A METHODOLOGY FOR MAINTENANCE EVALUATION AND IMPROVEMENT OF REPAIRABLE
SYSTEMS IN A MINE

by

Uthman Said, B.Eng., Ryerson University, Canada, 2014

A thesis presented to Ryerson University in partial fulfillment of the requirement for the degree
of

Master of Applied Science

in the Program of

Mechanical and Industrial Engineering

Toronto, Ontario, Canada, 2016

© Uthman Said 2016



AUTHOR'S DECLARATION FOR ELECTRONIC SUBMISSION OF A THESIS

| hereby declare that | am the sole author of this thesis. This is a true copy of the thesis, including
any required final revisions, as accepted by my examiners.

| authorize Ryerson University to lend this thesis to other institutions or individuals for the purpose
of scholarly research.

| further authorize Ryerson University to reproduce this thesis by photocopying or by other means,
in total or in part, at the request of other institutions or individuals for the purpose of scholarly
research.

| understand that my thesis may be made electronically available to the public.



A METHODOLOGY FOR MAINTENANCE EVALUATION AND IMPROVEMENT OF REPAIRABLE
SYSTEMS IN A MINE

Master of Applied Science, 2016
Candidate: Uthman Said
Discipline: Industrial Engineering

Institution: Ryerson University

ABSTRACT

In this thesis, a maintenance evaluation and improvement methodology is presented, which
makes use of maintenance data to determine failure characteristics of repairable systems and the
effectiveness of maintenance policies being conducted on them. The objective is to provide a way
in which maintenance data can be collected, organized, cleaned and formatted to provide
information on component failures analytics, system availability and utilization so as to determine
flaws in maintenance strategies. The methodology also provides context for the study of
maintenance effectiveness, and synthesizes its importance within the grander scheme of
maintenance optimization of repairable systems. We consider a repairable system whose failures
follow a Non-Homogenous Poisson Process (NHPP) with the power law intensity function. The
system is subject to corrective and multiple types of preventive maintenance. We assume the
effects of different preventive maintenance on the system are not identical, and estimate the
parameters of the failure process as well as the effects of preventive maintenance. Ultimately, the
methodology serves to guide maintenance designers in measuring the effectiveness of current
maintenance policies and providing granular analysis on current failure trends to arrive at data-
driven options for maintenance improvement. The proposed methodology was applied to a real

case study of four AC-powered dump trucks used at an underground mine in Sudbury, Canada.
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CHAPTER 1: Research Overview & Context

1.1. The Research Question

The objective of this research study is to provide a workable methodology by which data can
be analyzed for evaluating of existing maintenance policies in an underground nickel/copper mine.
The mine operates aggressively, with an expected daily throughput of 12,000-15,000 tons of nickel
ore. A crucial element of the mining process is the transportation of ore from the excavation level
to a dump site approximately 2,000 ft. above, all underground. Transportation of ore is conducted

using environmentally friendly, hybrid AC load-haul dump trucks (ACDTSs or trucks).

It was observed that the trucks were failing constantly and randomly, in mid-travel. Frequent
failures resulted in increased downtimes, loss in production and a focus on reactive maintenance.
Furthermore, the trucks are novel and not much expertise on maintaining them exists aside from
Original Equipment Manufacturer (OEM) guidelines--which was general to trucks, and not
specific to operations in underground mining. Thus, all preventive maintenance guidance provided
by the OEM proved less than effective, which afforded engineers much room for improvement.
The maintenance department charged with maintaining the trucks consists of three major teams:
the Mobile maintenance crew, the Electrical maintenance crew and the Electrical contractors each
charged with maintaining specific subsystems of the truck. Three types of preventive maintenance
policies are implemented on the trucks per crew, Type | maintenance, which occurs every 250
hours, Type Il maintenance, which occurs every 500 hours, and Type 111 maintenance which occurs
every 1000 hours. The preventive maintenance is thus fixed and periodic. However, an inclination

to reactive maintenance raises the following questions: how well is the preventive maintenance



being conducted? Is there a connection between truck performance and maintenance performance?
How should preventive maintenance be conducted to shift from reactive maintenance to
preventive-focused maintenance? The answer to these questions is not simple. Rather, to change
the way maintenance is conducted on the trucks, with little expertise, a methodological approach
must be taken which incorporates all the resources and tools necessary to ensuring a sustainable

improvement to maintenance.

Specifically, in the case of the trucks, and generally with all mine equipment, the resources
available include maintenance data and OEM data from which, the failure process, systems and
subsystems hierarchy of the equipment and their functional relations are extracted or estimated.
Furthermore, an understanding of the bad-actor components, which cause delays, and associated
availability and utilization metrics of the system are crucial to gain an understanding of the trucks'
performance. Maintenance evaluation i.e. quantifying the effect of maintenance on the trucks
provides a general metric of the ability of the maintenance policy to curb impending failure events.
Maintenance evaluation also affords maintenance teams the opportunity to correlate truck
performance with maintenance performance. For example, in the case of weak maintenance
effects--information on the trucks' performance i.e. component failure analytics, system
availability and utilization, can be checked against maintenance performance i.e. the measured
effect of the preventive maintenance policy, for any discrepancies. Using the methodology in
Fig.1.1 below, and more specifically steps (1), (2), (3) and (4) of the methodology pyramid,
recommendations on how to improve current maintenance practices can be provided. While the
research focuses on maintenance evaluation and quantification, the methodology serves to
contextualize the concept of maintenance quantification in the process of maintenance

improvement. Other elements of the methodology were approached with restricted consideration



in this research study. This is due to the limited capabilities of the available maintenance data, and
due to scope restrictions imposed on the research question to remain centered on maintenance
evaluation and quantification, leaving maintenance optimization and design for future research

avenues.

Furthermore, the importance of gathering accurate data cannot be emphasized enough. Critical
to the maintenance improvement methodology is the availability of accurate and relevant data that
is uniform, coded and readily accessible for processing and manipulation. With accessibility to the
right maintenance data, it is possible to answer the question: can maintenance effects of multiple

PM types acting on AC load-haul dump trucks be measured?

Y

y/
)
—4

7. Policy

Figure 1.1 — Methodology Pyramid which guides this stud



CHAPTER 2: Introduction & Literature Review

2.1. Introduction

The progress of technological developments namely high-speed computing and increased data
storage capacity makes the improvement of day-to-day production, logistics and maintenance
operations possible. Data on industrial equipment diagnostics, inventory trends, and production
loss vs. system availability are all equally important and can play a pivotal role in guiding plant

managers towards more effective improvement strategies for their operations [1].

In an economic climate which sees a decrease in prosperity for top mineral commodity exporters
such as Canada, a focus on “reducing costs, improving productivity and preparing for the next
[market] upswing” [2] becomes the central focus for mine production activity according to Pierre
Gratton, President and CEO of the Canadian Mining Association. One of the ways in which mines
can increase productivity is ensuring the reliability of their equipment through well-designed
maintenance programs. Furthermore, the development of data storage and analysis technologies
and techniques, coupled with an economic climate that motivates a focus on improvement and
efficiency, drives a demand for maintenance methodologies, which guide mine managers towards

optimal maintenance policies and sound economic decisions [1].

Mining operations comprise of many sub-operations including mineral exploration, extraction,
milling, smelting and refining; all of which require large scale, dynamic machinery to be
operational around the clock [3]. It is no doubt that high intensity production rates entails the
possibility of equipment failures, system downtime and heavy production losses incurred which
are unrecoverable in most circumstances [1]. Hence, such operational practices warrant a special

focus on equipment reliability and availability, and more importantly the maintenance of repairable
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equipment and the effects of maintenance on equipment reliability and availability. Maintenance
operations stand as critical drivers of any industrial organization. Such importance attributed to
maintenance operations has resulted in a plethora of research conducted in maintenance modelling,

quantification and analysis of repairable equipment (systems)[4].

2.2. Literature Survey

2.2.1. General survey of maintenance effects on repairable systems

Essentially, repairable systems are systems that are repaired upon failure—and do not require a
complete replacement—hence acquiring an age characteristic. For repairable systems, hazard
rate—or the intensity function of the system at a time t is an important indicator of failure. The
hazard rate h(t; H,) is the function characterizing the instantaneous change in the expected number
of failure arrivals per unit time t conditioned upon the history of past failure events H,. The hazard
rate is expressed mathematically in Eg.2.1 and is referred to by Cox and Isham [5] as the

conditional or complete intensity function (CIF).

