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Abstract

Cable shovels are mostly used as primary equipment in large-scale surface mining
operations. A single unexpected component failure could cause unforeseen costly
shutdowns, reduced productivity and may even pose a great danger to on-site per-
sonnel. The ideal maintenance strategy is to reveal incipient faults in advance that the
repair schedule and equipment have enough time to get prepared. Many challenges
will occur if conducting the fault detection experiments on the real mining shovels.
In this research, a lab-scale shovel model with the potential for fault detection is
proposed.

With the knowledge of the benefits of physical modelling and full-size cable shovel
structures and fundamental functions, a lab-scale shovel model is designed and fabri-
cated based on the Komatsu P & H 4100XPC cable shovel with a scaled-down factor
15. The shovel model is validated that the model has a similar working mechanism
and performance as the full-size mining shovel. Besides, the shovel model is able to
simulate the fundamental operation processes by a robust control system based on
EtherCAT technology.

Vibration analysis is an effective method for fault detection based on the fact that
the vibration patterns under normal and abnormal conditions are different and the
variation is the indicator of the presence of faults. A PC-based data acquisition system
is designed to obtain the vibration signal of the mechanical systems. Two artificial
failure modes with different time-varying behaviours are seeded to the shovel model.
In order to extract the fault signatures from the signal, various signal processing

techniques in time, frequency and time-frequency domains are used to distinguish the
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faulty components from the healthy ones and some techniques are also able to predict
the scale of faulty conditions.

A lab-scale cable shovel model with time-varying behaviours provides a platform
for fault detection that can be also applied to other areas such as soil-tool interaction,

equipment health monitoring and autonomous excavation.
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Chapter 1

Introduction

Among various loading units in large-scale surface mining operations, cable shovels
are used as primary equipment for overburden removal and ore material collection[1,
2]. Roughly speaking, the basic operating cycle can be categorized into two parts:
the digging process and the dumping process. The digging process is a stage where
a ground engaging tool interacting with the environment[2]. The dumping process is
a stage where the shovel carries the ore material and swings to the dump position,
dumps into a truck and swings back for the next digging process[2, 3]. Structural
components failure mostly occurs and grows during the digging process. Due to
variable conditions in the terrain, repetitive and interaction loads may damage the
structural components and elements in the power transmission[4, 5]. Even though
maintenance personnel visually checks the components that tend to be worn out or
broken based on the history maintenance records, some faults at an early stage are not
easy to be found but it can slowly change the dynamics and kinematics of the shovel
without notice. A single component fault may lead to sequential failure to other parts

of the machine[6, 7] (failure is the di erence from the expected results while the fault
is the cause of that failure), which can cause unforeseen costly shutdowns, reduced

availability, and high cost of maintenance spending and lost production[2, 7, 8].



1.1 Motivation

Maintenance departments in the mining industry used to conduct repairs when the
machine failed. However, as time goes by, it has been proved that this strategy is not
ideal for machines with complex systems such as mining equipment. As mentioned,
even a single worn-out component may lead to a failure of the whole system which will
result in unnecessary shutdowns, high maintenance costs and lost production. With
half a year of mining experience in Teck's cardinal river operation, maintenance for
heavy machines was conducted based on the manufacturer's predetermined intervals
which are estimated from the failure rate distribution from historical data. On one
hand, this age-based strategy can help reduce unplanned downtime; on the other
hand, planners tend to make conservative maintenance decisions, which is to say that
the remaining useful life of the machine may be wasted and unnecessary maintenance
cost is added. Overall, the ideal maintenance strategy should take the component's
condition into account: it can reveal incipient failures in advance that planners have
enough time to plan the next maintenance schedule.

In order to have a good knowledge of components' condition, extra transducers
and sensors may need to be installed; besides, a new data acquisition system could
also be required. Those system-level installations would require equipment shutdowns
and reduce production. In addition, for a great amount of time, shovels may not be
in the operating cycle: cleaning the bank, travelling from one face to another, etc.
Finally, the shovel is subject to high variability in operation and the challenge of
getting access to a machine in the eld makes the use of a scale model shovel for

evaluation of faults the most practical rst step.

1.2 Objectives of the Study

The ideal maintenance strategy is to make repair plans based on the condition of

components. It can not only push the usage limit to a great extent but also avoid



unexpected shutdowns. Fault detection analysis plays an important role in the im-
plementation of the ideal maintenance program. With the help of fault detection,
incipient component failure can be identi ed so that repair plans can be made in
advance; preventing an unplanned failure that could have more severe consequences
in terms of downtime and cost.

Vibration analysis is one of the most e ective methods used in condition-monitoring
to detect faults in machine systems. It identi es component conditions by measuring
the vibration levels and frequencies of the machinery[9]. Based on the fact that vi-
bration levels in healthy and faulty conditions are di erent[10], vibration analysis can
identify machines with abnormal vibration signals which is regarded as an indicator
of a fault[2].

Vibration analysis may require extra transducers or sensors for condition moni-
toring on actual mining equipment. This extra work could reduce the availability
of equipment and increase the production cost. In addition, data collection is not
e cient on an actual mining shovel when the shovel is not in operation mode where
faults can be easily revealed. On the contrary, a lab-scale shovel model is easier and
cost-e cient to be manipulated; also, the data collection and Itering is more focused
on the process where faults are expected to occur.

Consequently, this research will investigate the ability of vibration analysis to iden-

tify faults in a shovel using a lab-scale model shovel. Speci c objectives include:

1. Design, development and fabrication of a lab-scale shovel model with an inherent
time-varying behaviour The model will perform functions used in the operation
mode, which are hoist, crowd and swing. The working mechanism of each system
will be similar to an actual mining shovels. It will also provide a platform to

introduce mechanical faults and sensors at various locations;

2. Access the observability of the presence of faults through vibration analysis dur-

ing the operation mode This will be achieved by developing a baseline for health



conditions and monitoring the signal change for various seeded structural faults.
Signal processing techniques in the time, frequency and time-frequency domains

will be considered for fault detection.

1.3 Thesis Outline

To have a better understanding of the background of the relevant topics involved in
the present study, Chapter 2 is divided into three sections and provides additional
information about cable shovel structural analysis, condition monitoring techniques
and vibration analysis. Cable shovel modelling is broken down in section 2.1. First, an
overview of the resistance forces that shovel encounter during the excavation process
is presented in section 2.1.1. For a better design of the lab-scale shovel model, it
is essential to have an insight into the behaviour of the whole system. Classical
dynamical modelling of a cable shovel developed by S. Frimpong is discussed in section
2.1.2. Additionally, a comprehensive understanding of dynamics and kinematics is
included in section 2.1.3. It is then followed by the review of the literature on model
validation, which is an important connection between the actual equipment and the
model. Several validation methods including fractional analysis, similitude theory,
distortion analysis are well discussed in section 2.1.4.

The second part of the literature review (section 2.2) focuses on three common
maintenance strategies in the modern mining industry: reactive maintenance, pre-
ventive maintenance and predictive maintenance. It presents an overview of those
three maintenance philosophies and applications. It is then followed by the review
of the literature on condition monitoring technique which is one of the most e ec-
tive maintenance strategies in the mining industry. Reliability-centred maintenance
(RCB) and condition-based maintenance (CBM) are well discussed in section 2.2.1.
This chapter will be concluded with a review of the state of the art in mining equip-
ment condition monitoring.

The third part of the literature review is dedicated to the review of vibration

4



analysis in section 2.3. As one of the most e ective condition-monitoring strategies,
the bene ts of vibration analysis and the mechanical vibration process are included
in this section. In section 2.3.1, common failure modes on mining equipment are well
summarized and studied. Later, digital signal processing techniques covering time,
frequency and time-frequency domains are presented in section 2.3.2.

Chapter 3 summarizes the methodology used for fault detection on the lab-scale
cable shovel investigation. A research roadmap is included, which covers the research
stages from preliminary study to the method implementation. Section 3.2 outlines
the experimental platform requirements and design. In addition, section 3.3 explains
the techniques for analyzing the data for equipment monitoring.

Chapter 4 presents the approach used for the design and construction of the lab-
scale shovel. Generally speaking, experimental design can be divided into two parts:
rst, philosophy of solid modelling and physical model design; second, solid model
validation and motion control. In the rst part, the bene ts of physical modelling and
the study of cable shovel essential structures and functions are discussed in section 4.1
and 4.2, respectively. Critical functions and structure design are included in section
4.3. In the second half, the similarity analysis is presented in section 4.4 since the
lab-scale cable shovel model needs to be veri ed before using the scale model shovel
for any experiments. It is then followed by the full description of the control system
as shown in section 4.5,

Chapter 5 shows the cable shovel's potential for faults seeding and sensors' im-
plementation. Also, in this chapter, vibration analysis techniques are performed to
monitor the structural integrity of the shovel model. To explain the model's poten-
tial for fault detection, the design of the data acquisition system and failure modes'
selection and implementation are discussed in section 5.1 and 5.2, respectively. It is
then followed by the vibration analysis for fault detection. First, time-domain anal-
ysis based on statistical features of the signals is applied to disclose the existence of

faults and presented in section 5.3.1. Following the time-domain analysis, frequency



and time-frequency domains analysis is discussed in section 5.3.2. As common signal
processing techniques, power spectrum analysis and short-time Fourier transform are
applied on the signal and their e ectiveness and limitations are discussed.

Chapter 6 summarizes the main results of the work and discusses the limitations

of the proposed methods and plans for future work.



Chapter 2

Literature Review

Cable shovels play a critical role in large-scale surface mining operations. Keeping
mining equipment in good condition is always challenging in the mining industry. The
objectives of the research can be summarized into two categories: rst, design and
develop a shovel model with time-varying behaviours; second, access the observability
of the existence of arti cial faults. In order to achieve those objectives, this chapter
provides insights into the preliminary studies in three parts: rstly, comprehensive
studies for full-size cable shovels will be reviewed that include kinematic and dynamic
modelling of shovels. It is then followed by the review of the validation of physical
model techniques; secondly, maintenance strategies commonly used in the mining
industry will be reviewed and modern condition monitoring solutions are also studied;
last but not least, common failure modes and vibration signatures will be studied
and it is then followed by a review of digital signal processing techniques in vibration

analysis.

2.1 Cable Shovel Modelling
2.1.1 Shovel Resistance Forces

In order to understand the health condition of the earth moving machines, it is neces-
sary to have a good knowledge of their working mechanism and performance behavior.

The dipper excavation process consists of penetration, cutting and scooping[11]. Pen-



etration is the insertion of the digging tool (e.g.dipper tooth) into the material, cutting

is the lateral movement of the digging tool and scooping is the combination of the
rotation and retreat of the dipper. In the digging process, the dipper teeth apply the
cutting force acting on the lip of the dipper teeth and have to overcome resistance
forces from the dug material. The resistance forces combine the cutting forces at
the dipper teeth and lip and the excavation forces due to material movement along,
ahead and inside the dipper body[1, 12]. The shovel resistance force model proposed
by Hemanmi [13] includes six forces that must be overcome during the excavation

process, as shown in Figure 2.1. The six resistance forces acting on the dipper are

Figure 2.1. Resistance Forces During Excavation[1]

denoted byf, to fg in Figure 2.1 are as follows[1, 12, 13]:

f,: the force required to overcome the weight of the loaded material inside and

above the dipper;

" f,: the resistance force coming from the bucket's compacting action on the

material in front of the bucket on the muck pile;
f3: the friction force between the dipper wall and the dug material,

f4: the force required to compensate for the cutting resistance of the material;

8



" fs: the inertia force of the material inside and above the dipper;

" fg: the force to move the empty bucket.

From f, to f5 are dynamic forces. Those ve forces vary in both magnitude and
direction due to the material to be loaded, bucket geometry and size and, the bucket
motion and the environment e ects[13]. Specically,f, is highly a ected by the
bucket motion and the magnitude and force acting point vary during the excavation
process.f, can be zero if the bucket motion does not have pushing and compacting
action on the material. Compared withf,, the friction force f3; always exists and
its direction is the same as the bucket moving direction.fs is depending on the
acceleration of the bucket motion[13].f; and f, are the cutting forces and can be
combined as one single force by using Zekenin et al's empirical model[14] which is

expressed in Equation 2.1.
P = 10C,d™®(1 + 2:6w)(1 + 0:0075 ")z (2.1)

where Cy is a measure of the compactness and density of soil.From the standard
referred by Zekenin et al, theC, is the number of impacts to penetrate a at cylindrical
tip with a cross-section of 1cm? to a depth of 1&m when a 2.5kg mass falls from
a height of 0.4m. d here is the depth of cutting,w is the bucket width in meters
and °is the cutting angle in degreesz is the coe cient of blade impact on cutting

force, which depends onv and d.

2.1.2 Dynamic Modelling of Cable Shovel

Dynamic modelling is another factor showing the shovel's work mechanism and per-
formance behavior. The dynamic equations of cable shovels can be obtained by
using either the Lagrange method or iterative Newton-Euler method; while the itera-
tive Newton-Euler method is commonly applied because of the e ciency in software
implementation, which is signi cant to real-time simulation and parameter estima-

tion[15, 16]. Besides, the use of Lagrange formulation requires the designer to have

9



an insight into the behaviour of the whole system. On the contrary, the iterative
Newton-Euler method treats each link and joint in the system as a free body, which
can be used recursively for a link involving variables of the adjacent links[17]. The
Newton-Euler dynamic algorithm for the crowd force and hoist torque calculation
includes two parts: rstly, the Euler-Newton equations can be applied recursively to
each link from the dipper handle to dipper; secondly, the forces and torques can be
iteratively computed from dipper back to the dipper handle[18]. The Newton-Euler
formulation yields forces and torques at connecting joints, which is useful for design
and diagnostics.

The dynamic modelling of cable shovel developed by S. Frimpong[19] is by far the
most comprehensive model. The dynamics equation for the cable shovel is expressed

as Equation A.1.

D( )*+C( ;-)—+G( )=F Fioaa(Fi;Fp) (2.2)

whereD( ),C( ; -)and G( )represents the generalized inertia matrix, Coriolisand
centripetal torque, and gravity torque respectively. is the vector of generalized
variables. F is the cable shovel's breakout force ané.q (F¢;F,) represents the
resistive force during the dipper-soil digging process. A detailed explanation about
the dynamic modelling is included in Appendix A.

In Equation A.1, the force F, provided by the crowd and hoist motors, is mainly
to overcome external e ects. The external e ects consists of two parts: the rst part
comes from the dynamics e ects including the inertia e ect, Coriolis and centripetal
e ects, and gravity; the other part is the interaction between the dipper and soill.
Meanwhile,D( ) and G( ) describe the e ect of the dipper and dipper handle's ge-
ometrical and material properties.C( ; —) represents the kinematics and dynamics
of the digging strategies such as digging pro le and cycle time whilyaq (F¢; Fn) is
related to the physical and mechanical property of the soil[19]. Other e ects are not

considered in the dynamic modelling here, which includes the friction e ects during
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the transmission process.

Overall, the dynamic modelling developed by Frimpong in Equation A.1 mainly
contributes to the digging process, which is restricted to dipper, boom and dipper
handle. Based on this assumption, the crowd system, including the dipper han-
dle and dipper assembly, only moves in the vertical plane and the rotation of the
upper structure (swing function) is not considered in the dynamic modelling here.
According to the variables in the Equation A.1, it can tell that dynamic modelling
considers the geometrical and material properties of the dipper and dipper handle,
physical and mechanical properties of the soil being excavated, and the crowd and
hoist forces. Besides, the dynamic modelling also requires a comprehensive under-
standing of kinematics and dynamics of cable shovels, which will be discussed in the

following sections.

2.1.3 Cable Shove Kinematics and Dynamics

A good understanding of cable shovel's kinematics and dynamics is crucial to improve
the cable shovel's digging e ciency and reliability. According to the dynamic mod-
elling mentioned above, a good knowledge of the kinematics and dynamics of cable
shovels is necessary during the digging process. Based on the assumption of dynamic
modelling, crowd arm and dipper assembly only moves in the vertical plane and swing
motion is not considered. Frimpong proposed a coordinate system to make the anal-

ysis of the kinematics and dynamics of the cable shovel consistent and uni ed[18].

In Figure 2.2, the global coordinateX,,YyZ,, represents the coordinate for the
base and upper structures of the shovel (swing function is not considered) while the
local coordinatesOgXoYoZo, O1X1Y1Z1 and O,X,Y,>Z5 indicate the coordinates for
the boom, dipper handle and dipper respectively. The kinematics and dynamics of
cable shovels mainly concentrate on the crowd arm and dipper assembly since the

upper structure is assumed to be xed when digging[20, 21]. A detailed analysis of
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Figure 2.2: Coordinate System for the Upper Structure Components[18]

the cable shovel's kinematics and dynamics will be discussed as follows based on the

coordinate system in Figure 2.2 and the assumption mentioned above.
Cable Shovel Kinematics

During the digging process, the crowd arm extends the dipper to extract the soil
and when the dipper is full the dipper is retracted after the excavation. It is of
importance to understand the linear velocity, linear acceleration, angular velocity and
angular acceleration of the components involved in the digging process. Therefore,
a good knowledge of cable shovel kinematics models for the front-end assembly is
necessary for the analysis of the digging process. Frimpong proposed a complete
kinematic model[18] for cable shovel by using Newton-Euler formulations. According
to the proposed kinematics modelling, the outward iterations describe the motion
of the front-end parts during the excavation process; the inward iterations, on the

other hand, describe the motion of the front-end assembly as it is being extracted
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after the digging process. As the bucket is empty, based on the outward iterations,
the motion has higher angular and linear displacements and velocities, and smaller
moments about the centers of rotations; while the bucket is loaded, the kinematics of
the retracting motion is opposite, which has slower angular and linear displacements

and velocities, and higher moments about the center of rotations.
Cable Shovel Dynamics

Cable shovel dynamics model determines the inertia forces, moments and resistive
force during the excavation process. The dynamic models are derived for the front-
end part of the shovel which is shown in Figure 2.2 and the interaction between dipper

and soil is represented in Figure 2.3. The results from the kinematic model of cable

Figure 2.3: Interaction Between Dipper and Soil[18]

shovel are required to simulate the dynamic model[18]. The action forces are used to
yield the breakout force which needs to be greater than the resistive force during the
excavation. The resistive forces, produced by the digging materials, are the resultant
of the tangential and normal forces incident on the plane of excavation[18] illustrated

in Figure 2.3. The moments from the active forces, resistive forces, and the centers

of rotation about joints are critical in the shovel performance[18, 22]. Similar to the
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deduction of the kinematics, the dynamic models are also exploited using the outward
and inward iteration to study the dynamics of the excavation process in the extension

and retraction phases[22].

