPCA outperforms PCA:
the average values of the ADR, FDR, DD, and PA for KPCA were 93.90% 1.04%, 3, and 95.77%,
and for PCA were 86.08%, 1.09%, 25, and 91.03%, respectively.

To summarize, the multi-sensor signals collected during the milling operations were
processed by the KPCA method, and the KPCA-modified data were used to calculate T? and Q
values to describe the behavior of the tool wear in the control charts. To differentiate a sharp
(normal) and a dull (abnormal) tool in a control chart, a 99% control limit was computed using the
KDE, and the T? and Q values were plotted relative to the control limits. The performance of the
monitoring method was evaluated by the three performance metrics (ADR, FDR, DD, perdition
accuracy). Across the entire experiment, the first abnormality (alarm) is identified with very few

(or zero) delays after the process has entered the abnormal state.

69



Table 5.2 Performance metrics for all experiments using KPCA and PCA.

Experiment 04 ADR FDR DD PA
Number
1 KPCA 100% 0.91% 0 99.73%
PCA 98.00% 1.26% 0 98.22%
) KPCA 98.45% 0.98% 0 98.73%
PCA 85.80% 1.14% 148 92.33%
3 KPCA 99.71% 1.14% 0 99.35%
PCA 99.29% 1.05% 0 99.14%
4 KPCA 98.38% 1.14% 0 98.57%
PCA 90.86% 1.14% 0 94.06%
5 KPCA 100% 0.91% 0 99.70%
PCA 95.66% 1.03% 0 96.76%
5 KPCA 74.95% 1.14% 2 82.92%
PCA 62.76% 0.95% 17 74.86%
7 KPCA 86.37% 0.97% 20 91.88%
PCA 76.04% 1.26% 20 85.91%
8 KPCA 93.33% 1.14% 0 95.31%
PCA 80.19% 0.91% 14 86.94%

However, as noted above, since a control limit is a crucial factor in discriminating normal
and abnormal, the improper selection of control limit may make PCA better than KPCA. Thus, an
optimal control limit should be identified to enhance the monitoring system. In the next section,
control limits between 90.0% and 99.9% are investigated to find an optimal control limit in terms

of four performance metrics.

5.7.2 Enhancing Monitoring Performance Using an Optimal Control Limit

In this section, we investigated the change in the performance metrics as a control limit
varies from 90.0% to 99.9%. Also, three different wear limits (W1, W2, and W3) were considered
to see whether the KPCA method is always outperforming the PCA method. Data from Experiment
3in Table 5.1 were selected to compare the two methods, and the three performance metrics (PA,
ADR, and FDR) are plotted in Figure 5.5; KPCA clearly outperforms PCA for DD. For PA, as
shown in Figure 5.5, the maximum values for W1, W2, and W3 (99.31%, 99.22%, and 95.63% for
PCA and 99.76% 99.55%, and 99.39% for KPCA) were observed when £ is 0.982, 0.987, and
0.959 for PCA and 0.995, 0.999, and 0.996 for KPCA. PCA show a higher PA when a control
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limit is lower in the range while KPCA becomes better as the control limit becomes higher in the
range. In Figure 5.5b and Figure 5.5¢, ADR and FDR are evaluated. KPCA shows a better
performance in ADR while PCA performs better in FDR. In ADR, all values decrease as control
limits, i.e., increasing £ value, since the charts become less sensitive as mentioned above. On the
other hand, the number of false detections, i.e., FDR, decrease as the control limit increases. PCA
performed better for FDR in overall, but no distinct difference was observed between PCA and
KPCA as the control limit increases. As shown in Figure 5.5, there are tradeoffs among the
performance metrics. Therefore, the control limit should be selected carefully to enhance the
monitoring capability in the machining process. The comparison of the performance metrics for
all experimental data when $ =0.98, 0.99, and 0.999 are summarized in Table 5.3.

As shown in Figure 5.5, KPCA does not always outperform PCA, but higher performance
can be achieved when a proper control limit is selected. This may be due to the ability of KPCA
to handle non-linear behavior (e.g., acceleration and acoustic emission) by mapping data to a
higher dimensional space where it can be linearly clustered. Thus, PCA may work well for sensor
data showing linear behavior. In the application of this study, i.e., analyzing sensor data collected
from a milling process, KPCA showed a better performance for all sensor data obtained from
various cutting conditions in terms of the performance metrics.

The data from Experiment 3 were also applied to several popular classification techniques.
These include Decision Tree (DT), K-Nearest Neighbors (KNN), Naive Bayes Classifier (NBC),
and Quadratic Discriminant Analysis (QDA). To show the competitiveness of the proposed
method, one of the performance metrics, PA, is compared among the classification techniques for
three wear limits (PA is a key performance metric for classification algorithms). This can be seen
in Figure 5.6. All methods show high accuracies (more than 90%), but on average a KPCA- and
Hotelling’s T2 and Q control charts-based monitoring system has the highest accuracy (99.41%),
followed by DT (99.03%), KNN (98.07%), QDA (98.07%), NBC (97.57%), and PCA (96.41%).
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Figure 5.5 Comparisons of the performance metrics for three wear limits against various control
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Table 5.3. Comparison of the performance metrics among the three wear limits and three control limits.

Experiment Method V\./ea-r ﬂ =0.98 ﬂ =0.99 ﬂ =0.999
Number Limit ADR FDR DD PA ADR FDR DD PA ADR FDR DD PA

wi 100.00%  2.14% 0 99.50%  100.00%  1.00% 0 99.76%  100.00% 0.14% 0  99.97%

KPCA W2 100.00%  2.17% 0 99.36%  100.00%  0.91% 0 '99.739% 100.00% 0.00% 0  100.00%

w3 92.17%  100.00% 0 54.22%  87.71%  100.00% 0 51.60%  [343% 008% 4 84.34%

! wi 100.00%  2.29% 0 99.46%  100.00%  1.14% 0 99.73%  9829% 0.14% 0 98.66%
PCA W2 99.76%  2.17% 0 99.19%  98.00%  1.26% 0 98.220 9157% 011% 0 94.02%

w3 81.03%  100.00% 0 47.66%  70.23%  0.98% 0 82.08%  4543% 008% 40  67.87%

wi 98.86%  2.19% 0 98.41%  97.36%  1.33% 0 97.9205  9329% 010% 2 96.12%

KPCA W2 99.27%  2.45% 0 98.41%  98.45%  0.98% 0 98.73%  90.45% 008% 5  9518%

w3 100.00%  2.43% 0 98.61%  100.00%  1.21% 0 99.31%  9971% 007% 1 99.84%

? wi 99.21%  2.00% 6 98.69%  98.64%  1.14% 179 98.73%  9386% 0.10% 180  96.45%
PCA W2 86.61%  2.20% 65 92.20%  85.80%  1.14% 148 92.33%  8465% 008% 178  9229%

w3 88.57%  2.29% 3 93.80%  85.43%  1.00% 3 93.18%  [905% 014% 37  90.94%

w1 99.95%  2.29% 0 99.47%  99.90%  1.14% 0 99.67%  9932% 0.19% 0 99.43%

KPCA W2 99.93%  2.00% 0 99.10%  99.71%  1.14% 0 99.3505 9929% 010% 0 99.55%

w3 99.90%  2.43% 0 9857%  99.62%  1.07% 0 99.2295 9571% 007% 0  98.12%

3 Wi 99.64%  1.90% 0 99.31%  97.77%  1.14% 0 98.00%  93.66% 019% 0  94.98%
PCA W2 99.71%  2.19% 0 98.90%  99.29%  1.05% 0 99.14%  9564% 010% 1  97.47%

W3 91.52%  2.29% 1 95.06%  87.62%  1.00% 1 94.12%  7952% 0.14% 1  91.14%

WL 9886%  229% 1 9851%  98.69%  1.14% 1 98.74%  9461% 000% 2 96.23%

KPCA W2 99.05%  2.14% 0 98.57%  98.38%  1.14% 0 98579  95:33% 000% 0 97.20%

w3 96.46%  2.51% 0 96.97%  94.74%  1.26% 0 96.74%  8526% 000% 0  9263%

‘ w1 96.73%  1.14% 2 97.37%  93.88%  0.76% 2 95.49%  40.98%  0.19% 17 58.63%
PCA W2 93.81%  1.71% 0 95.60%  90.86%  1.14% 0 94.06% 2171% 014% 3 52.97%

w3 92.80%  2.40% 0 95.20%  83.20%  0.80% 0 91.20%  2526% 011% 4 6257%

w1 99.58%  2.00% 0 99.16%  99.27%  1.00% 0 99.20%  95.95% 000% 0 97.03%

5 KPCA W2 100.00%  2.06% 0 99.31%  100.00%  0.91% 0 99.70% ~ 98.91% 000% 0  99.28%
w3 9327%  2.00% 0 95.16%  8597%  0.95% 0 91.20%  81.78% 000% 0  89.07%
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95.38%
99.94%
83.56%
100.00%
76.86%
99.57%
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67.62%
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81.37%
88.62%
96.00%
79.54%
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81.40%
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93.47%
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1.57%
4.34%
1.33%
2.57%
1.90%
2.40%
2.29%
1.90%
1.94%
2.14%
2.23%
100.00%
2.43%
2.23%
100.00%
2.00%
2.06%
2.29%
2.29%
2.17%
1.96%

Table 5.3 continued

96.19%
98.51%
89.60%
99.43%
83.94%
98.48%
99.05%
77.78%
93.52%
87.11%
92.60%
45.91%
85.81%
89.07%
38.93%
98.08%
96.12%
95.59%
93.02%
91.10%
90.53%

92.62%
95.66%
76.95%
100.00%
74.95%
98.71%
98.04%
62.76%
82.71%
78.93%
86.37%
90.86%
74.55%
76.04%
74.86%
97.60%
93.33%
88.98%
87.94%
80.19%
73.63%

1.14%
1.03%
1.33%
1.14%
1.14%
1.03%
0.86%
0.95%
0.91%
1.21%
0.97%
1.05%
1.07%
1.26%
1.05%
1.00%
1.14%
0.98%
1.14%
0.91%
1.14%
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94.29%
96.76%
85.64%
99.75%
82.92%
98.86%
98.29%
74.86%
91.81%
85.84%
91.88%
95.08%
83.03%
85.91%
87.43%
98.00%
95.31%
94.00%
91.06%
86.94%
86.24%

42.86%
18.91%
9.14%
99.92%
69.52%
92.43%
93.47%
53.71%
61.57%

73.07%
76.75%
72.78%
57.87%
60.70%

55.32%
95.54%

82.86%
67.76%
66.91%
18.79%
13.22%

0.00%
0.00%
0.00%
0.00%
0.19%
0.11%
0.00%
0.00%
0.23%
0.00%
0.00%
0.00%
0.07%
0.11%
0.10%
0.00%
0.11%
0.08%
0.14%
0.11%
0.08%
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58.10%
45.94%
45.49%
99.94%
79.62%
96.57%
94.92%
69.14%
82.79%
82.43%
86.86%
86.98%
72.50%
77.74%
78.58%
96.82%
88.94%
83.84%
76.33%
47.76%
56.57%




5.8 Summary

This paper has presented a KPCA- KDE- and Hotelling’s T2 and Q control charts-based
process monitoring method for the purpose of rapidly detecting a worn cutting tool, and thus
avoiding catastrophic tool failures, products with unacceptable surface finish, and defective
product. The proposed method converts raw multi-sensor data into principal component space, and
the KPCA-modified data are used to calculate T? and Q values to develop control charts. In this
manner, the behavior of the tool wear can be related to the behaviors of the T2 and Q values on the
control chart (i.e., a signal is produced on the charts as an out-of-control value when the wear
exceeds the wear limit). Optimal control limits for each case were investigated to enhance
monitoring capability in terms of the performance metrics.

The proposed monitoring system was applied to the multi-sensor signals collected during
milling operations under various cutting conditions to show how effectively the combination of
the KPCA- and KDE-algorithm and control charts is able to monitor tool wear during the process.
Also, several KPCA models were used for monitoring of multiple wear limits in the process. The
results of the application show that the first abnormality (alarm for high tool wear) was identified
with very few or zero delays after the process has entered the abnormal state for all cases. The
effectiveness of the proposed method was described with the help of three performance metrics
(FDR, ADR, and DD, PA), and compared with the PCA-based method. The result of the tests also
demonstrates that the proposed method can effectively integrate multi-sensor information and
synthesize the data to estimate the state of the process. In other words, the behavior of the tool
wear can be effectively related to the behavior of the T? and Q values on the control charts. Future
work may investigate application of the proposed method to other manufacturing processes and

physical systems (e.g., motor and gear box monitoring).
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6. LEARNING VIA ACCELERATION SPECTROGRAMS OF ADC
MOTOR SYSTEM WITH APPLICATION TO CONDITION
MONITORING®

Reprinted with permission from Lee, W. J., Wu, H., Huang, A., and Sutherland, J. W., 2020,
“Learning via Acceleration Spectrograms of DC Motor System with Application to Condition
Monitoring,” The International Journal of Advanced Manufacturing Technology.

Abstract

In a highly automated manufacturing plant, the reliability of manufacturing equipment is critical
for normal operation. A sudden machine breakdown can bring unexpected downtime, shorter
lifespan of equipment, and lower operational efficiency. Breakdowns can lead to defective parts
and consume extra energy—issues that are undesirable from an environmental standpoint—and
also erode productivity and increase costs. To improve machine tool reliability, a machine may be
continuously monitored to track its health condition. Monitoring a machine often provides large
amounts of data that must be processed to distill useful information. Electric motors are found in
many pieces of common manufacturing equipment. Deep learning methods can be combined with
data collected on motors, e.g., acceleration time-frequency data, to identify motor condition. In
this paper, three state-of-the-art deep learning architectures are evaluated for their ability to
effectively monitor motor condition. Experiments are performed on a lab-scale motor test bed to
secure condition data for several common motor faults. Tri-axial acceleration data are collected
and converted into 2D images (Spectrograms) using the power spectral density function. Some of
these experiments are used to tune the deep learning algorithms, and others are used to test the
proposed monitoring methods. The relative performances of the architectures are assessed, and it
is demonstrated that the use of time-frequency images within a deep learning context can

efficiently handle large amounts of data and effectively monitor the motor condition.

Keywords: Deep Learning, Motor Condition Monitoring, Convolutional Neural Network, Motor
Test Bed.

5 This work was published in The International Journal of Advanced Manufacturing Technology [160]. The
permission (license number: 5024241246953) is obtained from Springer Nature to include the paper in this thesis.
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6.1 Introduction

In the twenty-first century, advances in technologies (e.g., artificial intelligence, Internet of
Things, big data, and smart sensors) are enabling the emergence of smart manufacturing (Industry
4.0). Smart manufacturing not only seeks to transform a manually operated factory into a highly
automated plant, but also enables responses in real time to changing conditions in manufacturing
equipment, factory, supply chain network, and customer demand [115]. Smart manufacturing
requires an ability to collect data (observation), process the data to secure critical knowledge
(evaluation), find meaning in the knowledge (diagnosis), and formulate and implement appropriate
manufacturing interventions (decision and implementation). These steps are required for closing
the loop on any process control activity [18].

One potential application of smart manufacturing is intelligent machine maintenance, which
has as its first step machine monitoring. When monitoring a machine, often proxy measures are
collected and analyzed (e.g., acceleration) since direct observation of the state of the bearings, for
example, is not generally possible. Information obtained from these proxy measures may then be
used to estimate the health of the manufacturing equipment. In a highly automated plant, the health
of the manufacturing equipment (e.g., motors) is critical for long equipment life and safety. In a
smart factory, maintenance should not only enhance machine safety, improve product quality, and
decrease maintenance cost, but also prevent unforeseen equipment downtime. An intelligent

maintenance system can also extend the useful life of equipment as shown in Figure 6.1.
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Figure 6.1 Role of maintenance in equipment life extension.

Equipment Performance

In the field of machine maintenance research, several different methodologies have been

used to help with decision making and enhancing system reliability (e.g., avoiding unplanned
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equipment downtime). Peng et al. [37] classified these efforts into three categories: physical
model-based methodologies, knowledge-based methodologies, and data-driven methodologies.
Among these three methodologies, data-driven approaches (e.g., machine learning) have gained
recent attention owing to rapid development in computing processing power (e.g., GPU
processing). A data-driven model, which is based on statistical learning techniques, can handle
various types of data and discover hidden connections in large-scale data. Thus, this method may
be a useful tool to identify the health condition of manufacturing equipment using sensor signals
in real time. This may enable condition-driven maintenance practice, or predictive maintenance
(PdM) [116].

For a data-driven methodology, once an initial set of raw sensor signals is obtained, it may
be too large to be handled. To reduce the large-scale data without compromising its original
character, the raw signals are generally preprocessed first through feature engineering, in which
features (i.e., useful information) may be extracted using statistical measures (e.g., mean, RMS,
standard deviation, kurtosis, and skewness) in time, frequency, or time-frequency domains [117].
In this stage, features must be carefully extracted because the performance of a data-driven model
is largely dependent on the extracted features. Feature engineering may include the selection of
some features, and then evaluation of the features to see if they adequately represent the large-
scale data. This not only requires expert knowledge of the original dataset to decide which features
should be included or excluded, but it is also a laborious process [44]. Thus, it is desirable to
develop an automatic feature learning method to analyze sensor signal(s) without the necessity of
human intervention [45].

Recently, deep learning methods have been successfully applied in various areas (e.g.,
computer vision and natural language processing). A convolutional neural network (CNN), a
popular deep learning algorithm, is known as a state-of-the-art technique for processing and
analyzing large dataset where the input data are often 2D images [38]. In CNN, a network
architecture is generally designed to learn internal representations that are abstracted from the input
data (e.g., image) by stacking multiple hierarchical layered structures [47]. One benefit of the CNN
when processing machinery vibration signals is its ability to learn non-linear representations of the
input data (e.g., acceleration) using the hierarchical structure [45]. This approach may make the
CNN algorithm a useful tool for machine fault diagnosis since an indicator relating to the machine

faults could be non-linearly correlated to the signals and their covariates. In addition, the CNN
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requires little data preprocessing efforts because the algorithm is able to automatically learn the
features from input data during the training phase—this is also called representation learning. This
method makes it possible to select features without knowledge of past data and without intensive
human efforts.

There are many different ways to construct a CNN architecture; they differ in terms of how
the multiple hierarchical layered structures are stacked. Different architectures have been explored
with the aim of achieving either higher prediction accuracy and/or computational efficiency. One
early CNN architecture, called LeNet, was proposed by LeCun [48] This architecture consisted of
eight layers and worked well for handwritten character recognition. To solve more complex image
classification problems beyond character recognition, deeper networks (more layers) have been
developed. However, with deeper networks, the training of the networks becomes more
challenging (i.e., it becomes more difficult to optimize learnable parameters). Moreover, as a
network is made deeper and deeper, its accuracy will improve, then plateau, and ultimately degrade
[49].

To overcome the accuracy degradation problem, new ideas on CNN architecture have been
proposed (e.g., inception module [50] and residual module [51]). Several novel architectures were
popularized through image classification—related competitions (e.g., ImageNet Challenge). Some
of these architectures are competitive with humans in terms of image classification. Deep learning
applications have been mostly concentrated on image classification, speech recognition, and
natural language processing. However, few studies are available where deep learning has been
applied to machine condition monitoring. These will be described in Section 6.2.

In this paper, the application of CNNs to machine condition monitoring is explored. To
experimentally validate the method, a lab-scale test bed was constructed, which enables the
introduction of different motor faults. The test bed allows for tri-axial acceleration signals for
various conditions to be collected. To test robustness of the model, several trials of the same
experiment (containing eight tests) were conducted. Acceleration data are transformed into time-
frequency images (spectrograms) using the power spectral density function. During the training
phase, these images are used to tune the CNNs. To compare the performance of different CNN
architectures, one simple architecture and three state-of-art architectures (GoogLeNet, AlexNet,
and ResNet50), which are known to be the most powerful for image classification, are used. After

training the models, the performances of the CNN architectures are tested/compared using
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spectrograms from different experimental trials. These performances are also compared with the

results from several classical machine learning methods.

6.2 Machine/deep Learning Applications

In classical machine learning (ML) methods, features are extracted and selected from large-
scale initial datasets first through feature engineering, and then used for training and testing a ML
algorithm. Yu et al. [118] proposed a hidden Markov model (HMM) for machine health monitoring
using features extracted from dynamic principal component analysis (PCA).Wu et al. [52]
monitored the condition of an additive manufacturing process using an acoustic emission signal.
They used PCA to reduce the amount of data needed to train the HMM. Pezzani et al. [53] proposed
a support vector machine (SVM) to monitor the condition of a rotor bar in an induction motor.
They extracted features from the motor current signal using statistical measures. Bhat et al. [54]
also used an SVM to classify the condition of a cutting tool using images of the machined surface.
They extracted and selected features through a gray-level co-occurrence matrix and Fisher
discriminant analysis, respectively. Kane et al. [55] used statistical measures as an input data to an
artificial neural network (ANN) for fault detection in a gearbox.

Among several data-driven models applied for machine condition monitoring, an ANN is
one of the most attractive models due to its ability to manage large-scale data and its ease of
deployment [37]. However, an ANN often requires data preprocessing (i.e., feature engineering),
and how this preprocessing is done will affect ANN performance. Therefore, a method
incorporating automatic feature learning (e.g., CNN) may be desired for processing large-scale

data. Figure 2 shows the comparison of classical ML and deep learning (DL) methods.
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Figure 6.2 Comparison of classical machine learning and deep learning.
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One specific type of ANN is the CNN, which allows features to be automatically learned
during the training phase. Several efforts have been undertaken to build a machine condition
monitoring system using CNN, and the recognition power of CNN has been actively researched
and compared with classical ML algorithms (e.g., support vector machine, random forest, and
ANN) [12, 23, 24]. Ince et al. [58] proposed a shallow CNN architecture for detecting a motor
fault, and the method predicted the fault with an accuracy of 97.4%. In the study, the output class
was limited to two conditions: healthy and not healthy (a fault has occurred). Jing et al. [56] and
Chen et al. [57] introduced various gear faults in a gearbox test bed to collect the acceleration
signal under different health conditions. In both studies, several different CNN architectures were
applied to classify the health condition, and the classification accuracies were compared. Eren et
al. [60] studied bearing fault diagnosis using the Case Western Reserve University Bearing
Datasets. The study showed the effectiveness of the CNN method without feature extraction or
selection processes. Extensive review of and reference to ML applications in machine condition
monitoring research may be found in Peng et al. [37].