0H(t; H PriN(t,t +At) = 1|H
GH) iy = g PPN 80 2 T HY

2.1
ot At—0 At ( )

It is generally assumed with machinery that with the passing of time—and given the absence of
any preventive maintenance (PM) influence, signs of machine deterioration will begin to manifest
in the form of increasing hazard rate for deteriorating systems. An increase in hazard rate almost

always results in shorter time intervals: Ti (where i =0, 1, 2...n) between failures, as they share an



inversely proportional relationship [5]. Shorter time intervals between failures are a sign of
deteriorating machine health, which correspond to increasing age. Furthermore, and what is
equally central to our analysis is the effect of maintenance policy on reliability. Generally, the
hazard rate shares an exponential relationship with the reliability function expressed in Eq.2.2
where f(t; H;) is the density function at a time t conditioned upon H, [5]. Contemplate, Eq.2.2 can
be manipulated to derive Eqg.2.3 and integrating to obtain Eqg.2.4 hence culminating in a neat and
direct, inverse exponential relationship between the hazard rate and the reliability of a complex
system [5]. Ultimately, since the hazard rate is a good indicator of age, it becomes the subject of

interest when studying the effect of maintenance on the reliability of a complex repairable system.

H
h(t; Hy) = ﬁg ,jﬁ - (2.2)
OR(t; Hy) _
fh(t; Ht) = —fm = —ll’l[R(t, Ht)] (23)
R(t;H,) = e HEHD = exp [— f h(t; Ht)dt]. (2.4)

To maintain complex repairable systems, they must be subjected to singular or multiple types of
maintenance policies which act to either nurse the repairable system back to health or reduce the
repairable system’s age to an age prior to the calendar age. This reduced age is the virtual age of
the system as was first introduced by Kijima et al. [6]. Similar concepts to the virtual age include
Malik’s [7] improvement factor, Brown and Proschan’s (p, q) rule [8] and its extension, by Block
et al. the (p(t), q(t)) rule [9]. Specific to the repairable system, a maintenance policy serves to affect
the complex system by directly affecting the progress of the hazard rate of the system. In Pulcini’s
[10] review of complex maintenance policies, maintenance models have been classified into four
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main categories: minimal repairs (MR), imperfect repairs (IR), perfect repairs (PR), and worse
repairs (WR). The repairs are collectively referred to as general repairs. Each maintenance
category pertains to the extent of its reduction effect on a system’s age or failure intensity,

otherwise known as the repair efficiency or repair effect [10].

However, keeping within the scope of the research thesis, only neutral and positive effects of
maintenance will be considered. Neutral policies are those which do not increase nor decrease the
hazard rate of the system while positive policies act to decrease the hazard rate thereby improving
the system health by a quantifiable measure [10]. Maintenance policies implemented on complex
systems are of two major types: preventive; which are assumed to be periodic in nature, and
corrective; they are interspersed and are governed by the hazard rate [10]. Maintenance policy
scenarios can consist of: (1) Interspersed minimal repairs, (2) Perfect-periodic repairs and (3)

Imperfect-periodic repairs [10].

2.2.1.1. Interspersed minimal repairs

The main difference between these policy scenarios, (1), (2) and (3), lies in the degree to which
the policies affect the hazard rate. Calabria and Pulcini [11] describe minimal repairs as corrective
maintenance actions that restore the condition of a system to the state it was in just before failure.
In theory however, minimal repairs need not be exclusively corrective in nature, and corrective

maintenance is not necessarily exclusive to minimal repairs as the following literature will show.



In literature, minimal repairs are characterized by a zero-age-reduction feature and serve as the
minimal effect of maintenance—reviving the system to an age described as bad-as-old (BAO) i.e.
an age just prior to failure [11]. Notably, there is no measurable change in hazard rate due to the
minimal repair. This is not necessarily evidence of a memoryless property and does not relax the
condition on historical failures H, [11]. However, the result is a failure rate, p(t) subject to a
Poisson point process. Mathematically, a minimal repair conducted at a random time ti* will return
the hazard rate to a point in time ti —and similarly with reliability; expressed in Eq.2.5 and Eq.2.6
respectively [11]. Ultimately, the minimal repair serves to maintain the hazard rate at its default
failure process governed by the Poisson process expressed in Eq.2.7 where M(t,t + At) is the

mean—or expected hazard rate in the interval [¢t, t + At].
h(tF He ) = h(t73 He) = p(®). (2.5)
R(tf Hyr ) = (675 e ). (2.6)

[M(t, t + At)]*

Pr{N(t,t + At) =k} = 0

exp[—M(t,t + At)], (2.7)

where, M(t,t + At) = E{N(¢, t + At} = [T

h()dt.

A Poisson process implies that the inter-failure arrival times—denoted here as t;—are either
identical, or stochastic and depend upon the occurrence of the most recent failure t;_; [11]. This
is reflected in the reliability function in Eq.2.8 where t > 0 [11]. Of course, it is assumed here that

repair times are characterized by an infinitesimally small variable e expressed in Eq.2.9 [11].



R(x;t;i_q) = exp I— th(ti_l + Z)l. (2.8)
0

e=|tt—t7|; -0 (2.9)

Building on the current discussion, Eq.2.5 presents a general mathematical expression for a
continuous hazard rate in terms of time t of a complex system subject to minimal repairs governed
by the Poisson process [11]. In the case of minimal repairs which have a neutral effect on the
hazard rate of a complex system—that is to say time is not an influencing factor on the hazard rate,
then, the hazard rate remains unchanged and EQ.2.5 resolves to EQ.2.10 given unchanging
(identical) times between failure events T; (where i =0, 1, 2...n). Mathematically, this is described
as a homogeneity in the process of failure arrivals and is called a homogenous Poisson process

(HPP) [11] whereby:

h=T,=—=T,
h(ti‘L;HtiJr) = h(ti_;Hti—) = p. (2.10)

More central to the thesis is another case of the Poisson process which governs a monotonic trend
in the hazard rate of a complex system—and specifically a monotonically increasing trend.
According to Pulcini, [10] that there are cases in which complex repairable systems subject to
minimal repairs experience improved or deteriorating reliability. This is done by introducing
variability in the times to failure T; (where i = 0, 1, 2...n) which can result in either an extended
life Eq.2.11 or a shortened Eq.2.12 [10]. In these cases, the hazard rate of the system is usually a
function of time and by extension results in a non-homogenous process of failure arrivals called

the non-homogenous Poisson process (NHPP) whereby [10]:



Tl < T2 < b < Tn. (2.11)

T, >T, > >T),. (2.12)

Importantly, the minimal repair does not affect the progression of the hazard rate and does not
introduce any alterations to the age other than allowing for continuity of the hazard rate as a
function of time. Drawing from the literature, there are several standard models which can govern
the NHPP including: Crow’s [13] Power Law Process in EQ.2.13, the Log-Linear Process in
Eq.2.14 introduced by Cox and Lewis [12] and Pulcini’s [14] Bounded Intensity Process in
EQ.2.15; where a is the scale parameter and [ is the shape parameter. Furthermore, each model
motivates its own method of parameter estimation. Parameter estimation methods will be discussed
in a later section of this study. Ultimately, NHPP models incorporating covariate information falls

beyond the scope of this study.