2.1.4 Cable Shovel Model Validation

When analyzing the performance or fault detection of the earth-moving machines,
the best object would be the shovel itself. However, considering the cost of the
experiment and the capability to repeat tests in a controlled environment, using the
actual shovel is not practical[23, 24]. It is easy to think that a scaled cable shovel
might be a good for evaluating faults in the lab due to its smaller size and easy-to-
control ability in a limited controlled space. Then, if a relationship can be derived
from the developed data that connects the structure and performance parameters
between the lab model and actual machine, this will greatly improve the credibility
of scaled cable shovel[24]. In other words, if the main structure is scaled down from
the actual size of the shovel, the performance of the lab-scale shovel is similar to the
full-size shovel and the digging scheme is the same as the full-size shovel, then it can
be concluded that the behaviour of the scaled shovel during the experimental lab tests
would be similar to the behaviour of the shovel in the eld[24]. Hence, modelling is
a useful tool that mimics rather than studying the actual entity or phenomenon[24,
25].

Modelling has been widely applied to various engineering applications and can be

categorized as follows[25]:

" Physical: respecting to the main structural characteristic of the examined phe-

nomenon;
" Computer: established from mathematical equations or learning base;

" Analog: where electrical systems are employed to create a time series of a

governing equation implemented using analogous circuits;;
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Limited: where the model is restricted to certain features of the phenomenon;
" Distorted: when various scaling parameters comply with various rules.

The development of the model experiment consists of three stages[25]: rst, identify
the characteristics of the phenomenon and lIter the features needed to be examined
in the prototype which refers to \an idealization of the eld problem in which only
those factors considered essential and relevant have been retained"[26], and then
construct the model; second, design experiments to test the model under di erent
working conditions; third, adapt the results from the model to the prototype. In
the transition from the model to prototype, modi cation and manipulation of the
model are necessary to conduct to make the prototype applicable to investigated
eld processes[25]. The development of the model allows researchers to simplify the
complicated machines and only focus on the critical components or systems for the

study.
Fractional Analysis

The fractional analysis is any procedure for obtaining some information about the
answer to a problem in the absence of methods or time for nding a complete so-
lution[27]. The purpose of the fractional analysis is to nd as much information as
possible even though the complete and exact solution cannot be found or is hard
to nd. The most common techniques for fractional analysis include dimensional
analysis and the method of similitude[25].

Dimensional analysis is using dimensionally homogeneous equations to deduce in-
formation about an event so that the form of the equations is independent of the
fundamental units of measurement[25, 28]. The contribution of the dimensional anal-
ysis is to reduce the number of terms when predicting the equation by using the
number of dimensions needed to describe the phenomena[25]. Dimensional analysis

can provide insight into the fundamental aspects of a generalized analysis; however,
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it cannot describe the mechanism of the physical processes. In a word, dimensional
analysis can be utilized when information is not su cient on the governing equation
of the phenomenon[25].

The theory of similitude is another common technique of the fractional analysis
and a method to simplify the complexity of the phenomenon, which has been applied
to various areas including structural engineering, vibration and impact problems[29].
Similitude theory can be utilized to accurately predict the behaviour of the phe-
nomenon through the scaling laws applied to the experimental results from the scaled
models under similarity conditions[29{31] The prediction of the phenomenon by using

the similitude theory can be summarized in Figure 2.4

Figure 2.4: Similitude Theory for the Phenomenon Behaviour Prediction][29]

Overall, the similitude theory is applied to the equations of the process and the un-
derstanding of the physical concepts is necessary before using the theory of similitude.
Therefore, compared with dimensional analysis, the theory of similitude requires a list
of important and pertinent parameters, which may have less accurate and complete

solutions[25].
The Theory of Modelling

The theory of modelling is based on the similarity of processes and dealing with the
methods of model designing[14]. Modelling without changing the physical nature
of the phenomenon is called physical modelling; modelling according to the use of
electronic computers is called mathematical modelling[14]. When modelling earth-

moving machines it is possible to use geometric, physical and physico-mathematical
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modelling[14]. Zelenin et. al. summarized the following conditions if two phenomena

(processes) or objects (machines) are similar[14]:

" Geometric Similarity: represents the proportionality of the linear dimensions of

the prototype and the model (; x;y; z etc):

lc (2.3)

m= pm= p m= p (2.4)
where | is the coe cient of similitude with respect to linear dimensions and

subscript p and m represent the prototype (original) and model respectively;

Physical similarity: represents the similarity of the kinematic and dynamic

parameters of the processes:

Velocity:
V_m = lﬂ = I_p = I_C (2 5)
Force:
Pm _ Mpam e 2 2
— = [5v 2.6
Po  mpap ‘2 e (26)
Work:
A Pyl
= TR = mevZ= 3ve (2.7)
p Pplp
Power:

I\Im I mVm |“cV§ 2.3
= = = v 2.8
Np PoVp to e e (2.8)

where v, and t. are the coe cients of similitude with respect to velocity and
time respectively. m;a; .;m¢ represent the mass, acceleration, density ratio

and mass ratio respectively.

Based on the completeness and exactness of simulation being studied, modelling
can be categorized into complete, incomplete and approximate[14]. The complete

modelling is the similarity of motion of the material is maintained both in space and
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in time; while the incomplete modelling investigated the process that is similar to the
prototype either in time only or in space only. The approximate modelling is where
the non-dominant parameters have a known in uence but not causing signi cant

change to the investigated processes[14].

2.2 Maintenance Strategies

Reliability is de ned as the ability of a component or system to perform the required
functions under the desired conditions of operation within a given time frame[2]. Itis
critical to keep good reliability of machines especially in the industries involving pro-
duction. Nowadays, modern industries have designed reliability-centred maintenance
strategies for their production equipment in order to increase reliability and produc-
tive capacity[32]. With good maintenance on the equipment, unplanned reliability-
related accidents can be reduced; in other words, good maintenance strategies can
improve equipment reliability, lower the downtime and increase productivity to its
maximum extent.

Many types of research have been conducted to analyze the maintenance strategies
of productive equipment[2, 33, 34]. Kothamasu et al[33] summarized the commonly
used maintenance strategies which are shown in Figure 2.5. In the past, personnel
in maintenance departments performed the reactive maintenance strategy to main-
tain the equipment; here machines were used to its limit and repair would not be
conducted until the machine failed. However, it has been proved that this scheme
is not ideal for machines with complex systems such as electric mining shovels. The
company cannot risk running it to failure since it will be costly to repair highly dam-
aged parts and also pose safety risks to operators. Today, industries are mostly using
preventive maintenance strategies. This maintenance strategy is age-based at prede-
termined intervals to reduce the probability of failure or performance degradation[33].
Manufacturers usually provide predetermined intervals which are estimated from the

failure rate distribution that is constructed from the historical data extracted from
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Figure 2.5: Taxonomy of Maintenance Philosophies[33]

the system[33]. Although the age-based preventive maintenance help to reduce un-

planned downtime, planners tend to make conservative maintenance schedules. As a
result, some remaining useful life of machines is wasted and unnecessary maintenance
cost is added.

Compared with the preventive maintenance ( xed schedule), the planned down-
time schedule in the predictive maintenance scheme is adaptively determined[33].
Predictive maintenance can help to estimate the time-to-failure of a machine and
nd the optimal time to schedule maintenance for the equipment[35]. The character-
istics of the three common maintenance strategies: reactive, preventive and predictive

maintenance are summarized graphically in Figure 2.6.

2.2.1 Condition Monitoring

Among the three common maintenance strategies mentioned above, it is apparent
to see that the most e cient maintenance strategy is predictive maintenance, which
consists of reliability-centred maintenance (RCM) and condition-based maintenance

(CBM). RCM is an approach to utilize the reliability estimates of the system to draft a
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(a) Reactive Maintenance

(b) Preventive Maintenance (c) Predictive Maintenance

Figure 2.6: Characteristics of Reactive, Preventive and Predictive Maintenance[35]

schedule for maintenance[33]. An RCM maintenance interval is predetermined by the
failure rate distribution of the system, which is similar to preventive maintenance, but
condition monitoring techniques are increasingly used to nd the optimal maintenance
intervals[36, 37]. Condition-based maintenance is to make a downtime maintenance
schedule by observing equipment's condition which is usually represented by condition
parameters such as vibration characteristics[33]. CBM relies on incipient failures and
the resultant changes in the monitored parameters[10, 33] to diagnose and prognoses
the equipment issues[38]. Condition monitoring has the potential to predict incipient
failure weeks or months in advance, so planners can be able to plan maintenance to use
the minimum disruption of production to order replacement parts and x them][10],

as shown in Figure 2.7.

Fault detection is the rst step in condition-based maintenance. Any fault detec-
tion system consists of data collection, feature extraction and feature assessment[2].
There are two main categories in fault detection methods including model-based and
pattern recognition-based methods. The major di erence between these two meth-

ods comes from the understanding of the machine model: model-based method re-
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Figure 2.7: Incipient Fault Detection Feature of Condition Monitoring[32]

quires the physics speci c, the explicit mathematical model of the monitored machine
and model-based approach can be e ective if a correct and accurate model is built;
sometimes, explicit mathematical modelling may be hard to obtain for complex sys-
tems[38]; the pattern recognition-based model is purely data-driven with the use of
arti cial intelligence. A well-trained pattern recognition-based model can e ectively
detect a fault as it learns from the fault-free and fault datasets[39]. A drawback of
this approach is that it needs a large dataset. Condition monitoring is to use the
information obtained externally about internal e ects[10], and common techniques to
analyze the internal conditions vary from vibration analysis, lubricant analysis, noise,

thermography and so on.

2.2.2 Modern Condition Monitoring Solutions on Earthmov-

ing Equipment
As mentioned previously, with good maintenance on the earthmoving equipment, un-
planned reliability-related accidents can be reduced. Good maintenance strategies will
improve equipment reliability, lower downtime and increase productivity. Condition

monitoring allows early incipient failure prediction, which can be used by planners to
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schedule downtime and make work orders. Various technology companies and man-
ufacturers are implementing cutting-edge tools and technological devices to monitor
the working condition and performance of complicated earthmoving equipment.
Damage Monitor-MS, developed by CADETECH for damage monitoring on mining
shovels, is a real-time operational condition supervisory system for electromechanical
shovels, which detect the structure damage by fatigue due to uctuating load[40]. For
each crack-prone zone (CPZ), a Damage Monitor node is installed, which calculates
damage by fatigue in real-time based on measured strain and a nite element model.
As the stress magnitude and/or damage accumulation rate exceed the user-de ned
limits, the Damage Monitor-MS will generate an alert indicating the severity of the
detected condition. This structure integrity management tool allows structure in-
spection and fault severity evaluation[40]. The owchart of the Damage Monitor-MS

working mechanism is shown in Figure 2.8.

Figure 2.8: Working Mechanism of Damage Monitor-MS Developed by CADE-
TECHI[40]

SiAMFlex-MS, another high-end condition monitoring tool developed by CADE-
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TECH for mining shovels, is a vibration monitoring system for hoist, crowd and swing
transmissions of electromechanical shovels[41]. Compared with conventional equip-
ment, which is based on Fast Fourier Transform, the spectral analysis of SiIAMFlex
uses a tailor-made spectral algorithm to monitor the mechanical condition of the
transmission components in electromechanical mining shovels[41]. Data acquisition
and processing hardware on board on the monitored mining shovels receives the vibra-
tion signals from a series of sensors that are installed on the components of interest.
SiAMFlex is capable of self-selecting and storing the most appropriate vibration data
for further analysis by specialists. The owchart of the SiIAMFlex working mechanism

is summarized in Figure 2.9.

Figure 2.9: Working Mechanism of SiAMFlex-MS Developed by CADETECH[41]

P&H was the rst mining equipment manufacturer to utilize predictive technology
on earthmoving machines. Also, P&H uses a portable vibration analyzer to detect me-
chanical defects in the mechanical components of the machine[2, 42]. P&H expanded
the line of products to include modern health monitoring and diagnostic features;

for continuous monitoring, P&H has implemented a system based on the PreVail
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platform[2, 42]. PreVail Remote Health Management (RHM) technology along with
Vibration Monitoring systems address health monitoring, production and machine
performance. The PreVail system includes a data-collection module mounted in a
compartment and connected to the control system module onboard the machine.
Through a wireless network or a satellite channel, PreVail has the ability to transmit
trend data and event les for maintenance and operations personnel. In order to
identify and provide early warning of faults, PreVail RHM provides condition-based
equipment monitoring (CBEB) models that use algorithms to detect certain data
trends that deviate from normal control limits. As the collected real-time data and
analysis reveals a system data anomaly by CBEB models, the rst-snapshot noti -
cation (FSN) function will be triggered that the P&H support o ce can receive the
warning notice[43].

Although, the real-time condition monitoring tools developed by technology com-
panies or manufacturers mentioned above can predict incipient failures successfully,
they still have some limitations: measurements are only conducted when shovels make
particular movements at particular speeds. The key step to acquire the proper data
is when the shovel is in operation with no loading and waiting for a truck[42]. Hence,
obtaining proper data for further analysis is still challenging due to various operation
modes (variable loads or speed).

Recent studies have been conducted to overcome the constant load/speed limita-
tions. Timusk, Lipsett and Mechefske have investigated the application of the vibra-
tion analysis for machinery in transient operating modes[44]. A laboratory apparatus
with variable speed and loading capacity to replicate the duty cycle of the excavator
has been developed. Rather than using the characteristics of the normal operating
condition as prior information, a novelty detection scheme for fault detection was
adopted. The novelty detection algorithm includes a training period, where it will
be considered as the baseline for the normal operating condition, and any condition

with a signi cance deviation will receive a novelty score. Realizing the e ect of the

24



operating modes on the physical response of the system and diagnostic parameters,
Timusk et al. compared a number of classi cation methods to obtain real-time in-
formation regarding the shovel operating modes[45]. It is been proved that there
is a strong relationship between speed changes and vibration response acquired by
accelerometers[46]. McBain and Timusk also proposed that segmentation of the vi-
bration signal based on speed segments can improve the accuracy of classi cation
methods[46] adopted in the novelty detection algorithm[45].

Except for the operation modes, highly variable load/speed's e ects on vibration
monitoring have been recently studied[47{49]. Those experiments proved that time-
frequency methods can successfully improve the detection of the local damage for
such systems under time-varying cyclic load. During excavation with variable loads
and rotational speeds, it is concluded that the in uence of the load in the physical

response can be signi cant at lower rotational speeds[49].

2.3 Vibration Analysis

Vibration analysis is one of the most e ective condition-monitoring strategies to de-
tect faults in machine systems, which can be de ned as a process for measuring the
vibration levels and frequencies of machinery and using that information to analyze
how healthy the machine and its components are[9]. The vibration signature of a ma-
chine is the characteristics pattern of vibration it generates when it is in operation[50].
Vibration signatures in the standard condition and faulty condition of the machine
are di erent[10]; in other words, vibration analysis focuses on the circumstances that
defects in a machine change the normal vibration signature which can be considered
as an indicator of the fault[2].

Vibration analysis is by far the most prevalent method for machine condition mon-
itoring because of its distinctive advantages compared with other methods. The

bene ts of the vibration analysis[10] are summarized as follows:
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" Immediate Reaction to Changethe vibration analysis can sense the change of
the vibration change of the machine components as soon as the de ects show
up and develop. With the oil analysis, for example, several days can be taken

to collect oil sample and analysis;

A

Accurately Point to the Faulty Component vibration analysis can locate the
faulty components that exhibit increased vibration. On the contrary, taking oil
analysis as an example, the faulty component may not be detected since many

metal parts have the same chemical compositions;

" High Sensitivity: with advanced signal processing techniques, weak fault indi-

cations can be extracted in the vibration signals.

Vibration monitoring uses signals generated by component defects as the source to
indicate a de ciency. As defects grow in magnitude and deterioration, the vibration
increases in amplitude and frequency[32]. Vibration monitoring can uncover issues
in machines involving mechanical or electrical imbalance, misalignment, or looseness.
Therefore, vibration monitoring or vibration analysis can reveal and track the ap-
pearance or development of de ciencies in machine components[32].

The mechanical vibration process can be categorized into four main stages as sum-

marized in Figure 2.10. First, the mechanism generates vibration; then the generated

Figure 2.10: Mechanical Vibration Process[51]

oscillatory energy transfers from the mechanism of the generation to a structure; third,
the energy is propagated throughout the structure system; at last, any structure part

will impart power to its surroundings[51].

26



2.3.1 Common Failure Modes on Mining Equipment

As mentioned above, vibration analysis can utilize the signal generated by the me-
chanical or electric failure and di erent failure modes may have their distinctive vibra-
tion signatures. Change in vibration signals is attributed to the change in condition[2],
itis important to nd the relation between the failure modes and vibration signatures.
Common transducers for vibration analysis include accelerometers, proximity probes
and encoders. With a good knowledge of the vibration signatures, it is necessary
to choose proper transducers to collect the vibration signals: radial vibration in the
plane perpendicular to the rotation axial can be detected by radial vibration trans-
ducers such as proximity probes and accelerometers; torsional vibration, variations in
angular velocity of the shaft, can be detected through shaft encoders[2, 10]. Figure
2.11 summarizes the commonly witnessed machinery faults diagnosed by vibration

analysis. Among those common vibration-analyzed failure modes, excessive clear-

Figure 2.11: Common Witnessed Machinery Faults Diagnosed by Vibration Analy-
sis[34]

ance in joints and gear misalignment happen frequently in earth moving machines,

which then will be studied further as follows.
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Joint Clearance/Looseness

Joints exist frequently in modern machines. The functionality of a joint allows the
relative motion between the connected components. Due to the inevitable clearance
between the mating parts, it can lead to surface contact, shock transmission and
the development of friction and wear. Even though the clearance is small, it can
cause vibration and fatigue phenomenon, lack of precision or abnormal behaviours[52].
Mechanical looseness is a common maintenance downtime for rotating equipment,
which will mostly occur at three locations: internal assembly looseness, looseness at
the machine, and structure looseness[2]. This fault could arise between a bearing
linear in its cap, a sleeve or rolling element bearing or an impeller on a shaft[2].
Proximity probes and accelerometers can be used to detect the loss of contact due to
joint clearance[53, 54].