As is evident, ML methods have been extensively applied in machine condition monitoring
research. DL applications are presently a very active area for research; however, there are limited
instances where DL has been applied to machine condition monitoring. Therefore, a goal of this
paper is to apply DL to condition monitoring. Other key contributions are as follows:

e A lab-scale test bed, in which single-fault and combined faults can be configured, is
designed and constructed to consider both single- and multiple-fault scenarios.

e Instead of 1D CNN, which has been widely applied for the DL applications in the condition
monitoring study, 2D CNN is used to classify a motor condition (most of the state-of-art
architectures are based on 2D CNN).

e Relatively shallow networks have been generally used for machine condition monitoring.
In this study, both shallow and deep networks are tested and compared.

e Four experimental trials are conducted at different times to collect training and testing
datasets. Three different training types are employed to train CNNs, and each model is
evaluated using a dataset obtained from different experimental trials. Also, the performance
of CNNs is compared with classical ML methods.

We believe that this is the first machine condition monitoring study that considers both a single
fault and combined multiple faults using state-of-art 2D CNN architectures.
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6.3 A Proposed Methodology for Motor Condition Monitoring
6.3.1 Time-frequency Analysis: Power Spectral Density

In a time-frequency analysis, a signal is shown simultaneously in both the time and
frequency domains. To visualize the time-frequency analysis as a 2D graphical image, a
spectrogram is often used. A spectrogram describes the strength (e.g., amplitude or power) of a
certain waveform over time at various frequencies existing in the waveform. Sometimes, to
compute the frequency domain representation of a given signal, the fast Fourier transform (FFT)
is used. The FFT is an efficient algorithm to compute the discrete Fourier transform (DFT) of a
waveform. The FFT is well-suited to situations where a limited number of “dominant” frequency
components exist in the signal being analyzed [119].

For cases where there are many important frequency components in the signal being
analyzed, the power spectral density (PSD) is often used. Such may be the case when monitoring
motor vibrations. A motor has numerous rolling elements (e.g., gears, bearings, and rotors) moving
during operation. The collective effects of numerous factors from inside and outside of a motor
may result in “noise” added to the system. With the PSD, the corrupted vibration signal can be
characterized by computing the power contents of the signal over the frequency domain (i.e.,
power is the square of the FFT’s magnitude in frequency domain). A nonparametric estimate of

PSD, P(f), with window function h[n] can be calculated as

2
Lcrel (6.1)

p(f)=2t
N oAt ot

NZ_T h[n]x[n]e %™

where At is the sampling interval.

In order to calculate the time-dependent power spectrum of a given signal, the following
steps should be conducted: (1) divide the signal into overlapping consecutive segments, (2) apply
a selected window function to each segment, and then (3) compute the short-time Fourier transform
(unit: g) and convert into power terms (unit: g?/Hz) using Eq. (6.1). Then, the transformed
consecutive segments (i.e., multiple vectors) are combined to form a matrix by indexing the row
and the column with frequency and time, respectively. Thus, each element has a time-frequency
representation. To transform the PSD matrix into a 2D visible image (spectrogram), each element

in the matrix is represented by a color scale, which corresponds to the magnitude of a power at a
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certain time-frequency. Once 2D spectrograms are generated, they can be used in a 2D CNN for

the image classification tasks.

6.3.2 Convolutional Neural Network

A CNN, inspired by a visual system’s structure, becomes a favorite type of neural network
for image processing tasks in the computer vision community. Like an ANN, CNN is a sequence
of layers containing learnable weight and bias, and each layer receives some inputs from a previous
layer and performs a given task to transfer new information to a next layer. Each layer has a
different task, and the task is performed automatically within the algorithm.

Four main layers used in a CNN are an input layer, a convolution layer, a pooling layer, and
a fully connected layer. As shown in Figure 6.3, a typical deep learning architecture can be
constructed by alternating and stacking multiple convolutional layers and pooling layers between
input layer and fully connected layer. To explain the role of each layer, consider processing a 2D

color image with the size of NI x NI as follows.

An input layer is the first layer of a CNN and takes the raw pixel values of the image

containing three color channels (R, G, B). The information of the input layer with the size of
N[ x NV[VO] x 3 is passed to the next layer for feature extraction process.

A convolution layer (Conv), assuming Ith convolution layer where I=[0, n], is connected
with each unit in a previous layer through a filter bank (assume the size of the filter bank used for

Ith convolution layer is f1! x U x N™M ~where f1! is a filter size used for Ith convolution layer

con con f,con con

and Nt

i con 1S the number of filters in the filter bank). At this layer, the filters containing learnable
weights convolve with respective small regions in the previous layer, which are called input feature
maps. Here, the size and the number of the regions are decided by filter size (f 1), stride (s!), and

padding (pM). Then, the weighted sum passes through an activation function to generate output

feature maps with the size of NI e N e NID where

h,con w,con f ,con ’

N

h/w,con

=(NI= opll 0y sl 4 1 Several nonlinear activation functions have been widely

h/w,con con con con
used in deep learning algorithms (e.g., sigmoid, tanh, and rectified linear unit (ReLU)), and ReLU

has been proven to be the most efficient in many deep learning studies recently [120]. ReLU is a
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half-wave rectifier and switches all negative values in the layer to 0 (i.e., ReLU(x)= max (0, x)).
Using the ReL.U function, each output map can be written as:
[1n— [/] [/-1] [
Xt —ReLU{ D X bl J (6.2)
iEM;
where | represents a Ith convolution layer, M; is a selection of input feature maps, W is a filter
containing learnable weigh with, * is a convolution operation, and b is a bias weigh matrix.
A pooling layer (Pool), also called subsampling, is normally placed after a convolution layer,
and it performs a down-sampling task: reducing the dimension of the input feature maps using a

filter with the size of I x fN x NI where f

pool pool f,pool ? pool

is a filter size used for Ith pooling layer,

and N [f'ylpool is the number of filter in the filter bank [121]. The down-sampling may lead to a loss

of information, but it enables less computational time and avoids over-fitting (i.e., if a convolution
layer performs feature construction, a pooling layer conducts feature extraction or selection
process) [45]. Empirically, the maximum pooling method significantly outperforms other pooling
methods, and it is commonly used as the down-sampling method in CNNs [122]. The max pooling
operation is done by simply applying a max filter to non-overlapping regions in the input feature

map, so there is no learnable weight in the filters. After passing through the filters, the output

feature maps  with the size of N x N

h, pool w,pool f, pool '

where

N

h/w,pool

=(N[l—l] +2p[|] — fl

h/w,pool pool pool

)/stl +1 are generated.

pool
A fully connected layer (FC) (e.g., multilayer perceptron (MLP)) is placed after multiple
stacks of convolution layers and pooling layers. The FC takes the final output feature maps as a

form of a feature vector (v,) and performs a classification task. MLP is a feedforward neural

network, and output of the network can be written as (assuming single layer):
c= f(wyv, +b,) (6.3)

where w, is a weight vector, b, is a bias vector, and f is a nonlinear activation function. Once

an output vector from the FC is computed, a SoftMax classifier will identify the best possible class
(e.g., motor condition) among the possible target classes (i.e., a SoftMax only can be used for the
problem whose target outputs are discrete values). A SoftMax transforms the output vector into a
probability distribution over predicted output classes, so each class can be interpreted by

probabilities.
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Figure 6.3 Typical CNN architecture.

Once a deep learning architecture has been constructed, a backpropagation algorithm is

normally implemented using a training dataset as described in [123]. During the training phase,

the learnable weights (W}, w,) and bias (b!", b, ) are updated, and the training will continue until

satisfying specified termination conditions (e.g., a specified number of iterations).

To solve more complex image classification problems, several attempts have been undertaken to
build a deeper network (more layers) to increase the performance of the model. Therefore, in
addition to a simple CNN architecture ([Input]-[Conv]-[MaxPool]-[FC]-[SoftMax]-[Output]),
three powerful CNN architectures, which are GoogLeNet, Alex Net, and RestNet50, are trained
using acceleration time-frequency images. For a better understanding, the highlights of each
network are explained as follows.

GoogLeNet, consisting of 22 layers, is the first network to introduce the concept of the
“inception modules” that can (1) perform different sizes of convolutions using parallel filters on
the input feature maps and (2) concatenate all filter outputs together for the next layer [50]. The
graphical view of the inception module is shown in Figure 6.4. The parallel filters in the building
block (inception modules) show a significant improvement in computation and memory efficiency.
On the other hand, Alex Net has a relatively simple architecture with the eight layers containing

convolutional layers, max pooling layers, and fully connected layers [124]. Alex Net is the first
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network to attempt to use the ReLU activation function, which showed more efficient training
performances than conventional activation functions (e.g., sigmoid and Tanh). ResNet50, also
called residual neural network, is the most recently proposed architecture among three networks
and has a relatively deeper network compared to GooLeNet and AlexNet [51]. A main idea of
ResNet50 is to solve an accuracy degradation problem in a deep network using shortcut
connections (skipping one or more layers), as well as residual learning. Within the network, there
are multiple stacks of similar building blocks (50 layers), which are called residual modules. The
graphical view of the residual module is shown in Figure 6.5. More details regarding the network

architectures can be found in the cited references.
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Figure 6.4 Inception module
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Figure 6.5 Residual module.
In the next section, several motor faults, which will be further introduced in the motor test

bed during the experiment, are described.

6.4 Motor Fault Scenarios

Acceleration signals for different condition settings were collected: idle (off), normal, single
fault (gear defect, misalignment, and looseness), and a combination of two fault settings were

introduced in the test bed. A brief overview of each fault is described as follows.



6.4.1 Gear Defects

A gear is one of the most common mechanical components in machinery equipment. Its role
is to transmit the mechanical power among machine components. A normal gear generally
produces low-frequency vibrations, but lots of high-frequency vibrations can be generated when a
gear has a defect [125]. Assuming that there is a defect such as a broken gear tooth, it not only
generates higher amplitudes of vibration but also induces high-frequency vibrations once per
rotation. The generated high-frequency oscillation repeatedly impacts a machine during the
operation [126]. Ultimately, the gear defect can reduce the lifespan of machine components,

decrease a machine’s efficiency, and cause unplanned downtime.

6.4.2 Shaft Misalignment

Accurate and precise shaft alignment is vital for reliable power transmission from a motor
to driven equipment. Misalignment occurs when shaft centerlines of two connected machines (e.g.,
motor and generator) are not aligned with each other (i.e., the centerline is offset). The
misalignment can be caused by poor maintenance tasks, improper installation, insufficient bolt
tightening, shaft failure, etc. Along with gear defects, misalignment is also one of the main causes
of high vibrations in a motor. Unlike gear defects, misalignment is not an observable physical
failure, but the vibration caused by an incorrect alignment can result in rapid wear on the
mechanical components (e.g., bearing gear, shaft, and rotor) and temperature increase; thus,
ultimately leading to a premature machine failure [127] (i.e., misalignment is a root cause of many

mechanical failures in motors).

6.4.3 Mechanical Looseness

Mechanical looseness is a common problem in rotating machinery, commonly caused by
mechanical damages, loose bolts, excessive clearance between components, incorrect fit between
components, etc. [128]. Mechanical looseness slowly grows in a rotating element as the
mechanical components get worn down. Therefore, a maintenance engineer should tighten the
equipment and replace supplementary components before they become severely worn down. Like
shaft misalignment, mechanical looseness also induces the high vibrations in rotating machinery

and can lead to a premature machine failure through the rapid wear [125].
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To collect the acceleration signals for different motor condition settings, a lab-scale motor
test bed was set up. Details on the experimental setup and data acquisition method are explained

in the next section.

6.5 Experiment Setup and Conduct of the Experiment

A motor has many different states during an operation. A state can be changed from normal
to abnormal as a result of internal (e.g., gear defect) and external (e.g., looseness and misalignment)
faults. Also, in some cases, a combination of different faults occurs. When a motor condition turns
into an undesirable state resulting from existing fault(s), tangible evidence of its occurrence may
be created. This evidence may be acquired by a sensor (e.g., accelerometer), and then, the
associated fault may be identified by processing the signals.

To collect and store tri-axial acceleration signals for different condition settings, a lab-scale
motor test bed, in which a single fault or combined faults can be configured, was constructed as
shown in Figure 6.6. In the test bed, two 12-V DC motors (Actobotics, no. 638350) were used,
each equipped with a 100:1 ratio gearbox. One motor (power motor) was driven by a 12-V DC
power supply (Eventek, KPS305D), and the other one (load motor) served as the load (e.g., motor-
generator setting). The output shafts of the two motors were connected by a stainless steel precision
shaft (8 mm (d) x 200 mm (1)) through the couplers (4 to 8 mm), and each motor was tightly fixed
by a bore bottom tapped clamping mount (25-mm bore). Each clamping mount was placed on an
aluminum channel (76.2 mm (1) x 33.53 mm (w) x 38.1 mm (h)) and fixed in place by screws. The
two channels supporting the clapping mounts were placed on the Aluminum 6061 solid flat plate
(Stoner Metals, AB2383) with dimensions of 355.6 mm (I) x 152.4 mm (w) x 12.7 mm (h). To
rivet the channels on the plate, the plate was machined in the CNC machining center; drill the
holes at the precise locations to accept the connectors so that the centerlines of the two motors’
output shafts are designed to be parallel-aligned. The accelerometer was attached to the mounting
clamp, which made direct contact with the motor housing as shown in Figure 6.6; motor housing

was not flat enough to attach the sensor using an adhesive.
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Tri-axial
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Broken Gear Tooth

Figure 6.6 Lab-scale motor test bed.

Table 6.1 Experiment design.

Nl-JrriSl;er Experiment Trial 1 ~ Experiment Trial 2  Experiment Trial 3  Experiment Trial 4
Broken Gear Tooth Broken Gear Tooth
Test 1 Idle Looseness L
and Looseness and Misalignment
Test 2 Normal Broken Gear Tooth Broken Gear Tooth Normal
and Misalignment and Misalignment
Test 3 Broken Gear Tooth Lo_ose_ness and Looseness Broken Gear Tooth
Misalignment
Test 4 Looseness Normal Misalignment Lo_ose_ness and
Misalignment
Test5 Misalignment Misalignment Idle Misalignment
Looseness and Broken Gear Tooth Looseness and
Test 6 A N Idle
Misalignment and Looseness Misalignment
Broken Gear Tooth Broken Gear Tooth
Test 7 Idle Normal
and Looseness and Looseness
Test 8 Broken Gear Tooth Broken Gear Tooth Broken Gear Tooth Looseness

and Misalignment

As shown in Table 6.1 and Figure 6.6a single fault (i.e., either broken gear tooth,
misalignment, or looseness) and two combined faults (i.e., either looseness and misalignment,
broken gear tooth and looseness, or broken gear tooth and misalignment) were planned; three
combined faults were excluded because the motor did not work properly in that setting. The gear,
which is directly connected to the motor shaft, was physically damaged to break the gear tooth.
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The centerlines of the two motor shafts were misaligned by adding the structural components, M6
hex nuts, between the channel and the plate on the left side of the channel. This results in the shift
of the power motor centerline to 8 in the clockwise direction relative to the right side of the
channel. The screws tightening the power motor were loosened by five screw turns to make some
clearance between the components. In addition to the single and combined fault settings, idle
(motor off) and normal (without any faults) condition settings were also included, which represent
the motor non-working and normal working conditions, respectively.

The data acquisition was enabled by the tri-axial accelerometer (PCB PIEZOTRONICS,
J356A45) and the national instrument compact data acquisition system (NI cDAQ), including
cDAQ-9178 CompactDAQ chassis and NI-9234 C Series Sound and Vibration Input Module.
When initiating data collection under a steady-state operating condition, the machinery vibration
was acquired by the accelerometer (transducer) in a form of electrical signal, and the electrical
signal was converted into the acceleration (unit: g) using the sensitivity (mV/g). The observed
signals were visualized and stored in a desktop using the LabVIEW software. The sampling
frequency for all three axis channels was set to Fs = 5 kHz, and digital data were sampled 100
times every 5 s using time delay function in the LabVIEW. Here, one sampling trial includes
15,000 data, so sampling 100 times equal to 1,500,000 points (one test). Once the data acquisition
setting is complete, different condition settings were introduced in the test bed to collect the
respective tri-axial acceleration signals.

Four experimental trials were performed as shown in Table 6.1; the test sequence in each
experimental trial was randomly changed. In each experimental trial, eight tests were conducted
and acceleration signals under the respective settings were collected and stored as explained before.
Each condition setting was introduced in the test bed one by one. After obtaining all signals from
four experimental trials, the signals were transformed into the time-frequency images (i.e.,

spectrograms) to be used in the 2D CNNs.

6.6 Spectrogram Preparation

After tri-axial acceleration, signals for different condition settings were collected and stored;
the stored data were transformed into spectrograms to be used for the training and testing datasets.
In Figure 6.7, an overview of one sampling trial from each condition setting is shown in (a) time

domain and (b) time-frequency domain. One sampling trial corresponds to 5000 data points
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collected during 1 s for each axis. Here, one sampling trial is randomly chosen from experimental
trial 1, and the numbers from (1) to (8) shown in the figures correspond to the condition settings
from test 1 to test 8 in experiment trial 1. For the transformation from the time to the time-
frequency domain, as described in Section 6.3.1, the power spectral density was used to calculate
the time-dependent power spectrum of the collocated signals. The frequency band limit was set to
[0, Fs/2] (whole Nyquist range), and the Kaiser window function was selected, which converges

to 0 at the beginning and end points.
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Figure 6.7 Overview of the tri-axial acceleration signals for eight condition settings; (a) time-
domain and (b) time-frequency domain.

As shown in Figure 6.7, certain cases show recognizable differences in the time domain and
the time-frequency domain among the conditions (e.g., (1), (3), and (7)), but other cases do not.

The most significant axis shifted as the motor condition changed in terms of RMS features in the
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time-domain (e.g., except for the idle condition, x- and y-directions show the highest values,
respectively, in (2), (4), and (5) and in (3), (5), (7), and (8)). In Figure 6.7a, the data are observed
in both positive and negative directions; thus, it indicates that both positive and negative forces
were acted on the acceleration sensor. But, for some cases (e.g., (7)), higher accelerations were
observed in the negative direction. This is possibly due to the fault settings in the test bed (e.g.,

structural components were added between the channel and the plate on the “left side” only).
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Figure 6.8 Generating one combined image using one collection (i.e., 5000 x 3 acceleration
singles).

Figure 6.8 describes the process of combining the three axis information into one image. In
the process, only color-scaled images were saved. Redundant information such as tick and tick
label were removed. Also, the size of the images was reshaped using a bilinear interpolation scaling
method to be compatible with the input layers of the CNNs being used. The scaling method
generates new pixels using interpolation when scaling up an image while weighted averages of
pixel values in the nearest neighborhood are used for output when shrinking an image.

In the next section, four different CNN architectures were trained and tested to show how
effectively the method can extract features automatically from time-frequency images and how
well the method recognizes a pattern to classify a motor condition.

6.7 Training and Use of the CNNs

To train the models, transfer learning was performed using the fine-tune pre-trained CNN
architectures (GoogLeNet, Alex Net, and ResNet50), which are available as open sources. Transfer
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learning is a method of learning a new task through a transfer of knowledge that has already been
learnt [129], i.e., transfer learning is often used for a new collection of data in deep learning
application. Usually, transfer learning for a fine-tune pre-trained network is much faster than
training the network with randomly initialized learnable weight. This is because a pre-trained
network has already learned features for a wide range of images; a pre-trained network was already
trained by over a million images. Therefore, transfer learning was performed to learn a new task
(motor condition classification) using the spectrograms generated in Section 6.6.

Training was performed on a PC platform (Precision 5820 Tower) equipped with Intel Xeon
with 32 GB RAM and GeForce GTX 1080 Tl with 11GB GDDR5X and was implemented in
MATLAB. Training parameters for all CNN architectures were set to the same (iterative
optimization algorithm=stochastic gradient decent, learning rate=0.01, and the maximum number
of epochs=30). To evaluate performance of the CNN, the training and testing dataset are divided
as shown in Table 6.2; each testing dataset was obtained from different experimental trials with
the corresponding training dataset. Also, three training types were employed to investigate how

CNN performance changes as the number of training dataset increases.

Table 6.2 Training and testing dataset.

Test Number Details

e Training Dataset: Experiment Trial 1

Test 1 e Testing Dataset: (a) Experiment Trial 2, (b) Experiment Trial 3, and (c)
Experiment Trial 4
Test 2 e Training Dataset: Experiment Trials 1 and 2
e Testing Dataset: (b) Experiment Trial 3 and (c) Experiment Trial 4
Test 3 e Training Dataset: Experiment Trials 1, 2, and 3
e Testing Dataset: (c) Experiment Trial 4

The four CNN architectures were trained through transfer learning with the help of GPU,
and prediction accuracies of each case are summarized in Table 6.3. Before explaining the overall
performance, one case from each network architecture was selected to investigate the prediction
accuracies.

Four confusion matrices for GoogLeNet, Alex Net, Renet50, and Simple CNN, which were
trained with the training type | and tested with the data obtained from (c) experimental trial 4 (in

Table 6.2), are shown in Figure 6.9. Confusion matrix is a popular tool to visualize the performance
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of a classification algorithm. In the matrix, each row and column display predicted class and true
class (each class is numbered the same as the numbering in Figure 6.7. The diagonal and off-
diagonal cells in the boxes with the green horizontal stripes and orange vertical stripes indicate the
number of correctly classified observations and incorrectly classified observations, respectively.
The column on the far right (white boxes) shows the positive predictive value (PPV) and false
discovery rate (FDR). The row at the bottom (white boxes) presents the true positive rate (TPR)
and false negative rate (FNR). PPV, FDR, TPR, and FNR can be calculated using the Eqs (6.4)-
(6.7). The values in the green box are the prediction accuracy (i.e., the global percentage of true
positive) and the prediction error. By displaying the accuracies and errors together in the plot, the

confusion matrix can show where the classification method is confused when a prediction is

performed.
PPV/(%) = truepositive 109, (6.4)
true positive + false postive
FDR (%) =1-PPV, (6.5)
TPR(%) = truepositive 10, (6.6)
true positive + false negative
FNR(%) =1-TPR. (6.7)
Table 6.3 Prediction accuracies using four CNN architectures.
CNN Architecture Training Type @ (b) (c)
| 88.5% 88.8% 96.8%
GooglLeNet 1 93.8% 98.3%
i 99.9%
| 88.3% 87.6% 95.1%
Alex Net I 99.6% 99.8%
1] 99.9%
| 89.9% 90.1% 94.4%
ResNet50 I 99.4% 99.0%
I 100.0%
| 72.4% 76.3% 81.1%
Simple CNN I 98.4% 100.0%
I 98.1%
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Figure 6.9 Confusion matrices for (a) GooLeNet, (b) Alex Net, (c) ResNet50, and (d) simple
CNN.

The prediction accuracies for GoogLeNet, Alex Net, ResNet50, and simple CNN are 96.8%,

95.1%, 94.4%, and 81.1%, respectively, as shown in the green box in Figure 6.9. When the

minimum number of image was used for training, three state-of-art CNN architectures outperform

the simple CNN architecture for the classification of the acceleration time-frequency images.