B-1
h(t55He ) = h(e7 He) = p(t:B@) = g(g) ; a,f>0 (2.13)
h(tf;Ht;r) = h(ti_th;) = p(t; B, a) = exp(a + Bt). (2.14)
_ 1 t\1
h(ti-F;Hti“L) = h(ti ;Hti‘) = P(tie) = 5[1 — (1 +5) l ; 06>0 (2.15)

2.2.1.2. Perfect and Imperfect Periodic Repairs

Because it is of seminal importance to quantify the effect of a maintenance policy on the

age of a complex system, current literature has provided a wide variety of virtual age models
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subject to hazard rate improvement and age reduction effects from singular perfect and imperfect
maintenance policies [10]. The concept of hazard rate improvement was first introduced by Malik
[7]. A maintenance repair conducted at time t has the potential to reduce the age of the equipment
by a quantity proportional to the operating time t;, i.e. the maintenance epoch, which is the time
elapsed from the most recent maintenance action [7]. An illustration of the concept is provided

below in Fig.2.1. Canfield [15] further asserts that repairs conducted at time t restores the failure

rate function to its state at t — pt;, where, T;_; <t <T; ; t<rt;; i=0,1..n
Repair Repair Repair

AT g pT; PTis
T Tiva Tiyr

Maintenance Epoch t;

Figure 2.1 — Hlustration of proportional age reduction of system governed by NHPP

Hence, according to Canfield [15], the effect of an imperfect repair on the system hazard rate is
expressed mathematically in Eq.2.16 where an imperfect maintenance action conducted at time t
serves to reduce the age of the system by a fraction—that is, a proportion—of the maintenance
epoch time 7; denoted as p. The proportion p is also called the improvement parameter [15]. For
cases of imperfect repairs, the improvement parameter lies between zero and unity whereas for
worse repairs it is between zero and negative unity. However, worse repairs impose a negative

effect on the hazard rate and fall beyond the scope of this study.

h(t;H,) = h(t — pt;; H); 1=p=0. (2.16)

11



Remarkably, Eq.2.16 provides a comprehensive, concise model which governs the full spectrum
of repairs ranging from the minimal repair (refer to section 2.2.1.1) where p = 0, to the imperfect
repairs 0 = p > 1, and the perfect repair i.e. p = 1 which restores the system to an as-good-as-
new (AGAN) state and reduces the hazard rate to zero at the time just after the i perfect repair t;"
[15]. Generally, it is assumed that perfect repairs are preventive in nature, especially in the case of
repairable systems. Pulcini [10] extends the hazard rate model i.e. complete intensity function
(CIF) model to examples of failure events governed by a non-homogenous Poisson process.
Specifically, we focus on the Crow’s Power Law Process [13] and impose upon it the effect of the
improvement parameter. Thus, Eg.2.16 transforms to Eq.2.17 and the same constraints for the

improvement factor p in Eq.2.16 apply to Eq.2.17.

B (t - ,DTi)ﬁ_l ’ (217)

where, 12p=20 ; 15,0,>0 ; t=r1

Fig.2.2 below presents a graphical representation of the complete intensity function (failure/time)
with respect to operating time. It is observed that for the minimal repairs i.e. p = 0, the CIF is a
continuous everywhere. A zero age reduction policy implies that repairs do not affect the
progression of the hazard rate. On the other hand, imperfect and perfect repairs demonstrate
discrete continuities as governed by failure arrivals, where an arbitrary p = 0.3 implies imperfect
repair as 0 < p < 1 is satisfied. The improvement factor p, in addition to the shape parameter
and characteristic age a are sufficient to model the rate of failure occurrence of a repairable system
with respect to its ‘operating time’ as it is influenced by its repair policy. In Eq.2.17, the

quantifiable improvement of a repair policy is represented by a constant p which serves as an
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important parameter of the age-reduced Power Law CIF. Thus, the improvement factor becomes
a subject of interest when studying parameter estimation techniques. However, this discussion

shall be postponed to further sections of this thesis (refer to section 2.2.2).
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3 r / Perfect repair (p
% |_..4__4/K/

4 fp 13 I
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Figure 2.2 — Graph illustrating the age reduction effects of various repair modes [10]

An underlying assumption of Malik’s [7] age reduction model is that systems require more
frequent maintenance with increased age—or as the failure rate increases. This assumption paves
the path for many applications in maintenance optimization. For example, it is intuitive that
periodic maintenance intervals should decrease successively and with respect to age—rendering
them non-periodic. This is so as to keep the system failure rate below a designated level or
postpone the coming of age of the system to a later date. Malik proposes an algorithm to determine
the successively decreasing intervals, and has done this by depending on expert opinion to estimate
the age reduction factor p [7]. Later on, Lie and Chun [16] present a general expression to
determine optimal decreasing-periodic intervals and provide cost-age curves corresponding to the

range of p between zero and unity.
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Discussions of imperfect of repairs are not limited to age reduction models which serve to
reduce the machine age as it pertains to time. Other equally effective models also exists namely
the proportional intensity variation (P1V) model as presented by Chan and Shaw [17]. The PIV is
an alternative way to describe the opportunistic effects of preventive repair on equipment hazard
rate—and hence reliability. Chan and Shaw [17] assume that the system failure rate i.e. CIF is
reduced after each repair, and the extent of reduction is dependent upon the system age t and the
number of repairs carried out historically H,. Chan and Shaw [17] furthermore, discuss
optimization techniques for stochastic cycle availability for a single unit system. While age
reduction focuses on characterizing the proportional reduction in time from a maintenance repair,
the proportional intensity variation places the CIF itself as the subject of interest and not the
maintenance epoch t; [17]. Thus, the intensity i.e. hazard rate of a system after an imperfect repair,
for instance, will correspond with a proportion of its intensity just prior to the maintenance. This
intensity proportion is characterized by Calabria and Pulcini [11] as § in Eq.2.18.1 and the PIV
model is expressed mathematically in Eq.2.18.2 whereby i is the number of failures that have

occurred at time t and p(t) is the hazard rate up till the first failure.
h(thHey ) = 8h(t7 He ), 8> 0. (2.18.1)
h(t; He,) = 6'p(t), 6> 0. (2.18.2)

Noteworthy is that the intensity proportion is of two types: fixed reduction and proportional
reduction, and may serve to expedite the failure process for cases of § > 1 or curtail the failure
progression for 0 < § < 1. However, only the case of proportional intensity reduction effect for

0 < § < 1isstudied as it falls within the scope of the model assumptions for this research study.
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2.2.1.3. General Survey of minimal, perfect and imperfect repair models

Complex repairable systems may require both corrective and preventive policies hence most
models include the corrective maintenance’s effect as minimal repair [10]. The scope of this study
motivates a focus on the effects of minimal repairs and imperfect maintenance on the virtual age,
hazard rate and—by extension—reliability. Notably, it is assumed that preventive policies are of
a periodic nature occurring at fixed or monotonically changing intervals, and this assumption has
been considered based on the requirements of the research study. Also, corrective policies are

assumed to be subject to the failure arrival process of the repairable system.

With an extensive pool of literature regarding maintenance effects on repairable systems, it is
important to classify works into two categories: IR modeling and IR analysis. Pham and Wang
[18], and Syamsundar et al. [4] provide an exhaustive review of the major treatment methods
pertaining to repair modelling; their inferences, assumptions and shortcomings. A more commonly
used method is the virtual age process, which was introduced by Uematsu and Nishida [19], and
furthermore extended in Kijma’s [20] models | and Il by assuming general repairs and a
conditional distribution for the failure time. Kijima’s models were generalized by Dagpunar [21]
and constructed as functions of the previous virtual age and time since the (n — 1) maintenance
action. Doyen and Gaudoin’s [22] classification of IR models also builds upon Kijima’s work to
include Markovian memory properties, which are characterized by singular, cumulative or limited
arithmetic reduction of age (ARA) effects; ARA1, ARA,,, ARAnm, respectively. Further work by
Doyen and Gaudoin [23], introduces age-based modelling within the framework of competing PM
and CM risks, but does not extend beyond a singular maintenance policy for each type, PM or CM.

Similarly, in Nasr et al. [24], Kijima’s models | and 11 are applied to the case of failure-point and
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repair-point virtual age modelling, where a CM occurs at failures, and a PM occurs at repairs.
Although, studies on multiplicative age reduction effects exist, they remain beyond the scope of

this research.

Generally, and in real world scenarios it is common to observe a variety of maintenance policies
implemented on a repairable system. We have discussed imperfect repairs in the previous section
and have presented a brief treatment of the three subcategories of repair namely minimal repair,
perfect repair and imperfect repair. Second to repairs are the periodic inspections—which more
specifically result in maintenance of preventive nature. Preventive maintenance can also be perfect
or imperfect which adds to the complexity of hazard rate modelling of the system. Referring to
existing literature, many models exist which address the different combinations of repairs and
preventive maintenance [10], [18]. What is emphasized in the literature is the effect of these
combinations on the hazard rate i.e. CIF of the repairable system. Pulcini [10] makes a point of
summarizing the different combination in a table illustrated below (Table 2.1). Again, repairs
whether perfect, minimal or imperfect are considered corrective and are subject to the arrival

process governing the CIF of the repairable system.