In the analysis of a revolute joint, the journal and bearing centers coincide, which
represents the ideal or perfect working situation for a revolute joint. However, in
reality, the inclusion of the clearance may separate two centers so that two extra

degree-of-freedoms are added to the system[52]. Figure 2.12a depicts the classical

(a) (b)

Figure 2.12: (a)Revolute Joint with Clearance; (b)Normal and Tangential Forces Due
to Bearing and Journal Impact[52]

revolute joint consisting of journal-bearing assembly and clearance, whdRg, R;

and C denote the radius of bearing, the radius of journal and clearance distancing
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respectively. In a dry condition, the journal can freely move within the bearing
until the journal hits the bearing wall. During the collision, a normal contact force
along with the friction force is evaluated to determine the dynamics of the revolute
joint. Figure 2.12b illustrates the normal and tangential forces due to the journal-
bearing impact. The impact can be treated as an eccentric oblique collision with
two bodies[52], and the corresponding impulse can be transmitted throughout the
mechanical system[55].

In the revolute joint with clearance, three di erent modes of motion between the
journal and bearing can be considered: continuous contact mode, free- ight mode,
and impact mode[52, 56], which are illustrated in Figure 2.13. In the continuous
contact mode, the journal and bearing are in contact and a sliding motion is assumed
to exist. During this mode, the penetration depth varies along the circumference of
the journal. This mode ends at the instant when the journal and bearing separate
and the journal enters the free- ight mode. In the free- ight mode, the journal moves
freely inside the bearing; in other words, there is no contact between the journal and
bearing. After the free- ight mode, the journal enters the impact mode, where the
impact forces applied and removed. This mode is characterized by a discontinuity
in the kinematic and dynamic response, and a signi cant exchange of momentum
occurs between the impacting bodies. At the termination of the impact mode, the
journal can enter either free- ight or continuous contact mode. When analyzing the
dynamics of a revolute joint with clearance, if the path of the journal center is plotted
for the discrete instant of time, the types of motion modes of the journal inside the

bearing can be easily detected[52].
Gear Misalignment

Failure in gears, transmission shafts and drive trains is common in gearboxes of earth-
moving machines. Those components are very exible, even if a perfect alignment is

achieved as shown in Figure 2.14, random dynamics forces can make shafts to bend
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Figure 2.13: Three Types of Journal Motion Inside the Bearing[52]

causing gear misalignment[57]. Various reasons can lead to gear misalignment such as
failing lubrication quality, wear of shaft bearings, losses of shaft eccentricity or shaft

bend and deforms[57].

Figure 2.14: Perfect Gear Alignment[57]

The fault of gear misalignment can be grouped into two categories: lateral misalign-
ment and angular misalignment. Speci cally speaking, lateral misalignment consists
of radial and axial misalignment and angular misalignment consists of yaw and pitch
misalignment which are illustrated in Figure 2.15 and 2.16 respectively.

Gears are said to be radial misalignment, as shown in Figure 2.15a, when gear
teeth are brought away from each other by increasing the center-to-center distance
while shafts remain parallel. Because of the reduction of the contact area of the teeth

under the mesh, the teeth meshing sti ness reduces, backlash and tooth bending
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(a) Radial Misalignment (b) Axial Misalignment

Figure 2.15: Two Type of Lateral Gear Misalignment[57]

(a) Yaw Misalignment (b) Pitch Misalignment

Figure 2.16: Two Type of Angular Gear Misalignment[57]

increase as the contact ratio decreases gear noise reduces[57]. Axial misalignment is
the other lateral gear misalignment as shown in Figure 2.15b. When subjected to
axial misalignment, the center-to-center distance remains the same but one gear is
moving forward or backward along its axis leading to the reduction of contact area
along its face width. In addition, as the contact area decreases, contact stresses and
deformation will increase which causes a reduction in meshing sti ness[57, 58].

Yaw misalignment is one of the angular misalignment illustrated in Figure 2.16a.
When subjected to yaw misalignment, the gear shafts are positioned at an angle on
the horizontal plane. In this case, the contact area between gears is subjected to
increase or decrease depending on whether the pinion shaft is moving towards or
away from the gear shaft. If the pinion shaft is displaced towards the gear shaft,
the pinion teeth move further into the gear resulting in the increase of the contact
ratio which would then cause more gear noise. On the contrary, as the pinion shaft is
moving away from the gear shaft the contact ratio would decrease and result in lower
noise[57]. Pitch misalignment is the other angular gear misalignment fault illustrated

in Figure 2.16b. Compared to the yaw misalignment, the gear shafts are positioned at

31



an angle at a vertical plane. Since the pinion teeth are tilted, more edge region comes
in contact with the meshing region which causes the increase of the deformation and
decrease in mesh sti ness[57]. Among the gear misalignment, the pitch misalignment

causes more contact stresses[58].

2.3.2 Digital Signal Processing Techniques

With the help of the appropriate signal processing techniques, signals collected from
the machine can reveal the machine's health condition. Mostly, signals collected from
sensors are contaminated by some noise and thus may not be able to directly diagnose
the machine faults. Features of collected signals can be detected with the assistance
of certain techniques. Feature extraction techniques come with two main function-
alities: rst, increase the signal to noise ratio; second, locate certain components
in signals to assist detection in machine faults. Numerous digital processing signal
techniques have been applied to the fault diagnosis analysis, which are varying from
statistical to model-based techniques, and from comprising various signal processing
algorithms to extracting useful diagnostic information from collected signals[59]. The
success in the detection of change depends on the signi cance of the deviation and
e ectiveness of the algorithm that is used for the interpretation of the data[2, 10, 60].
Digital signal processing techniques are grouped into three categories: time domain,

frequency domain and time-frequency domain.
Time Domain

Most of the signals are initially obtained as a series of digital values representing
proximity, velocity, or acceleration in the time domain. Time-domain feature extrac-
tion includes four main categories: statistical parameters, time-synchronous averaged
signal-based methods, Iter-based methods, and stochastic/advanced methods[59],
which is shown in Figure 2.17.

The use of statistical parameters is one of the common digital signal processing
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Figure 2.17: Overview of Time-Domain Vibration Feature Extraction Techniques[59]

techniques in the time domain. Statistical parameters include Root Mean Square
(RMS), Mean, Variance, Skewness, Kurtosis, and crest factor. RMS is a time anal-
ysis feature that measures the power content in the vibration signals and a basic
approach that can manage to measure defects in rotating machinery but often not
sensitive to detecting incipient faults. Mean, Variance, Skewness and Kurtosis are
the four statistical moments of distributions (such as non-Gaussian distribution and
cumulative density distribution) to simplify vibration analysis. Kurtosis measures
the relative peakedness or atness of the distribution and can be used as an indi-
cator of major peaks in a data segment. The crest factor is the ratio of peak level
to the RMS level of the input signal. Because of the high sensitivity to the signal
peak, the crest factor can be used to detect the signal pattern change due to impulse
vibration sources, e.g., tooth breakage on the gear and defect on the outer race of
a bearing[59]. The expressions of statistical parameters along with other statistical
features are summarized in Appendix B.

The second approach for the time domain is time-synchronous averaging-based

methods consisting of time-synchronous average (TSA) signal, residual signal (RES)
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and di erence signal (DIFS). TSA is de ned as a periodicity feature of the vibra-
tion signal[61]. TSA signal is obtained by time-synchronous averaging of the initial
data and reducing redundant noise by removing any periodic events that are not
synchronous with the speci ¢ sampling frequency[61]. RES is de ned as the signal
that results from subtracting the TSA from the synchronized vibration signal, i.e.,
RES consists of the time-synchronous averaged signal with the primary meshing and
shaft components along with their harmonics removed. DIFS is de ned as the signal
that results from removing the regular meshing, i.e., shaft frequency and harmonics,
primary frequency and harmonics, from TSA signals[59].

The third technique for the time domain is Iter-based methods including demodu-
lation, Prony model and adaptive noise cancellation (ANC). These techniques mainly
focus on the noise removal and signal to isolate from raw signals. The demodulation
process is the inverse of the modulation process and can be categorized into amplitude
and phase demodulation. The amplitude demodulation, also known as high-frequency
resonance, resonance demodulation or envelop analysis, separates low-level frequency
from high-frequency background noise[62]. The Prony analysis estimates the model
parameters (e.g., amplitude, frequency, damping, and phase shift) by tting the sum-
mation of the damped sinusoidal components to the equally spaced sample. This
technique can be utilized in fault diagnosis and original data recovery[61]. An adap-
tive Iter can e ectively model the relationship between two signals in an iterative
active manner. Based on that characteristic, ANC can especially remove the back-
ground noise from time wave[61].

The last technique for analyzing the time series signals is stochastic methods such
as chaos, blind deconvolution, and thresholding. Blind source separation (BSS), also
known as blind deconvolution, is a signal processing technique that removes the un-
observed signals from a set of observations of numerous signal combinations[63]. This
technique is e ective in some cases where there is a lack of knowledge about the

di erent combinations of signals received by each sensor[61].
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Frequency Domain

Similar to the time domain, the frequency domain is another approach to understand
a machine's condition with received signals. In the frequency domain, each sine wave

will be presented as a spectral component, which is shown in Figure 2.18. Frequency

Figure 2.18: Signals on Time Domain and Frequency Domain[64]

domain analysis can extract information based on the frequency characteristics that
may not be easily observed in the time domain. In reality, each component on the
machine can produce a certain frequency. However, those produced frequencies cannot
be seen individually in the measured signal since what is seen is the summation of
those signals that sensors measured. Thanks to the frequency domain analysis, the
spectrum of the frequency components from the time domain waveforms makes it
easier to observe each source of vibration[61].

Fourier analysis, also known as harmonic analysis, is the decomposition of the
series into a summation of sinusoidal components, where each sinusoid has a specic

amplitude and phase[61]. The Fourier analysis is based on the Fourier Transform (FT)
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which can transform a time-series signal from time-domain to frequency domain. The
FT can be expressed as: Z
1

X(1)y=  x(t)e " dt (2.9)
1

Fast Fourier transform (FFT) is an e cient algorithm computing the Discrete Fourier
transform (DFT) and its inverse for a stationary time series signal with a signi cant
complexity reduction[61]. FFT can reveal the fundamental and harmonic frequencies
existing in a signal. Therefore, the failure modes with distinctive repetitive frequencies
or the faults that change the frequencies of the normal signal can be identi ed[2].
There are mainly two techniques including power spectrum analysis and frequency
domain statistical features that can extract various frequencies spectrum features
representing a machine's condition.

Power spectrum analysis is commonly de ned as the Fourier transform of the auto-
correlation function[65]. The discrete notion of the power spectrum equation is ex-
pressed as:

IX 1
PS(f) = rw[nle 2Ts p=1:2:3::: (2.10)

n=0

wherer [n] is the auto-correlation function. Unlike the Fourier transform, the power
spectrum does not have phase information, it can then be applied to situations where
phase is not considered useful[65]. A common approach to evaluating the power
spectrum is calledspectral averaging Averaging is achieved by dividing the waveform
into a number of possible overlapping segments and calculating the energy density on
each of these segments. The nal power spectrum is constructed from the ensemble
average of the power spectra from each segment[65]. The segmentation in spectral
averaging is shown in Figure 2.19.

The second approach to analyze the frequency spectrum information is to use fre-
guency spectrum statistical features. Similar to the amplitude or phase features in the
time domain, these frequency spectrum statistical features allow a quick overview of

a machine's condition without speci ¢ diagnostic capabilities[66]. Common frequency
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Figure 2.19: Example of Segmentation in Spectral Averaging[65]

spectrum statistical features are summarized in Appendix C.
Time-Frequency Domain

As mentioned above, the Fourier transform provides an e ective transformation of a
signal from the time domain to the frequency domain. In some cases, valuable time-
series information of the spectral components is included in the phase characteristic
of the Fourier transform, which is not easy to be used in the frequency domain[61].
Moreover, the Fourier transform is conducted based on the assumption that the signal
is stationary; however, most analyses of rotating machines are based on investigating
the vibrations during a speed sweep, i.e., machines are either speed up from low to
high RPM or slowed down from high to low RPM[64]. This results in non-stationary
signals that traditional Fourier transform is not suitable anymore.

On the contrary, the time-frequency domain can be applied to the non-stationary
waveform signals, which are very common in failure modes[61]. The time-frequency
features of the time-indexed series signals can be extracted through several time-

frequency analysis techniques including short-time Fourier transform (STFT), wavelet
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transform (WT), Hilbert-Huang transform (HHT), empirical mode decomposition
(EMD), local mean decomposition (LMD).

Short-time Fourier transform as one of common time-frequency domain analysis
can analyze non-stationary signals when compared with the original Fourier trans-

form. STFT is expressed using the following equation:
Z 1

X(;')= ) x()! (t e " dt (2.11)

where x(t) is the time-domain vibration signal, is the time variable and! ( ) is a
window function, commonly a Hann window or Gaussian window centred around zero.
Reducing window size can improve accuracy with respect to time resolution, which can
also lead to increased computing time. To increase the frequency resolution, a larger
time interval is required, but it will invalidate the stationary assumption. The window
size is xed the whole time and has to be chosen in advance. Recent studies have
shown that STFT is an e ective method for condition monitoring including failure
modes classi cation[67], life cycle estimation[68], and fault feature extraction[69].
Wavelet analysigs another important approach in time-frequency domain analysis,
which decomposes the signal based on a family of "wavelets'[61]. Similar to the window
in STFT, the wavelet families have xed shapes, i.e., Haar, Daubechies, Morlets, etc;
the wavelet function is scalable allowing the wavelet transformation to be adaptable
to a wide range of frequency and time resolutions. The mother wavelet function can

be calculated through the following equation:

s (1) = pl—g tT (2.12)

wheres, andt represent the scaling parameter, transformation parameter and time
respectively. The wavelet transform is an extension of the Fourier transform, which
maps the original signal from the time domain to the time-frequency domain. The
wavelet functions transformed from the mother wavelet have the same shape but the

di erent dimensions and places as the mother wavelet[61]. There are three common
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transforms in wavelet analysis including the continuous wavelet transform (CWT),
discrete wavelet transform (DWT), and wavelet packet transform (WPT)[70].

The next common technique for the time-frequency domain analysis Hilbert-
Huang transform Unlike other time-frequency methods mentioned that use a prede-
termined structure either through time or frequency[2], HHT is a self-adaptive tech-
nique that can extract the instantaneous frequency of non-stationary and nonlinear
time-series[71]. The three important terms including empirical mode decomposition,
intrinsic mode function and Hilbert spectrum analysis need to be discussed in advance

in order to have a better understanding of HHT.

After reviewing the condition monitoring and fault detection literature for com-
mon failures in mining equipment, many studies have conducted experiments on a
simpli ed linear model such as slider-crank mechanism but none has created a scaled
version of shovel model for machinery diagnostics. As reviewing the literature in the
area of similitude theory, a reduced-scale model under similarity conditions can ac-
curately predict the behaviour of the full-size machine. Developing a scaled model
with inherent time-varying mechanisms similar to full-size shovel and a platform for
condition monitoring can provide more trustworthy and valuable results prior to the

eld implementation.
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Chapter 3

Methodology

Industrial machines are usually operating under either stationary or non-stationary
conditions. The stationary condition is used to describe the constant state of loading
and invariable rotating speed[2]. The classical equipment operated under the station-
ary condition includes the conveyor belt mechanism and heat pipe[72]. These ma-
chines' behaviours and performance can be easily monitored to detect any anomaly in
the normal state due to a change of condition, i.e., the presence of faults[2, 72]. Hence,
the maintenance of such machines is relatively easy and the high-cost of unplanned
downtime can be minimized or even avoided[2]. Machines under non-stationary con-
ditions, on the other hand, are relatively harder to monitor since they are generally
operated in a time-varying manner and undergo changes including external loading
and rotational speeds[73, 74]. Due to the di culties in condition monitoring, the
maintenance system on those machines are relatively complex, and often experience
high-cost unplanned shutdowns[7, 8]. Typical industrial equipment working under
non-stationary conditions includes earthmoving machines[6].

In the mining industry, a great number of phenomenon earthmoving machines
encounter unplanned breakdowns which can cause high-cost maintenance and delays
in production. As mentioned in section 2.2.1, most unplanned maintenance can be
prevented by proper condition monitoring and incipient faults detection[36, 37]. To

overcome current industrial challenges, this experiment proposes a solution to detect
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common faults in mining electric cable shovels.

3.1 Research Roadmap

A lab-scale cable shovel model is designed and fabricated which has three functions:
swing, hoist and crowd. According to the actual cable shovel operation modes, the
cable shovel model is programmed to simulate the working cycle: the processes of
digging and dumping. For the condition monitoring of the equipment, vibration
monitoring and analytical techniques are proposed which have the ability to detect
and classify common faults of cable shovels.

The research road map and steps are summarized in Figure 3.1. These steps
can be broken into four major phases: a preliminary study, experiment platform
design, experiments, and data analysis and processing for fault detection. In the
preliminary study, assumptions and constraints are determined. The lab-scale shovel
will be designed with three basic mining shovel's functions which are crowd, hoist and
swing. The dynamics and kinematics of cable shovel will be studied. Meanwhile, as
for condition monitoring, common failure modes of cable shovels along with digital
signal processing techniques for vibration analysis are studied. Besides, nite element
analysis for common faults is carried out in Solidworks shown in Appendix D.

Findings from the preliminary study provide a foundation for the development of
the equipment setup. Parts could be modi ed based on the results from the model
simulation from the preliminary study. Components will either be purchased online
or machined in the machine shop in the Department of Mechanical Engineering at
the University of Alberta. Meanwhile, failure modes will be determined and manu-
factured. A data acquisition system for vibration analysis is con gured.

Based on the industrial cable shovel's working process, a PLC algorithm is devel-
oped and implemented. Before seeding the arti cial faults, a validation of the physical
modelling of the shovel model needs to be conducted. Fault detection experiments

are performed by creating a fault-free baseline rst and then injecting selected faults
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Figure 3.1: Research Roadmap for Lab-Scale Cable Shovel Modelling and Fault De-
tection

separately. During the iterative operation, vibration-based condition monitoring is
adopted. Various signal processing techniques will be utilized to analyze vibration

signals and their e ectiveness and limitations will be discussed and compared.