GoogLeNet, Alex Net, and ResNet50 predicted the most class correctly with some confusions

mainly between (4) (Looseness) and (6) (Looseness and Misalignment). Simple CNN shows the

significant confusions (1) between (4) (Misalignment) and (6) (Looseness + Misalignment) and
(2) between (5) (Misalignment) and (8) (Broken Gear Tooth and Looseness).

95




Next, average prediction accuracies (i.e., the average of global percentage of true positive)
of CNNs are investigated to show how the number of training data affects the performance. As
clearly shown in Table 6.3, as the number of training data increases, i.e., from training type I to
training type 11, the accuracy shows an increasing trend. In Figure 6.10, the average accuracies
computed using different training types are plotted. The average accuracies of GoogLeNet, Alex
Net, and Resnet50 rose steadily as the number of training data increases, but simple CNN showed
the slight drop in training type I11. Also, it was found that the average accuracy of the simple CNN
was far below that of GoogLeNet, Alex Net, and ResNet50 in training type I. For the computation
time, as shown in Figure 6.10, the training time of Resnet50, which has a relatively deeper network,
took the longest time, while the training time of Simple CNN, which has a relatively shallow

network, took the shortest time.
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Figure 6.10 Average prediction accuracies (left) and training time (right) of four CNN
architectures using different training types.

In this section, the prediction accuracy of each CNN was evaluated using the testing dataset,
which were obtained from different experimental trials with the training dataset, i.e., training and
testing data were collected at different time, i.e., adequacy of the trained CNN models is tested.
Accordingly, the evaluation of the CNN architectures with the testing dataset may explain not only
the robustness of a CNN model being used but also how well the key features can be extracted

from the acceleration time-frequency images under different environmental noise levels.
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6.8 Comparing the CNNs with Classical ML Algorithms

In this section, the same datasets used in the previous section were applied to several
classical ML algorithms: (1) artificial neural network (ANN), (2) cubic support vector machine
(SVM), (3) decision tree (DT), (4) k-nearest neighbors (KNN), and (5) quadratic discriminant
analysis (QDA). As illustrated in Section 6.2, a classical ML algorithm commonly incorporates a
featuring engineering process to extract and select useful information from a large-scale dataset.
Therefore, before training the models, a featuring engineering was performed as follows: (1)
features were extracted using statistical measures (RMS, mean, kurtosis, standard deviation, and
skewness) from the tri-axial dataset, i.e., 15 features, and (2) features were selected using PCA

with the explained variance of 90%.

Table 6.4 Prediction accuracies using classical ML algorithms.

CNN Architecture  Training Type (@) (b) (©

ANN | 64.5% 67.9% 54.3%

I 90.3% 86.6%

i 74.0%

SVM | 79.1% 66.3% 66.3%

I 91.7% 78.8%

i 82.1%

Decision Tree | 76.6% 72.3% 57.4%
I 79.5% 63.6%

i 77.3%

KNN I 79.1% 74.1% 60.5%

I 87.8% 75.4%

i 82.5%

QDA I 71.3% 71.4% 60.1%

I 81.4% 74.3%

i 76.3%

The selected features were applied to the classical pattern recognition algorithms using three
training types defined in Table 6.2. The algorithms were trained and tested in the same way as
conducted in the previous section, and the prediction accuracies are summarized in Table 6.4. To
compare the classification performance between the classical pattern recognition algorithms and
the four CNN architectures, the average prediction accuracies were plotted in Figure 6.11. As

shown in the Figure 6.11, four CNNs outperform the classical pattern recognition algorithms in all
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training types. In terms of global accuracy (average of the accuracy values from types I, Il, and
I11), ResNet50 showed the highest prediction accuracy followed by Alex Net, GoogLeNet, simple
CNN, SVM, KNN, ANN, QDA, and DT.

To sum up, the recognition power of CNN over classical pattern recognition algorithms was
experimentally validated. From the experimental results, the application of the time-frequency
images to CNN can effectively classify the motor conditions.
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Figure 6.11 Average prediction accuracies of the classical ML algorithms and the four CNN
architectures.

6.9 Conclusion

In this paper, an application of acceleration time-frequency images (spectrograms) to CNNs,
which is commonly used for real-life object classification, was explored to classify various motor
conditions. To experimentally validate the recognition power of the method, a lab-scale test bed,
in which a single fault or a combination of different faults settings can be configured, was set up
to collect tri-axial acceleration signals for various condition settings. And then, four different 2D

CNN architectures were tested to estimate the motor conditions using the acceleration time-
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frequency images, which were generated from power spectrum density. From the study, following
conclusions were drawn:

e The application of the experiment data to the CNNs showed that all motor conditions,
which were introduced in the test bed, was classified with high prediction accuracy,
especially in GoogLeNet, Alex Net, and ResNet50.

e Some confusions were observed in simple CNN architecture when classifying a single fault
and a combination of faults, but the prediction accuracy could be improved as increasing
the number of training data. In terms of the global prediction accuracy, ResNet50 showed
the best performance followed by Alex Net, GoogLeNet, and simple CNN

e This study experimentally proved that the 2DCNNis able to classify a combination of two
faults as well as a single fault, which was difficult in classical ML algorithms.

The CNN methods were able to identify a cause of variation in acceleration signals obtained
from a rotating machinery (i.e., a model learns patterns generated by a different source of fault(s)
using a sequence of layers containing learnable weights). Thus, the method can play as a bridge to
connect a large-scale machinery data and machine health condition. Ultimately, it could be a

promising solution for any types of condition monitoring problems.
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7. DEVELOPMENT OF A SPEED INVARIANT DEEP LEARNING
MODEL WITH APPLICATION TO CONDITION MONITORING OF
ROTATING MACHINERY?®

Reprinted with Permission from Lee, W. J., Xia, K., Denton, N., Ribeiro, B., Sutherland, J. W.,
2020 “A Development of Speed Invariant Deep Learning Model with Application to Condition
Monitoring of Rotating Machinery,” Journal of Intelligent Manufacturing

Abstract

The application of cutting-edge technologies such as Al, smart sensors, and 10T in factories is
revolutionizing the manufacturing industry. This emerging trend, so called smart manufacturing,
is a collection of various technologies that support decision-making in real-time in the presence
of changing conditions in manufacturing activities; this may advance manufacturing
competitiveness and sustainability. As a factory becomes highly automated, physical asset
management comes to be a critical part of an operational life-cycle. Maintenance is one area
where the collection of technologies may be applied to enhance operational reliability using a
machine condition monitoring system. Data driven models have been extensively applied to
machine condition data to build a fault detection system. Most existing studies on fault detection
were developed under a fixed set of operating conditions and tested with data obtained from that
set of conditions. Therefore, variability in a model’s performance from data obtained from
different operating settings is not well reported. There have been limited studies considering
changing operational conditions in a data-driven model. For practical applications, a model must
identify a targeted fault under variable operational conditions. With this in mind, the goal of this
paper to study shaft rotational speed invariance via a deep learning method, which can detect a
mechanical imbalance, i.e., targeted fault, under varying speed settings. To study the speed
invariance, experimental data obtained from a motor test-bed are processed, and time-series data
and time-frequency data are applied to long short-term memory and convolutional neural network,

respectively, to evaluate their performance.

& This work was published in Journal of Intelligent Manufacturing [175]. The permission (license number:
5024361053735) is obtained to from Springer Nature include the paper in this thesis.
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Keywords: maintenance, long short-term memory, convolutional neural network, machine

condition monitoring, mechanical imbalance.

7.1 Introduction

Starting with the industrial revolution in the 18th century, the manufacturing industry has
experienced many radical changes such as mass production and system automation. Manufacturing
is poised to be changed again with emerging technologies such as artificial intelligence (Al), smart
sensors, and Internet of Things (loT) that seek to establish an integrated and collaborative
manufacturing system that responds in real time to changing conditions in the factory. This new
trend, i.e., smart manufacturing, is leading the next revolution in the manufacturing industry, and
it may enable sustainable growth in the manufacturing sector through the improvement of various
manufacturing performance measures such as energy efficiency, quality, and productivity [130].
As one example of a national effort to capitalize on new technologies, the U.S. Department of
Energy’s Advanced Manufacturing Office (AMO) launched the Clean Energy Smart
Manufacturing Innovation Institute (CESMII) to advance the country’s manufacturing
competitiveness and reduce its environmental impact (CESMII). The institute supports research
and development of technologies that can collect, share, and process the huge amount of data
obtainable from manufacturing activities in real-time.

One application of smart manufacturing is an intelligent maintenance system [41]. A goal of
the maintenance is maximizing the availability of manufacturing systems to increase productivity
while reducing maintenance cost by 1) optimizing maintenance tasks and 2) fixing potential
defects before catastrophic equipment failures occur, i.e., prevent unplanned downtime. To enable
this, the condition of equipment needs to be continuously monitored without interruption (non-
intrusive monitoring), and future behavior must be predicted (e.g., prognostic health management)
[132]. With the present proliferation of sensing and communication technologies available in a
production line, extensive machine condition data may be collected in many factories. The
condition data are normally proxy measures (e.g., vibration, acoustic emission, and temperature).
Thus, a method is required to extract meaningful information, e.g., health condition, from large-
scale condition data available from operating equipment.

Condition monitoring methods are often classified into three categories: 1) a physical model,

2) a knowledge-based model, and 3) a data driven model [37]. A physical model-based

101



methodology normally shows good success at reflecting the condition of the monitored system
because the model is built based on accurate mathematical relations tied to physical processes.
However, establishing an accurate physical model is challenging for complex manufacturing
systems. Also, a physical model cannot generally be updated with on-line measurement data,
which limits the model’s flexibility [38]. A knowledge-based methodology, such as an expert
system, solves a specific domain problem using expert knowledge and heuristic rules. In this
methodology, an accurate physical model is not required, but translating domain knowledge into
rules (e.g., IF conditions) is difficult and the model may not cope well with new situations. Lastly,
a data-driven model estimates model parameters to fit the model using input and output data. This
method is based on statistical learning theory, and the model automatically learns a relationship
between input and output data (supervised learning) during the training phase. However, the
method often requires a large amount of machine condition data for model training and testing.
Among the methods, data-driven models (e.qg., artificial neural networks [39], random forest
[40] , and kernel principal component analysis [41]) have received a great deal of attention by
researchers due to increasing availability of open source data and advances in computing
infrastructure (e.g., GPUs). Recently, deep learning (DL) methods, which originated from artificial
neural networks (ANN), are being applied extensively to machine condition datasets for health
condition monitoring research. Janssens et al. [61] proposed an automatic bearing fault detection
method using convolutional neural networks (CNN). In the study, different types of bearing faults
(e.g., outer-raceway fault and rotor imbalance) were detected using acceleration signals obtained
for a 25 Hz rotational speed. Jing et al. [59] also used a CNN for condition monitoring of gearboxes.
They compared model prediction accuracies using both automatically learned features and
manually extracted features. A number of CNN network configurations (e.g., various filter sizes,
numbers of filters, and numbers of convolutional layers) were tested. Cacciola et al. [62] studied
a neural network-based monitoring system to identify different root causes of mechanical
imbalance problems in a rotor. Jia et al. [63] showed an improved performance of deep neural
networks compared to shallow neural networks for the diagnosis of the bearing and planetary
gearboxes using an auto-encoder for data preprocessing. The DL-based monitoring approach was
reported to be superior to classical machine learning techniques (e.g., Support Vector Machine
(SVM) and random forest) [59]. Khan and Yairi [64] summarized various DL methods and their
applications to a system health monitoring. They concluded that there is a growing interest in
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applying DL methods in the engineering community, but many limitations still exist such as design,
selection, and implementation of DL methods.

As is evident from the literature review, DL is an evolving and growing area for machine
condition monitoring research, and its ability to predict conditions offers substantial promise (some
people may argue that DL applications to mechanical diagnosis and prognosis are still lacking
when compared to other fields such as speech recognition and image classification). One may think
that, because training a DL model is computationally expensive, it may not be suitable for the
manufacturing applications. However, recently, there have been significant advancements in the
DL research field to overcome shortcomings by reducing connectivity in networks (e.g., CNN)
and developing an efficient training method (e.g., Adam optimizer). One attractive advantage of
DL is reducing the amount of effort for feature engineering by learning non-linear representations
in a large amount of dataset using multiple hierarchical layered structures. This may enable the
model to predict a targeted fault, in which an indicator relating to a target fault is non-linearly
correlated to a machine health condition. Such a model may pose the ability to detect and locate a
fault in sophisticated manufacturing equipment.

Several types of popular network architectures (e.g., CNN and recurrent neural network) and
their variant were widely applied on the machine condition data, and their performances on the
machine fault diagnosis were evaluated and reported in the cited paper. However, work related to
a model’s response to data obtained from operating conditions that differ from the training data
has not been extensively examined, i.e., a trained model may work well only for data obtained
from a certain operating setting. Therefore, there is a lack of studies focusing on a performance
variation of a deep learning model, which has already been tuned with the data obtained from a
certain operational condition, to the data collected from the different operational conditions.
Although DL is known to be a powerful tool to automatically learn and discover representations
needed for classification from large-scale datasets (called representation learning), it may be
difficult for a DL model to detect a targeted fault when analyzing data collected under previously
unseen operating settings. Because machine operating settings can change during the
manufacturing process, a model’s performance should be invariant to a variable operating
environment (e.g., variable rotational speed) while monitoring a system. Park et al. [66] argued
that previous works on condition monitoring mainly focused on detecting a fault under constant

rotational speed although many real-world applications run under variable speed. Accordingly, DL
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applications need to be further studied and tested with data obtained from different operating
conditions (e.g., different rotational speeds (RPM)) as well as using various types of machine
condition data (e.g., acceleration and acoustic emission). Ultimately, a method that is invariant to
changes in rotational speed (RPM) must be considered for the practical applications. The main
contributions of this paper are: 1) the idea on the property of RPM invariance is discussed, 2) a
DL based mechanical imbalance monitoring system is proposed, 3) an improved long short-term
memory (LSTM) model is developed using an attention mechanism, 4) performance variations of
deep learning models (CNN and LSTM) to the data obtained from the different operational
conditions are examined and compared using experimental data, and 5) the effectiveness of the
proposed method (Scaled and Smoothed TS-LSTM with Attention) is demonstrated.

The paper is organized as follow. Frist, the property of RPM invariance is mathematically
explained, which defines detection accuracy invariance to varying RPM. Then, data preprocessing
methods, which will be combined with deep learning models, are proposed. For DL architectures,
LSTM and CNN are employed to detect a targeted fault, and their basic theories and the
customized architectures are explained. To experimentally study the RPM invariance in a deep
learning model, sets of experiments were conducted using a motor testbed. During the experiment,
machine condition data were collected using a triaxial accelerometer under various RPMs at
certain mechanical imbalance levels. Then, raw signals are processed to extract features and the
features are applied to evaluate DL models’ performances under both constant RPM and varying
RPM conditions. Performance variations in DL models are reported using the data obtained from
previously unseen RPM settings during the training phase (i.e., test a model with the data obtained
at different rotational speeds). All data collected from the experiments reported on herein will be

available via the Purdue Laboratory for Sustainable Manufacturing (LSM).

7.2 Invariance to Changing Rotational Speed in Fault Detection

The goal is to establish a fault detection model whose accuracy is invariant to changes in the
RPM (we will refer to this as ‘RPM invariance’). This will be accomplished by predicting a
targeted fault condition using a proxy measure, e.g., vibration, in a motor system that runs at
previously unseen RPMs. Given motor vibration data points (either raw or processed) X €2, the

function of interestis f : Q — {1, 2, ..., N} which maps the data points to the corresponding fault
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condition y = f(x) when N conditions are defined. The shape of the sample space, @, varies

depending on the format of the data. The function, f, is approximated using a data driven model

(e.g., neural network model), fg , parameterized by € to make a prediction of y, ¥= fe(x) . The
rotational speed of a motor can be described as a function of the data collected from that motor,

defined as r: QQ — R" such that r(x) is the RPM of data points X € 2. Then, the notion of RPM

invariance can be defined as follows. Given XeQ and a e R*, let s:QxR" — Q such that
s(x,a)=x", where f(x')=f(x), r(x")=ear(x), and «is the ratio of desired (testing) RPM to

current (training) RPM. Here, X'is an RPM transformation of x by «. Then, the property of

A~

RPM invariance for f, is

f,(s(x,@)) = f,(x) (7.1)

for all xand «. This property means that changing the RPM of the data should not affect the

prediction of the model. To achieve this, this paper focuses on the details of rand f, and finding

a procedure for determining them.

7.3 Data Preprocessing and Deep Learning Models

Once the data acquisition plan (e.g., sensor type, sampling rate, and data acquisition interval)
is decided, a sensor can be mounted on manufacturing equipment, and raw sensor signals may be
collected for a certain machine health condition. Then, the collected signals, i.e., machine
condition data, can be processed to generate features, which may better represent the machine
health condition. In case of vibration signals, a popular measure for condition monitoring of
rotating elements, features from the time, frequency, and time-frequency domain data are often
used for deep learning (DL) applications [66]. Also, in order to analyze a non-stationary vibration
signal, order analysis or order-tracking method were often used to extract vibration data related to
the rotational speeds. However, during the experiment in this study, a range of rotational speed
was not very wide, and a speed was not increased continuously (i.e., increased from 300 to 380 in
20 RPM increments). Thus, features from order analysis may not be useful. Instead, other data
preprocessing methods, which will be described in this section, are employed in this paper.

In this section, two data preprocessing methods and two DL architectures are introduced to
study the RPM invariance in a DL model. In “Scaling and Smoothing of Time-series Data Obtained
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from Different RPM Settings” section, a method which may have the properties of RPM invariance
in a LSTM model is proposed first. A second data preprocessing method, i.e., continuous wavelet
transform (CWT), which will be combined with CNN, is explained in “Extracting Time-Frequency
Features Using Continuous Wavelet Transform” section. CWT is a technique to extract time-
frequency features from vibration signals, and CWT has been often combined with CNN models
[134]. Therefore, this method may be a good candidate to compare with the first approach.

In Section 7.3.2, the basic theory and proposed architecture of two deep learning methods,
LSTM and CNN, are explained. The selection of a model is dependent on the type of data being
analyzed. For data collected over time (e.g., time series data), a recurrent neural network
architecture is often used, specifically a long short-term memory (LSTM) model [135]. For data
arranged in a matrix such as time-frequency data (e.g., short time Fourier transform and wavelet
transform), a convolutional neural network (CNN) model normally is used [45]. Therefore, in this
paper, time-series data and time-frequency data are used to evaluate the LSTM-based model and

the CNN-based model, respectively.

7.3.1 Data Preprocessing for Vibration Signal
Scaling and Smoothing of Time-series Data Obtained from Different RPM Settings

A change in the speed (RPM) of equipment with rotational elements almost always leads to
changes in the frequency content of vibration sensor signals. For example, increasing the RPM
may shift the dominant frequencies in the frequency domain to larger values. By the time scaling
property of the Fourier transform, a scale in the frequency domain corresponds to an inverse scale
in the time domain. Hence, if the test data RPM is different from the RPMs for the training data,
then one may expect that a transformation of the test data would better match the vibration
frequencies observed in the training data.

However, in practice, not all vibrations captured in the sensors are related to the RPM of the
motor. Other factors like fluid flow, electrical components, and non-rotating elements all affect
vibrations. Furthermore, high frequency noise tends to obscure the structural content in the data.
To remedy this, a noise-reducing data transformation is implemented for raw data that may mimic
data collected from other RPM settings. This procedure, visualized in Figure 7.1, involves: 1)

scaling the time-domain data by the ratio ¢ using a spline interpolation, 2) converting the data to
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the frequency domain using the discrete Fourier transform (DFT), 3) filtering out high frequency
components using a low pass filter and removing less significant amplitudes, and 4) converting
back to the time domain using the inverse DFT. The frequency removal acts as a smoothing

procedure, removing some of the abrupt changes in the data, and is applied to all data used in the

models regardless of whether the RPM needs to be changed.
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Figure 7.1 Raw data transformation procedure visualized in both the time and frequency
domains.

Extracting Time-Frequency Features Using Continuous Wavelet Transform

Time-frequency analysis transforms a signal in the time domain, x(t) , to the time-frequency
domain, in which various frequency components are present over time (e.g., short time Fourier
transform). Unlike the short time Fourier transform which generates time-frequency
representations in the fixed frequency resolution, a wavelet transform creates a frequency-

dependent frequency resolution using a scalable window function called the mother wavelet (y )

[45]. Given a wavelet function, y(t) € LZ(R) , Which has nonzero values only in certain range, the

continuous wavelet transform is written as

J_ j X(t)y"
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where 7, s, and " (s) are the translation parameter, scale parameter, and the complex conjugate
of w(s), respectively. Here, the signal is convolved with a scaled wavelet, thus W, (z,S) represents

the degree of correlation between the signal and the wavelet given 7 and s [66]. Because the
wavelet transform enables multi-scale analysis of a signal using the two variables, r and s, it can
effectively extract time-frequency features from nonstationary and transient signals [136]. In this
paper, the Morlet wavelet is employed, which is mathematically expressed as
w(t)=e "> cos(5t). (7.3)
Wavelet transforms have been extensively used to extract time-frequency features and
combined with various machine learning techniques in condition monitoring research [88, 89].
However, the previous studies mainly focus on detecting a targeted fault for a constant speed
condition. In the present work, however, as explained before, DL models will be trained with
features extracted from CWT, and then evaluated using experimental data obtained from varying

RPM settings and compared with the method explained in “Scaling and Smoothing of Time-series
Data Obtained from Different RPM Settings.”

7.3.2 Deep Learning Models Using LSTM and CNN

Long Short-Term Memory (LSTM)

An LSTM follows a recurrent architecture, that is, outputs from one layer can serve as inputs
for the same layer, allowing information to persist across entire sequences of inputs. A typical
LSTM architecture is shown in Figure 7.2 [138].

c 1 =l g
S ® @

Figure 7.2 A typical LSTM architecture.
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The LSTM can be distinguished from other recurrent neural networks by its use of gates.
Specifically, with each pass through the recurrent layer of the LSTM, depicted as “G” in Figure

7.2, the following may be computed:

d, = oW, x(h_, ®x)+b,), (7.4)

i, = oW, x(h_, ®x)+b,), (7.5)

C, = f,-C_, +i, - tanh(W, x (h_, ® x )+b,), (7.6)
0,= oW, x(h_, ®x)+b,), (7.7)

h, = o, -tanh(c,), (7.8)
o= (7.9)

Here, the operation symbols, X, ® and -, represent the matrix multiplication, the concatenation,
and the element-wise multiplication, respectively. o and tanh represent the sigmoid function and
the hyperbolic tangent, which has output values between 0 and 1 and between -1 and 1, respectively.
W and b are learnable weights and biases.