Table 2.1 — Tabulated combinations of corrective and preventive maintenance [10]

Corrective | Perfecmrminima1| Minimal | Imperfect | Minimal
Preventive | NoPM | Perfect |  Perfect | Imperfect

Prior to delving into complex maintenance combinations involving both corrective and

preventive maintenance, it is imperative to first establish an understanding of different corrective
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maintenance policies in sum and how they are treated mathematically. Current literature has
established working models for repairable systems subject to multiple types of repairs
simultaneously [10]. An example that stands out is Brown and Proschan’s [8] model for a sequence
of perfect and minimal repairs—without preventive maintenance. In Brown and Proschan’s model
[8] a repairable system experiences two types of failures—a Type | failure which is catastrophic
and requires a replacement, and a Type Il failure which is minor. The failures, thus, result in perfect
and minimal repair, respectively. Here, the authors introduce a probability characterizing the
likelihood of a perfect repair occurring p and the complement 1 — p as the likelihood of a minimal
repair occurring. A similar approach to repairable systems is taken by Taghipour and Banjevic's
[25] study of optimal inspection policies of complex repairable systems. Taghipour and Banjevic
[25] also categorizes failures into two: soft and hard of which the former is a minor failure (usually

hidden) and the latter is a catastrophic failure which may require replacement.

With Brown and Proschan’s [8] model, an opportunity to analyze a wide spectrum of repairs is
afforded. For example, if p = 0 then the lack of perfect repairs resolves the failure process to a
sequence of purely minimal repairs governed by the non-homogenous Poisson process (NHPP).
Should p = 1, then the lack of minimal repairs resolves the failure process to a sequence of purely
perfect repairs governed by the renewal process. Scenarios in which a stochastic mixture of
minimal and perfect repairs occur imply that 1 > p > 0. In this scenario, the failure process is
described by a sequence of minimal repairs governed by the CIF’s NHPP and renewed at the end
of each maintenance epoch by a perfect repair governed by the renewal process. In other words;
each NHPP restarts from the time epoch of the most recent perfect repair. Below, Fig.2.3 is an
illustration of the failure process involving sequences of perfect and minimal repairs. For a

mathematical expression of the hazard rate subject to both types of repairs, refer to Eq.2.19

17



where 7; denotes the i maintenance epoch and T; is the random variable characterizing the time

of perfect repair—when the failure process is renewed.

h(t;H;) = h(t — T;_,). (2.19)
T  <t<T,
Perfe.ct Perfect Perfect
Repair Repair Repair
l Hazard rate h(t) subject to NHPP l Hazard rate h(t) subject to NHPP I
T4 T; Tisq

\ J

Maintenance Epoch T;

Figure 2.3 — Illustration of a sequence of minimal and perfect repairs

Since perfect repairs occur stochastically, it is not necessary for maintenance epochs t; to
be homogenous. In the case where the effect of perfect preventive maintenance is introduced to
Brown and Proschan’s model, the effect of perfect repair is negligible, costly and in some cases
counterintuitive—with the exception of the minimal repair [10]. Love and Guo [26] propose a
hazard rate model for a failure pattern of a repairable systems subject to perfect preventive
maintenance that perfectly regenerates its intensity function—to an as-good-as-new (AGAN)
status. This automatically imposes a memoryless property on the CIF thus excluding any historical
effects in Eq.2.20. Then, the times in-between successive preventive repairs i.e. the maintenance
cycles can be considered as successive intervals of sequenced minimal repairs subject to the NHPP.

This model resembles Brown and Proschan’s model in principle.
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A discussion of imperfect preventive maintenance is also considered. Similar to Brown and
Proschan’s [8] model discussed earlier, Shin et al. [27] and Jack [28] propose a model to describe
the failure process of a fleet subject to periodic or random imperfect preventive maintenance.
However, there are two major differences. Firstly, the effects of imperfect preventive maintenance
on the hazard rate employ Malik’s [7] proportional age reduction criterion p. Of course, the
constraint 0 < p < 1 applies. This implies a non-constant reduced age for every maintenance
cycle. Second, if the imperfect preventive maintenance is periodic i.e. a constant maintenance
epoch, then the reduced age becomes a constant—in principle a fraction of a constant maintenance
epoch 7 as opposed to Brown and Proschan’s [8] random variable T; characterizing the i
maintenance time. Notably, Eq.2.22 expresses the effect of the i imperfect preventive
maintenance cycle on the hazard rate process of a repairable system whereby random minimal
repairs are interspersed within the maintenance epochs and are governed by a non-homogenous
Poisson Process. Fig.2.4 illustrates the failure process involving sequences of imperfect preventive
maintenance with interspersed imperfect repairs governed by the non-homogenous Poisson

process.

h(t; H,) = h(t — pT)). (2.22)

T, <t <Ti,

19



Imperfect
Preventive
Maintenance

Imperfect
Preventive
Maintenance

I

T;

P G

\

Tivq

J

Maintenance Epoch T;

Minimal repair, h(t) subject to NHPP

Figure 2.4 — lllustration of a sequence of minimal repairs interspersed with imperfect preventive

maintenance

Nakagawa [29] furthermore proposes a different age criterion whereby preventive maintenance

reduces all previously incurred damage and the equipment is minimally repaired in between

maintenance epochs. The hazard rate at any time ¢t in the interval (T)_4, Ty) between the (k — 1)

and the k™ maintenance interval is expressed in Eq.2.23 where 0 < b; <1 (j=1,2..n)isthe

improvement factor in the age of the equipment reduced by the j™ preventive maintenance [29].

k—1 k—1
h(tEH) = hit — 1oy + Z (T = 74_1) 1_[ bt
i=1 j=i

(2.23)

Block et al. [9] imposes an assumption on Nakagawa's [29] criterion whereby all improvement

factors are constant b; = &. Block's model is expressed in Eq.2.24 where i is the number of repairs

t+ Z 8 (T—i — Thmiz1) — Th-1]>

that have occurred at time t from most recent preventive maintenance action.

k-1

=1
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where, Thoq < t < Ty

The effects of various combinations of maintenance policies have been discussed in [3]-[29].
In summary, maintenance actions are categorized as either corrective or preventive, the former of
which is usually stochastic in nature and can result in perfect, imperfect or minimal repair.
Conversely, preventive maintenance actions are generally periodic [10]. However, our treatment
of this topic motivates a generalization whereby preventive maintenance actions can be random as
well and result in perfect preventive maintenance, which serve to rejuvenate the age/hazard rate to
an (as good as new) AGAN state. Imperfect preventive maintenance can also exist and for the sake
of generality, the proportional age reduction effects is introduced which corresponds to each

maintenance cycle.

With a variety of maintenance models available, complex maintenance models have also been
constructed to combine the varying effects of repair efficiencies [10], [18]. However, these models
have historically accounted for not more than one preventive maintenance policy and one
corrective maintenance policy [3], [10], [18]. In reality, repairable systems may require multiple
PM policies, in addition to corrective maintenance. One such case is the maintenance of AC
powered dump trucks (ACDTSs) in a Canadian copper/nickel mine which will be the case study
driving this research study. Hence, despite the abundant progress made in repair efficiency theory,
there remains a need to generalize complex maintenance models to include the reduction effects
of multiple PM policies, and furthermore estimate their repair effects and reliability parameters for
reliability prediction, and hopefully better maintenance decisions. For more in-depth studies on
various combinations of maintenance policies please refer to Tables 2.1—2.7 in Wang and Pham

[30].
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2.2.2. General survey of likelihood functions for age and hazard rate models subject to
complex maintenance effects

In practical situations, there is a demand for modelling the failure behavior of a repairable
system subject to complex maintenance [10]. Data maybe complete or missing. However, in
providing trained models capable of accurately simulating equipment reliability, scientists and
engineers must obtain the parameters of the equipment's CIF—and by extension—reliability [10].
This involves obtaining an accurate estimate of the parameters of the model from subject i.e.
training data and training the model on the data using accurate estimators. Thus, parameter

likelihood is almost always data-driven [10].

For the complex maintenance models discussed in the previous section, at least one parameter
estimation method is presented which serves to estimate the parameters of the model namely the
shape, scale and most importantly the age improvement parameter. Of course, the models
presented earlier are mainly governed by the non-homogenous Poisson process-PLP (as is

common with repairable systems) with some also adopting certain features of the renewal process.

Regarding Brown and Proschan's [8] model of a sequence of prefect minimal repairs without
preventive maintenance, both non-parametric and Bayesian approaches exist [10]. Whitaker and
Simaniego [31] present a likelihood functions under the assumption that all failure times and repair

modes (perfect or minimal) are known.