3.2 Experimental Platform Design

The experimental platform or cable shovel model was designed to simulate the mining
cable shovel's operation process. There were various objectives that shaped the design

criteria. The cable shovel model is required to:

" Have three main functions that commonly used in the actual shovel's work
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process: hoist, crowd and swing;

" Produce the main systems that have identical or similar working mechanism as

the industrial cable shovels do;
" Produce a time-varying behaviour;

" Provide potential for faults seeding and transducers and sensors' implementa-

tion.

Accordingly, the designed cable shovel model has three basic functions including
crowd, hoist and swing. A study has been conducted to understand the structure and
kinetics and dynamics of actual cable shovel by numerous eld visits and literature
reviews. Each main function has a similar structure and kinematics and dynamics
when compared to the real cable shovels. A PLC algorithm has been developed to
control the servo motors for those main functions to realize a common operation
process. The shovel model has been scaled down for lab use but still has enough

space to install transducers and sensors.

3.3 Equipment Monitoring

Since shovels play an essential role in surface mining, it is crucial to have the capability
to monitor the health of mining equipment. Vibration analysis is one of the most

e ective methods for condition-monitoring on machines, which focus on the situation
that defects in a machine change the normal vibration signature which then can
be considered as an indicator of the fault. Fault detection analysis usually needs
help from signal processing techniques as mentioned in section 2.3.2. Digital signal
processing techniques can be grouped into three categories: time domain, frequency
domain and time-frequency domain. In order to collect the vibration level of the part
that is of interest, the accelerometer is introduced which will be discussed in detail

in section 5.1.
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To investigate the condition monitoring of the equipment, the following methodol-

ogy is adopted:

1. Failure modes there are various types of mechanical failures that occurred in
mining shovels such as unbalance, gear defects, bent shafts and etc. Common

failure modes in mining shovels are selected;

2. Sensor Location after the selection of the failure modes, the type of the sensor,
the sensor's installation location and installation method should be decided. At
the chosen sensor location, an accelerometer can reveal the vibration level of

the components or subsystems;

3. Healthy State Development vibration signals were collected during the free
motion of the shovel under fault-free conditions to develop a baseline for the

healthy state of the components or subsystems;

4. Faulty State Development the selected failure modes were seeded separately.
Vibration signals were collected to develop the faulty state for the components

or subsystems under each failure mode;

5. Fault Detection: fault detection analysis was conducted by comparing the data

under healthy and faulty states using various signal processing techniques.

For the failure modes selection, according to past literature and eld investigation,
looseness is a common failure in mining equipment. In this research, two types of
looseness were analyzed: bolt looseness and shaft wear looseness. Moreover, shaft
wear looseness can also lead to gear misalignment although it has a minor e ect
compared to shaft wear looseness. Fault modes will be discussed more in section 5.2.
Various signal processing techniques including time, frequency and time-frequency
domains were applied to evaluate the changes in the signal caused by the presence of

a fault. The e ectiveness of those techniques will be discussed in Chapter 5.
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Chapter 4

Cable Shovel Model Construction

With the full understanding of earth-moving machines working condition, mining
shovels can be well maintained and pushed to the limit of their capabilities. The
best way to understand shovel performance and fault characteristics is to run tests
on an operating shovel; however, taking into account the cost of these experiments
and the challenge in doing repeat tests in the eld, performing experiments on a full
size shovel is not practical.[24]. In order to overcome the cost of and inconvenience
of the testing on the actual cable shovel, a lab-scale shovel model can be created.
The scaled-size cable shovel can successfully avoid the challenges from the actual size
machines mentioned above as long as the relationship or similarity interaction can be
validated between the full-size machine and the scaled model. In other words, if it can
be shown that the performance of the scaled cable shovel is the same as the full-size
shovel, then it can be concluded that the behaviour and conditions of the scaled cable
shovel testing in the lab would be similar to the cable shovels in the eld[24].

This chapter is structured as follows. Before designing a lab-scale shovel model,
a comprehensive knowledge of physical modelling methodology and a full-size cable
shovel structure is necessary. This chapter rst introduces the bene ts of physical
modelling. After that, fundamental cable shovel structures and a complete digging
phase are studied. It is then followed by a comprehensive explanation of shovel model

structure design. Following a complete design of the shovel model, a validation of the

45



physical model is conducted. Last but not least, in order to create a model with time-
varying behavior, a reliable control system is designed by using common industrial

control technology.

4.1 Advantages of Physical Modelling

Scaled modelling not only can make the experiments convenient and cost-e ective,
but it can also be applied to various applications. One of the primary values of

physical modelling is that the elements that need to analyze can only be considered;
in other words, it is not necessary to model all aspects of the full-size machine but
just need to keep the focus on those which are important for the analysis[25]. The

advantages of physical modelling are summarized as follows[25]:
1. Predict the working performance of the phenomenon;

2. Provide an appreciation of the nature, magnitude, and e ort of the physical

parameters in the system;

3. Provide a solution to predict the performance of the digging equipment if the

analytical relation is not found;
4. Provide cost-e cient experiments compared to full-size testing;
5. Can have repeat tests in a controlled environment;
6. Avoid material variability challenge in the eld;
7. Minimize the problems associated with operator practice in the eld;

8. Concentrate on the parameters that need to be investigated and omit unneces-

sary data associated with eld data.

From the summary mentioned above, it can be seen that various bene ts come with

physical modelling. In order to have a good knowledge of cable shovel and fault
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detection techniques, creating a scaled shovel is an e ective approach to achieve the

goals.

4.2 Full-Size Cable Shovel Structure and Functions
Studies

Cable shovels are designed for excavating and loading materials in the surface mining

operations. Figure 4.1 illustrates the common mining cable shovels structure. The

Figure 4.1. Cable Shovel Structure[75]

cable shovel consists of three major assemblies including the lower body, the upper
body and the front-end attachment. The lower body provides a stable base for the
shovel and includes the propelling system and the swing gear. The propelling system
consists of a pair of propelling motors, crawler frames and crawler belts. The upper
body provides a platform for the machinery house, electric room, gantry, operator's
cabin, swing motor and transmission, hoist system, etc. The deck plan of the common
cable shovel is illustrated in Figure 4.2.

The gantry is attached to the upper body and used for holding the boom by using

the boom suspension rope. The hoist system mainly consists of hoist motors, drum
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Figure 4.2: P&H 4100 Machinery Desk Plan[76]

and hoist rope. The upper assembly is the roller and center pin mounted on the
lower part. The front-end attachment is usually utilized in the digging process. The
attachment consists of the boom, crowd motor and transmission, dipper handle and
dipper.

The primary dynamic functions for cable shovels include propel, swing, crowd and
hoist. The propel system can assist the shovel to crawl steadily from one digging site
to another on a rough condition road. Swing motor powers the swing transmission
that in turn drives the swing pinion which is meshed with the swing gear. Multiple
swing motors and transmissions are commonly used to rotate the upper body from
digging face to haulage trucks. Crowd motor drives the crowd pinion engaged with a
dipper handle. The reversible electric crowd motor allows the dipper handle to push
the dipper forward and also retract the dipper. The rotating hoist drum can extend
and pull back the hoist ropes connecting to the dipper. Two hoist motors are typically
employed to elevate and lower the dipper. The digging process is accomplished when
the dipper handle is crowded and the dipper is lifted through the digging face. A

complete digging phase is illustrated in Figure 4.3.
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Figure 4.3. Complete Digging Phase of a Cable Shovel[75]
4.3 Shovel Model Structure Design

The lab-scale shovel model replicates the three basic dynamic motions including
swing, hoist and crowd of a commercial cable shovel, scaled down by a factor of
15. This choice was based on important considerations: optimum size for laboratory
experiments, time and control over material preparations, economics and machining
capability[25]. The scaled-down factor provides a baseline for the similarity analysis
of the shovel model; in this research, two aspects of similarities are considered: geo-
metric similarity and physical similarity which are studied in section 2.1.4. For the
structure design of the shovel model, the geometric similarity is taken into account;
in other words, the geometric dimension of the full-size shovel will be linearly scaled
down by around 15 (to shrink the size to 15 is optimal but due to the limitation

of the machine tools, manufacturing process and parts quantity in stock, the actual
scaled-down factor deviates). The physical similarity decides the motor selection and
control, which will be discussed in section 4.4. According to the geometric similarity,
an overview view of the shovel model with overall dimension is shown in Figure 4.4.
An annotated side view of the shovel model is presented in Figure 4.5 illustrating

the basic structures and functions of the shovel model. The four fundamental struc-
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(@)

(b)
Figure 4.4: Overview of Lab-Scale Cable Shovel Model

tures in the cable shovel modelling including gantry assembly, swing, hoist and crowd

systems will be described.
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Figure 4.5: Annotated Side View of Cable Shovel Model

4.3.1 Gantry Assembly

It can be seen from Figure 4.6 that the gantry assembly consists of gentry frames, an
instrument tray and a gantry crossbeam. The gantry provides a steady platform to
support the boom component. The gantry frames are fastened on the top plate and
held by an instrument tray and a crossbeam. One end of the gantry ropes is twined
around the grooves on the crossbeam and the other end is tied on the hooks bolted

at the tip the boom.

4.3.2 Lower Body Assembly

The lower body of the physical modelling provides a base and platform for the rotation
from the digging face to the dumping location. The lower works are attached to the
top plate with the inside ring of the roller bearing and a spacer. The outside ring
of the roller bearing is bolted to the base plate. A 150-tooth swing gear is xed on
the base plate and is meshed with a 12-tooth gear pinion driven by a servo motor
mounted on the top plate. Since the propel motion is not considered, the crawlers

are replaced with two 80 mm 160 mm 900 mm aluminum extrusions which not
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Figure 4.6: Annotated View of Gantry Assembly

only provide a solid base for the shovel model but also o er a potential for installing
casters so that the model can be easily moved around. An annotated view of the

lower works is shown in Figure 4.7.

Figure 4.7: Annotated View of Lower Body Assembly

52



4.3.3 Hoist System Assembly

An annotated view of the hoist system is shown in Figure 4.8. The hoist components
including the hoist servo motor, gear train and drum are all bolted on the hoist mount

which is then xed on the top plate. It was designed to separate the hoist system from
the rest of the shovel for later assembly and maintenance. The hoist drum rotates
to extend and retract the hoist ropes through the smooth rope guide embedded at
the front of the hoist mount. The rope guide ensures the hoist ropes move along the

crowd arm side planes.

Figure 4.8: Annotated View of the Hoist System

4.3.4 Crowd System Assembly

As shown in Figure 4.9, the crowd system consists of components including boom
mount, boom, crowd motor, motor mount, gear train, dipper handle, hoist pulley,

suspension rope hook and bucket assembly. The boom mount is bolted on the top
plate and crowd ropes connecting the crowd hook and gantry hold the boom at the

desired angle. The dipper handle is modi ed from a gear rack meshed with a gear
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pinion driven by a crowd motor. The crowd motor is selected by using similarity

analysis with scale factor of 15 and a detailed analysis regarding the motor power
required and motor selection can be found in section 4.4.1. The dipper crowd mount
(shown in Figure 4.10) is attached with the dipper handle and the bucket can freely
rotate around the dipper mount shaft. Hoist ropes connect the dipper rope interface

and hoist drum via the hoist pulley bolted on the tip of the boom.

Figure 4.9: Annotated View of the Crowd System

Figure 4.10 presents the annotated view of the dipper assembly. The dipper assem-
bly contains a dipper door, a spring hinge, two dipper crowd mounts, a dipper body
and a dipper rope interface (dipper shaft and dipper clips). The dipper door open-
close function is achieved manually by a spring door hinge and two hooks located at

the dipper door and dipper body.

4.4 Similarity Analysis of Shovel Model

From previous sections, the advantages of physical modelling have been discussed. For

this project, the lab-scale model is economical and applicable to laboratory experi-
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Figure 4.10: Annotated View of Dipper Assembly

ments. A 1:15 Komatsu P & H 4100XPC lab-scale cable shovel has been designed,
which can simulate three motions including crowd, hoist and swing functions. Be-
fore conducting any experiments on the physical model it is necessary to validate the
physical model, which is to prove that the model has similar working mechanisms
and performance as the actual-size cable shovel. The data then can be used for other
research such as fault detection after the lab-scale cable shovel has been validated
otherwise the conclusion will not be convincing since the connection between the
physical model and full-size cable shovel is not made. Similarity analysis and inertia

considerations are considered next.

4.4.1 Similarity Analysis

As has been discussed in section 2.1.4, factional analysis is used to nd as much as
possible information about the problem whose complete and exact solutions cannot be
found or is hard to nd. Among various techniques for fractional analysis, similitude
analysis is commonly used. It not only can simplify the complexity of the full-scale

model but also provides a foundation to predict the behaviour of the full-size machine
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from a reduced-scale model. The following parameters are derived for the similarity
analysis based on the scale rati§ = 15 [25].

Scale Ratio = Prototype Length/Model Length =

— =S 4.2)
Im
Linear Velocity Ratio =
Ip
V, < I
P = % = I_p =S (42)
Vm S m
Rotational Speed Ratio =
! Vp=R vV, R R
p— Yp=Fp _ Vp Rm _ m
—=_-—>= = —=5 — 4.3
Power Ratio =
Po_ Fovo _ (pVo0Vo _ oS’ (4.4)
Pm FmVm ( mVinQ)Vm m
wherel, v, P, F, !, R and represent the length, linear velocity, power, force

rotational speed, rotation radius and density, respectively; and meanwhile, subscripts
p and m represent full-size machine and reduced-scale model, respectively. Before
conducting the similarity analysis, it is assumed that the densities of the material of
the actual mining shovels and the shovel model are the same. Then the equations for

the similarity analysis can be simpli ed as:

Linear Velocity Ratio = S (4.5)

. : Rm
Rotational Speed Ratio =S Rp (4.6)
Power Ratio = S* (4.7)

The hoist, crowd and swing systems' velocities of P&H 4100XPC are estimated in
Appendix E and the powers of the three systems are also provided[77]. According to
the similarity analysis and information about the full-size shovel, the parameters of

the shovel model are summarized in Table 4.1.
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Table 4.1: Similarity Analysis for Shovel Model Parameters

Parameter System P&H 4100 Reduction Shovel
XPC Ratio Model
Hoist 1:1m=s s 0:073n=s
Velocity Crowd 0:53m=s 0:035m=s
Swing 1:5RPM S % 2:11RP M
Hoist 230kW 0:04%W
Power Crowd 545K W Sh 0:01kW
Swing 109kW 0:02XW

In order to satisfy the velocity requirements for the shovel model, the model motors

need to be operated at 465 RPM, 1528 RPM and 168 RPM for hoist, crowd and swing

systems, respectively. Motor speed calculation along with rotation radius for full-size

shovel Rn) and shovel model Rp) are discussed in Appendix F. To achieve the

necessary output power for three systems shown in Table 4.1, Beckho servo motors

with rated output power at 0.15 kW were selected with a consideration of 80% to

90% e ciency for common servo motors[78].

4.4.2 Inertia Considerations

Motors are commonly used in common mechanical systems to achieve precise posi-

tioning, velocities and torques. To evaluate the motor's ability to e ectively control

the load, the ratio of the load inertia to the motor inertia plays an important role[79].

The inertia ratio can be expressed as:

Inertia Ratio

(4.8)

where J_ and Jy represent inertia of load re ected to motor and inertia of the

motor, respectively. In this analysis, inertia is referred to as the mass moment of

inertia and also known as rotational inertia. When designing a mechanical system,

the goal is to achieve the inertia ratio of 1:1.
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cost-e ectiveness, material requirements or component sizing. According to various
applications, typical inertia ratio limit values (shown in Table 4.2) are recommended
by Beckho which the motors and drives in this project were bought. Nowadays,

Table 4.2: Typical Inertia Ratio Limit Values from Beckho [80]

Application Inertia Ratio Range

High-end Servo Drives for Maximum O0<IR< 1
Accuracy

Typical Servo Drives in Machining 1<IR< 3
Equipment

Controlling System with High 3<IR< 10

Dynamics

Simple applications without specic IR> 10

demands regarding the accuracy of

positioning or dynamics

manufacturers providing servo motors with auto-tuning suggest keeping the inertia
ratio under 50:1[81]. If the inertia ratio is too high, the motor cannot control the load
properly which may lead to resonance and overshoot of the target parameters. If the
inertia ratio is too low, it means that the motor is oversized resulting in unnecessary
cost and energy consumption[79]. The inertia ratio analysis has been conducted
for the crowd, hoist and swing systems and the inertia ratios are 3.0, 4.3 and 41.8,
respectively. A detailed calculation of the inertia ratio for three systems is presented
in Appendix G. According to the inertia ratios, motors can e ectively control the
dynamics of crowd and hoist systems; on the other hand, the inertia ratio of the
swing system is quite large but also expected since those three systems have the
motors with same speci cations and the swing system requires to bear more loads
(the entire upper body). Nevertheless, in this project, the accuracy of the dynamics
of the swing system is not required to be high as long as the swing motion can be
performed. In order to improve the inertia ratio for the swing system, the gear ratio or

motor size should be increased as the dimensions of the components remain constant.
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4.4.3 Validation of Shovel Model

The model was machined in the machine shop in the Department of Mechanical Engi-
neering at University of Alberta. As for the geometric tolerances, angular dimension
will deviate less than 0.5 degree and linear dimension is allowed to deviate less than
0.025 mm. The desired geometric scale was realized and physical similarity was ex-
amined by comparing desired speed and actual speed of three systems. Actual speeds
were estimated using the same method as estimating the full-size shovel's speed. Take
the crowd system for example, operated the crowd motor at 1528 RPM and lasted for
15 seconds, measured the crowding distance of the dipper, then the actual speed can
be estimated by using the crowding distance over duration time. The same methods
were applied to estimated hoist speed and swing angular speed. The comparison of

desired and actual values of shovel model parameters is summarized in Table 4.3.