A qualitative explanation can be provided for each of these gates. d is the forget gate, with
values between 0 and 1 that determines how much of the previous state to retain. i is the input gate,
with values between 0 and 1 that determines how much of the input to accept. c is the cell state,
which can be described as the memory of the layer. It uses the forget and input gates to determine
how much information to retain and change between iterations. o is the output gate, which has
values between 0 and 1 that determines how much of the cell state to pass to the output. Finally, h
is the hidden state, which is passed as the output to the next layer and is also passed back into the
same layer for the next iteration. It is simply the cell state filtered by the output gate.

The architecture used in this paper combines one of these LSTM layers with the attention
mechanism [138] and a fully connected layer. After passing the data through the LSTM layer, the
vector of hidden states, h, is passed through an attention mechanism described by the following
equations.

q = tanh(W, xh+b,), (7.10)

B = softmax(W, xq+b,), (7.11)
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N, :iﬂihi. (7.12)

Once again W and b are learnable weights and biases. The softmax activation function is a
function that normalizes a vector so that all its values sum to 1. Qualitatively speaking, g represents

a learned embedding for each of the hidden states, £ is a normalized weight vector that assigns
an importance value to each of the hidden states, and h,, is an average of the m hidden states

weighted by g . Finally, h,, is passed through a fully connected layer for the final prediction.

The attention mechanism in the LSTM model can be used to overcome limitations of long
sequential data by determining how much “attention” should be paid to each time step in the hidden
state. A typical LSTM model uses only the hidden state information from the final time step, often
causing information from earlier iterations to be forgotten. However, attention uses information
from all time steps of the hidden state, prioritizing the ones that are most important for
classification, so important information in the past is not lost.

For time series data, the input is three stacked time series — vibration data from the X, Y, and
Z directions, i.e., processed data from a triaxial accelerometer. Each with 400 time-steps as shown
in Figure 7.3 (this architecture is called TS-LSTM in this paper). The model 1) passes each of the
400 time-steps through the LSTM layer, 2) takes the hidden states (from hi to hago) from the entire
pass, 3) multiply with the outputs from the attention mechanism, and 4) feeds them through a 128-
length fully-connected layer for classification. The fully-connected layer outputs a value between
0 and 1, which is rounded to produce the predicted targeted fault. The number in gray rectangular

(e.g., 128 x 128) means there are 128 x 128 connection between layers.
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Figure 7.3 A proposed LSTM architecture for time-series data (TS-LSTM).
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Convolutional Neural Network (CNN)

A CNN consists of alternating convolutional layers and pooling layers, followed by a fully
connected layer. Convolutional layers use several filters, each mapping the input matrix to an

output matrix. Filters take small regions of the input, multiply them by learned weights, and pass

the result to the output. Formally, a convolutional layer convolves input X;, as described in Eq.

(7.14), where W, and b, are the weights and bias of the k th filter, and g is the activation function,

often the rectified linear unit (ReLU).
g(x) = max(0,x), (7.13)

X o = 90X,y *W, +y). (7.14)

out,k

In the equation, * represents the convolution operator, where an output matrix is produced by
applying the k th filter across all regions of the input. All outputs from all filters are stacked to
produce the input for the next layer. This final output is often called a feature map since the values
represent features of the original input.

Pooling layers reduce the dimensionality and spatial precision of the input by sub-sampling
the input. Pooling locally combines each window of the input into a single value in the output. In
this paper, max pooling (i.e., max filter) is used, so each value in the output of the pooling layer
corresponds to the maximum value of a small region in the input.

Finally, after multiple convolutional and pooling layers, the resulting output is passed
through a fully connected layer. Mathematically this can be written as:

Xout :g(\Ninn+bj)' (715)

Eq. (7.15) describes the effect of the fully connected layer on the input X,,, where W, and bj are

the weights and bias respectively for the j th output. Here, g is an activation function, and ReLU
is used as the activation function for all layers except for final layer, for which the sigmoid function
IS used.

In this paper, time-frequency data are applied to a CNN model; the proposed CNN
architecture is shown in Figure 7.4 (called CWT-CNN). The figure is generated using NN-SVG
(NN- SVG). The input is three matrices, representing the amplitudes in the X, Y, and Z directions
across 400 time-steps and 311 frequencies. The output is a value between 0 and 1, which is rounded

to produce the predicted targeted fault.
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Figure 7.4 A proposed CNN architecture for time-frequency data (CWT-CNN).

7.4 Mechanical Imbalance Experiment and Condition Data Acquisition

A mechanical imbalance (e.g., rotor unbalance) can be defined as an uneven distribution of
mass/force about a rotating centerline. In a motor system, where power is transmitted from a motor
to driven equipment, some level of mechanical imbalance is always present owing numerous
factors, e.g., rotor wear/damage, debris buildup, manufacturing and assembly variation, and poor
design [62]. When this imbalance becomes large, it may affect the performance of the motor
system. A mechanically unbalanced motor system may experience rapid wear on mechanical
components (e.g., bearings), and consequently lead to a shorter life span of manufacturing
equipment. Failure of mechanical components can often be traced to system imbalance (and, in
turn, the imbalance is often attributable to other causes), so it is generally prudent to detect an
imbalance and take corrective actions as early as possible.

To collect acceleration signals for different imbalance conditions in a motor system,
experiments were conducted using a motor testbed. Overall configuration of the testbed is shown
in Figure 7.5a. The testbed is equipped with a ¥ horsepower motor with pulse width modulation
variable speed DC drive. To induce different levels of mechanical imbalance in the testbed, two
planar balancing disks with 24 equally spaced holes are mounted on a shaft between two bearing
supports. To create an imbalance condition during some of the tests, two masses were mounted to
the disk as shown in Figure 7.5b (the masses of (1) and (2) in Figure 7.5b are 27.06 g and 29.08 g,

respectively). The photo tachometer (Extech , 461895) was used to measure motor speed during
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the experiment (Figure 7.5c). A triaxial accelerometer (PCB PIEZOTRONICS, J356A45) was

attached using adhesive as shown in Figure 7.5d.

: Mounted
—— Masses
\ = (56.14 g)

Balancing
Disk without
Mass

(b)

Mass Balancing Disk

Bearing Rotor

VA

..... _J I__.____.__A_._

Accelerometer

(d)

Figure 7.5 Motor testbed for mechanical imbalance experiment; (a) overall configuration, (b)
balancing disk with mounted masses, (c) tachometer, and (d) schematic diagram.
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Figure 7.6 Typical triaxial acceleration signals and their spectra for different imbalance levels
(top is the default setting and bottom is the mass-loaded setting) and RPMs: (a) X axis and
RPM=300, (b) X axis and RPM=380, (c) Y axis and RPM=380, (d) Y axis and RPM=380, (e) Z
axis and RPM=300, (f) Z axis and RPM=380.

In the experiment, two levels of the mechanical unbalance were introduced. The two levels
are a “balance” or default condition (no masses on the disks) and imbalanced conditions (with the
two masses added to the disks). During the experiment, the motor speed (RPM) was increased

from 300 to 380 in 20 RPM increments, and triaxial acceleration signals were collected using a
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National Instruments (NI) Compact Data Acquisition System that included chassis (NI, cDAQ-
9178) and Sound and Vibration Input Module (NI, NI-9234). The data were collected under
steady-state operating conditions for a total of ten data sets (two levels of imbalance and five
rotational speeds, 300, 320, 340, 360, and 380 RPM). LabVIEW software was used to store the
sensor signals in a PC, and the sampling rate for the X, Y, and Z channels was set to 3.2 kHz. The
digital data were sampled 50 times at 10-second intervals (i.e., 3,200 x 3 x 50 = 480,000 data for
one set).

Figure 7.6 shows examples of the typical triaxial acceleration signals obtained from different
imbalance and operating conditions and their corresponding spectra using FFT. Also, in order to
numerically compare the differences in the tri axial acceleration signals, two features, root mean
square (RMS) and Kurtosis, which were extracted from the time domain and frequency domain,
are computed in Table 7.1. As expected, the longitudinal direction (Y axis) displays a smaller
vibration than other directions in terms of RMS value during the operation because there was no
significant movement in the longitudinal direction in the testbed. While the highest RMS values
were observed in X axis, Z axis shows the greatest Kurtosis values in most cases which means that
a heavier tail exists over the frequency distribution. As seen in the table, a distinguishable pattern
can be found in each axis as rotational speed and load-setting change.

Despite noticeable differences among the acceleration signals shown in Figure 7.6, it may
be hard to manually distinguish a mechanical imbalance condition by looking at the differences.
With this in mind, the proposed methods are applied to the experimentally collected condition data

to diagnose the imbalance condition in a motor system.

7.5 Application of Machine Condition Data to Deep Learning Models

In this section, the deep learning models described in Section 7.3.2 are trained and tested
using the acceleration signals obtained from the experiment. As mentioned, the goal of paper is to
develop a fault detection model whose accuracy is invariant to changes in the RPM. However, the
models’ performance at a constant RPM setting is evaluated first to show whether trained DL
models are able to detect a targeted fault properly at the constant operating condition (Section
7.5.1). Subsequently, a model’s performance to data obtained from operating conditions different

from the training data is studied (Section 7.5.2).
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Table 7.1 Comparison of tri-axial acceleration signals using RMS (time-domain) and Kurtosis
(frequency-domain) features.

300 RPM 300 RPM 380 RPM 380 RPM

AXIs Feature Default Mass-loaded Default Mass-loaded

Setting Setting Setting Setting

X RMS 0.0609 0.0662 0.0621 0.0716
Kurtosis 114.0695 68.8551 33.0453 25.7101

v RMS 0.0286 0.0258 0.0289 0.0304
Kurtosis 59.7082 78.0904 41.52 91.8306

~ RMS 0.0517 0.0518 0.0351 0.0352
Kurtosis 400.8934 427.1034 64.1671 71.3961

7.5.1 Constant RPM Setting

Before training the models, raw acceleration signals obtained from the experiment are
divided into training (70%) and testing dataset (30%), and processed as described in Section 7.3.1.
Because a constant RPM setting is considered here, the noise-reducing data transformation, i.e.,
scaling and smoothing, which described in “Scaling and Smoothing of Time-series Data Obtained
from Different RPM Settings,” is not included in this section. Instead, raw time-series data are
used to train and test the TS-LSTM model. Time-frequency data are extracted using CWT, and
frequencies between 0 and 400 Hz are used because the motor ran at low speeds during the
experiment.

Once time-series and time-frequency are prepared, training and testing are conducted in a
PC platform (Precision 5820 Tower). To implement the proposed method, for hardware, any
standard PC with a decent Nvidia GPU (preferable) will be enough because the deep learning
models used in this study are relatively shallow, i.e., there are not many learnable parameters
compared to a model often used for image recognition. For software, Python 3 along with some
packages (e.g., numpy, PyTorch, and torchvision) are used. The PC platform used for this study is
equipped with Intel Xeon with 32 GB RAM and GeForce GTX 1080 TI with 11GB GDDR5X.
The proposed deep learning architectures (TS-LSTM and CWT-CNN) are implemented through
Pytorch deep learning framework.

Each model is trained with the Adam optimizer [140] over 500 epochs with a learning rate
of 0.001 and a batch size of 16. The parameters were selected by a trial and error experiment using
a technique called GridSearch, in which 1) sets of possible hyper-parameter values were taken,
e.g., learning rates of 0.0001, 0.001, and 0.01 and batch size of 8, 16, 32, and 64, 2) every
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combination was tried once, and 3) the one that performed the best was chosen. To avoid an
overfitting problem in the models, L2 regularization with lambda = 0.0002 is used, and models are

trained to minimize the cross-entropy loss function (L),
L(y, f,(x)) = =(ylog(f,(x)) + (- y)log(L - f,(x)) + 2[|6", (7.16)
where fg(x) is the model output for input data, x, parameterized by weights €, Y is the true label

of x, and A is the L2 regularization weight. Each experiment include 25 trials and accuracies are

reported with 95% confidence intervals.
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Figure 7.7 Prediction accuracies with 95% confidential intervals for constant RPM settings.

Here, for constant RPM, a model is trained and tested using data collected from same RPM.
Thus, both TS-LSTM and CWT-CNN architectures are used to develop models for each RPM
settings, i.e., a model trained with data obtained at the rotational speed of 300, 320, 340, 360, or
380 RPM is tested with the data obtained at the rotational speed of 300, 320, 340, 360, or 380
RPM, respectively. Figure 7.7 shows prediction accuracies with 95% confidential intervals for TS-
LSTM and CWT-CNN models (each model was trained and tested 25 times). As shown in the
figure, CWT-CNN models outperform TS-LSTM models for all RPM cases. This is expected
because raw signals were used in TS-LSTM models. Normally, acceleration signals are acquired
with redundant information, which may not relevant to a machine condition. Due to the high

accuracy of the CWT-CNN models, one may assume a possibility of overfitting. However, there
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is not much overfitting because all accuracies displayed in Figure 7.7 are “test accuracies” (i.e.,
the test dataset was not used for training the models). Also, a poor test performance is normally
observed in the case of overfitting. One possible reason for the high accuracy is because, on same-
RPM training and testing, the differences between the machine condition data of the two states are
so vast that it is fairly simple for the models to find a comfortable decision boundary.

In next section, the noise-reducing data transformation is implemented for the time-series
data. A model is trained with data obtained from one RPM setting, and the trained model is

evaluated using data obtained at previously unseen RPM settings to reflect varying RPM condition.

7.5.2 Varying RPM Setting

For the study of RPM invariance in a deep learning model, the LSTM and the CNN are
trained with one dataset (i.e., data collected from one RPM setting), and tested with the other
dataset (i.e., data collected at the other RPM setting). In this way, a model’s performance variation
with data from previously unseen RPM can be evaluated. Also, in order to demonstrate the
effectiveness of the attention mechanism and the noise-reducing data transformation in the LSTM
model, the performance of the LSTM model 1) without attention mechanism and 2) without noise-
reducing data transformation are reported together.

Before training the models, the time series data go through the noise-reducing data
transformation to extract features, which may have the property of RPM invariance in a LSTM
model. To implement this, first, time-series data are scaled using ¢ as described in “Scaling and
Smoothing of Time-series Data Obtained from Different RPM Settings.” Second, high frequency
components are removed through a low pass filter because the motor ran at low RPMs. Less
significant amplitudes, i.e., lower amplitudes, in the frequency domain are subsequently removed.
Lastly, the filtered data in the frequency domain are converted back to the time domain using
inverse DFT (per the procedure visualized in Figure 7.1), and they are used to train and test the
LSTM architecture described in “Long Short-Term Memory (LSTM)” (we call this as “Scaled
and Smoothed TS-LSTM”). Time-frequency data are obtained through CWT as described in
“Extracting Time-Frequency Features Using Continuous Wavelet Transform” and Section 7.5.1,
and the data are applied to CNN architecture explained in “Convolutional Neural Network (CNN).”

Trainings of the models were conducted on the same PC platform using the same parameters

as described in Section 7.5.1. A model was trained using dataset from one RPM setting (training
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RPM) and evaluated by the dataset (testing RPM), which were obtained from different RPM
settings with the training dataset (i.e., training dataset and testing dataset were collected in different
rotational speed settings). Here, five models, 1) TS-LSTM without Attention 2) Scaled and
Smoothed TS-LSTM without Attention, 3) TS-LSTM with Attention, 4) Scaled and Smoothed TS-
LSTM with Attention (proposed method), and 5) CWT-CNN were examined. Results of TS-
LSTM and Scaled and Smoothed TS-LSTM can be used to demonstrate the effectiveness of the
noise-reducing data transformation in the LSTM model. Similarly, result of the models with
attention and without attention can be used to evaluate the effectiveness attention mechanism in
the LSTM model.

To examine the performance variation of the five models, the models trained with data
obtained from rotational speeds of (a) 320 RPM and (b) 340 RPM are selected, and prediction
accuracies are displayed in Figure 7.8 with 95% confidence intervals. In the figure, the
performances of multiple models are plotted together to 1) graphically display the accuracy drift
away as the new speed deviates from what has been tuned, and 2) compare the proposed method,
i.e., Scaled and Smoothed TS-LSTM with Attention, with other typical methods. As described in
Section 7.2, the goal of this study is to develop a method, which will be likely to have the property
of RPM invariance using RPM transformation and deep learning model.

For CWT-CNN, in all experiments, the model’s performance tends to drop significantly as
the test data RPM differs from the training data RPM despite performing well for constant-RPM
cases. This is expected as there was no RPM-invariant method implemented in the CNN model.
Similarly, the LSTM models without attention mechanism also show this significant drop, but the
model incorporating noise-reducing data transformation (i.e., Scaled and Smooth TS-LSTM)
displays better performance than the model using raw data (i.e., TS-LSTM) in the most cases. The
LSTM models, which have attention mechanism, do not show the significant drop in performance,
especially in the Scaled and Smoothed TS-LSTM with Attention. The models with attention
mechanism also can still often maintain accuracies above 90% from test data with significantly
different RPMs. So, the effectiveness of the Attention mechanism in the LSTM model and the
effectiveness of the scaling and smoothing of time-series method for the property of RPM
invariance are demonstrated by comparing with other methods (or other combination).

Table 7.2, the performances of the five models for the experiments, which are not included

in Figure 7.8, are summarized. In the table, the values in the boxes with grey color present the
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performance for constant RPM setting and the values in the boxes with white color show the

performance for variable RPM setting. While the TS-LSTM with scaled and smoothed data does

not outperform the TS-LSTM with raw data in every case, it performs better on average, especially

in cases where the RPM difference is greater. This shows that the scaling and smoothing procedure

on LSTMs does indeed provide significant benefits in varying RPM situations. Also, the prediction

accuracies of the LSTM model are significantly improved by adding the attention mechanism in

the model.
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Figure 7.8 Models’ performance variation when considering data obtained from previously
unseen RPM settings; a model was trained with data from (a) 320 RPM and (b) 340 RPM

settings.
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Table 7.2 Performances of the models when considering data obtained from previously seen
(italics shading) and unseen RPM settings.

Training Testing RPM
RPM Model 300 320 340 360 380
TS-LSTM without 0866+ 9120+ 7455+ 7647+ 6733+
Attention 0.32%  2.15%  574%  548%  5.71%
Scaled and Smoothed TS- 97.88 + 79.38 + 82.60 + 83.95 + 59.06 +
LSTM without Attention ~ 0.47%  3.04%  3.38%  2.73%  3.18%
. . 9133+ 7766+ 6475+ 6587+ 5867+
300 TS-LSTM with Attention 1 76% 4.57% 5 63% 5 87% 6.40%
Scaled and Smoothed TS- 98.50 + 7250 + 83.90 + 83.38 + 72.76 £
LSTM with Attention 0.43%  351%  385%  3.92%  4.65%
100+ 6517+ 5817+ 5150+ 5063+
CWT-CNN 0.00%  523%  559%  1.85%  0.50%
TS-LSTM without 7718+ 8525+ 8637+ 8193+ 8112+
Attention 424%  401%  4.93%  6.12%  5.25%
Scaled and Smoothed TS- 76.30 + 90.20 + 87.28 + 95.09 + 80.44 +
LSTM without Attention ~ 4.17%  3.02%  3.77%  2.06%  4.71%
360 ] . . 8425+ 9106+ 9793+ 9888+ 89.37+
TS-LSTMwith Attention 7% 0" S ege6 063% ~ 021%  0.99%
Scaled and Smoothed TS- 84.24 + 94.39 + 88.59 + 08.62 + 85.12 +
LSTM with Attention 483%  139%  4.99%  0.35%  6.04%
966+ 9927+ 9733+ 9967+ 8443+
CWT-CNN 1.94%  051%  2.14%  0.26%  4.23%
TS-LSTM without 5201+ 5538+ 7215+ 6429+ 6826+
Attention 4.70% 6.37% 6.61% 5.72% 7.26%
Scaled and Smoothed TS-  70.14+ 8387+ 7650+ 7354+ 9621+
LSTM without Attention ~ 3.01%  3.17%  450%  592%  2.06%
380 TS.LSTM with Attention  /5:66% 8332+ 8584+  00.37+ 9621+

507%  514%  6.05%  572%  4.27%

Scaled and Smoothed TS- 77.00 + 91.37 + 03.43 + 83.40 + 08.15 +
LSTM with Attention ~ 3.58%  4.87%  2.59%  455%  2.70%
61.05+ 8775+ 9693+ 9983+ 9997

CWT-CNN 6.23%  555%  166%  008%  0.03%

7.6 Conclusion

This paper has proposed a DL-based method for condition monitoring of rotating machinery
that is invariant to changes to rotational speed. To experimentally validate the RPM invariance in
a deep learning model, sets of experiments were conducted to collect machine condition data (i.e.,

triaxial acceleration) at various RPMs. The condition data were processed to extract features,
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which may better represent the RPM invariance in a model, and were applied to train and test the
proposed LSTM and CNN architectures. The RPM invariance for the models was examined by
using the data obtained from previously unseen RPM settings.

Through the results of the DL experiment, a condition was well classified when tested on
data with the same RPM as its training set. However, for all models, the prediction accuracies
tended to degrade as the test data RPM began to differ. Overall, LSTM model showed smaller
performance degradation to previously unseen RPMs than did the CNN model. Also, LSTM
classifies the condition more effectively in terms of average accuracies. The Scaled and Smoothed
TS-LSTM, in which raw signals are processed through the noise-reducing data transformation, is
proven to be a better method than the TS-LSTM. From this, it is shown that the signal processing
method can enhance the model’s performance in the LSTM model. Also, the effectiveness of the
attention mechanism in the LSTM model is demonstrated by comparing the performance of the
models with and without attention mechanism.

In conclusion, this paper introduced RPM invariance, and it was tested through the proposed
methods. Also, the models’ uncertainties to varying speeds were quantified and compared. For real
world application, a condition monitoring system must identify a targeted fault under variable
operational conditions. Thus, a model’s invariance to varying operating condition must be
considered in the diagnosis and prognosis of machine health. As a future work, a method, which

can detect a targeted fault under any speeds (i.e., when test RPM is unknown) will be studied.
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8. TIME TO FAILURE PREDICTION OF ROTATING MACHINERY
USING DYNAMIC FEATURE EXTRACTION AND GAUSSIAN
PROCESS REGRESSION’

Abstract

Recent advances in sensor technology and computing power allow for the generation/utilization
of larger and more diverse sets of data. These developments enable the creation of data-driven
models that can support real-time decision making. Such a decision aid can allow for predictive
maintenance (PdM) to be undertaken on a much greater scale in manufacturing plants, where the
equipment to be maintained are often complex electro-mechanical systems (e.g., rotating
machinery). PdM includes data-driven prognostics and health management (PHM), and seeks to
prevent unexpected downtime, reduce maintenance cost, and extend equipment service life. To
enhance the performance of a prognostic model, one key task is to collect high-quality data, and
in the past this has often involved using a feature extraction method to get meaningful information
from a large noisy dataset. However, such methods may not handle noisy data well (e.g., machine
vibration) or address measurement errors adequately. Consequently, extracted features may not
represent a degradation process suitably as a machine approaches a failure or fault. Also, effects
of sensor types (e.g., piezoelectric- or Micro-Electro-Mechanical System-based) on the feature
extraction and prediction model have not been much explored yet. To overcome this limitation,
dynamic feature extraction is proposed to mitigate the effect of noisy statistical features in a
monotonic trend by introducing a statistical penalty. Then, the features extracted through the
method are used to construct a health indicator (HI). With the available historical HI values, a
probabilistic regression model, i.e., Gaussian process regression, may be used to forecast the time
to failure (TTF) of rotating machinery with uncertainty propagation. To validate the proposed
method, acceleration data (from two types of accelerometers) were collected from rotating
machinery for several run-to-failure cases. The proposed method is demonstrated to provide
excellent forecasts of TTF for both accelerometer types.