On the other hand, Lim et al. [32], and Lim [33]—using Bayes procedure—also present a
parametric form of the likelihood for a complete, failure truncated data set governed by Crow's
Power Law [13] process. The common feature of both Whitaker and Simaniego [30], and Lim’s
[33] likelihood models is that the improvement factor i.e. maintenance mode is always known;

thus affording the authors the non-parametric approach to parameter estimation [10]. However, in
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the case where the repair mode is not known at every failure mode, then the data is deemed
incomplete and the non-parametric approach yields a model that cannot be solved [10]. Lim and
Lie [34] present a parametric solution for incomplete data whereby each repair mode depends on
the mode of the previous repair—with some censored repair modes. Lim and Lie's [34] likelihood
model imposes a first-order dependency between subsequent repair modes and furthermore,
employs the concept of transitional probabilities for z. The model is expressed mathematically in
Eq.2.25 where p;  is the transitional probability of transitioning from j — k at time a failure time

x; measured from the beginning of the most recent maintenance interval.

pjx =Prizi=k|z_, =j}. (2.25)

Consequently, the maximum likelihood estimates of model parameters can be obtained by
performing an expectation-maximization algorithm [10]. Repair modes can also be age-dependent
and this case has been studied by Block et al. [9] assuming the availability of complete data and
employing a non-parametric approach. Block extends Brown and Proschan's [8] model by
introducing an age dependent probability p(x;), whereby p(x;) is the probability of prefect
maintenance at time x; measured from the beginning of the corresponding maintenance interval—

renewal.

Thus far, only maximum likelihood estimates of models with repairs effects have been considered.
With the inclusion of preventive maintenance, Love and Guo [35] also include a treatment of the
time-truncated maximum likelihood for both minimal; and imperfect repairs interspersed with
perfect preventive maintenance, respectively. In both cases of minimal and imperfect repairs, Love

and Guo [35] first opt for a baseline intensity i.e. hazard rate which is governed by a Power Law
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process [13]. For constant age reduction effects, the maximum likelihood estimates for the model

parameters can be obtained by solving partial differentials of the model [35].

A few additions to Love and Guo’s [35] model are made in the case of imperfect maintenance
which include the improvement factor. For the case of minimal repairs, it is assumed that there
are no age reduction effects from maintenance thus, the Newton-Raphson algorithm is employed
to solve for the maximum likelihood estimates of the shape and scale parameters and regression
coefficients [35]. Whereas, for imperfect maintenance, the introduction of the improvement factor

is pivotal. Both cases of constant and variable improvement factor have been considered.

Lastly, maximum likelihood estimates for imperfect preventive maintenance are considered by
both Shin et al. [36] and Jack [28]. However, this form of complex maintenance falls outside the

scope of the intended research scope.

2.2.3. General survey of imperfect repair analysis

As repair models grow more complex, it is important to focus on analysis and applications of
repair model impact. Albeit Kijima’s [20] models provide a simple, piecewise formula for virtual
age, the complex underlying assumptions involved prevent any derivation of closed-form
reliability equations. To work around this problem, researchers have resorted to simulation
modeling and recursive algorithms to evaluate important maintenance metrics such as reliability
and availability. Studies by Nasr et al. [24], Taghipour and Banjevic [37], Taghipour and Banjevic
[38], Taghipour et al. [39], Taghipour and Banjevic [40], Mettas and Zhao [41], Yu et al. [42],
Wang and Cotofana [43], Dijoux and ldée [44], de Toledo et al. [45], Conn et al. [46], and Love

and Guo [35] are reflective of this.
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In Wang and Cotofana [43], a recursive virtual age based reliability model is proposed for
imperfectly repaired integrated circuits. The paper presents an approach for estimating time-to-
failure using computationally intensive Monte-Carlo simulation techniques. Similarly, Conn et al.
[46] use a Monte Carlo simulation to accommodate various maintenance “what if” scenarios for
an offshore oil installation. In Yu et al. [42], Bayesian methods are used to estimate the parameters
for reliability and maintainability (RAM) of a Weibull distribution. However, Yu et al. [42]
favored the rejection sampling algorithm over the Markov Chain Monte Carlo (MCMC) due to
issues of convergence, and the acceptable computational costs associated with the rejection
sampling algorithm. Likewise, Nasr et al. [24] use Bayesian methods to estimate RAM parameters,
however, they also present derivations for log-likelihood functions corresponding to failure-point
and repair-point virtual age models. A comparison between Bayesian estimates and Maximum

Likelihood estimates (MLE) for Kijima’s [20] model I is presented with promising results.

In Dijoux & Idée [44], a general framework is presented for adapting virtual age models to include
burn-in periods, and the parameter estimates are obtained by Maximum Likelihood Estimation
(MLE). In Mettas and Zhao [41], a general likelihood function formulation is constructed for the
estimation of the repair efficiency and failure process parameters for a repairable unit and a fleet
subject to one repair type. Several maximization algorithms are used namely Newton search,
Genetic Algorithm and Simulated Annealing and the results prove promising. Similarly, Taghipour
and Banjevic [37], and Taghipour and Banjevic [38] construct likelihood functions which include
all information about their respective unknown parameters, and utilize the Expectation

Maximization algorithm to obtain their respective results.
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2.2.4. Interesting case of multiple preventive maintenance types

In industrial settings such as mining and chemical processing, sophisticated machinery may
require multiple preventive maintenance policies with various levels of intensity and at
distinguished intervals to sufficiently maintain industrial scale systems and equipment (refer to
Chapter 3 for case study details). Thus, an age reduction model will be proposed which addresses
the scenario of multiple periodic preventive maintenance policies occurring at different intervals—
but with dissimilar repair effects i.e. age reduction capabilities. An extension of Nasr et al.'s [24]
virtual age models and Guo and Love's [35] likelihood model for constant repair effects can be
made to include n constant repair effect parameters corresponding ton types of preventive
maintenance. Of course, as in Guo and Love's [35] models, preventive maintenance is perfect and
periodic. Each preventive maintenance policy affects the age of the complex system by reducing
its age by a time factor characterized by a multiple of the maintenance efficiency i.e. improvement
factor. It will be assumed that all maintenance actions within these policies act to repair the system
and are conducted instantaneously and sequentially. For the purpose of the research study, methods
of parameter estimation for the age reduction model of a complex system subject to n perfect and

periodic maintenance policies will be studied.

The research study serves to provide a workable methodology for modeling failure process and
quantifying maintenance effect for a repairable system subject to multiple types of PM. We will
construct the likelihood function corresponding to the failures and PMs, and estimate the
parameters of the failure process and the effects of PMs using multiple optimization algorithms
for a case study of fleet of four trucks used in the mining industry in Canada. We will use several
global search algorithms, namely Global Search [47] (GA), Genetic algorithm [48] (GA), and

Simulated Annealing [49] (SA) to obtain the MLE and parameter estimates, and will compare their
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results. Using the estimated parameters, the conditional reliability and the expected number of

failures between two consecutive PM types are calculated for individual trucks.

2.2.5. Thesis organization

The remainder of this thesis is structured as follows: Chapter 3 provides the modeling
methodology for the quantification of maintenance effects; including the derivation of the virtual
age subject to multiple types of maintenance, description of the derivation of the likelihood
function, conditional reliability and expected number of failures between two consecutive PMs,
and presents a real case study of four AC powered dump trucks used at a Brazilian owned,
Canadian mine in Levack, Ontario. Chapter 3 of the thesis draws heavily from the following journal
and conference papers submitted during my Master’s studies. Finally, Chapter 4 summarizes and
concludes the thesis, and provides avenues for further research and development of the

maintenance improvement methodology.