Table 4.3: Comparison of Desired/Actual Model Parameters

Parameter Desired Actual Error
Geometry 15:1 15:1 0
Hoist Speed 0:073n=s 0:07m=s 4:1%
Crowd Speed 0:035m=s 0:034m=s 2:8%
Swing Speed 21RPM 1.87RPM 10:9%

According to Table 4.3, it can be seen that the errors of hoist and crowd speeds
are within 5%; meanwhile, the error of swing angular speed is around 10%. The error
could come from the energy loss in gear transmission, servo motor drives control
e ciency and human error. A slightly large error for the rotational speed could be
caused by the high inertia ratio of the swing system. A high inertia ratio a ects a
motor's ability to achieve precise positioning and velocity. Errors of speed parameters
can be decreased by applying grease to the gear train and optimizing inertia ratios.

The similarity analysis and validation of the shovel model in this research is based
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on the fact that the shovel model is in a good condition. Scaling of the interacting
elements of the subsystem where faults are generated is not conducted. Similarity
in fault modelling will provide insights into the dynamics of failure model validation

which is discussed in section 6.2.1.

4.5 Control System

4.5.1 EtherCAT (Ethernet Control Automation Technology)

There are three basic motions in this shovel model: swinging, hoisting and crowding,
which are actuated by three motors. There is no propel actuation. The motors are
Beckho AX3031 with motor controllers that comply with the EtherCAT (Ethernet

for Control Automation Technology) protocol. EtherCAT is a high-performance, low-
cost and easy-to-use industrial Ethernet technology originally developed by Beckho
Automation and EtherCAT protocol which is disclosed in the IEC standard IEC61158
is well suited for hard and soft real-time requirements in automation technologies, in

test and measurement and many other applications[82].
Functional Principle of EtherCAT

The EtherCAT key functional principle lies in how its nodes process Ethernet frames:
the EtherCAT master sends a signal (the EtherCAT equivalent of a packet) that
passes through each node. Each node (EtherCAT slave device) reads the data ad-
dressed to it and writes its data back to the frame all while the frame is moving
downstream([82, 83]. The EtherCAT master is the only node within a segment al-
lowed to actively send an EtherCAT frame and all other nodes only forward the
frames downstream. This principle avoids unpredictable delays and guarantees real-
time capabilities[82]. The data transmission of the EtherCAT is illustrated in Figure

4.11.
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Figure 4.11: Functional Principe of EtherCAT[84]

Bene ts of EtherCAT

Automation industries widely use EtherCAT technology because of various bene ts

which are summarized as follows[85, 86]:

" Exceptional Performance:  EtherCAT is not only the fastest industrial Eth-
ernet technology but it also synchronizes with nanosecond accuracy. This rapid
reaction time is able to reduce the wait time during the data transmission, which

can signi cantly improve the application e ciency;

Flexible Topology: in conventional industrial Ethernet systems, there are
limitations on how many switches and hubs can be cascaded, which limits the
overall network topology. On the contrary, EtherCAT does not need hubs or

switches, it is then virtually limitless when it comes to network topology;

Robustness and easy-to-use: The network can detect potential disturbance
down to the exact location, which will dramatically reduce the time needed to
troubleshoot. During the startup, the network compares the planned and actual

layouts to detect any discrepancies;
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For those reasons, EtherCAT can be widely found in various applications such as
robotics, machine tools, test benches, measurement systems, automated guided vehi-

cles and so on[83{85].

4.5.2 EtherCAT Devices Con guration

EtherCAT technology makes the physical installation of Beckho devices easier. The
basic CPU module (CX1020) is the core of the whole con guration, which is equipped
with a 1 GHz Intel CPU and embedded Windows CE 6 operating system. A digital
compact servo drive (AX5206) is connected to the CPU module with an Ethernet
cable and also connected to the other servo drive through Ethernet cables. Servo
drive 1 can actuate two servo motors (AM3031) which are for the crowd and hoist
functions. Servo drive 2 controls the third Beckho servo motor that is used for the
swing motion. An AC to DC power supply (TDK Lambda DDP240-24-1) can provide
enough power to the system. In order to control the motion of servo motors, a PC
with TwinCAT PLC software is required and connected to the CPU module with an
Ethernet cable. The control signals move downstream from the EtherCAT master
(PC and CPU module) to the EtherCAT slaves (servo motors) and also the master
can receive the feedback from the slave's motions. The complete EtherCAT device

con guration is illustrated in Figure 4.12.

Figure 4.12: EtherCAT Device Con guration
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45.3 Automation Control

The automation control was performed in\TwinCAT PLC control" software. To
make the motor control procedure more user-friendly, a visualization interface was
developed, which is shown in Figure 4.13. The interface consists of four categories
that are motor status, manual control, iterative motion and complete work cycle

motion.

Figure 4.13: Motor Control Interface

Before controlling motors, it is important to check the conditions of motors which
includes links between motors and PLC software, Etherent connection, and etc. Those
can be checked automatically in the \Motor Status" category by simply clicking the
POWER button. If the status for the motor turns to green, it means the motor is
ready and vice versa. The POWER button can also be used for emergency situations
and motor power o after the experiments.

The \Manual Control" category was created for testing of motors and model vali-
dation. Take the hoist motor for example, nd the \manually control of hoist motion"

square and click the \position input” and \velocity input”. Then a number pad will
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show up, enter the number that is of interest. Here, a positive number for the posi-
tion input represents a motion that the dipper is moving up and vice versa. Velocity
input is set to be a scalar variable, only magnitude of which will be considered. Once
the selection of position and velocity is nished, hit the \hoist start" button. The
procedure also works for the crowd and swing motions; as for the direction, a positive
position input for the crowd motion is to extend the dipper and a positive position
input for the swing motion is to make the shovel rotate clockwise.

The \lterative Motion" category was developed for simulating an iterative motion
for each system. As mentioned earlier, one of the primary values of physical modelling
is that the elements that needed to be analyzed should only be considered. If the
fault is seeded in a system, then only that system would be analyzed; in other words,
the motion of that system would only be performed. The iterative mode for each
system can keep the attention only on the system that is of interest and also make
data analysis more e cient. The iterative mode for each system starts from the pre-
digging position, which is shown in Figure E.2. As the iterative modes begin, the
dipper will be hoisted up and then move down iteratively for the hoist motion, the
dipper will extend and then extract iteratively for the crowd system and the shovel
will rotate to the dumping point and back to the bank iteratively for the swing system.
Lastly, the iterative mode of each system not only can work independently, but also
work together, which is to say that, for example, the iterative mode of the crowd
system can be initiated while the iterative mode of the hoist system is performing.

The last category, \automatic working cycle", can be considered as an \upgrade
version" of the iteration mode. Compared to \Ilterative Motion", the \automatic
working cycle" collaborates three systems to perform a common working cycle of
cable shovels by conducting the iterative modes in a \speci ed pattern”. According
to the similarity analysis and common work cycle of cable shovels, the \automatic
working cycle" starts with the pre-digging position, the hoist motor and the crowd

motor run at 465 RPM and 1528 RPM, respectively at the same time for 15 seconds
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in order to nish the digging process and then the swing motors is initiated at 168

RPM for 5 seconds to reach the dumping location and then swing back to the bank
with the same speed for another 5 seconds. This is the full cycle that the \automatic
work cycle" simulates and the cycle will run iteratively until the POWER button is

pressed.

4.6 Chapter Summary

The main motive for this chapter was to construct a lab-scale shovel model that
has similar mechanical properties as real mining shovels do and also provides a plat-
form for fault detection analysis. This chapter explains the construction of the lab-
scale shovel model thoroughly with four categories: advantages of physical modelling,
lab-scale model structure design, similarity analysis of the shovel model and motion
control.

Creating a physical model has various advantages compared to the phenomenon
which was discussed in section 4.1. First of all, constructing and testing the model
is more cost-e ective than using a real mining shovel. To meet the experiment re-
guirements, the mining shovel has to pause the job to install the necessary equipment
such as transducers or update software. Thus, testing real shovels directly may lead
to a decreased availability which is unwanted for most companies. Second, it is more
convenient to do experiments in a controlled environment. Compared to the common
laboratory, the mining eld environment is rough and unpredictable that could incon-
venience and introduce unwanted factors into the research. Third, physical modelling
is able to simplify the experiment that allows the researchers to focus on the aspects
important for the analysis rather than the whole phenomenon.

Before creating a shovel model, it is essential to have knowledge about modern
cable shovels' basic functions and structures. Section 4.2 used the Komatsu P&H
4100XPC cable shovel as an example to study the basic structures and mechanisms

of each function that are utilized in the digging phase. With the preliminary studies
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of real cable shovels, the construction of a lab-scale shovel model based on Komatsu
P&H 4100XPC with a scale factor of 1:15 was explained in section 4.3. To meet

the experimental requirements, three basic functions were modelled: crowd, hoist

and swing. Four critical components or systems were discussed in section 4.3.1 -
4.3.4, which included gantry assembly, lower works, hoist system and crowd system

assemblies.

With the completion of the shovel model construction, it is necessary to validate
the model before doing any testing. Section 4.4.1 performed similitude analysis of
the model regarding scale ratio, linear and rotational velocity ratios and power ratio.
Besides, inertia e ects discussed in section 4.4.2 have been taken into consideration.
Lastly, section 4.4.3 conducted the validation process by comparing the desired and
actual model parameters.

Section 4.5 gave a full description of the control system to realize the mobility of
the shovel model. EtherCAT is a common and reliable automation control technology
in various industries and section 4.5.1 explained the function principle and bene ts of
this control technology. EtherCAT devices including CPU module, servo drives and
servo motors were con gured to drive the hoist, crowd and swing motions, which were
well discussed in section 4.5.2. Last but not least, the PLC motor control interface was
explained in section 4.5.3. The visualization interface consisted of four parts: motor
status, manual control, iterative motion for each system and automatic working cycle

simulation.

66



Chapter 5

Condition Monitoring and Fault
Detection

The ideal maintenance strategy is to make repair plans based on the condition of
components. With the help of condition monitoring, incipient component failure can
be identi ed before it develops into trouble that is hard to be controlled. In order
to have an insight into parts condition, vibration analysis has been proved to be one
of the most e ective methods to detect faults in machine systems. The scope of this
chapter is to detect the existence of arti cial faults in the shovel model by using
various digital signal processing techniques

This chapter is structured as follows. The data acquisition system is designed
and tested rst. After that, common failure modes and fault location are determined,;
meanwhile, the design and implementation of experimental trials are discussed. Using
the statistical features of the waveforms, a time-domain analysis is carried out on the
acceleration signal to disclose the existence of faults and the e ectiveness of statistical
parameters are compared. Following the time-domain analysis, frequency and time-
frequency domains analyses are applied and, then the performance and limitations of

the various approaches are discussed.
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5.1 Data Acquisition System

Vibration analysis will be performed throughout the fault detection experiment. As
mentioned in the literature review 2.3, vibration signature in the standard condition
and faulty condition are di erent; accordingly, the vibration change in a machine
can be considered as an indicator of the fault. Monitoring the vibration change
provides complete observability of the system condition. The PC-based DAQ system
depends on each of the following system elements: transducers and sensors, signal
conditioning, DAQ hardware and computer[87]. Figure 5.1 illustrates the sensing
and data acquisition elements of the system. The rest of this section will cover more

details of each element in the DAQ system.

Figure 5.1: Sensing and Data Acquisition Elements

Vibration is the mechanical oscillation about the equilibrium position of a machine
or components[88]. Accelerometer, velocity transducer and proximity probe (displace-
ment measurement) are common transducers for measuring the vibration level[10, 89].
Among those common transducers, accelerometers are easy to install[89] and pro-
vide broad frequency and dynamic ranges[10]. In this experiment, Bruel & Kjaer's
4506-B triaxial accelerometer was used since its high-sensitivity and broad frequency
range[90] can cover the frequencies of interest (shown in Appendix H) of the scaled

shovel model. For mounting the accelerometer adhesively on the at planes, the thin,
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Poly-carbonate mounting clip (UA-1408) was used. This mounting pad, shown in

Figure 5.2, can secure the cable and reduce the chance of cable-induced noise.

Figure 5.2: Thin, Poly-carbonate Mounting Clip for Accelerometer[91]

The vibration signal is then transmitted to a conditioning ampli er through the
AO-0526 cable which is shown in Figure 5.3. The conditioning ampli er was used
because accelerometers typically generate small voltages (micro-volts) so that the
ampli er has to increase a voltage signal to a level suitable for digitization by the
DAQ hardware. Typically, DAQ hardware is calibrated for input voltages in the 0 to

10V range[92]. In this experiment, Bruel & Kjaer's 16-channel Type 2694 conditioning

ampli er was selected.

Figure 5.3: Thin, Poly-carbonate Mounting Clip for Accelerometer[91]

After the conditioning ampli er, the ampli ed data is then transmitted to the DAQ
hardware through a D-subminiature cable. The DAQ hardware works as an interface
between a computer and signals from the outside world by converting incoming analog
signals to digital signals that can be readable and manipulated by computers. In this
project, LabJack T7 is chosen to be the DAQ hardware. This device has a high-speed

16-bit analog to digital capability and 1 V noise-free analog input resolution.
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Overall, the data acquisition system consists of transducers and sensors, signal con-
ditioning, DAQ hardware and a computer. The model number and more information
about each element are summarized in Table 5.1. Before using the DAQ system to

collect vibration data of the shovel model, a waveform generator was used to validate

the DAQ system. The validation of the DAQ system is included in Appendix I.

Table 5.1: A Summary of DAQ Elements

DAQ Hardware Model Function Important
Element Brand Number Features
Transducer | Bruel & Kjaer | Type 4506-B Triaxial high
and Sensor Accelerometer| sensitivity
and wide
frequency
range
Signal Bruel & Kjaer | Type 2694-A | Conditioning | Multi-channel
Conditioning Ampli er and
multiplexing
capability
DAQ LabJack T7 Analog to 16-bit high
Hardware Digital speed and
Converter 1 V noise-free
low resolution
Kipling 3.1.17 LabJack LabJack
Computer connection connection
(Software) and and
con guration con guration
LJStream 3.1.17 Data Logging 100 ksam-
ples/second
Stream Speed
Matlab R2019b Post- Signal
Processing Processing
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5.2 Failure Modes of Experimental

The free motion of the shovel under the fault-free condition can be considered as a
healthy state. As mentioned earlier, di erent failure modes can produce a distinctive
vibration response. Common time behaviour characteristics can be summarized into
three categories: abrupt, incipient and intermittent response, which are illustrated in
Figure 5.4. Abrupt faults show step-like behaviour: a fault term changes abruptly
from the normal value to a faulty value. Incipient faults show drift-like behaviour: a
fault term gradually changes from the fault value to a faulty value. Last but not least,
intermittent faults have a temporary e ect: a faulty term changes from the normal
value to the faulty value and returns to the normal value after a small amount of
time[93].

To study fault detection on cable shovel models, two classes of structural arti cial
defects are selected: bolt looseness and shaft wear. When the shaft wear failure
is introduced, gear misalignment may also be triggered, which will be explained in
section 5.2.2. There are mainly two reasons behind the faults selection: rst, those
faults can represent common failure modes in the real cable shovels; second, these
faults represent di erent time behaviour characteristics. To be speci ¢, misalignment
has an abrupt nature, whereas looseness shows intermittent e ect. The ability to
detect failures with di erent characteristics can prove that the designed shovel is a

valid prototype for failure detection on real shovels.

5.2.1 Bolt Looseness

The rst failure mode chosen for the fault detection study is bolt looseness. There are
two main causes of bolt loosening: spontaneous bolt loosening and slackening. Spon-
taneous bolt loosening happens due to variable shock, vibration and dynamics loads;
whereas slackening bolt loosening is caused by settlement, creep and relaxation[94].

Bolt looseness failure is common on mining shovels, which not only brings production
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(@)

(b) ©)

Figure 5.4: Common Time Behaviour Characteristics of Faults[93]

to a standstill and costs thousands of dollars but also could pose a signi cant safety
hazard.

The failure of bolt looseness is seeded by changing the torque on each bolt located
at the bearing block as illustrated in Figure 5.5. The bolt chosen for fastening the
bearing block and bearing is M6 and A2-70. According to the fastening standard[95],
the tightening torque is 8.8Nm. In order to quantify the looseness, a torque wrench
was used to alter bolt torque. Within the range of the maximum tightening torque
for the selected bolt, four torques were chosen for the study: dm, 1.1 Nm, 4.5

Nm and 6.7 Nm. To study the vibration change due to bolt looseness, various
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(b)

Figure 5.5: Bolt Looseness Location and Illustration

experiments have been performed. The experimental trial is summarized in Table
5.2. Experiment 1 to 3 is analyzing the vibration level of bolts with balanced torques;
on the other hand, experiment 4 and 5 is to analyze the vibration level of two bolts

with unbalanced torques.
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Table 5.2: Experiment Trial for Bolt Looseness Fault

Experiment Left Bolt Right Bolt
Order Torque ( Nm) Torque ( Nm)
1 6.7 6.7
2 4.5 4.5
3 1.1 1.1
4 6.7 0
5 11 0

5.2.2 Shaft Wear

The second failure mode selected for the fault detection study is shaft wear. This
failure is usually caused by a poor t between the shaft and bearing, which produces
unwanted friction and heat that wear the shaft. However, in the shovel's application,
shaft wear in the gearbox can trigger other problems such as gear misalignment.
Because of shaft wear (shaft diameter diminishing), the shaft will then rotate at a
variable angle which can cause yaw and pitch misalignment shown in Figure 2.16a
and 2.16b. There are two reasons for selecting a shaft wear failure mode: rst, shaft
wear is one of the most common structural failures in mining equipment[34, 57, 58];
second, in the gearbox system, shaft wear often trigger other failures such as gear
deterioration and bearings failure. In this research, the arti cial shaft wear can lead
to angular gear misalignment. As a result, the vibration level change reveals the
combination e ect of shaft wear and angular misalignment.