Keywords: Time to Failure, Dynamic Feature Extraction, Gaussian Process, Uncertainty

Quantification, Rotating Machinery.

" This work is submitted to Journal of Intelligent Manufacturing.
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8.1 Introduction

Rotating elements are common critical components in pieces of equipment. A variety of
engineering applications (e.g., wind turbines, electrical motors, and pumps) have such rotating
elements. An unexpected failure in rotating machinery can result in catastrophic consequences
such as reduced productivity and economic loss [93, 94]. One might expect that such failures might
be avoided or better anticipated through equipment maintenance; however, Qin et al. [143] noted
that nearly half of the maintenance expenditures were wasted due to their ineffectiveness. It
appears clear that equipment maintenance is a critical task in ensuring equipment availability that
must also consider time and cost.

Recently, the emergence of new technologies, e.g., Internet of Things (loT), Artificial
Intelligence (Al), and smart sensors, and the advancement in computing infrastructures, e.g.,
graphics processing unit (GPU), have enabled a shift from conventional maintenances
philosophies, e.g., breakdown and preventive maintenances, to advanced maintenance approaches,
e.g., predictive maintenance, in manufacturing plants [143]. Predictive maintenance, also called
condition-based maintenance, generally consists of sensors, data acquisition, signal processing
(data preprocessing), fault detection, and remaining useful life (RUL) prediction®. As for time to
failure (TTF) prediction, data-driven prognostics and health management (PHM) has gained
significant attention recently in the field of machine condition monitoring research [95, 96, 97]. In
data-driven PHM, a model such as machine/deep learning is trained and validated with
preprocessed sensor signals obtained from run-to-failure experiments, and the trained model is
deployed to make TTF predictions so as to avoid machine breakdowns [98, 99].

In order to build a PHM system for a piece of manufacturing equipment using historical
machine condition data, three steps are considered: (1) data preprocessing, (2) model development,
and (3) model validation. The first stage, data preprocessing (or feature engineering), is conducted
to extract key features from a large amount of data using statistical measures such as root mean
square (RMS), kurtosis, and variance [148]. Ren et al. [149] extracted features from vibration
signals in the time- and frequency-domains using statistical measures, and then, the extracted

features were used to train and test a deep neural network for RUL predictions of bearings. Ali et

8 When a machine failure occurs, many in the literature describe this as the "end of useful life." But, of course, in
many cases the machine can be repaired to put it back into service life. For such a case, the authors prefer the phrase
"time to failure (TTF)" over the frequently used "remaining useful life (RUL)." For elements that cannot be repaired,
such as a bearing, RUL is certainly appropriate.
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al. [150] fitted the extracted features to the Weibull distribution to enhance the stability of a data-
driven model. Park et al. [66] used a wavelet transform to extract fault relevant time-frequency
features from vibration signals, and these were used for detecting mechanical failures in a planetary
gear system.

There was a study that incorporated an optimization technique to identify the best
combination of features to reflect machine health. Qin et al. [143] constructed a health indicator
(HI) by identifying an optimal degradation indicator using a genetic programming algorithm. The
genetic algorithm randomly created multiple mathematical combinations of the extracted features,
and an optimal combination was selected based on a pre-defined fitness function. Then, the optimal
combination, which is a health indicator (HI), was used in a Wiener-process model to predict RUL
of rotating machinery. Guo et al. [151] extracted time, frequency, and time-frequency features
from vibration signals, and the most sensitive features were selected based on the evaluation
metrics (monotonicity and correlation). The selected features were synthesized to construct an HI
for the RUL prediction of bearings. Bektas et al. [144] employ neural networks as a filtering
method in the data preprocessing stage. Overall, the effect of the data-preprocessing on the
performance of a similarity-based RUL prediction algorithm was investigated. The importance of
data-preprocessing on RUL prediction was also discussed. Li et al. [152] provide a comprehensive
review of literature on PHM applied to rotating machinery.

As argued in the articles cited above, the performance of a prognosis model depends on how
well features are extracted from the raw data. Performance can be improved if better methods are
available to distill "good" features from noisy data to construct an HI [153]. Here, a “good” feature
means that it is robust to noise in the data. And a "good" HI means it is monotonically related with
a mechanical degradation process [151]. Accordingly, along with model development (e.g.,
designing model structure, hyper-parameter tuning, and optimization), development of an HI
construction method, which exhibits a monotonically increasing value as a machine degrades and
approaches a failure, is an active area of research [151]. Many recent HI studies have designed an
HI by synthesizing multiple statistical features directly calculated by mathematical equations. Or,
features, which are sensitive to a fault, were selected based on an evaluation metric (e.g.,
monotonicity). These approaches may work well for a given dataset; however, they may not be

adaptive and applicable to new datasets (or other mechanical systems). A feature identified as
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optimal may not be optimal for other mechanical systems or for different operational settings. In
the worst case, an “optimal” feature may not exist, or be unknown due to a lack of knowledge.

In the case of acceleration data collected from a piece of equipment, as in the case of machine
condition monitoring, a signal may include errant data due to changes in environmental conditions
(e.g., temperature), fluctuation in process settings (e.g., rotational speed), sensor instabilities, etc.
[154]. Features obtained from such a noisy signal will then also be noisy. Furthermore, if normally
a feature directly relates to the level of degradation, this relationship may not be evident with a
noisy signal and noisy feature. Thus, even in the face of monotonically increasing degradation
over time, a noisy feature may not present a clear monotonic trend. Therefore, in this paper, a new
feature extraction method, called dynamic feature extraction, is proposed to mitigate the effect of
noisy statistical features by adding a statistical penalty while maintaining a monotonic trend. This
means that, rather than identifying or selecting good features, the feature observed at the current
time is updated based on a probability density function (PDF). A PDF is constructed using kernel
density estimation (KDE) with historical data within a certain time window, and the PDF is
dynamically updated with new time windows over time. Features extracted through the proposed
method are combined to construct an HI, and they are evaluated by the evaluation metrics (i.e.,
monotonicity and correlation) using several run-to-failure datasets obtained from the experiments
in this study. Additionally, the proposed method is compared with several popular data smoothing
techniques as well as typical feature extraction method.

To demonstrate whether the proposed feature extraction method effectively works fora TTF
prediction of a rotating machinery, the method is combined with a regression model. With the
available historical HI values, a failure threshold was defined and TTF of rotating machinery was
estimated using a probabilistic regression model. In this study, GP (Gaussian process) regression
is employed for the TTF prediction with the uncertainty quantification of the prediction. GP is a
Bayesian machine learning method and a non-parametric regression model. It models unknown
functions with available data and describes the functions using probability measures on the
function space. GP regression is known to have numerous advantages such as non-parametric and
adaptive hyper-parameter learning, and predictions interpreted with a probability distribution [66].
Thus, the method is appropriate for non-linear and time-varying data [155]. Also, unlike the
artificial neural network model, which requires a lot of training data and extensive parameter

tuning, GP works well with a small dataset, less depends on parameter tuning, and also it’s
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computationally more affordable. These advantages make it more suitable for our application. In
this study, GP regression is trained with historical HI values computed by dynamic feature
extraction. Then, TTF predictions are made on several run-to-failure datasets in consort with
uncertainty quantification (i.e., aleatory uncertainty and epistemic uncertainty).

To validate the proposed method, acceleration data was collected during several run-to-
failure trials on in-service vacuum pumps. In our data collection, two types of accelerometers, (1)
piezoelectric and (2) micro-electromechanical systems (MEMS) accelerometers, were deployed to
collect data. The two types are distinguished by their sensing mechanism. In a piezoelectric
accelerometer, a piezoelectric sensing element induces an electric charge proportional to the
applied acceleration; for a MEMS accelerometer, movement of mass creates a capacitance change
under an applied acceleration [156]. A piezoelectric accelerometer is the most common sensor
used for vibration measurement/analysis (e.g., diagnostics of rotating machinery) due to its large
frequency response range, stable sensitivity, and low noise, but such sensors are expensive.
Meanwhile, MEMS accelerometers are low-cost and have been widely used for many applications
(e.g., motion detection) due to their low cost. However, MEMS accelerometers are only suitable
for low-frequency range of vibrations and have high noise and small measurement range. Thus,
accelerometer type should be selected based on the application of interest (e.g., frequency range,
sensitivity, measurement range, and budget). In the machine health monitoring research field, the
effect of sensor types on the model’s predictions has not been well reported yet although “how to
collect data” will significantly contribute to the model’s prediction. In this paper, the proposed
method is not only validated using the experimental data obtained from the different types of
sensors, but also the effects of the sensor type on the model’s performance are investigated. The
key contributions of the paper are as follows:

e A new feature extraction method (called dynamic feature extraction) is proposed to
mitigate the effect of noisy statistical features by introducing a statistical penalty,

e GP regression predicts TTF with an uncertainty quantification, and the TTF is interpreted
by a probability distribution,

e The proposed method is validated using experimental data collected during several run-to-
failure trials on in-service vacuum pumps, and

e the effects of accelerometer type (piezoelectric and MEMS) on the model’s predictive

capability are investigated.
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All data collected from the experiment described in this paper will be available via the
Purdue Laboratory for Sustainable Manufacturing (LSM) [133].

8.2 Motivation

As has been noted, predictive maintenance of manufacturing equipment requires sensed
information on the equipment state in order to assess its wellness and forecast upcoming failures.
When a large amount of machine condition data (e.g., vibration) is collected, say at a high sampling
rate for many sensors, one strategy for managing the data is to first extract features from the data.
Common features that may be extracted include the root mean square (RMS), kurtosis, mean,
variance, and statistical distance metrics. As mentioned before, it is important to extract “good”
features from noisy data to construct an HI because the goodness of such an indicator may
determine the performance of a data-driven prognostic model.

Almost always, the state of a machine will undergo increasing degradation over time. And,
it is to be expected that metrics (e.g., vibration) that are proportional to the degree of degradation
would likewise demonstrate monotonical behavior. However, owing to noise in sensor data,
features extracted from sensor signals using statistical measures may not present a clear monotonic
trend. Although the features may generally tend to increase or decrease over time, their values may
fluctuate, or even display large, sudden departures from stable behavior (outliers). The magnitude
of the fluctuations and the frequency of outliers/spikes may vary depending on the equipment
being monitored and the sensors employed, but some unavoidable factors such as changing process
parameters and measurement errors always exist. Although the details on the datasets used for this
study will be explained in detail in Section 8.4, let us use a part of datasets to illustrate the problem
and discuss our proposed method.

Let X; ={x, X,, ..., %,} € R" be a sample (in this case, a time series) collected at time
T e{l, 2, ..., t}, where n is the number of data points in one sample. Then, a set of features at

time T, G; ={9,, 9, ..., 9.} € R* can be obtained using feature mapping functions, ¢, (), where

k is the number of features extracted from one sample. For t samples collected over time, the

sample data may be transformed into features, G: X,, e R™ — ¢, (X,,) € R“". This process,

when n=12,000, k=4, and t=1438, may be visualized in Figure 8.1 using data collected with a data

collection rate within a sample, time duration of a sample, and time between samples of 12 kHz,
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1 second, and 1 hour, respectively. As is evident from Figure 8.1, the data within a sample seem
to follow a Gaussian distribution with zero mean. The distribution graphs in the lower left-hand
portion of the figure also seems to show that the variance tends to increase over time (high

amplitudes of vibration are observed as a machine failure approaches).
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Figure 8.1 Extracting features from a run-to-failure dataset.

In Figure 8.1, the behavior of four features, Euclidean distance (ED), Kullback-Leibler
divergence (KLD), root mean square (RMS), and variance (VAR), are displayed over time. These
features were extracted using Egs. (8.1)-(8.4) and will be the features evaluated in this study. ED
is a distance measure quantifying a relative difference between two datasets. Thus, the relative

differences (i.e., distance) from the sample, X, ={x, x,, ..., x,} , obtained from an initial
condition (T =1) to the samples, X, ={x{, x;, ..., x} , collected after the initial condition
(T ={2, 3, ..., t})are plotted in the figure. KLD (i.e., KL(p |/ q) ) computes a difference between
two probability distributions for a random variable (see Eq. (8.2)). The divergence from the
probability distribution for an initial condition, p, to the probability distribution for some
subsequent condition, g, was also calculated. Assuming that two probability distributions are

Gaussian with p(x) ~ N(z,0?2) and q(x) ~ N(u,,c7) , where x is a random variable, the

divergence equation can be rewritten as a function of the means and standard deviations of the
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probability distributions. RMS is the square root of the average of the squared amplitudes, thus it

presents an averaged magnitude. Variance measures the statistical dispersion of a given sample.

> 0¢-nY, 61)
p(x) 1 o (), ,
feio Zp(x)log a0 Iog 5 2 + 207 (if p and q are Gaussian),  (8.2)
frus :1’ ZX. , (8.3)
fo =2 2 (% )" (8.4)

i=1

As shown in Figure 8.1, all extracted features fluctuate over time and display many sudden
departures from stable behavior (this behavior is also observed in other statistical measures which
are not presented in this paper and the monotonicity of these features will be further discussed in
Section 8.5.1). Consequently, this may result in the construction of poor HI, which may result in
a poor predictive model, which provides inaccurate TTFs. To handle this problem, a simple and
fast feature extraction method is proposed, which is discussed in the next section.

8.3 Methodology

8.3.1 Dynamic Feature Extraction

Kernel density estimation is a way of approximating an unknown probability density

function (PDF) for a given dataset, and may be mathematically written as

PDF (x) = — (8.5)

where N is the number of data points in a given dataset, h is the bandwidth (also known as a
smoothing parameter), and K is the selected kernel function. A probability density function can be
constructed by (1) placing a selected kernel function, K, on each data point, (2) summing all
generated kernel functions, and (3) dividing by Nh to create a valid probability function (so that
the integral of the PDF equals to 1). Silverman [157] proposed a Gaussian kernel function and an
optimal bandwidth as shown in Egs. (8.6) and (8.7),
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K(x) = exp(-x*/2)/\27, (8.6)
h=(46°/3N)*?, (8.7)

where O is the standard deviation of a given dataset. In the proposed method, the KDE method
approximates a PDF using a certain length of historical features, and the PDF is updated as new

data becomes available.

Table 8.1 Pseudo code of dynamic feature extraction algorithm.

Dynamic Feature Extraction Algorithm
Require: a = [o1, a2, as]: penalty parameters, I: window size where | <t-1, m = number of samples drawn from
PDF, n= number of datapoints in one sample, t = data collection time (hour)
Function ECDF(x)
1: dataset = [Xq, X2, ..., Xm]
2: return (number of observations < x) + m: empirical CDF of a given dataset: Eq. (8)
Function iECDF(u)
1:assertu>=0andu<=1
2: X" = argmin ECDF (x)- u: Brent’s method is used to find a unique solution u [0, 1]
3: return X*
For T=1+l to t do
1: input: Dt = [ X1, X144, ..., X711, X7] € R™ : historical sample data with window size of | at current time T
:Z1 =[Gy, Gy, ..., Gu1, G|]: feature extraction through G:D; e R™ — ¢ (X; ;) e R
: PDFr «— KDE(Zy): construct a PDF using KDE (Eg. (5))
:for v=1to mdo V¢ ~ PDFy: draw m samples from PDFy
: dataset «— V
: foru=ltoldo
if Z¥ <iECDF(0.5): H¥ « Z¥ +(iECDF(0.5) — Z%) x a4
else if iIECDF(0.5) < Z¥ <iECDF(0.95): H¥ « Z¥ — (Z¥ - iECDF(0.5)) X a2
else: H} «— Z¥ — (Z¥ —iECDF(0.5)) x a3
end for
10:output: Hr: updated features at time T
End for

Output: H =[Hs, H; ..., H¢]: updated features for t hours

To calculate a new feature using a PDF approximated by KDE, first, several samples are
drawn from a probability distribution. With the m samples (x1, X2, ..., Xm), an empirical cumulative

distribution function (ECDF) for a random variable x can be calculated as follows,

- < m
Number of Observation<x 1 Z]w (), (8.8)
=1

ECDF(x) = _=
m m 4
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where 1,(x) is the indicator function; 1,(x)=1ifxe Aor0if x¢ A for a subset A of a set X.
Once an ECDF is computed, an inverse ECDF (iECDF), which outputs
% = ECDF*(u) =iECDF(u) , can be obtained for any u [0, 1]. Then, a relative distance between

the 50th percentile (u=0.5) and an originally extracted feature value is used to update the feature
value (i.e., new feature). The method is designed to give a higher penalty to more extreme feature
values (largely deviations from a distribution). In the method, the 50th percentile (median) is used

rather than the mean, since the median is less sensitive to noise or outliers. In the iECDF, Brent’s
method (root-finding algorithm) is adopted to find an optimal solution, x’, using:

X" =argmin ECDF(x) —u. (8.9)

The algorithm for dynamic feature extraction is presented in Table 8.1. As described in the
pseudo code, a PDF is updated over time as new feature values (next time-step) become available,
and the originally extracted features are updated using the relative distance mentioned above. In
order to make the method more robust and to ensure monotonic behavior over time, different
penalty parameters (a1, a2, a3) are introduced, and they are adopted based on a relative distance
and a direction between an input feature and 50th percentile value (iECDF(0.5)). For example, a
higher penalty value is applied for features whose values are greater than or equal to iECDF(0.95)
than for values between IECDF(0.5) and iECDF(0.95). This will help to mitigate any effect of
extreme values on the features, and preserve a monotonic trend. To quantify the degree of

monotonicity the evaluation metrics of Egs. (8.10) and (8.11) may be used [151]:

Monotonicity= number of d/dx>0  number of d/dx <0 | (8.10)
h-1 h-1
PICERI(RN]
Corr = (8.11)

oY (LD
where h is the number of observations, Corr is a correlation between features, X, and observed
time, L, which measures a degree of linear correlation. Monotonicity metric is used in the study
because the useful life of a machine monotonically decreases as a function of time in a run-to-
failure setting. Corr metric is used to measure the relationship between the features and the
degradation process. These two metrics are commonly used for the feature selection and the
evaluation of HI [103, 104, 110].
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After calculating the features, the features are interpreted using principal component analysis
(PCA) to obtain an HI. PCA is known as a dimensional reduction technique, in which observed
data are mapped into new axes (eigenvectors from the PCA) [41]. In this paper, the value
associated with the first principal component (i.e., the value projected on the first principle
component) is used as the HI. In the next section, Gaussian process (GP) regression, which predicts

a TTF along with an estimate of its uncertainty, is discussed.

8.3.2 Gaussian Process (GP) Regression
GP regression is a nonparametric Bayesian approach to develop a model for an unknown
function, f(-), which represents the relationship between inputs and outputs. The method defines
a probability distribution over a function space, and initially f () is assumed to follow a prior
distribution, and any finite collection of observations (i.e., function values) follow a joint Gaussian
distribution [159]. GP utilizes a mean function (m(-)) and a covariance function (k(-,-)), which
describe the central tendency and uncertainty of the function, f(-), respectively. Mathematically,
GP is defined as
f()~ p(f())=GP(m(), k(")) (8.12)
where m(x) =E[f(x)] and k(x,x") =E[(f(x)—m(x)(f(x)-m(x’)]. Based on the dataset, a
different covariance fusion or a combination of multiple covariance functions can be used [155].
In this paper, the sum of four covariance functions (a squared exponential kernel, a linear kernel,

a white noise kernel, and a rational quadratic kernel functions) are used, where

Kee (X, X) = s> exp {— (x ;I)z(')z } (8.13)

klinear(xf X’) = (X'C)(X"C)’ (8.14)

Kyite (6, X) = §1, (8.15)

)= s E Xy 8.16

ke (6. X') = $*(L+ 2 —52) (8.16)

k(X, X,) = kSE (X! X!) + klinear(xi X') + kwhite(xi Xl) + kRQ(X! X')’ (817)
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and s, ¢, |, and o are hyper parameters, that can be "learned” through maximum likelihood
estimation. The covariance functions were selected based on trial and error experiment using

experimental data, which will be explained in next section.
Before seeing any data, Eq. (8.12) is a probabilistic measure of 0 using prior beliefs about

the function (for this, zero mean (m=0) is often used). Using a given dataset, D, a function ( f('))

can be learned. Based on Bayes’s rule, a posterior state of knowledge,
P(T (), D) oc p(DIT)P(TO): can be calculated by the product of likelihood ( P(P 1 T()) ) and

the prior estimate (P( f ('))). More details are provided below.

Suppose there is a dataset, D ={X, Y}, which includes observed input and output data,
X =[X, X5, ., X,] and Y =[Y,, ¥,, -, ¥,] (D is a training dataset). Then, GP regression models

the unknown function, f(X;), where me{1, 2, ..., n}. To improve numerical stability, zero mean
Gaussian noise is added; GP regression for a single observation is then:

ii.d.

y., = f(x,)+e,, wheree A ~N(0, o), (8.18)

Yol (%) ~ N(F(x,), o), (8.19)
where y is the noisy measurement of f(x) and & is the variance of the noise. In the model, a GP

models f(X,), which is a latent function. Then, for an arbitrary input dataset, X" =[x, X;, -, X,]

(i.e., testing dataset), GP makes the following predictions: ™ =[f (X)), f'(x;), ... f (x)].