Chapter 3 of the thesis draws heavily from the following journal and conference papers submitted

during my Master’s studies:

Journal Paper (accepted):

U. Said, S. Taghipour, “Modelling Failure Process and Quantifying the Effects of Multiple Types
of Preventive Maintenance for a Repairable System”, Quality and Reliability Engineering

International. Accepted.
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Conference Proceedings:

U. Said, S. Taghipour, “Parameter Estimation of Repairable System Subject to Multiple PM

policies” Proceedings of the Annual Reliability and Maintainability Symposium, Jan 25-28, 2016.
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CHAPTER 3: Research Methodology & Results

3.1. System Description and Assumptions

3.1.1. Modelling methods and assumptions

A repairable system is considered whose failures follow a Non-Homogenous Poisson Process
(NHPP) with the power law intensity and cumulative intensity functions A(x) = Be®xF~1
and A(x) = e®xP, respectively, where -oo<a<+ow, f>0. If the system fails, it is minimally
repaired, which returns the system to the state it was just before the failure. The system is subject
to m types of preventive maintenance (PM), performed periodically and in sequences, which are
repeated over the system lifecycle with length T. Each preventive maintenance of type k is
imperfect and can reduce the actual age of the system by a factor 6,, where0 <6, <1, k =
1, ...,m, and creates the system’s virtual age. We assume the age reduction is proportional to the
virtual age of the system, and consider the Arithmetic Reduction of Age of order infinity (ARA..),
which implies each preventive maintenance impacts the virtual age of the system up to the time of
PM. We assume the downtime after a preventive or a corrective maintenance is non-negligible.
Fig.3.1 depicts corrective and preventive maintenance performed in each cycle of the system. One
cycle (for example 1% Cycle in Fig.3.1) contains all m PM types and the failures which are
happening between them. X; (i = 1,2, ....) denotes the uptime between two consecutive events it
and (i-1)™" . X; does not include the downtime after an event. An event could be a failure, or a
preventive maintenance or the end of the lifecycle. The two latter are censoring events since

preclude us from observing failure times. PM;, denotes the time at which the j™ PM of type k

occurs, where j = 1,2, .., and k = 1, ..., m. For simplicity, we assume PM; o= PM,,, = 0. We
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assume the age reduction factor 6, is the same for all PM type k, regardless when they occur over

the system’s lifecycle.

I Cycle
|
[ \
i—o PM, , PM, ,, PM,
Y T N N e 7
X; X,
X Failure Time wm Down Time e PM time

Figure 3.1— A repairable system subject to corrective and multiple types of preventive maintenance

The objective is to formulate the likelihood function to simultaneously estimate «, £, 8, k =
1, ..., m, and then derive the conditional reliability function and the expected number of failures

for the system.

3.1.2. The virtual age models

Let us define VPM;kand Vem;, @s the virtual ages of the system just before, and after the j"" PM
of type k, respectively, and V;, as the virtual age of the system at failure time ¢;. We assume the
initial condition Vpyy, . = Vpy,,, = 0. We define N(¢) as the number of failures and preventive
maintenance (censoring events), which are observed up to time t. Then, YPMj will give us the

time between PM;jk and PMj k.1 or between PMj 1 and PMj.ym

My M) g <k <m
YPMj) = N(PM;) N(PMj_ym) ’ (3.1)
Zizl Xi — Zizl X k=
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where x; are the uptime between consecutive failures, or a failure and a PM which follows it, or

between two PMs if there is no failure happening between them, = 1,2, ..., j=1,2,..,and k =

1,..,m.
Similarly, we define y,, as the time between the previous PM and the failure time ¢;:

N(t; N(PMjy)
Zi=(1l) Xi— Xy X, PMj <t; <PMjgiq

N(t; N(PM;j_ym) )
Dy = X Tk  PMy_y g <t < PMj 4

yti:

wherei =1,2,...,j=12,..andk =1, ..., m.

The virtual ages before and after a PM performed at time PM; ;. will be as follows:

where PM;, denotes the moment just before the occurrence of j" PM of type k.

(Vow,, + yPMj’k) 0, 2<k<m
(VPM]-_Lm + YPM]-J) 01, k=1

VPMj’k -

)

The virtual age at a failure occurring at time ¢; is:

V. = VPMj‘k + Ve, PM;, <t; <PMjjq
b VPMJ-_Lm + v, PMj_y;m <t; <PMj; "
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3.2. Likelihood function, reliability and the expected number of failures

The likelihood function includes the contribution from three types of event, i.e. a failure, a
PM, and the last censoring event caused by the administrative cut-off of the system observation
time. We assume no failure takes place at the PM times and the administrative censoring time. The
likelihood is the product of the conditional density and reliability functions described as follows.

Each contribution term in the likelihood depends on both the current and next events:

3.2.1. The likelihood function

Case 1: If the next event (i event) is a failure:

o If the current event ((i-1)™ event) is a failure:

F(Vey = Ve Ve,,) = AV Jem 1A= )] (3:6)
o If the current event ((i-1)™" event) is a PM occurring at time PM; .
f (Vti - VPMj.klvPMj.k) - A(Vti)e_[A(Vti)_A(VPMj‘k)]- (3.7)

Case 2: If the next event (i event) is a PM (censoring event) occurring at time PM; ;.

o If the current event ((i-1)™ event) is a failure:

R (VPMJTk - Vtilvti> = e_[A(VPM; k)_A(Vti)]' (3.8)

o If the current event ((i-1)™ event) is a PM:

If k <m:

Vo) = & 17030 (39)

R (Vs = Very s

32



If k =1:

R (VPM;k - VPMj—l,m|VPMj—1,m) = e_[A(VPM; k)_A(VPMj_l'm)]- (3.10)

Case 3: If the next event (i event) is an administrative censoring event occurring at time T':

o If the current event ((i-1)™" event) is a failure:

RV =V Vi, ) = e [an-a(v:_, )] (3.11)

o If the current event ((i-1)™" event) is a PM occurring at time PM;:

R (VT - VPMj.k|VPMj.k) = e_[A(VT)_A(VPMj.k)]_ (3.12)

3.2.2. The log-likelihood function

The likelihood function is the product of the terms in Eq.3.6 to Eq.3.12 arising from the failure
and censoring events. We then get the logarithm of the likelihood function. In this case, the product

terms will be changed to the sum of the logarithm terms as follows:

Case 1: If the next event (i event) is a failure:

o If the current event ((i-1)™" event) is a failure:

log{f(Vti - Vti_1|Vti_1)} =log(B)+a+ (f — 1)log(Vti) - e“(VtiB - thﬁ_l)
(3.13)

o If the current event ((i-1)™ event) is a PM occurring at time PM; ;..

log {f (Ve, = Vew,y Ve, )} = 10g(B) + a + (8 — Dlog(Ve,) = €%V = Vi, D).

(3.14)
Case 2: If the next event (i event) is a PM (censoring event) occurring at time PM,; ,:
o If the current event ((i-1)™ event) is a failure:
log {R (Vewrz, = Vei|Ve )} = = oz, F = V). (3.15)
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o If the current event ((i-1)™ event) is a PM:
If k <m:

log {R (VPM;k - VPML,(_1 VPijk_l)} = _ea(VPM;kﬁ - VPMj'k_lﬁ)' (3.16)

If k =1:
log {R (VPM;k - VPMj_1'm|VPMj_1'm)} = _ea(VPM;kﬁ - VPMj_l_mB)' (3.17)

Case 3: If the next event (i event) is an administrative censoring event occurring at time T

o If the current event ((i-1)"" event) is a failure:

log{R(Vr = Vi, Vi, )} = —e2(Vf = VP ). (3.18)

ti—1

o If the current event ((i-1)™ event) is a PM occurring at time PM; .
log {R (VT - VpMj_k|VPMj‘k)} = —e“(Vf — Vi, P). (3.19)

The logarithm of the likelihood for multiple systems is then the sum of the logarithm of the
likelihood for individual systems. We cannot obtain a closed form for the parameters, and thus, we

use several algorithms to obtain the parameters numerically.

3.2.3. The reliability and expected number of failure functions

The conditional reliability at time t, where PM; , <t < PM; . is then:

Vpm . +t—PMj
R(T = PM;p|Vu,,) = exp(= [, 77" A(s)ds
Jk
B B
= exp (—ea [(VPM]k +t— PM],k) - (VPM]k) ]), (320)
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and the expected number of failures between two consecutive preventive maintenance PM jx and

PM?

],k+1:

whenk <m-—11s:

Vem ',k+PMj_,k+1_PMj,k

E[N(P j7k+1 - P%;k) | VPMj‘k] = eXp(— fV ! ).(S)ds

PMjk

- e[ P = ) = () )

and when k = m , itis:

Vem k+PMj_,k+1_PMj.k

E[N(PMjr1 — PMjy) | Vpu,, ) = exp(—f, 7 A(s)ds

]
PMj'k

= —e® [(VPMj,k +PMjjeqs — PNIJ"")B - (VPMJ'"‘)B]'

3.3. Case study: AC powered dump trucks in a Brazilian-owned, Canadian mine

3.3.1. System description

(3.21)

(3.22)

This research study was motivated by an existing situation involving a Brazilian owned mine

in Canada. The mine’s maintenance team operates to maintain several key mobile equipment

underground, where weather conditions are more or less consistent. A key operational bottleneck

the mine has been facing involves AC powered dump trucks (ACDTs) which are used to transport

ore from blasting sites to multiple hoisting locations several levels above. The trucks are a rare

breed and not much maintenance expertise exists beyond the equipment manufacturer’s

recommendations which are usually general and not site-specific. Moreover, any unexpected

delays experienced in the operation of this truck results in production losses averaging 300 tons
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per truck per day. It is obvious, then, the need for maintenance managers to track the strength of

the truck’s current maintenance strategy based on existing failure and maintenance trends.