Wear is the damaging, gradual removal of material at the solid surfaces. Excessive
friction can cause deformation or material removal of a component. The failure of
shaft wear is seeded by changing the shaft diameter where contacts with the bearing
as shown in Figure 5.6. Since wear is a fault that gradually removes the material at
solid surfaces, a diameter change is able to represent the presence of wear. In addition,

these diameter changes (Bmm, 1mm, and 2nm) were chosen to mimic the gradual
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change of the wear fault and were too small to damage other components in the

system. The diameter of the healthy shaft is 12 mm and the faulty shaft diameter

(@)

(b)

Figure 5.6: Shaft Wear Location and lllustration

is 11.5 mm, 11 mm and 10 mm, which are illustrated in Figure 5.7. To study the
vibration level change due to shaft wear while other variables are kept constant (i.e.,
bolt tightness and shovel working process), the experiment trial for the shaft wear

failure mode is summarized in Table 5.3.
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(a) Healthy Shaft

(b) Faulty Shaft with 0.5 mm Diameter Di erence

(c) Faulty Shaft with 1 mm Diameter Di erence

(d) Faulty Shaft with 2 mm Diameter Di erence

Figure 5.7: lllustration of Good Shaft and Faulty Shafts
5.3 Fault Detection

After the baseline was established, experimental trials for bolt looseness and shaft

wear were conducted and acceleration signals were collected. In this section, fault
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Table 5.3: Experiment Trial for Shaft Wear Fault

Experiment Shaft Diameter Diameter
Order (mm) Di erence
(mm)
1 12 0
2 11.5 0.5
3 11 1
4 10 2

detection will be explored by using common digital signal processing techniques in-

cluding time-domain, frequency-domain, and time-frequency domain analyses.

5.3.1 Time-Domain Analysis

The time-domain analysis used in this section is based on statistical parameters which
have been discussed in section 2.3.2 and Appendix B. Statistical parameters shown in
Figure 2.17 can be used to detect faults based on the assumption that the presence of
faults will change such parameters. The time-domain analysis based on the statistical
parameters applied to both faults, bolt looseness and shaft wear, will be discussed

more as follows.
Bolt Looseness

The statistical parameters for the fault of bolt looseness were calculated from the
raw data which are the voltage output of the accelerometer whose sensitivity is 100
mV =g Since the voltage-acceleration conversion is linear, it would be then su cient
just to analyze the voltage data directly as the trends would be the same. There
are 7 statistical features being considered in the research, which include standard
deviation, skewness, kurtosis, peak-to-peak, mean, RMS, and crest factor. Table 5.4
and 5.5 summarize those 7 statistical parameters regarding the three axes for balanced

and unbalanced torques as well as the parameter change (in %) for faulty conditions,
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which considers the healthy state (6. N m - 6.7 Nm torque) as a baseline.

To study the statistical features change due to the presence of faults, mean and
standard deviation provide the rst insight. As shown in Table 5.4, the statistical-
parameter mean is relatively stable for both balanced and unbalanced bolt looseness
regardless of the acceleration orientation (x, y or z axis). For whatever the axis or
bolt torque is, the changes of mean due to bolt looseness remain between 5% and 10%
showing that the central tendency of probability for balanced or unbalanced torque
is relatively unchanged; in other words, the average of acceleration of the subsystem
with loosening bolts remains at a certain level and statistical parametenean is not a
good indicator to detect the fault of bolt looseness. Standard deviation is a statistical
feature that measures the dispersion of a dataset relative to its mean. According
to Table 5.4, the standard deviation, regardless of the acceleration orientation, is
decreasing as the bolts get loose for both balanced and unbalanced torque. The
standard deviation changes are within the range of 20% - 50% and 55% - 70% for
the balanced and unbalanced torque, respectively. The standard deviation parameter
shows a phenomenon that the tighter the bolts the more dispersive of the acceleration
data, which may be due to the fact that tight bolts can give the system a better
mechanical connection leading to an extensive vibration. Apart from the nding that
the more loose the bolts the lower the standard deviation, the drop of the standard
deviation for unbalanced bolt torques is dramatically higher (about 2) than the
balanced bolt torques(e.g., -64% for:1 ONm vs -26% for 11 1:1Nm on the x axis).
Therefore, the standard deviation is a good indicator of bolt looseness condition (the
lower the standard deviation the lower the torque) and can also be used to distinguish
balanced and unbalanced bolts.

Root Mean Square (RMS) and peak-to-peak value are commonly used for vibration
analysis. RMS is an e ective parameter for alternating voltages or currents, whose
de nition is also similar to standard deviation. According to Table 5.4, RMS has

the same trends as the standard deviation: RMS is decreasing as the bolts get loose
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Table 5.4: Statistical Parameters for Bolt Looseness (Part 1)

Balanced Torque Unbalanced Torque
Nm Nm

Axis 6.7-6.7 4545 1.1-1.1 6.7-0 1.1-0

0.0021 0.0019 0.0020| 0.0020 0.0020

g - 952%  -4.76% | -4.76%  -4.76%

Vean , 0.0032 0.0034 0.0031| 0.0030 0.0030
; +6.25%  -3.13% | -6.25%  -6.25%

0.0011 0.0010 0.0010| 0.0010 0.0010
’ - -9.09%  -9.09% | -10.00%  -10.00%

0.0200 0.0157 0.0149| 0.0090 0.0072
" - -21.50%  -25.50%| -55.50%  -64.00%

Standard 00210  0.0161  0.0133| 0.0070  0.0069

Devia- y

tion - -23.33%  -36.67%| -66.67%  -67.14%
0.0190 0.0108 0.0093| 0.0065 0.0059
’ - -43.16%  -51.05%| -65.79%  -68.95%

0.0201 0.0158 0.0147| 0.0087 0.0075
" - -21.39%  -26.87%| -56.72%  -62.69%

M , 0.0213 0.0149 0.0134| 0.0076 0.0074
- -30.05%  -37.09%| -64.32%  -65.26%

0.0192 0.0108 0.0091| 0.0065 0.0059
’ - -43.75%  -52.60%| -66.15%  -69.27%

1.1263 0.7621 1.0319| 0.2678 0.2425
" - -32.34%  -8.38% | -76.22%  -78.47%

Peak to 1.0123 0.8898 0.6321| 0.1746 0.1355
Peak Y - -12.10%  -37.56%| -82.75%  -86.61%
1.0524 0.6267 0.4574| 0.1806 0.1216
’ - -40.45%  -56.54%| -82.84%  -88.45%
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Table 5.5: Statistical Parameters for Bolt Looseness (Part 2)

Balanced Torque Unbalanced Torque
Nm Nm
AXis 6.7-6.7 4.5-4.5 1111 6.7-0 1.1-0
X -2.9216 -1.3630 -1.3116 -0.0371 0.1606
Skewness y 0.1463 0.5661 1.7318| -0.2029 -0.0495
z 0.5905 -1.5699 0.6577| -0.0241 0.1042
X 184.9570 163.1704 273.5644 10.9320 8.4045
Kurtosis y 114.7603 111.2320 105.1210 9.8970 9.3624
z 174.6859 123.4994  83.9806 9.9302 8.3433

37.2731  32.3726  40.9706 17.0534  14.0877
- -13.15%  +9.92% | -54.25%  -62.20%
Crest 35.3884  27.2893  23.249]1 13.1311  10.4276
Factor - -7.49%  -8.43% | -48.28%  -58.93%
31.5719  29.7997  27.4249 12.3895  9.1477
- -5.61%  -13.14%| -60.76%  -71.03%

for both balanced and unbalanced torques regardless of the acceleration orientations.
Besides, RMS can also be used to di erentiate between balanced and unbalanced bolt
torques: the change of the RMS for the unbalanced bolt torque is about 2arger
than the balanced bolt torques (e.g., -63% for:1 ONm vs -27% for 11 1:INm

on the x axis). As a result, RMS can be a good indicator of bolt looseness condition
(the higher the RMS the tighter the bolts) and bolt torque balancing condition. The
peak-to-peak value speci es the di erence between positive and negative peaks. From
Table 5.4, it can be seen that peak-to-peak value generally follows the rule that the
tighter the bolt the higher the peak-to-peak value for balanced and unbalanced bolt
torques except for x-axis (the peak-to-peak value for 1.8lm - 1.1 Nm is higher

than the value for 4.5Nm - 4.5Nm). This exception could be explained by the fact
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that, as shown in Figure 5.5, bolts mainly stable the bearing block on y and z axes.
Peak-to-peak value not only can be used to examine the bolt looseness condition for
y and z axes, but it can also easily di erentiate the balanced and unbalanced bolt
torques by the peak-to-peak value changes (e.g., -86% fol 1 ONm vs -38% for
1.1 1.ANm)

Skewness and kurtosis are the third and fourth moments of the distribution, which
describes the shapes of the distribution. Skewness measures the asymmetry of the
probability distribution about its mean. A perfectly symmetrical distribution will
have a skewness of 0 and the more the skewness value is closer to O the more sym-
metrical the distribution is. A detailed interpretation of skewness value and its cor-
responding asymmetry is included in Appendix B. As seen in Table 5.5, it does not
show a clear relationship between skewness and bolt torques. Although skewness
is not a good indicator of bolt looseness condition it is interesting to nd that the
distributions of unbalanced bolt torques are all fairly symmetrical (absolute value of
the skewness is less than 0.5) whereas the distribution of balanced bolt torques are
skewed (absolute value of the skewness is larger than 0.5). Hence, the shape of the
distribution of vibration can be used to categorize the bolt torque balancing condi-
tion: unbalanced bolt torques tend to have a moderately symmetrical distribution;
on the other hand, the distributions of the balanced bolt torques are more or less
skewed. Kurtosis is another common statistical parameter to interpret the shape(tail
heaviness) of the distribution, more details can be found in Appendix B. As shown in
Table 5.5, the kurtosis value is decreasing as the bolt torques decrease regardless of
bolt balancing condition except for the x-axis, showing that as the bolts are getting
loose the distribution of vibration is transforming from heavy-tailed distribution to
normal distribution. It once again proves the previous hypothesis that tight bolts
provide better mechanical connection leading to more vibration in the system. More-
over, the distributions of vibration for unbalanced bolts torques are much closer to

the normal distribution: the average kurtosis value for balanced bolt torques is about
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150 whereas for unbalanced bolt torques, the average kurtosis value is about 10. This
15 dierence makes kurtosis a good indicator of bolt balance condition.

The crest factor is one of the most important elements in impulsive metrics which
are properties related to the peaks of the signal. The crest factor, sometimes called
the ratio of peak-to-average, is found by the peak value divided by the RMS. The crest
factor can provide an early warning for faults when they rst develop as faults often
reveal themselves with changes in the peakness of the signal before they manifest in
the energy represented by the signal root mean squared[96]. As seen in Table 5.5,
the crest factor is decreasing as the bolt torque decreases for y and z axes regardless
of the bolt torque balancing condition. In other words, due to the presence of bolt
looseness, the peak of the vibration signal decreases. Accordingly, crest factor can be
used as a good indicator of bolt looseness condition (the lower the crest factor the
lower the torque for y and z axes); in addition, it can also categorize the bolt torque
balancing conditions: for balanced bolt torques, the average crest factor is 32 whereas
the average crest factor for unbalanced bolt torque is 12.5 for the con guration in this
project.

Common time-domain statistical parameters including standard deviation, mean,
RMS, peak-to-peak, skewness, kurtosis and crest factor have been discussed. Some
can be used to determine the bolt looseness condition and some can categorize the
balanced and unbalanced bolt torques. Table 5.6 summarizes the related bolt loose-
ness issues that statistical parameters can be applied to. Later, statistical parameters

will be also applied to determine the presence of shaft wear.
Shaft Wear

Similar to the time-domain analysis for the fault of bolt looseness, the same 7 statisti-
cal parameters of the vibration data (voltage output directly from the accelerometer)
have been used for the fault detection purpose. Table 5.7 and Table 5.8 summarize

the statistical parameters of the healthy shaft and three faulty shafts and it also
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Table 5.6: Statistical Parameters Applicability to Bolt Looseness Related Issues

Statistical Bolt Looseness Condition Bolt Torque
Parameters Balance
Condition
Standard X X,y and z axes X
Deviation
Mean -
RMS X X, y and z axes X
Peak to Peak X y and z axes X
Skewness - X
Kurtosis X y and z axes X
Crest Factor X y and z axes X

includes the di erence of the parameter (in %) between the healthy and fault shafts.

Mean and standard deviation are commonly used in vibration analysis. The mean
of the vibration signal for the shaft wear is relatively stable, within the range of less
than 10% variation, regardless of the shaft wear condition or the accelerometer ori-
entation. The small uctuation of the mean cannot reveal the presence of shaft wear;
in other words, mean, the average of vibration data of the fault, is not the detector of
shaft wear fault. Although the use of the mean failed to detect the fault, the disper-
sion of the dataset (i.e., standard deviation) could be useful for fault detection. As
shown in Table 5.7, the standard deviation increases when the shaft wear gets worse
no matter which axis is considered. This trend can be easily explained by the fact
that the excessive clearance between the bearing and shaft allows two more degree-
of-freedom added to the system[52] that leads to an increase in standard deviation.
Moreover, the least standard deviation increase is as high as around 30% correspond-
ing to the 0.5mm diameter di erence shaft. Therefore, the standard deviation is a
good indicator of the presence of shaft wear.

RMS, compared to mean or average, is an e ective measure for alternating voltages
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Table 5.7: Statistical Parameters for Shaft Wear (Part 1)

Axis Healthy 0.5mm 1mm 2mm
Shaft Diameter Diameter Diameter
Di . Di . Di .
0.0024 0.0025 0.0025 0.0025
X
- +4.17% +4.17% 0.00%
0.0031 0.0034 0.0031 0.0034
Mean y
- +9.68% 0.00% +9.68%
0.0010 0.0011 0.0011 0.0011
Z
- +7.00% +8.00% +8.00%
0.0042 0.0061 0.0115 0.0184
X
- +45.24% +173.81% | +338.10%
Standard 0.0059 0.0075 0.0112 0.0167
Devia- y
tion - +27.12% +89.83% +183.05%
0.0044 0.0059 0.0096 0.0142
z
- +34.09% +118.18% | +222.73%
0.0048 0.0066 0.0118 0.0185
X
- +37.50% +145.83% | +285.42%
0.0067 0.0083 0.0116 0.0172
RMS y
- +23.88% +73.13% +156.72%
0.0045 0.0061 0.0097 0.0143
Z
- +35.56% +115.56% | +217.78%
0.0853 0.1980 0.6163 0.3738
X
- +132.12% | +622.51% | +338.22%
Peak to 0.0875 0.2106 0.4818 0.2949
y
Peak ; +140.69% | +450.63% | +237.03%
0.0676 0.1932 0.4285 0.2292
ya
- +185.8% +533.88% | +239.05%
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Table 5.8: Statistical Parameters for Shaft Wear (Part 2)

Axis Healthy 0.5mm 1mm 2mm
Shaft Diameter Diameter Diameter
Di . Di . Di .

X -0.0022 0.2359 3.36365 0.0873

Skewness y -0.2724 -0.0631 0.9814 -0.1898
z -0.2246 0.2344 -2.1256 0.0171

7.4010 28.5078 150.7038 11.8397
§ - +285.19% | +1936.26% | +59.97%

KUMOSiS y 5.9563 12.6753 79.3813 8.6686
- +112.80% | +1232.73% | +45.54%

6.3541 40.34129 137.2526 8.42332
‘ - +534.88% | +2060.06% | +52.56%

9.5506 16.8364 27.9665 11.4777

§ - +76.29% +192.82% +20.18%

Crest 6.8280 13.3693 24.2815 9.2004
Factor g - +95.80% | +255.62% | +34.75%
7.6401 20.2106 24.0101 10.4032

‘ - +164.53% | +214.26% +36.17%

or currents. As shown in Table 5.7, RMS is increasing when the shaft wear condition
gets worse for all three axes. The expansion of the clearance between the bearing
and shaft results in the increase of the RMS and because of this, RMS is able to
indicate the presence of shaft wear in the system. Peak-to-peak value is another
common statistical feature for vibration analysis. It can be seen, from Table 5.7, that
the peak-to-peak values of faults are considerably higher than the peak-to-peak value
of the healthy shaft. Nevertheless, the relation between the peak-to-peak value and
shaft wear condition seems not monotonic as RMS or standard deviation does. An

indicator of fault is determined based on the di erence between the healthy component
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and faulty components whereas the condition of a fault is determined based on the
comparison between multiple faulty components. In other words, if there is a obvious
change of a statistical feature between healthy component and faulty components
then it can say that the fault exists; if there is certain relationship (e.g., monotonic)
between a statistical feature and faulty condition's change then the condition of the
fault can be estimated. Accordingly, the peak-to-peak value can be considered as the
indicator of the shaft wear but cannot be used to analyze the wear condition.

The next statistical parameters, skewness and kurtosis, are used to describe the
shape of the distribution. Skewness measures the asymmetry of the probability distri-
bution about its meanwhile kurtosis interprets the tail heaviness of the distribution.
As shown in Table 5.8, the shapes of the majority of shafts (healthy shaft and faulty
shafts with 0.5mm and 2mm diameter di erence) for all orientations (x, y and z axes)
are fairly symmetric (absolute skewness values are less than 0.5); meanwhile, the dis-
tribution shapes of the faulty shaft with 1mm diameter di erence are highly skewed
based on the fact that its absolute skewness values are greater than 1. Overall, there
is not a signi cant shape di erence between the good shaft and faulty shafts; in addi-
tion, skewness does not present a steady shift as the shaft wear condition gets worse.
For those reasons, skewness can neither detect shaft wear fault nor be an indicator of
shaft wear condition. Kurtosis, the other parameter interpreting the shape of the dis-
tribution, can be utilized to determine the presence of shaft wear. Although kurtosis
does not reveal a monotonic trend when shaft wear gets worse, there is a signi cant
change between the good shaft and faulty shafts: 310%, 1742% and 46% increase
for the faulty shafts with 0.5mm, 1mm and 2mm diameter di erence, respectively.
Therefore, kurtosis can be used as an indicator of the presence of shaft wear but
cannot determine shaft wear condition.

The crest factor, the ratio of peak-to-average, is one of the elements in impulsive
metrics that are related to the peaks of the signal. According to the crest factor values

shown in Table 5.8, a clear monotonic trend with respect to the shaft wear condition
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is not revealed despite a prominent change between the good shaft and faulty shafts:
112%, 220%, 30% gain of the faulty shafts with 0.5mm, 1mm and 2mm diameter
di erence, respectively. Hence, crest factor, similar to kurtosis and peak-to-peak, can
determine the presence of shaft wear but cannot estimate the shaft wear condition.