To derive a posterior estimate, p(f'ID) , by the definition of the GP, the joint probability
density of y and f is defined as [158]:
yl'nJ|[m(X]_'n)J (K(X:L'n’xl'n)-i_anzl K(X].'n’xltp)

o E XX, )= N(| s . . "X
P(Yans Frp [ %00 %) ([flp m(x,,) K (X %) K (X %p)

which is a joint Gaussian distribution and I is the identity matrix. Then, using the sum and Bayes’

J) (8.20)

rules, the predicted distribution (i.e., posterior predictive distribution) is as follows:
P(Fip [ Xep Xens Yen) = NCFE, Mo (X5,), K (X %g,))- (8.21)
Then, the posterior GP is [158]
PO Xenr Tin ~ GP(M, (), K, (1) (8.22)
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where M, and K, are posterior mean and covariance functions, and computed as

mn(X) = m(X) + k(X1 Xl:n)(K(Xl:n’XLn) + O-Zl)il(yrn - m(Xlzn))1 (823)

kn(x! X,) = k(X, X,) - k(X, Xl:n)(K(Xl:n’ Xl:n) + 02')_1kT (X7 X].'n)' (824)
where k is a 1xn row vector and K is nxn matrix. As seen in Egs. (8.22) and (8.23), the mean and
covariance function depend on the observed data. Thus, the belief about the model is encoded after
seeding with the training data. Then, the predictive distribution of the function at a test location,
X, is

p(f(X7)[D)=N(f(X")[m,(X"), o,(X")) (8.25)

where s2(x ") =k, (x", x") (i.e., predictive variance). Accordingly, the predictive distribution
of the measurement, y*, can be written as

p(y |X",D)=N(y|m,(X"), o2(X")+0?) (8.26)

As illustrated above, the GP regression outputs the probability measures on the function
space by (1) assigning a prior estimate first, and (2) updating with the training dataset. Therefore,
both a mean prediction and an uncertainty for that prediction are provided. In this paper, the
uncertainty is characterized using 2.5% and 97.5% quantiles (i.e., the lower and upper bounds).
This is done for the epistemic uncertainty (predictive variance) and the full uncertainty (i.e., sum

of predictive variance and noise variance, aleatory uncertainty). These uncertainty bounds are

mn(x*)i1.96,/o§(x*) and mn(X*)il.96a/of(X*)+0'2 , respectively. In the next section,

details on the experiment and data acquisition setup for the two types of accelerometers

(piezoelectric and MEMS) are discussed.

8.4 Experiment for Run-to-failure Data Collection
8.4.1 Data Acquisition Setup

Three vacuum pumps (Edwards, QDP80) in the Birck Nanotechnology Center at Purdue
University (Indiana, USA) were selected to be monitored. Each pump is connected to a three-phase
power supply with 30 amps and 208-220 VAC. Process cooling water at 0.3 GPM is employed to
regulate the temperature in the pumps. The pumps run 24hrs/day, 7days/week, and 48-50 weeks
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per year. They are used for semiconductor furnaces, and they are stopped only for regular
maintenance (i.e., preventive maintenance).

In Figure 8.2, the data acquisition setup on one pump is illustrated (identical setups for all
pumps) as well as the hardware and software requirements of piezoelectric and MEMS
accelerometers for the data collection. To measure the pumps’ vibrations, three piezoelectric
accelerometers (PCB PIEZOTRONICS, one J356A45 and two TLD352A56) and three MEMS
accelerometers (Adafruit, ADXL345) were mounted on the pumps, i.e., two accelerometers
(piezoelectric and MEMS) were attached to each of the three vacuum pumps. The direction of the

measured acceleration is radial, which is normal to the axis of rotation of the pump shaft.

1. Equipment 2. Sensor 3. Data Acquisition Hardware 4. Software 5. Data Storage
) MEMS | Arduino Uno | Raspberry | Python
_— Accelerometer Board Pi
Pump } ‘ 2 Pe J
- ~~_| Piezoelectric | National Instrument Data | S
Accelerometer Acquisition System (NI DAQ) ‘ Labview

- : Wireless Data
i *. Transmission

' Arduino Raspberry Python
Uno Board Pi /,/
Vg S — ? ,/

. 5 3 : ,'/Wired Data
“ | Transmission

Piezoelectric MEMS
Accelerometer Accelerometer

Vacuum Pump LabVIEW

Figure 8.2 Data acquisition setups for piezoelectric and MEMS accelerometers.

For the piezoelectric accelerometers, the data acquisition was enabled by a National
Instruments data acquisition system (NI DAQ) including cDAQ-9178 CompactDAQ chassis and
NI1-9234 C Series Sound and Vibration Input Module. Acceleration signals were stored in a PC
using LabVIEW software with a sampling frequency of 12 kHz for each sensor. Digital data were
collected for one second every hour.

For the MEMS accelerometers, Arduino Uno boards and a Raspberry Pi were used as a data
acquisition hardware, whose costs are substantially lower than the piezo-based accelerometer. The
MEMS accelerometers support 12C serial interface, thus the Arduino boards communicate with

the MEMS accelerometers using the 12C protocol. The data collected from the boards were sent
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to the Raspberry Pi through serial communication with a sampling frequency of 545 Hz for each
sensor. Digital data were obtained for one second every hour with the same sampling time and
interval as for the piezoelectric accelerometers. Because the Raspberry Pi does not have enough
storage for long-term data collection, all data collected from the MEMS accelerometers were
uploaded to a personal cloud server using python programming language through a Wi-Fi
connection. Then, the uploaded data were downloaded to a PC. The cost comparison between the
piezoelectric and MEMS data acquisition setups is presented in Table 8.2.

While the three pumps have an identical operational and physical setup, their health
conditions are not in the same at the beginning of the data collection since the lengths of utilization
time are different (the most recently rebuilt/refurbished pump probably has a longer time left until
a failure). The health condition of each pump at the beginning of the data collection were
determined based on expert advice (facility maintenance engineer). A “good” estimate of the
health condition of a vacuum pump is the color of the bearing grease, which is discussed in the

next section.

8.4.2 Health Estimation of Vacuum Pumps

One easy way to estimate the health condition of a vacuum pump without dissembling the
entire pump is by observing the color of the bearing grease (a perfluoropolyether (PFPE) lubricant).
As shown in Figure 8.3a, the color can be observed by opening the bearing end-cover. Roughly
speaking, the brightness of the grease color in the end cover cavity can be used to estimate the
current health of the vacuum pump. Similar to gray scale, the grease color (originally white)
becomes darker as more debris particles are generated from bearing wear (i.e., the grease becomes
contaminated). Figure 8.3b shows different grease conditions, with indices ranging from 1 to 4 (a
higher index number indicates a worse health condition), but the grease color associated with index
4 can be even darker in more extreme conditions. Here, the indices are defined based on the visual
inspection.

Every six months, the bearing grease on the bearing covers is checked for quality and most
of the grease is manually replaced at this time. Based on past experience, the longer the interval
between major rebuilds correlates to a quicker progression of darkening between the six-month
inspection periods. This could be explained by the shedding of contaminants and debris from

mechanical wear between major service intervals. As the wear on the components increases and
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component shapes slightly change (fit between components deteriorates), the rate at which material

sheds can increase.

Table 8.2 Cost comparison between piezoelectric and MEMS accelerometers setup (the number
in parentheses is the quantity).

Data acquisition setup

Category

Piezoelectric accelerometers MEMS accelerometers
Sensor PCB sensor: $2,525 (3) ADXL 345: $29.97 (3)
Data acquisition hardware NI chassis: $1,407 (1) Arduino board: $66 (3)
NI module: $2,062 (1) Raspberry Pi: $40.97 (1)
Shielded Wire: $237 (3) Jumper wire: $5.79 (1)
Breadboard: $7.98 (3)
32GB SD card: $8.29 (1)
Software Free (university license) Free
Total costs $6,231 $159

Based on the grease colors in the end-cover cavity of each pumps, the initial health
conditions (more specifically, the health conditions at the beginning of the data collection) of the
three pumps were determined. Since the three pumps were purchased and rebuilt at different times,
they have different index values. For example, pump 1, which was the most recently rebuilt,
showed an almost-new condition, while pumps 2 and 3, which were rebuilt about six years ago,
displayed higher indices. Next, acceleration signals obtained from the vacuum pumps are

visualized and described.

Bearing End-cover Bearing Grease

2. Light Gray

Bearings 3. Medium Gray 4. Dark Gray

(@) (b)

Figure 8.3 Bearing grease index to estimate the health condition of the pump; (a) bearing
location and (b) grease indices.
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Figure 8.4 One sample collected from (a) piezoelectric accelerometer (12,000 data points) (b)
MEMS accelerometer (545 data points).

8.4.3 Visualization of Experimental Data

Figure 8.4 visualizes one sample of data collected from each pump near the start of the
testing process. As shown in the figure, relatively small amplitudes of the acceleration are observed
in pump 1, whose initial condition was almost-new. On the other hand, pumps 2 and 3, which have
been in service for several years (since being rebuilt), generate relatively higher amplitudes of
acceleration during operation. While collecting data over the 10-month period of monitoring,
pumps 2 and 3 experienced failures once and twice, respectively. After each failure, they were sent
to a repair facility and refurbished. The refurbished pumps were monitored again once they were
again installed at the facility using the same data acquisition setup. Figure 8.5 visualizes several
selected function-to-failure® datasets collected over the 10-month period, with details for each

dataset summarized in Table 8.3.

% In all, roughly 7000 hours of data were collected on each of the three pumps using the two types of accelerometers.
Every hour a sample was collected from each accelerometer (sampling rates of 12,000 Hz for piezo and 545 Hz for
MEMS). These data were all stored and could be reviewed as necessary. In practice, the pumps were operated using
a run-to-failure approach. When a failure occurred, the data leading up to the failure was analyzed. The data records
in Figure 8.5 do not show the entire "run-to-failure,” but rather the portion of the signal in the days leading up to the
failure, i.e., "function to failure."”
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Figure 8.5 Visualization for run-to-failure data; (a) pump 2-piezoelectric (dataset #1), (b) pump
2-MEMS (dataset #2), (c) pump 3-piezoelectric (dataset #3), (d) pump 3-MEMS (dataset #4), (e)
pump 3-piezoelectric (dataset #5), and (f) waterfall plot of dataset #5.
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Table 8.3 Function-to-failure dataset.

Name Sensor Type Failure Type Length (hrs.)  Number of data points
dataset #1 piezoelectric rapid failure 112 1,344,000
dataset #2 MEMS rapid failure 112 61,040
dataset #3 Piezoelectric gradual failure 1,200 14,400,000
dataset #4 MEMS gradual failure 1,200 654,000
dataset #5 Piezoelectric gradual failure 430 5,160,000

Figure 8.5a (piezoelectric) and Figure 8.5b (MEMS) display the data collected for pump 2
over a 112 hour period. A sudden pattern change was observed in the acceleration signals for both
sensor types several hours before the failure, indicating that a rapid failure was occurring in the
pump. Unlike the preceding dataset, Figure 8.5c (piezoelectric) and Figure 8.5d (MEMS) present
a gradual failure in pump 3, with data over 1200 hours shown. Figure 8.5¢ and Figure 8.5d were
obtained just after pump 3 had been refurbished, and pump 3 was in a new condition at the
beginning of data shown in the figures. Figure 8.5e (piezoelectric) exhibits another dataset (430
hours in length) that ultimately ends with a failure for pump 3.

Each sample over time was transformed into the frequency domain using a fast Fourier
transform (FFT). Figure 8.5f shows a waterfall plot of the FFT for dataset #5. As the pump was
close to the end of life, the eccentric acceleration signals were observed more frequently. The
accumulation of the eccentric behavior of the pump may lead to a breakdown. In the waterfall plot
(Figure 8.5f), the amplitudes for the different frequency components in the signal change over time;
in some cases, these amplitudes increase as the pump approaches failure. Frequencies that display
such behavior may be associated with certain rolling elements in the pump. The amplitudes
associated with such frequencies may be good estimators of the health condition of the associated
rolling element (e.g., bearing or rotor). This can be further investigated with the help of more
advanced frequency analysis. Details regarding frequency analysis for multi fault detection in
rotating machinery can be found in Lee et al. [160]. No usable function-to-failure data was
obtained during the 10 months in pump 1 (failure did not occur). Therefore, the data visualized in

Figure 8.5 (i.e., datasets #1-5) are used to validate the proposed method.

8.5 Result

In the section, the dynamic feature extraction method is applied to the experimental data

(Section 8.5.1) and they are evaluated using the evaluation metric. The extracted featured are
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processed to obtain HI values, and the HI values are applied to a GP regression model for TTF
forecasting (Section 8.5.2). To implement the proposed method, Python program language along

with several packages (e.g., numpy, scipy, and Gpy) were used.

8.5.1 Updating Features Using Dynamic Feature Extraction

As has been noted, the five datasets noted in Table 8.3 will be employed to assess the
proposed method. As a first step, let us compare the proposed feature extraction method with a
typical feature extraction approach using the evaluation metric (monotonicity). As described in
Section 8.3.1, a PDF at time T is constructed by KDE using historical feature data with the window
length of I. In the method, following parameters are used: a1=0.95, 02=0.80, a3=0.99, 1=20,
m=1000, t= data collection time (Length in Table 8.3), n=12,000 for piezoelectric, and n=545 for
MEMS. To visually show the results, dataset #3 and dataset #4 ((c) and (d) in Figure 8.5) are
selected. As examples, Figure 8.6 shows the approximated density curves, the histograms of the
RMS features, and the histograms of samples drawn from the approximated density curves (here,
RMS features between 200 and 250 hours are used). As seen in the figure, the KDE adequately
approximates the original distribution. From the approximated density curve, 1,000 samples are
drawn, and they are used to calculate the ECDF. Then, the difference between the 50th percentile
and an originally extracted feature value is used to compute a new feature as explained in section
8.3.1.

In Figure 8.7, the comparisons between the typical feature extraction and dynamic feature
extraction are shown using the data obtained from piezoelectric (Figure 8.7a) and MEMS
accelerometers (Figure 8.7b). In both cases, the dynamic feature extraction method effectively
mitigates the effect of extreme values on the features and preserve a monotonic trend, which means
that less fluctuations and less sudden spikes are observed while maintaining the desired overall
increasing trend. A comparison of Figure 8.7a and Figure 8.7b shows that the features extracted
from data obtained from the MEMS accelerometer have larger fluctuations than the features
extracted from the data obtained from the piezoelectric accelerometer. This makes sense
considering the difference in measurement capability between the two accelerometers; the
piezoelectric accelerometer setup has (1) relatively low measurement noise/error and (2) internal
signal conditioning equipped in NI DAQ, which is also a reason why the piezoelectric sensor is

more expensive than the MEMS accelerometer.
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Figure 8.6 Approximated density curves (PDF) using KDE, histograms of RMS features, and
histograms of samples drawn from the approximated density curves; (a) dataset #3
(piezoelectric) and (b) dataset #4 (MEMS).
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Figure 8.7 Comparison between typical feature extraction and dynamic feature extraction
(proposed method); (a) dataset #3 (piezoelectric) and (b) dataset #4 (MEMS).
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Table 8.4 Monotonicity and Corr of features extracted from different methods; the numbers in
each box represent Monotonicity/Corr (bold numbers are the highest).

Name Feature Typical MA ES1 ES2 Dynamic (Our)
ED 0.0676/0.9293  0.0375/0.9172  0.0218/0.9425  0.0542/0.9508 0.1043/0.9697
Dataset KLD 0.3311/0.9042  0.1009/0.8921  0.2312/0.9137  0.3628/0.9200 0.6180/0.9427
#3 RMS 0.4862/0.9240  0.1426/0.9127  0.3668/0.9359  0.5079/0.9436 0.8198/0.9629
VAR 0.7381/0.9356  0.2394/0.9232  0.6298/0.9500  0.7364/0.9594 0.9633/0.9767
ED 0.0125/0.8055 0.0134/0.9069 0.0042/0.9260  0.0425/0.8173 0.0492/0.9571
Dataset KLD 0.0125/0.8455 0.1022/0.9160 0.1526/0.9324  0.1927/0.8791 0.3161/0.9535
#4 RMS 0.0242/0.8419 0.1541/0.9165 0.1910/0.9340  0.2577/0.8871 0.4529/0.9584
VAR 0.0525/0.8290  0.2479/0.9113  0.3094/0.9306  0.3778/0.8875 0.6547/0.9603
ED 0.0701/0.4611 0.0024/0.7000 0.1916/0.7861  0.0514/0.7336 0.0891/0.8769
Dataset KLD 0.0935/0.5677 0.1962/0.7819  0.0701/0.8455  0.1262/0.7879 0.4249/0.9018
#5 RMS 0.1168/0.4742  0.2577/0.7099 0.0748/0.7929  0.2103/0.7319 0.5013/0.8812
VAR 0.1449/0.3641  0.3995/0.5937  0.1963/0.6940  0.2710/0.6197 0.5420/0.8271

To quantify the degree of monotonicity, the evaluation metrics, whose value is between 0

and 1, are calculated using Egs. (8.10) and (8.11). The time-series of feature values are more

monotonic as a metric is closer to 1. Datasets #3, #4, and #5, for which the gradual failures were

observed during data collection, were used to compare the degree of monotonicity of the features.

In addition to the typical feature extraction (let’s say Typical) and the dynamic feature extraction

(let’s say Dynamic), three popular data smoothing techniques are also evaluated for comparative

study, and they are as follow:

Moving Average (MA): MA is a data smoothing technique, which computes an average
over a specific time period (i.e., window size). Mathematically, a value at time t can be

calculated as % = (X, +X_;,y T+ X_,)/I where x is the feature and | is the window size.

Exponential Smoothing 1 (ES1): exponential smoothing is a time series smoothing
technique, which applies exponentially decreasing weights to the past observations. In the
method, a higher weight is applied to a more recent observation. The method is called as
the simple exponential it can be written as

smoothing, and mathematically,

Xpg =X tall—a)x_, + a(l-a)*X_,+..., where ., is the smoothing parameter.
Exponential Smoothing 2 (ES2): the extended exponential smoothing technique, called

Holt’s method [161], is used, and it can be written as >A<Hu|t,1=<l1t,1+ubt,1 where

O, =aX,+ (1- a)(qt—Z + bt—Z) andb_, =8 (0., -0_,)+{-B)b,, and B is the trend

smoothing parameter.
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The parameters, S, a, and |, for the above three techniques are determined using grid

search method, and they are set to 0.3, 0.2, and 10, respectively. In Table 8.4, the performance of
each method is reported. As seen in the table, the proposed approach outperforms other methods
in all cases. The average monotonicity value for each of the four features (ED, KLD, RMS, and
VAR) increases by 0.4962, 0.3428, and 0.2830 and the average Corr value for each of the four
features increases by 0.0517, 0.1269, and 0.4050 after applying the dynamic feature extraction
method to datasets #3, #4, and #5. To compare all methods in a more intuitive way, the averages
of monotonicity and Corr of the four features are visualized in Figure 8.8. As expected, all methods

improved the degree of monotonicity, but the proposed method performs the best overall.
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Figure 8.8 Monotonicity of features extracted using typical feature extraction (Typ) and dynamic
feature extraction (Dyn).

All four features, ED, KLD, RMS, and VAR, are computed through dynamic feature
extraction and they are scaled to between 0 and 1 to present in one figure as shown in Figure 8.9.
All four features extracted from each dataset display similar trends as the health condition of a
pump evolves toward breakdown. In the next section, the extracted features are interpreted using

PCA to obtain an HI, and the HI is applied to GP regression for TTF predictions.
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Figure 8.9 Application of dynamic feature extraction to (a) dataset #1, (b) dataset #2, (c) dataset
#3, (d) dataset #4, and (e) dataset #5.

8.5.2 TTF Prediction and Uncertainty Quantification

The four extracted features are processed through PCA, and the value associated with the
first principal component is used as the HI. The absolute value of the minimum HI value is added
to all HI values to ensure that there are no negative HI values. In Figure 8.10, the HI values for
each dataset are plotted. As seen in Figure 8.10, the health indicators at time = O differ greatly
between datasets #1, #2, and #5 and datasets #3 and #4. This is because, as mentioned in Sections
8.4.2 and 8.4.3, the usage time of the pumps since last rebuild were very different at the outset of
data collection. As has been stated, the bearing grease index at time=0 was 3 for datasets #1, #2,
and #5 and 1 for datasets #3 and #4.

With the historical HI values, GP regression can be used to predict HI values of next time
steps. To calculate TTF using the predicted HI values, a threshold (i.e., a HI value corresponding
to a machine failure) must be determined first. Based on the HI values observed in Figure 8.10,
the thresholds are set to 2 and 2.15 for the datasets collected from the piezoelectric accelerometer
(datasets #1, #3 and #5) and for the datasets collected through the MEMS accelerometer (datasets

#2 and #4), respectively. These particular HI thresholds were chosen to correspond to a case when
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a pump is on the verge of failure. The threshold for the MEMS accelerometer was set higher than
the threshold for the piezoelectric accelerometer because of the difference in magnitudes between
the two sensor types. For example, as shown in Figure 8.7, a larger average RMS is observed for
dataset #3 (MEMS) relative to dataset #4 (piezo). Although the two sensors measured the
acceleration of the pump at the same time, the difference in RMS magnitudes can be caused by

several factors such as sensor mounting methods, mounted locations, and sensing mechanisms.

s
o

N N

o u
z
-
.
-
-
:
:
.
:
:
]
:
2
:

—
s
:
.
.
c
:
:
:
:
.
.
:
d
=
s
:
-
:
:
:
-
:
.
:
.
-
;—
-
-

—— Dataset #1

Dataset #2
—— Dataset #3
—-— Dataset #4
—— Dataset #5
= = Threshold for piezoelectric
= = Threshold for MEMS

Health Indicator
= =
o w

o
w»

o
)

0 200 400 600 800 1000 1200
Time (hours)

Figure 8.10 Construction of health indicator (HI).

For TTF predictions, datasets #3 and #4 were chosen to be analyzed and visualized due to
the long period of the degradation observed during the data collection. To predict TTF, first, HI is
predicted using a subset of historical data. As shown in Figure 8.11, the HI predictions are made
by the GP regression after 550 hours and 800 hours. Here, the small zero mean Gaussian noise
variance, > = 0.00025, is added to the predictions as a measurement error (i.e., aleatory
uncertainty). The small variance is selected because noisy features are already filtered out in the
previous stage (dynamic feature extraction). In the figure, training data is labeled as observations,
and predictions are made with the uncertainty characterized using 2.5% and 97.5% quantiles (i.e.,
the lower and upper bounds), which means that 95% of future values would fall within this interval.
To present TTF probabilistically, the probability distributions of TTF are shown at the corner of
each figure. The probability distribution of TTF (here depicted with a histogram) are generated by

i) drawing 1,000 samples from the posterior predictive distribution of a trained GP regression
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model, ii) calculating the difference between the time when the prediction is made (either 550 or
800) and the time when the predicted HI value reaches the threshold (for each sample), and iii)
drawing a histogram using the values obtained from the differences (based on 1000 values). The

full uncertainty in the figure indicates a sum of aleatory uncertainty and epistemic uncertainty.
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Figure 8.11 TTF predictions; (a) dataset #3-550hr (b) dataset #3-800hr (b) dataset #4-550hr (b)
dataset #4-800hr.