In the mine, ACDT failure events have been observed to take place stochastically and exhibit
failure characteristics of repairable systems, specifically power law process (PLP). Stochastic
failures are the primary contributors to truck unavailability—and by extension, heavy production
loss. The current maintenance program implemented on the trucks consists of two major
procedures: preventive (planned) and corrective (unplanned). There are three preventive
maintenance (PM) policies implemented on these trucks which occur in different intervals i.e.
every 250, 500 and 1000 hours (type I, type 11 and type I1l, respectively) which serve to nurse the

trucks back to health and effectively reduce their ages.

ACDTSs consist of two functional subsystems: Mobile and Electrical. The Mobile subsystem
consists of the truck’s hydraulic subsystem, transmission subsystem and rotating equipment, i.e.
drivers and prime mover. The Mobile subsystem is maintained by the Mobile maintenance crew.
Similarly, the truck’s electrical subsystem is maintained by the Electrical maintenance crew. Over
the lifecycle of the truck, the failures of Mobile and Electrical subsystems may occur, and can
cause the truck to stop functioning. All failure events are followed by a mandatory corrective
maintenance action which is assumed to have minimal effect on truck age and will bring a truck
to an As Bad As Old (ABAO) state. During PMs, both Mobile and Electrical subsystems are
inspected and any necessary repairs from the inspection are conducted immediately. Naturally,
there is a downtime after any failure or PM. Referring to Fig.3.2, the PMs and CMs performed on

an ACDT over its planning horizon are illustrated in a planning horizon.
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Figure 3.2—Mobile and Electrical Failures and PMs Over a Truck’s Lifecycle

Although there exists a preventive maintenance strategy in place, PM types may not
demonstrate homogeneous age reduction effects on the subsystems and thus, it becomes important
to quantify the influence of these PM types on the trucks’ age—and by extension, reliability.
Quantifying the influence of PMs provides insight into the individual strength of the PMs and can
indicate needed improvement to existing PM policies or present opportunities for reliability
prediction of repairable systems. The methodology presented herein seeks to analyze the failure
data received from a Brazilian-owned mining site in Sudbury, Canada, and estimate, separately,
the parameters of the failure processes (PLP) as well as the individual PM effects of all PM types
on the Mobile subsystem exclusively; while considering the failure and maintenance events related

to the electrical subsystem as censoring events.

The failure data for a fleet of 4 identical ACDTs were obtained courtesy of the mining company.
The ACDTSs are relatively novel and not widely used. Consequently, there is a steep operational
learning curve involved which can result in increased failure events and equipment unavailability.
Moreover, an increase in the number of Mobile subsystem failures within the first 2,000 hours of
operation is observed, which is not due to the system degradation. We consider 2,000 hours as the

burn-in period for the ACDTSs, and assume the initial age of the trucks is 2,000 hours at t = 0.
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Noteworthy, however, is that the ACDTs were each commissioned at different times in the past 6-
7 years. Therefore, some trucks have afforded us longer histories (more failure events) than the

others. Nonetheless, the same observation cut-off date is considered for all trucks.

Furthermore, great care was taken to ensure homogeneity in the format of the data with the aim of
facilitating value extraction from the data for our analysis. An algorithm was coded in MATLAB
to classify all possible events (i.e. PMs/failures/right censoring) and the failure modes (i.e.
mobile/electrical). The codes given in Table 3.1 were used to organize the data. The formatted data
also takes into account failure truncated and PM truncated events and this is reflected in the
likelihood function. Samples of data are shown in Table 3.2 for four trucks. For example, in Table
3.2, the second row shows that an electrical failure occurred 163 hours after time 0, and 1 hour

downtime incurred to fix the problem.

Table 3.1 —The codes used in organizing the data

Truck Event Type PM Type Mobile/
ID Electrical

0: No PM 0 (Applicable to both

1 0 (Installation) (mstallatl_on, failure Mobile and Electrical)
or censoring)
g |1 (Failure proceeded by 1 (250 hours) 1 (Mobile)
corrective maintenance)
3 2 (Preventive maintenance) 2 (500 hours) .
4 3 (Right censoring) 3 (1000 hours) 2 (Electrical)
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Table 3.2—Sample data of the trucks

Truck | Uptime | Cumulative | Event | PM | Downtime | Mobile/Electrical

ID (hours) Uptime Type | Type after

(hours) Event

(hours)

1 0 2000 0 0 0 0
1 163 2163 1 0 1 2
1 63 2226 2 1 10.5 1
2 0 2000 0 0 0 0
2 37 2037 1 0 1 2
2 273 2310 1 0 1 2
3 0 2000 0 0 0 0
3 226 2226 1 0 3 2
3 336 2562 2 1 10 1
4 0 2000 0 0 0 0
4 310 2310 1 0 2 2
4 126 2436 1 0 1 2

3.3.2. Parameters estimation

For estimating the parameters of PLP and PM effects associated with the Mobile
subsystem, we consider the same assumptions for the trucks as presented in Section 3.1, and treat
the failures and PMs of the Electrical subsystems as censoring events. Having constructed the
likelihood function described in Section 3, three different global optimization algorithms, namely
Global Search (GS) algorithm, Simulated Annealing (SA), and Genetic algorithm (GA) were
developed in MATLAB to obtain the estimates for the parameters of the PLP and PM effects on
the fleet of trucks. Notably, the parameters a, B, 01, 02 and 03 are obtained simultaneously and are
considered statistically dependent given that the primary assumption of the likelihood function is

that the parameters all correlate with the hazard rate of the system as a function of time.
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The Global Search: is a heuristic designed to find the global optima for pure and mixed
integer nonlinear problems with many constraints and variables, where all problem functions are
differentiable with respect to the continuous variables. The algorithm begins by implementing a
scatter search [24] which serve as initial points for the solver. The solver, then, seeks a local
solution from a subset of these points, holding discrete variables fixed. Then, the solver analyzes
initial points and rejects those points that are unlikely to improve the best local minimum found so

far.

The Simulated Annealing: The algorithm generates a random initial point namely the trial
point. The algorithm chooses the distance of the trial point from the current point by a probability
distribution with a scale depending on a random variable characterizing the current temperature.
The algorithm determines whether the new point is better or worse than the current point. If the
new point is better than the current point, it becomes the next point. If the new point is worse than
the current point, the algorithm checks the point against an acceptance function. The algorithm
systematically lowers the temperature (the delta T is decreasing), storing the best point found so

far.

The Genetic Algorithm: is a meta-heuristic which solves multi-variate optimization
problems by first creating a random initial population of solutions and testing the solutions against
a fitness criterion. Solutions i.e. parents are ranked and coded by their fitness scores, after the
parents are paired up randomly to yield more solutions i.e. children. The concept is that features
from the coded raw fitness scores of the best solutions should carry on to the next solution and

increase the chance of obtaining the global maximum.

The results of these algorithms are presented in Table 3.3 outlining the parameter estimates

for o and B, and PM effects (i.e. efficiencies) for the 3 maintenance types. It should be noted that,
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inequality constraints were not impose on the PM effect variables, and this is because it is
understood that while a PM inspection at 1000 hours (type I11) is more intensive than one at 500
hours (type I1), the repairs that result from the inspections do not necessarily reflect this intensity

relationship. Therefore, we assumed only that: -co<a<+oo, >0, 0 < 6, < 1 fork = 1,2,3.