Common time-domain statistical parameters have been discussed for the failure
of shaft wear and it is evident that time-domain can be used for shaft wear fault
detection. Table 5.9 summarizes those statistical parameters' application in terms of
shaft wear.

Table 5.9: Statistical Parameters Applicability to Shaft Wear

Statistical Shaft Wear Shaft Wear Condition Estimation
Parameters Fault Detection
Standard X X The larger the
Deviation standard deviation
the worse the wear
condition
Mean -
RMS X X The larger the

RMS the worse
the wear condition

Peak to Peak X -
Skewness -
Kurtosis X -
Crest Factor X -

5.3.2 Frequency and Time-Frequency Domains

Frequency-domain analysis is another common approach used to understand a ma-
chine's condition with received signals. The frequency domain can extract information
based on the frequency characteristics that may not be easily observed from the time

domain. Fast Fourier Transform (FFT) is an e cient algorithm for computing the
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Discrete Fourier Transform (DFT) and its inverse for stationary or nearly station-
ary systems, which was discussed in section 2.3.2. Since the model is not stationary
in this experiment, FFT is not reliable. Power spectrum, another important signal
processing technique in the frequency domain, describes the distribution of power
into frequency components composing that signal. The power spectrum is generally
de ned as the Fourier transform of the auto-correlation function[65] and the power
spectrum equation has been well discussed in section 2.3.2. Although the power spec-
trum, unlike the Fourier transform, does not have phase information it is well suitable
to the situation where the phase is not considered useful or data containing a lot of
noise (phase information is easily corrupted by noise)[65]. According to the FFT ex-
ample of bolt looseness shown in Appendix J, the results of the Fourier transform are
not quite meaningful and contaminated by noise. Due to the model with time-varying
behaviour and high noise-to-signal ratio, power spectrum analysis is applicable to the
project.

Sometimes, valuable time-series information of the spectrum components is in-
cluded in the phase characteristics of the Fourier transform[97], which is hard to nd
in the frequency domain. Instead, the time-frequency domain can reveal time and
frequency information; besides, it can also be applied to the non-stationary waveform
signals. Short-time Fourier transform (STFT) is one of the most common time-
frequency domain analysis techniques for condition monitoring and fault detection
applications. More information about STFT including STFT equations has been
summarized in section 2.3.2. Hence, frequency domain analysis (i.e., power spectrum
analysis) and time-frequency domain analysis (i.e., STFT) will be applied to bolt

looseness and shaft wear failures as follows.
Bolt Looseness

The power spectral analysis has been carried out for the fault of bolt looseness in

Matlab by using the function \pspectrum”. This function performed power spectral
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calculation by dividing the waveform into a number of overlapping segments and
then assemble the power spectra obtained from each segment to construct the nal
power spectrum, and this method is calledpectral averagin¢65] and has been well
discussed in section 2.3.2. Then, the function automatically converts the output to
decibels using 10log(p) where p is the power spectrum output[98]. The results of
power spectrum analysis for bolt looseness are presented in Figure 5.8.

According to the outcome of the power spectrum analysis of bolt looseness, it can

be seen that:

1. Generally speaking, the tighter the torque the larger the value of the power

spectrum of the signal regardless of the balance condition of bolt torque;

2. For the unbalanced bolt torque combination (6.7-0Nm and 1.1-ONm), the
signal power spectrum values are moderately smaller than the power spectrum
corresponding to the balanced bolt torque combination (6.7-6.Xm, 4.5-4.5

Nm and 1.1-1.INm);

These results are expected and align with the conclusion in the time-domain anal-
ysis. A tighter bolt torque, which is to say a steady or xed structure, leads to a
better mechanical connection that in turn shows a high power in the frequency range.

The power spectrum should not be compared based on some speci ¢ frequencies
since the vibration signal could be aected by other components' movement (i.e.,
drum rotation, dipper handle extension, etc.) or noise. Instead, the mean of the
power spectrum of each bolt torque condition could better represent its power level.
The average of each power spectrum of bolt looseness for three axes is shown in Figure
5.9.

From the averaged power spectrum of bolt looseness, the conclusions drawn previ-
ously are now more obvious: rstly, the tighter the torque of the bolt the higher the
power level of the signal regardless of the bolt balance condition; secondly, unbalanced

bolt torque severely a ects the energy level of the vibration signal due to a signi cant

89



(@)

(b)

Figure 5.8: Power Spectrum Analysis for Bolt Looseness

drop of the average power for unbalanced bolt torque (6.7Mm vs. 6.7-6.7Nm and

1.1-ONm vs. 1.1-1.1INm).
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Figure 5.8: Power Spectrum Analysis for Bolt Looseness (cont.)

Overall, from the power spectrum analysis and the mean of each power spectrum
for bolt looseness discussed above, it can prove that the power spectrum analysis in
the frequency domain is one of the most e ective methods to determine the presence
of bolt looseness. In addition, the time-frequency approach has also been applied to
fault detection, which will be discussed next.

The short-time Fourier transform (STFT), analyzing how the frequency content
of nonstationary signal changes over time, has been performed for the fault of bolt
looseness in Matlab by using th&stft" function. This function calculates the STFT of
the vibration signal by using a sliding analysis window over the signal and calculating
the discrete Fourier transform of the windowed data[99]. A theory background of the
STFT calculation has been covered in section 2.3.2. The results of the STFT analysis
for bolt looseness are presented in Figure 5.10; since the phenomenon of x, y and z
axes are quite similar, the results for y-axis will only be discussed here and results

for the other two axes will be included in Appendix K.
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Figure 5.10a, 5.10b and 5.10c represent the STFT for balanced bolt torque while
Figure 5.10d and 5.10e represent the STFT for unbalanced bolt torque. Here, the

(@)

(b)

Figure 5.9: Average Power Spectrum for Bolt Looseness
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Figure 5.9: Average Power Spectrum for Bolt Looseness (cont.)

(@)

Figure 5.10: Short-Time Fourier Transform of Bolt Looseness on y-axis
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(©)

Figure 5.10: Short-Time Fourier Transform of Bolt Looseness on y-axis (cont.)

magnitude of the power of the frequency is illustrated using a color bar: red represents

a high power, green represents medium power and blue represents low power. From
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(e)

Figure 5.10: Short-Time Fourier Transform of Bolt Looseness on y-axis (cont.)

Figure 5.10a, 5.10b and 5.10c, it is apparent that the power of frequency is not evenly

distributed along the timeline but with a periodic pattern: it is red then turns to
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green (or yellow) and turns to red again. This periodic pattern of the frequency
power matches the pattern of the shovel model's operating conditions that the dipper
moves up and down regularly. Accordingly, in the situation where the bolt torques
are balanced, the power of frequency content of the signal is higher when the dipper is
moving up and vice versa. As for unbalanced bolt torques, as shown in Figure 5.10d
and 5.10e, it can be seen that there is not a clear pattern of the power of frequency over
time. In other words, the power of the frequency content of the vibration signal does
not get a ected due to the model's operation. Although STFT cannot determine the
bolt looseness condition, it is a good indicator to distinguish balanced and unbalanced
bolts.

Frequency domain and time-frequency domain analyses have been applied to detect
the presence of bolt looseness in this section. In the frequency domain, power spec-
trum analysis was performed to determine the bolt looseness condition and bolts bal-
ance issues; meanwhile, in the time-frequency domain, short-time Fourier transform
was used to detect the bolts balance con guration. According to their performance,
it is recommended that use the STFT rst to determine the bolts torque balance
con guration and then use power spectrum analysis to determine the bolt looseness
condition, the higher the power spectrum values the tighter the bolts. Later, power

spectrum analysis and STFT will also be performed to detect shaft wear conditions.
Shaft Wear

In order to determine the presence of shaft wear, power spectrum analysis and short-
time Fourier transform will also be applied. Similar to the detection of bolt looseness,
power spectral analysis has been conducted in Matlab by using the functigpspec-
trum”. The results of power spectral analysis for shaft wear are presented in Figure
5.11, where \good shaft”, \0.5mm", \Imm" and \2mm" represents healthy shaft and
faulty shafts with diameter di erence of 0.5mm, 1mm and 2mm, respectively.

Based on the outcomes of power spectral analysis of shaft wear, it can be seen that
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(b)
Figure 5.11: Power Spectrum Analysis for Shaft Wear

the worse the shaft wear condition the higher the value of the power spectrum of the

signal no matter which axis is considered. This phenomenon is expected and aligned
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(c)
Figure 5.11: Power Spectrum Analysis for Shaft Wear (cont.)

with the standard deviation or RMS in the time-domain analysis. As shaft wear gets
worse, unwanted mechanical interaction will occur such as gear misalignment that
could increase the energy in the frequency range.

For similar reasons, the vibration signal could be in uenced by other components’
movements and analyzing the power spectrum based on some speci ed frequencies is
not reasonable. In order to visualize the power level, the mean of the power spectrum
of each shaft (one healthy shaft and three faulty shafts) were calculated and is shown
in Figure 5.12. From the averaged power spectrum of shaft wear, it is easy to conclude
that a worse shaft wear condition can increase the energy level of the frequency content
of the vibration signal.

Therefore, according to the power spectrum analysis and the mean power spectrum
for shaft wear discussed above, the power spectrum analysis in the frequency domain
can e ectively determine the shaft wear condition. Besides, the time-frequency ap-

proach has also been applied to detect the shaft wear fault, which will be discussed
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next.

To analyze how the frequency content of nonstationary signals changes over time,

(@)

(b)
Figure 5.12: Average Power Spectrum for Shaft Wear
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Figure 5.12: Average Power Spectrum for Shaft Wear (cont.)

the short-time Fourier transform has been conducted for the failure of shaft wear
in Matlab by using the \stft" function. The results of the STFT analysis for shaft
wear are illustrated in Figure K.3; since the phenomenon of x, y and z axes are quite
similar, only results for the y axis will be discussed here and results for the other two
axes will be included in Appendix K.

From Figure 5.13a to 5.13d, the shaft wear condition is getting worse and at the
same time, a pattern is gradually formed: when the shaft wear condition is okay
(i.e., Figure 5.13a and 5.13b) the energy levels of the frequency are low and more
importantly, it does not show a relationship between power level and time; in other
words, before the shaft wear condition gets worse, the power of the vibration signal
is not a ected by the shovel model's operation mode. As the shaft wear condition is
getting worse (i.e., Figure 5.13c and 5.13d), an apparent periodic pattern is gradually
developed. This periodic pattern (it shows red rst then turns to green or yellow and

then turns to red again) matches the shovel model's operation setting (the dipper is
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set to move up and then move down), which means that as the shaft wear is getting

worse the power level of the vibration signal is a ected by the model's operation

(@)

(b)

Figure 5.13: Short-Time Fourier Transform of Shaft Wear on y-axis
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(d)

Figure 5.13: Short-Time Fourier Transform of Shaft Wear on y-axis (cont.)

mode. Therefore, based on the characteristics of the relationship between shaft wear

condition and model's operation con guration, STFT can be used as the fault indi-

102



cator: the shaft wear should be checked as the energy of the frequency content of the
vibration signal follows the model's operating con guration pattern.

In this section, frequency domain and time-frequency domain approaches have been
performed to determine the presence of shaft wear. Based on the discussion above,
power spectral analysis and short-time Fourier transform are both e ective methods
to detect the wear condition of shafts but STFT is a visualization tool whereas power
spectral analysis makes it more quantitative. Having considered their performance
and limitations, it is recommended to use STFT rst to \visualize" the shaft wear
condition and then power spectral analysis can be performed to con rm the presence

of the fault.

5.4 Chapter Summary

The main motive of this chapter is to perform condition monitoring and fault detection
on the developed shovel model. Fault detection analysis provides an insight into the
machine's condition which helps the implementation of the predictive maintenance
scheme.

Vibration analysis is one of the most e ective methods using condition-monitoring
strategies to detect faults in machine systems. The principle of the vibration analysis
is based on the fact that vibration levels in healthy and faulty conditions are di erent.
Due to its e ectiveness, vibration analysis was leveraged to detect two common failure
modes seeded in the shovel model.

To collect vibration data of the shovel model, section 5.1 provided an overview
of the data acquisition system. Section 5.2 introduced two failure modes selected in
this research: bolt looseness and shaft wear. The reasons for choosing those faults
are because they are common failure modes in the real cable shovel models and have
di erent behavioural characteristics in mechanical systems. The implementation and
experiment trials of bolt looseness and shaft wear were discussed in sections 5.2.1 and

5.2.2, respectively.
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Time domain, frequency domain and time-frequency domain analyses have been
applied to detect the seeded faults in section 5.3. Statistical features of vibration sig-
nal in the time domain for bolt looseness and shaft wear were extracted and analyzed
in section 5.3.1. Most of those can successfully separate components with faulty con-
ditions from normal. The e ectiveness of the statistical parameters for fault detection
has also been summarized for both failure modes. In section 5.3.2, frequency domain
and time-frequency domain analyses were performed. Power spectrum analysis was
utilized instead of the classic Fast Fourier Transform because FFT is not good at
dealing with non-stationary data and noise. For a system with time-varying behav-
ior, the time-frequency domain analysis would make more sense. Short-time Fourier
transform (STFT) was conducted for both failure modes and it provided an e ective
visualization aid to di erentiate faulty components from normal ones.

The ndings of this chapter are summarized as follows:

" From vibration analysis, it can be seen that the characteristics of the function
of tight bolts and normal shaft are dierent: fastened bolts provide a good
mechanical connection that leads to an increased vibration level whereas a shaft
with the good condition will rotate steadily that will not increase the vibration

level;

In the time-domain analysis, statistical parameters not only successfully detect
the presence of faults but also o er insights into fault conditions (e.g., balanced

or unbalanced bolt torque, how bad the wear is, and etc.)

Power spectrum analysis and STFT have shown their performance and limits in
fault detection. STFT can easily disclose the existence of faults with its graphic
ability and power spectrum analysis can quantitatively determine the presences

of faults and fault condition.
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Chapter 6

Conclusion and Future Work

Cable shovels are playing an essential role in overburden removal and ore material
collection in large-scale surface mining operations and the availability of shovels is
critical to their production. As mentioned earlier, predictive maintenance-the most

e ective maintenance strategy or certain types of shovel failure modes-allows repair
plans to be made based on the expected condition of components. It can not only push
the usage limit but also avoid unexpected shutdowns due to breakdowns (and possible
consequential damage). The adoption of condition monitoring and fault detection is
needed to aid the implementation of predictive maintenance.

Vibration analysis is one of the most e ective methods used by condition-monitoring
strategies to identify incipient component failures. The exploration of the fault detec-
tion techniques on full-size cable shovels is not feasible as the initial approach would
require several shutdowns and cannot be studied in a controlled space. Therefore,
a lab-scale cable shovel with a potential for fault detection analysis has been well

studied in this research.

6.1 Conclusions

The lab-scale cable shovel research consists of two major objectives: rst, design, de-
velopment and fabrication of a shovel model with an inherent time-varying behaviour;

second, access the observability of the presence of faults through vibration analysis
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during the operation mode.

A lab-scale cable shovel has been developed to simulate the fundamental operation
processes of full-size mining shovels. In order to reach the goal of this study, the
model was designed with four distinct characteristics: rstly, the model is able to
realize three imperative functions during the operation process which are hoist, crowd
and swing; secondly, to replicate the real cable shovel as well as possible, the main
systems were built with identical or similar working mechanisms as the industrial
shovels; thirdly, a robust control system using industrial programmable language was
developed to simulate primary shovel operational motions; lastly, the shovel model
provided a platform for fault seeding and implementation of transducers and sensors.
Vibration data were collected under normal and faulty conditions, time and frequency
domain analyses were performed for fault detection.

Time-domain analysis based on the statistical features of the vibration signals has
been performed to disclose the existence of arti cial failures. The e ectiveness and
limitations of statistical parameters have been compared. As for bolt looseness fault,
it was found that standard deviation, RMS, peak-to-peak, kurtosis and crest factor
could be used to determine the bolt looseness condition; meanwhile, the standard
deviation, RMS, peak-to-peak, skewness, kurtosis and crest factor has shown their
performance to distinguish balanced and unbalanced bolt torques. As for shaft wear,
the standard deviation, RMS, peak-to-peak, kurtosis and crest factor were proved as
good indicators of detecting the existence of shaft wear failure.

Frequency and time-frequency domain analyses were used to extract vibration sig-
natures of the system under normal and faulty conditions. Power spectral analysis
and short-time Fourier transform (STFT) were adopted to quantitatively and visu-
ally di erentiate the faulty components from normal ones. It was shown that power
spectrum analysis can be used to detect the bolt looseness condition and also dif-
ferentiate the balanced bolts from unbalanced ones based on the fact that balanced

tighten bolts tend to have higher energy of vibration signal. With the help of STFT,
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the balance condition of bolts can be easily determined since the energy of vibration
signal of balanced bolts tends to be in uenced by the shovel's working process. Speak-
ing of the shaft wear failure, power spectrum analysis has proved its performance of
detecting the presence of shaft wear according to the nding that energy of signal
increases as the shaft wear condition gets worse; meanwhile, STFT was also shown as
a good indicator of detecting the shaft wear from the nding that as the shaft wear
condition gets worse, the energy of vibration signal tends to gets in uenced by the
shovel's working process.

The conclusions of this research are summarized as followings:

" A lab-scale cable shovel model has been designed and fabricated which has
fundamental functions to simulate the operation mode and provide a platform

for various studies (e.g., fault detection);

~ Time-domain analysis based on the statistical parameters of the vibration signal

can be used to extract vibration signatures of mechanical systems;

" Power spectral analysis along with STFT is an e ective approach to monitor

the condition of the non-stationary systems with structural defects.

6.2 Future Work

This research has the potential for further exploration which roughly can be catego-
rized into two aspects: physical modelling and fault detection and diagnosis which

will be discussed in the following remaining sections.