The data used in Figure 8.11ab and Figure 8.11cd were collected by the piezoelectric
accelerometer and the MEMS accelerometer, respectively. As shown in the figure, the larger
uncertainties on the prediction are observed when the acceleration data collected by MEMS
accelerometer are used in the model. Figure 8.12 presents more details on the uncertainty
quantification. To compare the prediction uncertainties of different cases, datasets #1 and #2
(Figure 8.12a) and datasets #3 and #4 (Figure 8.12b) are chosen. As seen clearly, for all cases, the
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uncertainties start to grow after the end point of observation time. A larger uncertainty is observed
when there is less training data (larger uncertainty for Figure 8.11a than for Figure 8.11b). Also, a
GP regression model trained with features, which were extracted from data collected using MEMS
accelerometers, shows larger uncertainty in the prediction than a model trained with features,

which were extracted from data obtained using piezoelectric accelerometers.
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Figure 8.12 Uncertainty behavior using data obtained from piezoelectric and MEMS
accelerometers.

8.6 Conclusion

In this paper, a new feature extraction method, dynamic feature extraction, is developed to
reduce the effect of noisy statistical features. In our method, instead of selecting or searching for
better/optimal features, we process the features to make them more useful (i.e., increasing the
degree of monotonicity). Also, a GP regression model with a customized covariance function is
combined with the feature extraction method to predict TTF of a vacuum pump. To experimentally
validate the proposed method, function-to-failure datasets were collected from in-service vacuum
pumps. The data were collected using two types of accelerometers: piezoelectric and MEMS
accelerometers, to investigate the effect of sensor type on the model’s predictions. In addition to
the data preprocessing and model development/validation, details on the data acquisition setups
for two different types of the accelerometer are also explained in this paper.

To validate the proposed feature extraction method, two evaluation metrics, monotonicity
and Corr, are employed. After applying the dynamic feature extraction, the monotonicity and Corr
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of four features (ED, KLD, RMS, VAR), which are all features considered in this study, increase.
Also, we empirically demonstrate the effectiveness of the proposed method by comparing it with
three popular smoothing techniques. For the TTF prediction, as more historical HI data available,
the predictions on HI become closer to the true HI, and the true HI falls within the upper and lower
predictive limits as expected. For the uncertainty quantification, a model trained with features,
which were extracted from data measured using MEMS accelerometers, shows larger uncertainty
in the predictions than a model trained with features, which were extracted from data obtained
using piezoelectric accelerometers.

To conclude, experimental data collected from in-service rotating machinery has
demonstrated the effectiveness of the proposed method. A key feature of this work is that the data
have been collected from actual in-service equipment supporting a semiconductor manufacturing
facility, and there was no need to resort to artificially created faults. It is believed that the proposed

method may be readily applied for TTF prediction of many types of manufacturing equipment.
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9. ENVIRONMENTAL AND ECONOMIC CONSIDERATION IN THE
MAINTENANCE OF INDUSTRIAL EQUIPMENT

9.1 Introduction

In the previous chapters, Al-driven methods have been intensively discussed. The previously
discussed topics mainly focus on detecting a mechanical defect or forecasting a time to failure of
equipment. In this chapter, the environmental and economic impacts are evaluated for the
maintenance of industrial equipment. In Introduction (section 1), the effectiveness of maintenance
for different products was discussed. As claimed, the product life extension through maintenance
may not always be desirable from the environmental and economic perspectives. In this chapter,
an electric motor is taken as an example to evaluate the equipment maintenance from the
environmental and economic standpoints. Further, a case study including machine learning
application and the estimations of economic loss and the environmental impact (CO>) of different
maintenance strategies (preventive, breakdown, and preventive maintenance) is discussed.

An electric motor is the most common industrial equipment in manufacturing plants, and it
has broad application in many industries due to its functional diversity. Hence, the electric motors
are the primary source of power consumption; it occupies a considerable fraction of total national
power consumption. For example, in the U.S., nearly 75% of total industrial energy is consumed
by electric motors [162]. Recently, there has been a growing concern about energy consumption
in the industry. Several strategies were introduced to improve electric motors’ efficiency, which
will ultimately lead to reduction in the cost and CO2 emission [161, 162]. One recommendation is
to replace existing motors with high-efficiency motors, which can save more cost from the reduced
energy usage than spending the cost of replacement. Li et al. [164] reported that 3-5 billion US
dollars could be saved by adopting more efficient motors in the US industry. According to [165],
for a 10-year operating period, the electricity cost accounts for 95% of lifetime motor cost, and the
remaining 5% include purchase price, installation cost, maintenance cost, etc. As argued in Chapter
1.1, extending product life through maintenance may not always be necessary from environmental
and economic perspectives. Replacing an old one with a new energy efficient model may reduce
the fuel cost and the environmental burden. An old one may transmit power less efficiently than a
new model from the motor to the driven equipment (i.e., requiring more input power as more

powers are lost in the transmission). Another option is to properly maintain a motor to keep it close
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to original/optimal power efficiency over the use phase. Since the power efficiency of a motor can
decrease over the operating hours due to progress of fault in a motor, regular maintenance such as
oil/grease change and bearing inspection may help to prevent the efficiency loss; but it will incur
additional costs (e.g., manpower) and equipment downtime. Also, it may require purchasing
specialized machine monitoring tools (e.g., vibration analyzer) to identify a root cause (e.g., type
of defect in a motor) of the efficiency loss.

Considering the lifetime motor cost, the power efficiency (the ratio of output power to input
power) is the critical metric for decision-making, for example, repair vs. replacement and
preventive maintenance vs. breakdown maintenance. Therefore, the economic loss and
environmental impacts associated with a motor’s efficiency loss may be helpful information for
physical assets management in the production line [166]. In the next section, a mathematical model
is discussed to present the economic loss and environmental impact as a function of the efficiency

loss.

9.2 Efficiency Loss by Defect in Motor

As argued above, efficiency is an important metric for decision-making between repair and
replacement. Based on the efficiency, the economic loss and environmental impacts (e.g., CO2
emission) may be quantified. Generally, the efficiency of an electric motor can be defined as the
ratio of output power to input power as follows,

P P

output output _ TXw

- " Puou+Poe P +P

I:)input output loss output loss

(9.1)

where Poutput, Pinput, Ploss, 7, and w are the output power transmitted to driven equipment, the input
power to a motor, the power loss due to various factors (e.g., friction, sound, and temperature
increase), the torque of a shaft, and the rotational speed, respectively. Under a constant load setting,
any fault(s) in a motor can increase Pjoss, Which will decrease 7. For example, incorrect alignment
(or misalignment) of the motor’s shaft and driven equipment’s shaft can generate excessive
vibrations, heats, and noisy sounds. More details on the several types of mechanical defects and
their impacts on the motor are explained in section 6.4. Lu et al. [167] presented a power flow and
the definition of power losses in induction motors. For a better understanding of the motor’s power
efficiency, a diagram for power flow and power loss is shown in Figure 9.1. As seen in Figure 9.1,

there are several types of power loss in the process of transforming electrical power to mechanical
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power. For the evaluation of efficiency, the input power and the out power are only considered as

described in Eqg. (9.1).
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Figure 9.1 Power flow and power loss in electric motors.
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Figure 9.3 (a) Typical growth pattern of tool wear (modified from [111]) and (b) average
amplitude of vibration (i.e., RMS) over operating hour (figure from section 8.5.1).

As mentioned, # is likely to drop over operating hours due to a progress of fault in a motor
(i.e., increasing severity of a fault). Therefore, when estimating the economic loss and
environmental impacts caused by the efficiency loss due to a fault’s progression, the dynamic of
n (i.e., time dependent) should be considered. Assuming a constant load setting (i.e., constant
Poutput), 77 Can be represented as follows

U(t) — Poutput . (9 2)
Poutput + Ploss (t)

To describe a trend of efficiency loss over time, Singh et al. [168] proposed the three models using
linear, quadratic, and exponential functions as shown in Figure 9.2. Those selected functions
present different rates of efficiency drop over time, but they may not appropriately represent the
efficiency drop caused by a mechanical degradation. As shown in Figure 9.3a, a tool wear grows
through initial wear region, normal wear region, and rapid wear region over cutting time [111];
there is a slow growth region in the middle. Also, as shown in the time-to-failure experimental
data (Figure 9.3b), the average amplitude of vibration (i.e., RMS) increases slowly between 400
hr and 600 hr, which may relate to the normal wear region in the tool wear growth graph. The
increase in the average amplitude of vibration may correlate with the increase in Pioss(t), SO a
motor’s efficiency may decrease slowly in the middle of a motor’s life. Since the efficiency drop
caused by a progression of fault (e.g., progression of a mechanical wear) is mainly focused in this
study, to reflect the growth pattern of tool wear in the efficiency drop, a cubic function is

considered as well.
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In Figure 9.2, for a healthy motor, the ratio of output power to input power is constant, so
n1, which is the efficiency observed from a healthy motor, is constant over time. If an incipient
fault is developed at time ti1, #1 starts to decrease over the time, T = t, - ty, at a different rate
depending on the severity and the type of defect in a motor. Mathematically, the linear, quadratic,

and exponential, and cubic efficiency erosion in Figure 9.2 are express as

Minear ©) =at+7,  wherea = 7721_ 'h (9.3)
Megacrate (1) = 7, + B2 where b = ’72T 'h (9.4)
Nexponential (1) = 7€" Where ¢ = mﬂz_rﬂ (9.5)
Meupic (1) = d (t— 2) + 2 2 where d :@, (9.6)

where a, b, ¢, and d are negative values. To estimate Pjoss Over the advancement of a fault, the
above models are adopted in this study. Unlike the method used in [168] in which Pinput Was
presented as a function of time, in this study, Piess is presented as a function of time. Let’s consider

the linear case first. If differentiating Eq. (9.2) on both sides, it is

d77 (t) _ i ( Poutput
dt dt

—P
output Ioss . o
output Ioss (t)) (Poutput Ioss (t)) dt ( ( )) ( )

Using Eq. (9.3), Eq. (9.7) can be further expressed as

P
— output 98
] ( OUtPUt Ioss (t)) dt ( IOSS( )) ( )

Let’s P, and P, are the Pioss at t1 and to, respectively, whereti =0andt2 =T (let’sti =0 and t: <t

< t» for clarity). After rearranging Eq. (9.8), integrating over time interval on both sides, and

solving the equation as follow

Pry Ioss (t) — IT _Pi dt, (9.9)

Py ( output Ioss (t)) 0 output

1 1 aT
- = . (9.10)

(F::)utput + ptz) ( output + ptl) I:)output

Then, P, and Pmput_tz (the input power at t2) can be express as a function of time as follow
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ptz = aT N 1 - Poutput’ (911)
Poutput (Poutput + ptl)
1
Pinput_t2 = Poutput P, = aT 1 (9.12)

+
Poutput (Poutput + ptl)

Assuming the linear efficiency erosion, the additional power, APjinear, required to transmit to the

driven equipment compared to a healthy motor at t=T is

1 1
AI:)Iinear = I:>input_t2 - I:)input_tl = aT 1 _( output ptl) ﬁ - I:)input_tl' (913)
Poutput ( output + ptl) I:)output I:)input_t1

For the quadratic and exponential efficiency erosions, AP can be calculated similarly as done in
the linear case; inserting Eq. (9.4), Eq. (9.5), and Eq. (9.6) in Eq. (9.7) for the consideration of
quadratic, exponential, and cubic erosions, respectively. Then, APquadratic, APexponential, and APcubic
are expressed as follow

1 1
APquadr«s\tic = bT 2 1 - ( output ptl) bT 2 1 - Pinput_tl ) (9 14)
Poutput ( output pt1 ) FJoutput Pinput_t1
1 1
AP = - P 9.15
exponential m, (ecT _1) . 1 ( output ptl) l(ecT _1) . 1 input _t; ( )
Poutput ( output pt1 ) I:)output Pinputft1
AP, = 1 P _ 1 P (9.16)
cubic — d-l-3 1 _( output + ptl) - d-l-3 . 1 ~ Vinput_t; * '
4 Poutput ( output pt1 ) 4 Poutput Pinput_t1

To estimate the economic loss ($) and environmental impact (kgCO) incurred by the
efficiency loss due to an advancement of a fault in a motor over time, additional energy consumed
by a faulty motor can be used. This can be achieved by integrating AP(t) over the time between t;

and to, as follow

AE = [ AP(t)dt. (9.17)

To be more specific, AE is the additional amount of energy (kWh) consumed over time, T=t>-t1, in

a faulty motor compared to a healthy motor. To present AP as a function of t, i.e., AP(t), simply
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replacing T (constant value) with t (variable) in Eq. (9.13), Eq. (9.14) and Eq.(9.15) for the linear,
quadratic, and exponential fall cases. For the cubic fall case, Eq. (9.16) can be rewritten as

1
cublc (t) d 3 3

C-STE+STH)+
P 2 4

output input _t;

(9.18)

1 - I:)input_t1 :

Then, the additional amount of energy for the linear, quadratic, exponential, and cubic efficiency
fall scenarios can be calculated by inserting Eq. (9.13), Eq. (9.14), Eq.(9.15), and (9.18) into Eq.

(9.17), respectively, and they are expressed as follow

P
A linear __[ AI:)Ilnear (t)dt— outputl ( Input tl'|'_,_1)

output

2b / —AV
l output Poutput input _t;

T, (9.19)

|nput t

tz
AEquadratic = .L quadratic (t)dt = / 2b _4/ input _t
I:)output input _t; output I:)output input _t;
(9.20)
_ I::)utput —cT
AEexponentlal I A exponentlaldt - (e 1) mput tlT (921)
me
In
t
AEcubic = j‘tl AP cubic (t)dt - 2
63/as°
o |[¥fert +23/p] o |NlaT - 23/
In
2 2
7 * 7 B 7
63/a B° 33a p? 33a p?
3 3/ 2 3f3fneT
arctan \/5\/; AT +\/§'B arctan \EEFT ﬁﬂ
38 3
+ 2 + 2 - Pinput_tlT’
NENEYE 3¥a p? (9.22)
d 3
where o and f in Eq. (9.22) are — and T80‘ + = 1 . The detailed calculation to obtain
Output inputit1

AEcuwic (Eq. (9.22)) is available in Appendix.
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Lastly, the additional cost and the environmental impact (i.e., CO2 emission) associated with

the additional energy consumed, AE, can be calculated as follow

ACIoss = AE X Cenergy’ (923)
AElg, =AEXEF,, (9.24)

where Cenergy (8/kWh) is the electricity cost per kWh and EFcoz (kgCO2/kWh) is the carbon dioxide
emission factor.

In the next section, a case study including the application of machine learning to industrial
equipment will be presented. Also, the economic loss and environmental impacts are estimated

based on the available information and the equations presented above.

9.3 Case Study: Maintenance of Vacuum Pumps

A vacuum pump is a widely used device in vehicles, robot arms, HVAC, manufacturing
equipment, etc. The function of the vacuum pump is to transfer air into or out of a certain volume
by inducing a pressure difference between two regions in a pumping chamber (e.g., atmospheric
and ultimate vacuum). Inside the pump, there is an enclosed electric motor. A motor driven-shaft
is connected to driven machine for power transmission (we specifically focus on the motor in a
pump). During normal pump operation, proper maintenance (e.g., oil change) is recommended to
be conducted as suggested by the manufacturer. This also may enable the life extension of many
mechanical (e.g., gearbox and bearings) components in a pump.

In order to apply a machine learning method in a maintenance task, first, enough machine
condition data (i.e., sensor signals) needs to be collected and processed to train and validate a
model. Then, the trained model can be deployed to monitor the equipment condition and predict
its future failure. Direct measurement of machine condition (e.g., healthy) is difficult. Often,
vibration data is used as a proxy for machine state. Three piezoelectric accelerometers (PCB
PIEZOTRONICS, TLD352A56) were mounted on three vacuum pumps (Edwards, QDP80) in the
Birck Nanotechnology Center (Indiana, USA). Each pump is connected to a three-phase power
supply with 30 amps and 208-220 VAC, and 0.3 GPM process cooling water is employed to
regulate the temperature in the pumps. The pumps run 24hrs/day, 7days/week, and 48-50 weeks

per year. They are used for furnace vacuum equipment, and they only are stopped for regular
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maintenance. In Figure 9.4, the data acquisition setup on one pump is illustrated (the pumps have
identical setups). Data acquisition was enabled by a National Instruments compact data acquisition
system. Acceleration signals were stored in a PC using LabVIEW software with a sampling
frequency of 12 kHz for each pump. Digital data were collected for one second every hour.
While the three pumps have an identical operational and physical setup, their health
condition may be different since their ages are different. In other words, the one rebuilt most
recently might have a longer remaining useful life. To build a data-driven machine learning model,
especially for supervised-learning, labels of corresponding acceleration signals are required. Here,
labels can be the health condition of the equipment such as bad or good. One “good” estimation
of the health condition of a vacuum pump may be based on the color of the bearing grease. Health

condition labels will be described in the next section.
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Figure 9.4 Vacuum pump monitoring using an accelerometer.
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9.3.1 Bearing Health Indicator

Figure 9.5 Bearing grease index to estimate equipment health condition.

One easy way to estimate the health condition of the vacuum pumps without dissembling
the entire body is by observing the color of the bearing grease. As shown in Figure 9.4, the color
can be observed by opening the bearing end-cover. The brightness of the grease color in the end
cover cavity is used as a health indicator (perfluoropolyether (PFPE) is used as a bearing grease).

Similar to grayscale, the grease color (originally white) becomes darker as more debris particles
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are generated from bearing wear and the grease is contaminated. Figure 9.5 shows the index
numbers from 1 to 4 (the number increases as failure approaches), but it can be even darker in
more extreme conditions.

Table 9.1 Current health condition of pumps and purchase rebuild history.

Pump # Grease Index Purchased Date  Recent Rebuild Date

1 1 October 2015 Jul 2017/ Aug 2019
2 3 September 2011 Sep 2015/ Jul 2018
3 4 September 2007  Oct 2009/ Dec 2013

Based on the grease color in the end-cover cavity of each pump, the current conditions of
three pumps were determined as illustrated in Table 9.1. As mentioned, since the three pumps were
purchased and rebuilt at different times, they all showed clearly different index values. As expected,
pump 1, which was recently rebuilt, shows an almost-new as condition, while pump 3, which was
rebuilt about six years ago, displays the highest index indicating that it is close to failure
(observations made in August 2019). Next, acceleration signals obtained from the vacuum pumps

and a machine learning application will be discussed.
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Figure 9.6 (a) raw acceleration signals observed from pumps (pumps 1, 2, and 3 have the bearing
grease indexes of 1, 3, and 4) and (b) CNN architecture.

9.3.2 Machine Learning Application

Once proxy measures are obtained from sensors, they are often pre-processed to eliminate

redundant information and noise before applying machine learning [160]. Signal processing (e.g.,
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digital filters) and feature engineering (e.g., extracting features from time, frequency, time-
frequency domains) are common methods used in pre-processing [169]. In Fig. 4a, raw signals
obtained from one sampling trial are plotted. As expected, the amplitude of the acceleration
increased as the time since last rebuild increased.
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Figure 9.7 Long-term data collection; (a) time domain and (b) time-frequency domain (waterfall
plot). @, @, and (3 in the figures present the incipient failure, pump stop (maintenance), and
reoperation.

In order to classify the pump conditions using the collected acceleration signals, a
convolutional neural network (CNN) was employed. CNN is a popular method to classify 2-D data
types [160]. Therefore, 1-D acceleration signals in the time domain were converted into the time-
frequency domain (i.e., a spectrogram). A spectrogram that displays the power spectral density

presents the power content of a signal at various frequencies over time, viz.,

2

1 1

f<— (9.25)
2At 2At

At
p(f)zﬁ

Nz_‘jh(n)x(n)e‘iz”fn

where At is a sampling frequency. In the analysis, the Hamming window function is employed,
and the time-frequency features of each sampling trial are computed. Then, the processed data are
used to train and test the CNN model shown in Figure 9.6b. For the CNN architecture, two
convolutional and two max-pooling layers followed by a fully connected layer are used between
the input and output layer. The data were obtained for 150 hrs (i.e., the number of data points is
12k*150*3), and is divided into 70% and 30% for training and testing the model, respectively. The
model was implemented using Keras deep learning framework, and the training and testing were
conducted on a PC equipped with GeForce GTX 1080 Tl with 11GB GDDR5X.
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After 10 epochs, both training and testing accuracy reached 100%, which means that the
trained model was able to classify all the testing data correctly. This is possible because there are
distinct differences among the signals, and unwanted signals were filtered out by the power
spectral density function. Thus, the representations in the acceleration data for each pump’s
condition were learned using the CNN. Figure 9.7 displays the long term data collection (~ one
month) for pump 3, including incipient failure and pump stop time. When temperature became
extreme, the internal control system automatically shut down the pump. In the figure, abnormal
values can be clearly observed in both the time and waterfall plots, and this data could be used for

prognostic modelling to estimate the remaining time until breakdown.

9.3.3 Estimation of Economic Loss and Environmental Impact

As seen in Figure 9.7, the large amplitudes of vibration were observed before the breakdown.
Also, in Figure 8.7, the average amplitude of vibration (i.e., Root Mean Square) tends to increase
over the operation hours while a failure was gradually being progressed; this may relate to the
increase of Pioss, and consequently, result in the efficiency loss. Based on the information we
described above, the economic loss and environmental impact caused by the efficiency loss are
quantified in this section.

According to the equipment manual [170], the capacity of the motor (i.e., rated power/load)
is 6kW. An electric motor is designed to operate at between 50% to 100% of the rated load, and
the maximum efficiency is usually achieved when a load is 75% of the rated load [171]. Under
this condition, the range of load that can be used in a motor used in this case study is between 3
kW (4.023hp) and 6 kW (8.046 hp). Also, it may show the maximum efficiency when a load is 4.5
kW (6.035 hp), which is 75% of the rated load.

For the case study, several assumptions are made in this study. A motor is assumed to be
operated under a constant load (i.e., constant operating condition). Also, Poutput IS assumed to be
75% of the rated power, which means that a motor operates under optimal efficiency. To calculate
an additional amount of energy (kwWh) consumed over operating hours in a faulty motor compared
to a healthy motor (i.e., AE), the efficiency of a healthy motor (i.e., flawless motor) is set to 0.9.
The efficiency of the healthy motor is assumed to decrease over operating hours, and three
operating hours, 4,032, 8,064, and 24,192, are evaluated for an assumed efficiency drop. These

three operating hours correspond to 6-month, 1-year, and 3-year operating periods (running the
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equipment 48-week per year). As an example, in Figure 9.8, the 0.3 efficiency drop (from 0.9 to
0.6) over a 1-year operating period is presented for the different efficiency erosion scenarios. To
calculate the economic loss and environmental impact associated with an additional amount of
energy, the electricity cost per kWh and the emission factor are set to as Cenergy = 0.0666 ($/kWh)
[172] and EFco2=1.0024 (kgCO2/kWh) [173].

S,
©

— —
—
—
-—

>
D
b
o
Eny

2
®
T

B
-
& -
- -
S Loy - - —
™ -
s

N
N
x
.
......
.
Eny
3

oy

Linear
= = Quadratic
""""" Exponential
= === Cubic

Efficiency (7)

=,
e}
T

o
)]

0.4

0 1000 2000 3000 4000 5000 6000 7000 8000
Time (hr)

Figure 9.8 Efficiency erosion models (Linear, Quadratic, Exponential, and Cubic) for 1-year
operating period (8,064 operating hours).

With the assumption defined above, AE, ACioss, and AElco2 are calculated under the four
efficiency erosion scenarios using Egs. (9.19), (9.20), (9.21), and (9.22), respectively. Over the
operating hours, the motor’s efficiency can drop at a different rate depending on a type of fault in
a motor; the different efficiency loss fall trends may reflect these different rates. Figure 9.9 displays
the additional amount of energy, economic loss, and CO> emission for a 6-month operating period
under the different efficiency fall scenarios. The figure shows the quantities against different
efficiency losses from 0 to 50%. As seen in the figure, the more efficiency drops, the more
electricity is used in all cases, and consequently, the more economic loss and CO> emission.
Among the four scenarios, the additional amounts are the highest when the exponential erosion is
assumed, followed by linear, cubic, and quadratic erosions.

In Figure 9.10, with the assumption that the efficiency decreases by 30% in 4,032 hours (6-
month operating period), the additional energy consumption, economic loss, and CO emission are
plotted over the operating hours. As shown in the figure, in the early stage, which might be related

to an early mechanical degradation stage, the increases are not much significant except for cubic

163



erosion scenario, in which a rapid efficiency drop is assumed in the early stage. However, in all
other cases, AE, ACioss, and AElco2 increase sharply after the early stage (after around 200~400
hours), so early maintenance may be beneficial in this situation.

The motor considered herein has relatively small rated power, so the economic loss may be
fairly insignificant for the efficiency drop (if considering labor cost for maintenance). Even after
a 30% drop of efficiency, as shown in Figure 9.9b, the economic losses for a six-month operating
period year are $291, $189, $313, and $278 for the linear, the quadratic, the exponential, and the
cubic respectively. Normally, in a manufacturing plant, a lot of motors with high mechanical
output ratings are also used. Therefore, the additional amounts of energy, economic loss, and CO-
emission for different rated power cases are also investigated in Figure 9.11. In the figure, the input
power (75% of rated power) ranges between 1 kW and 200 kW. Also, the efficiency is assumed to
decrease by 30% for the six-month operating period (4,032 hours), as assumed in Figure 9.10. As
shown in Figure 9.11, the additional amounts of energy, cost, and emission tend to increase linearly
over the input power. The higher the motor’s capacity, the better it may be to conduct maintenance

in the early fault stage through predictive or preventive maintenance.
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Figure 9.9 Additional amount of (a) energy, (b) economic loss, and CO emission for different
efficiency losses in a faulty motor compared to a healthy motor under four efficiency erosion
scenarios; 6-month operating period (4,032 operating hours).
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Figure 9.10 Increases in (a) energy consumption, (b) economic loss, and (¢) CO2 emission when
efficiency drops from 90% to 60% over 6-month operating hours (4,032 hours) under four
efficiency erosion scenarios.
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Figure 9.11 Increases in (a) energy consumption, (b) economic loss, and (¢) CO, emission for
different rated loads/input powers under four efficiency erosion scenarios; efficiency drop by
30% over 6-month operating hours (4,032 hours).

As mentioned, several different operating periods are also investigated. As done for the six-
month operating period (8,064 hours) in Figure 9.9, Figure 9.10, and Figure 9.11, the same
analyses are performed in Figure 9.12, Figure 9.13, and Figure 9.14 for the 1-year operating period
(8,064 hours), and in Figure 9.15, Figure 9.16, and Figure 9.17 for the 3-year operating period
(24,192 hours). The results show clearly that the longer the operating period, the higher AE, ACloss,
and AEICO2; AE, ACloss, and AEICO?2 linearly increase as a function of operating hour.
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Figure 9.12 Additional amount of (a) energy, (b) economic loss, and CO emission for different
efficiency losses in a faulty motor compared to a healthy motor under four efficiency erosion
scenarios; 1-year operating period (8,064 operating hours).
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Figure 9.13 Increases in (a) energy consumption, (b) economic loss, and (¢) CO2 emission when
efficiency drops from 90% to 60% over 1-year operating period (8,064 hours) under four
efficiency erosion scenarios.

<10° «10* x10°
[ & A S 4
& Linear D 25 S— Linear — &— Linear
»— Quadratic & ,| | ¢ Quadratic o"‘ —%— Quadratic
= 3 |—s Exponential & —=a— Exponential o »
— > i o
E @15 Cubic £
=2 o e
o
a g 5
1 P wo
0.5 o o <
& P I N . — 0 0
20 40 60 80 100 120 140 160 180 200 50 100 150 200
P. (kW
Pin (kW) Pin (kW) == (kw)

(a) (b) (c)
Figure 9.14 Increases in (a) energy consumption, (b) economic loss, and (¢) CO, emission for

different rated loads/input powers under four efficiency erosion scenarios; efficiency drop by
30% over 1-year operating period (8,064 hours).
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Figure 9.15 Additional amount of (a) energy, (b) economic loss, and CO emission for different
efficiency losses in a faulty motor compared to a healthy motor under four efficiency erosion
scenarios; 3-year operating period (24,192 hours).
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Figure 9.16 Increases in (a) energy consumption, (b) economic loss, and (c) CO, emission when
efficiency drops from 90% to 60% over 3-year operating period (24,192 hours) under four
efficiency erosion scenarios.
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Figure 9.17 Increases in (a) energy consumption, (b) economic loss, and (c) CO2 emission for
different rated loads/input powers under four efficiency erosion scenarios; efficiency drop by
30% over 3-year operating period (24,192 hours).
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Table 9.2 Maintenance procedure of the vacuum pumps.

Interval Maintenance Task

Inspect oil levels/conditions and change/top off as necessary.
Perform leak rate test.

Log temperatures of pump, blower, and process cooling water in/out.
Inspect and re-pack bearing caps with grease.

Check oil levels on blower coupling cover and shaft seal as well as pump
reservoir.

Inspect filter trap and replace if necessary.

Inspect dead leg for oil or particle contamination.

Inspect coolant reservoir and investigate if levels change.

Inspect cooling water hoses for deterioration.

Send pump out for refurbishment if breakdown

Install and use a spare pump during refurbishment.

Every Month

Every Six Month

Every three Year

From the equipment maintenance schedule provided by a facility maintenance engineer,
preventive maintenance has been conducted every certain period of time. Table 9.2 summarizes
the maintenance tasks of the vacuum pumps. As seen in the table, several maintenance works are
conducted every one-month, six-month, and three-year. If a pump becomes breakdown or a failure
happens regularly, it is sent out for refurbishment (normally every three years). Based on the given
information in Table 9.2, for the 3 year-operating period, the total costs of the preventive,
breakdown, and preventive maintenances are estimated as follow

C =C, oy N; +C N, + Conergy (Encatiny + AE)R+Ceq, (Elc, +AEI, )R, (9.26)

energy (

preventive monthly biannually healthy
Cbreakdown = Cenergy (Ehealthy + AE)R + CCO2 (EI healthy + AEI CO, )R + Trefurbishment R’ (927)
C predictive = Cmonthly Nl + Cbiamnually N 2 + Cenergy (Ehealthy + AE)R + CCO2 (EI healthy + AEI CO, )R + Thardware’
(9.28)

where Cronthly iS the monthly maintenance cost per intervention ($/intervention), Coiannually is the
biannually maintenance cost per intervention ($/intervention), N1 is the number of intervention for
the monthly tasks in Table 9.2, N2 is the number of intervention for the biannually tasks in Table
9.2, Enealthy is the amount of electricity consumed by a healthy motor (kWh), Ccoz is the cost of
carbon dioxide emission ($/kgCO2), Elcoz is the amount of CO, emission associated with Eneaithy,
R is the number of equipment, Trefurbishment IS the refurbishment cost including disassembly,
shipping, and reinstallation, and Tharaware iS the hardware costs including data acquisition system
and sensors. Here, in the equation, the cost associated with CO, emission is also included for the

environmental consideration. The parameters are set to Cmonthiy=$200, Chiannualy=$300, Cco2 =0.01
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($/kgCO02), Trefurbishment =$2,000, and Tharaware=$6,231 (these are rough estimations based on the
survey and [174]). N1 and N2 are set to 36 and 6 in preventive maintenance and 12 and 2 in
predictive maintenance because there is less intervention in predictive maintenance (i.e., do only
when necessary).

In order to estimate and compare the total cost of each maintenance strategies, two cases are
examined: (1) different efficiency erosion models across the maintenance strategy and same
efficiency drop over the operating period and (2). same efficiency erosion models across the
maintenance strategies and different efficiency drops over the operating period.

Case 1: different efficiency erosion models across the maintenance strategies and same
efficiency drop over the operating period

To calculate the costs associated with additional amounts of energy consumption and CO-
emission, the cubic, exponential, and quadratic efficiency erosion models are adopted for
preventive, breakdown, and predictive maintenance strategies, respectively. This implies the more
amount of energy is consumed in the order of predictive, preventive, and breakdown maintenance

over the 3 year-operating period. The efficiency loss, Ay, is assumed to be 40% for all strategies.

Table 9.3 Additional costs incurred by a fault in a motor for 3-year operating period.

Efficiency Linear Quadratic Exponential Cubic

Loss (%) ® ® ©) ®
0 0 0 0 0
5 232 154 234 231
10 483 319 493 478
15 756 498 781 742
20 1,054 691 1,102 1,027
25 1,381 901 1,465 1,334
30 1,743 1,132 1,878 1,667
35 2,145 1,385 2,353 2,030
40 2,598 1,668 2,908 2,428
45 3,111 1,985 3,566 2,866
50 3,703 2,346 4,361 3,355
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Table 9.4 Additional CO> emission incurred by a fault in a motor for 3-year operating period.

Efficiency Linear Quadratic Exponential Cubic
Loss (%) (kgCO») (kgCO») (kgCO») (kgCO»)
0 0 0 0 0

5 3,498 2,323 3,532 3,479
10 7,281 4,816 7,429 7,196
15 11,389 7,502 11,757 11,180
20 15,873 10,409 16,597 15,463
25 20,797 13,573 22,055 20,087
30 26,238 17,038 28,270 25,100
35 32,297 20,859 35,426 30,561
40 39,106 25,108 43,776 36,546
45 46,839 29,882 53,677 43,149
50 55,736 35,311 65,650 50,497

Table 9.5 Comparison of total maintenance cost of three vacuum pumps when preventive,
breakdown, and preventive maintenance strategy is adopted (3-year operating period); different
efficiency erosion models across the maintenance strategy and same efficiency drop over the
operating period.

Strategy Parameter Cost
Preventive N1 36 $7,200
N2 6 $1,800
Ehealthy 120,960 kWh $24,168
AEcuic (When Ay = 40%) 30,488 kWh $7,284
Elco? 121,250 kgCO- $3,638
AElcoz (When Ay = 40%) 30,561 kgCO2 $1,096
Total Cost $45,186
Breakdown Enhealthy 120,960 kWh $24,168
AEexponentiaI (where AI’] = 40%) 35,341 KWh $8,724
Elcoz 121,250 kgCO> $3,638
AElco2 (when Ay = 40%) 35,426 kgCO» $1,313
Trefurbishment $6,000
Total Cost $43,843
Predictive N1 12 $2,400
N2 2 $600
Ehealthy 120,960 kWh $24,168
AEquadratic (When Ai’] = 40%) 20,809 KWh $5,004
Elcoz 121,250 kgCO> $3,638
AElcoz (When Ay = 40%) 20,859 kgCO> $753
Thardware $6,231
Total Cost $42,794

170



In Table 9.3 and Table 9.4, based on the four efficiency erosion models, the additional
amounts of cost and CO> emission for different efficiency losses are presented. Here, the additional
costs and the emission are incurred by an efficiency loss resulted from a fault in a motor. From the
cubic, exponential, and quadratic efficiency erosion models, when Az is 35%, the amounts of
additional cost and emission due to the efficiency loss are $2,428/36,546kgCO.,
$2,908/43,776kgCO>, and $1,668/25,108kgCO-. Then, the total cost of each maintenance strategy
can be calculated using Egs. (9.26), (9.27), and (9.28), and they are presented in Table 9.5. As
shown in the table, predictive maintenance is the most cost-effective option among the three
strategies, followed by breakdown maintenance and preventive maintenance. Even if there is a
substantial initial cost for the hardware purchase, a considerable amount of costs is saved from
fewer maintenance works and less energy consumption in the predictive maintenance strategy. If
excluding the emission associated costs (i.e., without Elco2 and AElco2 in the cost models), the
total costs of preventive, breakdown, and predictive maintenance are $40,452, $38,892, and
$38,403, which leads to the same conclusion that the preventive maintenance strategy is still the

most cost-effective option.

Case 2: same efficiency erosion models across the maintenance strategies and different
efficiency drops over the operating period

In this case, the cubic efficiency erosion model is selected for all maintenance strategies to
calculate the costs associated with additional amounts of energy consumption and CO2 emission.
Ay is assumed to be 20%, 40%, and 10% for preventive, breakdown, and predictive maintenance,
respectively. This indicates the efficiency decreases more in the order of predictive, preventive,
and breakdown maintenance over the 3 year-operating period.

From the cubic erosion model in Table 9.3 and Table 9.4, when Ay is 20%, 40%, and 10%
(i.e., the efficiency losses when preventive, breakdown, and preventive maintenance are
employed), the amounts of additional cost and emission are $1,027/15,463kgCOg,
$2,428/36,546kgCO>, and $478/7,196kgCO,. The total costs of each maintenance strategy are
calculated using Egs. (9.26), (9.27), and (9.28), and they are presented in Table 9.6. As shown in
the table, the predictive maintenance is the most cost-effective option among the three strategies,
which is the same result with the previous case. However, unlike the previous case, the preventive

maintenance is more cost-effective than the breakdown maintenance. If excluding the emission
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associated costs (i.e., without Elcoz and AElcoz in the cost model), the total cost of preventive,
breakdown, and predictive maintenance costs are $36,249, $37,452, and $34,833, and the

preventive maintenance is still the most cost-effective option.

Table 9.6 Comparison of total maintenance cost of three vacuum pumps when preventive,
breakdown, and preventive maintenance strategy is adopted (3-year operating period); same
efficiency erosion models across the maintenance strategies and different efficiency drops over
the operating period.

Strategy Parameter Cost
Preventive N1 36 $7,200
N2 6 $1,800
Ehealthy 120,960 kWh $24,168
AEcubic (When An = 20%) 15,426 kWh $3,081
Elco 121,250 kgCO- $3,638
AElco2 (when Ay = 20%) 15,463 kgCO; $464
Total Cost $40,351
Breakdown Enhealthy 120,960 kWh $24,168
AEcubic (When AI’] = 40%) 36,485 kWh $7,284
Elco2 121,250 kgCO» $3,638
AElco2 (when Ay = 40%) 36,546 kgCO> $1,096
Trefurbishment $6,000
Total Cost $42,186
Predictive N1 12 $2,400
N2 2 $600
Ehealthy 120,960 kWh $24,168
AEcubic (When Ay = 10%) 7,179 kWh $1,434
Elco2 121,250 kgCO, $3,638
AElcoz (When Ay = 10%) 7,196 kgCO- $216
Thardware $6,231
Total Cost $38,687
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10. SUMMARY AND CONCLUSION

Over the years, the smart manufacturing has been empowered by integrating cyber- and
physical- systems with the advancement of computing infrastructures, Al, big data, cloud
computing, loT platform, etc. These new technologies help construct an integrative and
collaborative system that responds in real time to meet changing conditions in the factory, supply
network, and customer demand. The integrative and collaborative system is tremendously
transforming the manufacturing plants, and equipment maintenance is one area where smart
manufacturing can greatly improve in terms of cost, productivity, and product quality.

A maintenance practice in a factory has evolved from breakdown, preventive, to predictive
maintenance over the years. The goal of maintenance is to ensure consistent production and
operational excellence. In smart manufacturing, to achieve this goal, a health condition of the
equipment is continuously monitored using sensor(s), and a necessary action is taken in a timely
manner before catastrophic equipment failures (i.e., equipment health management). Beyond the
health management, in equipment wellness, there is an active process of becoming aware of the
health condition and of making choices toward a healthy and fulfilling life (i.e., continuous
improvement). That means the root cause of failure is identified to prevent reoccurring problems,
and the economic and environmental impacts associated with a defect/failure are also estimated to
support decision making in physical asset management.

In this dissertation, the Al-driven predictive models for the condition monitoring of
mechanical systems have been presented to study the wellness of mechanical systems. The
proposed methods were applied to (1) multi-sensor signals collected during milling operations to
quantify the level of tool wear in a machining process, (2) acceleration time-frequency images
(spectrograms) to detect different faults from a power transmission mini-motor testbed based on a
convolutional neural network (CNN), (3) vibration time series data to detect faults for various
rotation speeds using a long short term memory (LSTM) augmented with an attention mechanism,
and (4) statistical features extracted from vibration data to predict the time to failure of rotating
machinery. To demonstrate the effectiveness of the proposed model, the methods were validated
using the experimental data obtained from various sources.

Also, this dissertation has investigated the lifespan of products under different categories

and the effectiveness of maintenance in their use stage. As a case study, vacuum pumps were
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examined. In this work, a power efficiency loss is used as a metric for decision making between
repair and replacement. During the progress of a fault in a motor over operation hours, more power
is lost in power transmission from an electric motor to driven equipment. Therefore, the additional
energy consumption in a faulty motor compared to a healthy motor is presented as a function of
efficiency loss, and the different efficiency erosion models are considered. Additionally, the
economic loss and environmental impact (CO2 emission) associated with the additional energy
consumption were quantified, and the total costs of different maintenance strategies were
compared.

To sum up, this dissertation conducts the assessment of technical, environmental and
economic performance of the Al-driven method for the wellness of mechanical systems (i.e.,
manufacturing equipment). The proposed method can help reduce the machine downtime and
increase the RUL/TTF of a component, and these will save a cost by optimizing maintenance task
and supply chain management while ensuring machine safety. Also, the method can play as a
bridge to connect a large-scale machinery data and machine health condition, and ultimately, the
proposed methods could be a promising solution for any types of condition monitoring problems.
One potential long-term outcome of these works could be extending the life of manufacturing
equipment by identifying root causes of machine failure at an early stage which is desirable from

economic and environmental standpoints.
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APPENDIX

The detailed calculation to obtain Eq. (9.22) in Section 9.2 is presented here. First, using Eq.
(9.18), AEcubic can be calculated as follows
1

AE cubic — J‘ A cublc(t) dt_I ( - mput t)dt
d (Gl 'S L W
Poutput 2 4 Plnput_tl (10 l)
, d Ta 1 . .
Let’s oo and f are and g + , then, above equation can be rewritten as follows
output input _t;
.
j (—) dt - J. input _ tdt J. (—) dt - I:)input_tl-l-'
a(t——) +p (t—f) +p
(10.2)
To solve the integral part, substitute x = (t —%) and dt =dx as follows
T 1 T2 1
jo ( T ) dt :I—T/Z ax’+ f dx.
alt——=) +p
2 (10.3)
If factoring the denominator and doing partial fraction decomposition,
1
dx,
ﬂ1/3x ﬂ2/3
(ax+a2/3ﬂ1/3)(xz _ + )
0(1/3 0(2/3 (10.4)
a2/3 a X 2a2ﬂ1/3
j dx.
3,32/3(0(X+a'2/3ﬂll3) 3a ﬂZ/S(azB 2 al/Bﬂl/SX +b2/3) (10 5)
From the above equation, let’s solve the following part first:
2/3
- 2/3'[ 12/3 13 dx.
3ﬂ (ax+a ﬂ ) (106)
If substituting u=ax+a**p"*and dx = du , and undoing the substitution u=ax+a**p"*,
(04
2/3 2/3 2/3 2/3 213 pl3
a J- 1 dx =2 J- 1 U In(u) o Inlax+a™p ) (10.7)
3ﬂ2/3 (ax+a2/3ﬂ1/3) 3ﬂ2/3 au 3132/3 a 3,82/3

For next, let’s solve the second part in Eq. (10.5), which is
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1 6‘(7/3)(_20{2ﬂ1/3
3a ﬁ2/3 J.(a2/3 2 a1/3ﬁ1/3x +b2/3)dx' (10 8)

vs a5/3(2a2/3x _a1/3ﬁl/3) ~ 3a2ﬁl/3

If rewriting the denominator as a'*x—2a°8 5 and splitting
the above equation into two parts (let’s consider the coefficient, ——, later),
3a’p
713 2 pl/3 5/3 2/3 13 pl/3 2 pl/3
_[ a'"x=2a°p :J- a”(aTx-ap) a°p dx. (10.9)
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Let’s solve the first part of the above equation. If putting u=a”*x*—a"*p"*x+ B** and

dx:2 7 au T 58 in the first part of the above equation, then
a "X—«o
o’ 203x — g2 a1 a® In(u
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(a —a "X +bT7) 27au 2 «
Undoing the substitution u = a**x* —a*"*x + p#*, then
In(u) 0‘ 2% — oM gYs 213
o
Next, let’s solve the second part of Eq. (10.9), which is
2 n1/3
_Sap L (10.12)

2 (a2/3x2 _a1/SIBlISX + b2/3)dx

1/3
.\ . 3 N
Rewriting the denominator, a**x*> —a*f"*x +b*®, as (a”3x—’37)2+zb2’3, and substituting

2a1/3x_ ﬂ1/3 dU
U=——+—— and dx=——————~——as follows
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Undo the substitution, u= , then
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3,53 20 3% — BY3
2 x=py

- arctan 10.14
\/5 ( \/gﬂll:g ( )
Using Egs. (10.11) and (10.14), Eq. (10.9) can be further written as
5/3 1/3
%ln(am X% — o V% + f2%) J3a arctan(22- 22 _ 20"°x- B ). (10.15)

\/_113

And, multiplying the coefficient, to the above equation, then (10.8) can be written as

2a1/3x ﬂl/?:
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In(a2/3 2 al/Sﬂll3x+ﬂ2/3) arCtan(
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Using Egs. (10.7) and (10.16), Eq. (10.5) is solved as follows
1/3 13
axX—p
arctan(———=—-—
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where C is the constant. Then, using (10.17), Eq. (10.3) can be solved as
3,  pus |2
213 pU3 2132 13 U3 2/3 arc'[an(%)
fm 1 | In(@x+a® ) In(a™x* —ap"x+ p*°) | V33
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(10.18)

Finally, after solving the above equation, AEcubic is obtained as follows
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