6.2.1 Physical Modelling

Improvements regarding the physical modelling can be categorized into four aspects:
structure modi cation, similitude in fault modelling, ground-tool interaction and re-

mote control. First, for structure modi cation, some basic functions of cable shovels
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are not included in this lab-scale shovel model. At the moment, the propel func-
tion is not considered which is replaced by aluminum extrusion. Also, for the bucket
assembly, it is recommended to install bucket teeth and design an automatic dip-
per door to simulate soil-tool interaction and dumping mode. Besides, the design of
power transmission needs to be changed: replace gears using set screws with gears
and keys. Second, for similitude in fault modelling, as well as scaling the dimensions
of the laboratory scale system, scaling of the interacting elements of the subsystem
where faults are being generated should be done. This will be useful for producing
fault features that are more representative of those expected in a full-scale machine
and will provide insights into the physics of failure model validation for digital twin
development. Third, the fault detection analysis is conducted under the free move-
ment of the shovel model. However, some faults may reveal themselves during the
digging process. It is highly recommended to include soil-tool interaction in further
research; last but not least, the current shovel model is controlled using EtherCAT
technology requiring communication from a local computer through Ethernet cables.
For those researchers interested in this shovel model but do not have access to the lab
(geographic limitation or safety control), a remote control would be an asset to this
project. Publishing mechanical design and control scheme can help other researchers

make and use their own systems.

6.2.2 Fault Detection and Diagnosis

The research can not only be improved in the area of physical modelling, it can also
get better in fault detection and diagnosis. First, the proposed vibration analysis can
detect anomalies but it cannot diagnose faults. Although knowing the area or system
where the fault happens it still takes maintenance specialists an amount of time to
Iter the fault; therefore, the nding of faults can be more e cient if the fault diagno-

sis is developed. Second, vibration analysis showed an e ective approach to condition

monitoring for the shovel model. The next step would be to test it on the full-size
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cable shovels. There are various factors that a shovel at a mine would be exposed to
which include: operator in uence, weather, ore material, maintenance personnel, etc.
Third, although statistical parameters, power spectrum analysis and STFT showed
good performance for fault detection, some other DSP techniques can be tried as
well: principal component analysis (PCA) for dimension reduction and classi cation,
Hilbert-Huang Transform (HHT) for instantaneous frequency extraction, statistical

features in the frequency domain, etc.

Cable shovels are playing a critical role in large-scale surface mining operations.
Keeping machines in a good condition can prevent unnecessary shutdowns, high main-
tenance costs and lost production. Vibration analysis is one of the most e ective
methods used in condition-monitoring to detect faults in machine systems. However,
conducting vibration analysis directly on actual mining machines is not practical;
on the contrary, a lab-scale shovel model is easier and cost-e cient to be manipu-
lated. This research developed and fabricated a lab-scale shovel model with inherent
time-varying behaviours. The shovel model was designed with similarity analysis and
has been conducted a validation process before experiments. Statistical parameters,
power spectrum analysis and Short-Time Fourier transform have been applied to de-
tect bolt looseness and shaft wear in the system and their e ectiveness and limitation
have also been discussed. This research provided a lab-scale shovel with a potential
for fault detection and it can also be improved in the aspects of physical modelling

and fault diagnosis.
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Appendix A: Dynamic Modelling
of Cable Shovel

Dynamic modelling is an important aspect indicating the work mechanism and per-
formance of cable shovels. S. Frimpong developed a fully comprehensive dynamic
modelling of the earth moving machine[19] and the dynamic equation is shown be-
low,

D( )*+C( ;-)—+G( )=F Fioaa (Fi;Fp) (A1)

whereD( ),C( ; -)and G( )represents the generalized inertia matrix, Coriolisand
centripetal torque, and gravity torque respectively. is the vector of generalized
variables. F is the cable shovel's breakout force ané g (Fi; Fn) represents the
resistive force during the dipper-soil digging process. For a cable shovel, the variables

in the dynamic equation are summarized from Equation A.2 to Equation A.5.
2

3
m++ m m»,d->Ss )
()= 4 MM 5 (A2)
M20xSac, |z21 + |22+ MydZ + my (12 + 211d;1Cye, + 02)
2 3
N 0 (myds + Mz (I + 0oCocy)) 4 &
2 (mldl + My (Il + d2C2C2)) — 0
(A.3)
2 3
mi{+m
(m1d1C1 + M-y (|1C1 + d2C12C2)) g
2 3
Fic, Fnso
I:I0ad (Ft; Fn) =4 t i ’ i > (AIS)

Fi(li+12)s, + Fa(li+ ) c
The nomenclature for the variables in the dynamic modelling equation is summa-
rized in Table A.1.
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Table A.1: List of Symbol for Variables in Dynamic Modelling Equation

Symbol Description
m; mass of crowd arm
m, mass of dipper
G, Si coq i) and sin( ;), respectively
G » Si cof i+ j)andsin( i+ j),
respectively
I ;21 moment of inertia of crowd arm
about centroidal axis parallel to
Z1-axis
I .22 moment of inertia of dipper
about centroidal axis parallel to
Z>-axis
I length of of crowd arm from

pivotal point to connection point
between arm and dipper in

Figure 2.2
I length between dipper tip and
connect point of arm and dipper

in Figure 2.2

dy displacement betweerO; and C,
in Figure 2.2

d, displacement betweerO, and C,
in Figure 2.2

Fy tangential reaction force

Fn normal reaction force
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Appendix B: Statistical
Parameters in Time Domain

The statistical features that can be applied in the time-domain are summarized as
follows[2, 100, 101],

1. Mean Absolute Value (MAV) . the absolute average of data for a segment
of length L.
X
MAV= "+ vl (B.1)
i=1
2. Root Mean Square (RMS) : RMS measures the power content in the vi-

bration signature. RMS is a basic approach to measuring defects in the time

domain but is not sensitive enough for incipient fault detection.
Y

u
X

RMS N ivij? (B.2)

i=1
3. Mean : it nds the mean of the amplitude values over a sample length of the

signal, it is also the rst moment of the probability distribution function (pdf).

S
M=+ v (B.3)

i=1

4. Variance (VAR) : VAR indirectly measures the data distribution from the

mean of the segment, and it is also the second central moment of a distribution.

VAR = ivi 2 (B.4)

1
L i=1
where

1
=0 Y (B.5)



5. Standard Deviation (STD) : STD is the positive square root of the VAR to

measure the variation of the data segment.

\/
u

1 X .
STD:PE ivi (B.6)

i=1

6. Skewness (SKW) : SKW is the third moment of the distribution, to measure
the asymmetry of the probability distribution about its mean.
P
17 Ly i3
SKW = g L PI:L1 JYi J . (B?)
(¢ =iy Q)

The relationship between the skewness value and asymmetry of the distribution

is summarized as follows:

(a) if the absolute value of skewness is between 0 and 0.5, the data are fairly

symmetrical,

(b) if the absolute value of skewness is between 0.5 and 1, the data are mod-

erately skewed;

(c) if the absolute value of skewness is greater than 1, the data are highly

skewed.

7. Kurtosis (KURT) : KURT is de ned as the fourth moment of the pdf and
measures the relative peakedness or atness of distribution as compared to a
normal distribution. KURT can also provide a measure of the size of the tails
of the distribution. P

L -4

1
KURT = ;P 5 (B.8)
T

2

L .

i=1 Jyl J
If the kurtosis value is zero or close to zero, it follows a mesokurtic distribution;
if a positive excess kurtosis is obtained, it follows a leptokutic distribution; if a

negative excess kurtosis is obtained, then it follows a platykurtic distribution,

which are shown in Figure B.1.

When the number of features is large, multivariate statistical techniques can be

utilized to compress data and reduce the dimensionality so that essential information
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(a) Mesokurtic

(b) Leptokurtic (c) Platykurtic

Figure B.1: Shapes of Distribution for Various Kurtosis [102]

is retained while background noise is eliminated. The main function of multivariate
statistical techniques is to transform a number of related process variables into a
smaller set of uncorrelated variables. Principal Component Analysis (PCA) is an
important method in multivariate statistical techniques, it can locate factors with a
lower dimension than the original data set which can fully describe the major trends

in the original one[103].

122



Appendix C: Freguency Spectrum
Statistical Features

Frequency domain features allow investigating the failure modes for mining equip-
ment. Frequency spectrum statistical features allow a quick overview of a machine's
condition without speci ¢ diagnostic capacity[66]. The common frequency spectrum
statistical techniques, listed in Table C.1, are summarized by Nandi et.al.[61] and

described in detail below,

Table C.1: Common Frequency Spectrum Statistical Feature

Frequency Spectrum Statistical Formula
Features
. . HLP A [¢]
Arithmetic Mean R(w) =20log gt
_ P o
Geometric Mean Rgeo(W) =\ 20l0g 55
n P [0}
Matched Filter RMS Mims =10l0g &  an—
s
P
The RMS of Spectral Di erence Ry = 20 Pn P
r
. 1 P ref ref
The Sum of Squares Spectral Dierence Sy = § Pn + Pn Pn Pn
1. Arithmetic Mean : the arithmetic mean of a frequency spectrum can be
de ned as, P
1 N An

l(w) =20log N
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where k(w) represents the arithmetic mean in dBmA, denotes the amplitude
of the nth component in a total of N components.his feature can provide the

average amplitude value within the frequency range.

. Geometric Mean : The geometric mean is an alternative representation of
the arithmetic mean, which can be expressed below,
!
k | * 201 é% ) C.2
w) = og —= :
. Matched Filter RMS : The matched Iter root mean square (RMS) requires
a reference spectrum. The matched Iter RMS gives the RMS amplitude of the
frequency components with reference to the reference spectrum and is expressed

using the following equation,

( )

_ 1X A

here A" denotes thenth component of the reference spectrum.
. The RMS of Spectral Di erence : The RMS of the spectrum can be com-

puted using the following equation,

VRS )

1 X 2
Re=t =7, pp (c4)

whereP, and P/ represent the amplitude (in dB) of the incident and reference

spectra respectively.

. The Sum of Squares of Spectral Dierence . The sum of squares of
spectral di erence provides greater weight to high-amplitude components and

can be expressed as follows,
r

1 X ref ref
Sq = N Pn + Pn Pn  Pn (C.5)
N
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Appendix D: Finite Element
Analysis of the Shaft Looseness
Fault

A nite element analysis has been conducted to investigate the impact of the shaft
looseness fault for preliminary study. Solidworks simulation tool was used to simulate
the fault's e ect. Before setting up the simulation, the model needs to be simpli ed:
important features will stay but unrelated parts will be left out. The simpli ed model

is shown in Figure D.1. Prior to the simulation, assumptions and constraints were

Figure D.1: Simpli ed Model for Shaft Looseness Simulation

made, which can be categorized into four areas including xture, external loads, parts

constraints and mesh and are shown in Table D.1
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Table D.1: Assumptions and Constraints for the Shaft Looseness Simulation

Category Assumptions and Constraints
Fixture Bearing Support for Bearing; Fixed
Geometry for Bearing Blocks
External Loads Centrifugal Speed 1.25 rad/s for Shaft
Parts Constraints Plate for Mounting Marked as Rigid
Mesh Middle

The shaft looseness fault has been well discussed in section 5.2.2. Here the good
shaft and faulty shafts for the FEM simulation are illustrated in Figure D.2. The
comparison of stress analysis, displacement and strain simulations for the good shaft
and faulty shafts are shown in Figure D.3, D.4 and D.5 respectively. From displace-
ment analysis, it appears that the faulty shaft will not cause the system to vibrate
drastically. It acts normally but the fault starts to grow which is a good scenario
for the fault detection. According to the Figure D.3 and D.5, faulty shaft will cause
more stress and strain around the bearing corners and bearing blocks. Among the
FEM analysis, it would be a good idea to install the accelerometer on the bearing

block where the vibration change can tell the severity of shaft wear condition.

(@)

(b)
Figure D.2: Good Shaft and Faulty Used in the FEM Simulation
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(b)
@)

Figure D.3: Stress Analysis for Good Shaft and Faulty Shaft

(b)
@)

Figure D.4: Displacement Analysis for Good Shaft and Faulty Shaft
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(b)
@)

Figure D.5: Strain Analysis for Good Shaft and Faulty Shaft
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Appendix E: Full-Size Shovel
Linear Velocity Estimation

Even though the physical size of the shovel model is scaled down, the motion charac-
teristics should also be scaled down properly based on the similitude and dimensional
analysis. However, important factors of cable shovels such as velocities are classi ed
information; as a result, the velocity information needs to be calculated from two

aspects of collected data: moving distance and process time. P&H 4100 XPC cable
shovel's component moving distance can be estimated from its brochure provided by

the manufacturer, which is shown in Figure E.1.

Figure E.1: P&H 4100 XPC General Speci cations[76]

S. Pantnayak and D. Tannant have done magni cent research on activities recog-
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nition of mining shovels, especially the model used in this experiment, P&H 4100
series[104]. Various shovel activities include digging, hoisting, swinging, dumping,

waiting, etc, which are illustrated in Figure E.2.

Figure E.2: Common Shovel Activities[104]

The most critical motions involving in common shovel activities are hoisting, crowd-
ing and swinging which are actuated by three AC electric motors. Moreover, the speed
of the motor is proportional to the voltage and the torque is proportional to the cur-
rent. In order to have a better understanding of the motions, voltage and current
conditions of AC motors can be good indicators for critical parts' moving logic in the
duty cycle, which then will be considered as a reference for the automated control
algorithm for the model in this experiment.

S. Pantnayak and D. Tannant have collected voltage and current for hoist, crowd
and swing armatures for eight di erent P&H 4100 shovels covering six months, and
those data are illustrated in Figure E.3 to E.5. Positive and negative voltages indicate
the direction of motor rotation. For the hoist motor, a positive voltage means the
dipper is moving upward and a negative voltage means the dipper is moving down-
ward. For the crowd motor, a positive voltage represents the extension of the crowd
arm and a negative voltage implies the retraction of the crowd arm. As for the swing
motor, the sign of the voltage depends on the position of the truck with respect to
the shovel. The change of current ow can alter the speed of the motors: a reversed

current ow can cancel out the motor movement usually referred to as plugging[104].
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Figure E.3: Hoist Motor Response During Shovel Duty Cycle[104]

Figure E.4: Crowd Motor Response During Shovel Duty Cycle[104]

According to data recording in Figure E.3 to E.5, the dig cycle time could vary
between 6 to 25 seconds. There are various factors a ecting the dig cycle time in-
cluding geological parameters, operator's practice, tooth design, digging trajectory,
machine condition, etc. In this experiment, it is reasonable to assume that the dig

cycle time is 15 seconds. In an ideal shovel duty cycle, the sequence of activities
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Figure E.5: Swing Motor Response During Shovel Duty Cycle[104]

includes digging, hoisting, swinging the dipper towards the truck, dumping, swinging
back to the surface[104]. Despite the fact that there are some extra activities in the
real shovel duty cycle such as face cleaning, material loosening, etc, this experiment
will assume the duty cycle is ideal. It can also be observed that shovel duty cycle
time is around 40 seconds that includes 15 seconds of dig cycle time, 5 seconds of
dumping (assumed) and total swinging time. Therefore, the time of swinging towards
the truck or swinging back to the face can be assumed to be 10 seconds.

From Figure E.1, it can roughly tell that during the digging process, the dipper is
hoisted about 16 m and the crowding distance can be estimated as the dipper handle
length which is about 8 m. During the dumping process, it is assumed that the cable
shovel has to rotate 90 degrees to reach the dumping location. Therefore, based on the
distance travelled by the dipper, the shovel's rotation angle and the working process
(time) discussed previously, the velocity of the hoist, crowd and swing systems are

summarized in Table E.1.
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Table E.1: Summary of Velocity Estimation for P&H 4100 XPC

System Velocity
Hoist 1:067m=s
Crowd 0:53m=s
Swing 1.5 RPM
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Appendix F: Motor Speed
Calculation

In order to satisfy the velocity requirements for the shovel model, the model motors
need to be operated at 465 RPM, 1528 RPM and 168 RPM for hoist, crowd and
swing systems, respectively. Motor speed calculation along with rotation radius for

full-size shovel R,) and shovel model Ry,) are discussed as follows.

F.1 Hoist System

Drum Radius:
Rp =0:03m
Hoist Linear Velocity:
vy =0:073 m=s
Angular Velocity of Drum:
VH

I'p = =— =23:237
D~ Rp rpm

Gear Ratio in Hoist System:
GRy =20

Hoist Motor Speed:
'y =!1p GRy =464:732rpm

F.2 Crowd System

Pinion Radius:
R: =14 mm
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Crowd Linear Velocity:
V. = 0:035 nFs

Angular Velocity of Pinion:

V
o= R—° =23:873 rpm

Cc

Gear Ratio in crowd system:
GR. = 64

Crowd Motor Speed:
e =1 GR.=1528 rpm

F.3 Swing System

Swing Angular Velocity of the Full-Size Machine:

I'p =1:5rpm
Swing Radius of Full-Size Machine:
R,=2m
Swing Radius of Shovel Model:
Ry, =0:095m

Swing Angular Velocity of Shovel Model:

m

P =2:105rpm
15 Ro P

Rp
Gear Ratio in Swing System:
GRs =80

Swing Motor Speed:
l'es=1m GRg=168:42rpm
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Appendix G: Inertia Ratio
Calculation

Motors are commonly used in common mechanical systems to achieve precise posi-
tioning, velocities and torques. To evaluate the motor's ability to e ectively control

the load, the ratio of the load inertia to the motor inertia plays an important role.
The inertia ratio analysis has been conducted for the crowd, hoist and swing systems
and the inertia ratios are 3.0, 4.3 and 41.8, respectively. Detailed calculations for

three system are presented as follows.

G.1 Inertia Ratio Calculation for Crowd System

G.1.1 Assumption

The crowd system can be simpli ed into a rack-pinion linear power transmission as

shown in Figure G.1.

Figure G.1: Rack-Pinion Linear Power Transmission Model[105]

136



G.1.2 Knowns

Mass of Rack:

m = 15 kg
Pinion Diameter:
D =28 mm
Pinion Mass:
m, = 0:12 kg
Transfer Mechanism:
Primary Side Diameter:
Dg1 =22 mm
Secondary Side Diameter:
Dg =49 mm
Primary Side Mass:
Mg = 1:64 kg
Secondary Side Mass:
Mg, = 4:62 kg
Gear Ratio:
GR =64

Inertia of Motor:
Jw =0:33 kg cn?

G.1.3 Calculations
Pinion Load Inertia;
Jo== m, D*= 1176 10 °> kg m?

Load Inertia of Rack:
J, = % m D?=0:002kg m?

Moment of Inertia of the Transfer Mechanism:

1 1 Dg2°
Jg= 2 Mg Dg®+ 2 mg _G%Rzz

- o 5 2
5 5 9:956 10 ° kg m
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