Table 3.3 —The parameters’ estimates for the failures of the Mobile subsystem and the effects of the three
preventive maintenance types

Parameters Global Search | Simulated Annealing | Genetic Algorithm
a -9.0044 -8.5824 -7.9519
p 1.4013 1.3560 1.2823
Type I: 61 0.9821 0.9328 0.9975
Type Il: 6> 0.7429 0.7633 0.6834
Type IlI: 03 0.8002 0.8289 0.8717
-Log Likelihood | 1.8330e+03 1.8331e+03 1.8332e+03

The results in Table 3.3 indicate that the Mobile subsystem is subject to wear-out since the shape
parameter S is greater than 1 from all three algorithms. The PM type | for the Mobile subsystem is
observed to have a minimal repair effect since 6. is very close to 1, while the PM types 11 and 111
reduce the age of the Mobile subsystem effectively with type Il demonstrating the strongest
maintenance effect (6> < 63). The GS algorithm produces the smallest value for -Log Likelihood,
and thus, the estimates resulted from this algorithm will be used to obtain the reliability and

expected number of failures for the trucks.
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3.3.3. Reliability and expected number of failures for the ACDTs

Using EQ.3.20 and the parameters estimated by the GS algorithm in Table 3.3, we obtain
the conditional reliability for the mobile subsystems of the four trucks. In Eq.3.20 we consider t to

be the time just prior to an upcoming PM, i.e. PM;.,.;. Thus, we obtain Eq.(s) 3.23 and 3.24 which
are used to plot the reliability of the system within the interval (PM; ;, PM; 1) conditioned upon
the virtual age of the truck just after PM; ;, for intra-cycle: k < m — 1 and inter-cycle: k = m pm

intervals, respectively.

Ifk<m-1:

_ o _ B B
R ((PMj,kﬂ - PMj,k) | VPM,-,,() = exp (—e [(VPMj_k +PMjjyq — PMj,k) - (VPMj_k) ])
(3.23)
If k =m:
B B
R ((PMj_‘I-l,l - PMj,m) | VPMj,m) = exp (‘ea [(VPM]-,m +PMjiqq — PMj,m) - (VPMj‘m) ])

(3.24)

Figures 3.3-3.6 present the graphs of the conditional reliability i.e. the probability that the Mobile
subsystem does not fail between two consecutive PMs given the virtual age of the truck at the
previous PM. Comparing the conditional reliability of the four trucks, we observe that among the
tucks with more failure/PM histories i.e. Trucks #2, #3, and #4, Truck #4 have the lowest average
conditional reliability. Truck #4 is the oldest ACDT, and it was the first one commissioned about
5 years ago. It has experienced many problems throughout the past 5 years because it is a novel
piece of technology which demanded an operational and maintenance learning curve in the mine.

Most of the problems that the maintenance team realized with Truck #4 started to occur later after
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2-3 years; as the truck gradually ages, it begins to fail in ways that are unique to the ACDT so it
becomes difficult to catch up with necessary knowledge to combat these failures effectively.
However, improvements have occurred because recently, as compared to a terrible history of
failure, maintenance operations are generally improving as the maintenance team becomes familiar

with the ACDT technology.

Truck #1 (Fig.3.3) seems to exhibit a bathtub curve with the Mobile subsystem experiencing little
to no maintenance issues at the initial stages of the its life, but gradually showing signs of
deterioration due to unexpected maintenance issues, and a weak maintenance program. However,
signs of improvement follow which demonstrate some improvement in the maintenance program,

or perhaps a redesign.
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Figures 3.3—Conditional reliability over the period between two consecutive PMs for the mobile

subsystem of Truck #1

43



For Truck #2 (Fig.3.4), it is observed that the reliability of the Mobile subsystem increases
drastically at certain ages of the truck, and the increases in the subsystem reliability are consistent

throughout the life of the truck. This is demonstrative of an effective maintenance program.

o 5000 10000 15000 20000
Cumulative Uptimea

Figures 3.4 — Conditional reliability over the period between two consecutive PMs for the mobile
subsystem of Truck #2

For Trucks #3 and #4 (Fig.(s) 3.5 and 3.6), the evidence of increased Mobile subsystem
reliability is observed within the first 5000 hours of the trucks’ life, reaching the reliability levels
in the 90%. However, this increase in reliability is soon followed by consistently low reliability
within the range of near 0 — 30%, which points to ineffective maintenance. Usually, ineffective

maintenance later on the truck’s life demonstrates a need for upgrading the PM policy.
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Figures 3.5—Conditional reliability over the period between two consecutive PMs for the mobile
subsystem of Truck #3

L] . e
0 & s 8 g s " g a % a8 g @ ™

0 3000 10000 15000 20000 25000 30000
Cumulative Uptime

Figures 3.6—Conditional reliability over the period between two consecutive PMs for the mobile
subsystem of Truck #4

In Table 3.5, we present the conditional reliability for each truck when it has its highest values
along with their PM types which were performed just prior to the times of the high reliability.
From the table, it is clear that PM type Il has been sometimes effective in improving the reliability

of Truck #1 and #3, and PM types | and 111 have been effective for Trucks #2 and #4, respectively.
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Table 3.4—Maximum reliability for each truck and its corresponding time and PM type

Truck High Reliability PM intervals Corresponding PM

# Type
(PM;;, R(PM,,))) 2

1 | (2000, 0.4317), (7602, 0.3380) BT

2 | (2898, 0.923), (7140, 0.9170), (9975, 0.9057), LI,
(15519, 0.9144)

3 | (6048, 0.8663), (8715, 0.9286) I, 11
4 | (6405, 0.9090), (8127, 0.9110), (9681, 0.9081) 1, 1, 1

Furthermore, we predict the expected number of failures between two consecutive PMs using
Equations 3.21 and 3.22. The results are illustrated in Figures 3.7-3.10 along with the observed
number of failures. The predicted number of failures are rounded to nearest integer. According to
reliability theory, high system reliability corresponds to a low expected number of failures. This
relationship between reliability and expected number of failures is reflected in the graphs
illustrated in the figures below, where point values of the trucks’ expected number of failures
correspond to the respective Mobile’s subsystem’s reliability level at the beginning of a PM
interval. Ultimately, the predicted number of failures and observed number of failures are
relatively close, with some discrepancies observed. The discrepancies between expected and
observed failures is due to the expected failures being modelled by parameters estimated across
the whole fleet of trucks and not individual trucks, and thus any expected number of failure
constitutes an “average” expected number of failure at time t across the whole fleet, while the

observed failures are for each individual truck.
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Number of failures

for the Mobile subsystem of Truck #1

12

10

b A Dbzerved
WmExpected

@ I L N - T4 PRy PR o B B - B S
of .55,1* o PRI S-S S A L N L A
g-].,é? .1:? Ty t;} ﬁ?‘k q;“ A ﬁ?’ Qy "’5}‘ ,{\\ {lr'b. r{h"' {5"' ;\b“ p.,f;]

Time {hours)
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for the Mobile subsystem of Truck #3
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Figure 3.10—the expected and observed numbers of failures over the period between two consecutive
PMs for the Mobile subsystem of Truck #4
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CHAPTER 4: Thesis Conclusion & Possible Future Avenues

The thesis presented herein serves to address the issue of maintenance evaluation in the
process industry generally and the mining industry specifically. A recurring trend in many
Canadian process industries is the need for a culture change entailing a shift towards a
methodological approach to business, logistics and maintenance decisions. Due to the cyclical
nature of industries like mining, not much attention is afforded to methodological continuous
improvement initiative during periods of industrial growth and prosperity. Rather efforts to
improve operations and maintenance are left to periods in which the industry experiences market
downswings forcing mineral extraction companies to cut down on operational expenses,
manpower and search for cost effective ways to operate. However, today, it is possible to accelerate
this shift in culture by providing fertile grounds for decisions to be made based on available, and
readily accessible data, and by providing means by which industry parameters like maintenance

effectiveness can be measured for continuous improvement purposes.

This research study afforded the author the following contributions, which are listed below:

Primary Contributions:

1. Contextualized the research and defining the research question and its assumptions

2. Designed the methodology by which the research question will be contextualized and serve
its intended purpose for this research

3. Conducted literature surveys to focus the research question and align it with repairable

systems and general repair models, for guidance on virtual age modelling methods.
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Secondary Contributions:

1. Outlined the research methodology and modelled the virtual age of a repairable system
subject to m PM types, of ARA. [23] effects.

2. Constructed the likelihood function, and derived the log-likelihood to estimate the failure
process parameters o and  and maintenance effects 01, 62 and 63 simultaneously for the
Mobile system across the fleet of trucks

3. Successfully estimated all parameters using multiple algorithms

4. Successfully projected the reliability and expected number of failures for each truck using
the estimated parameters with little observed discrepancy between expected and observed

number of failures.

Future Avenues of Research

Avenues for further progress include a more comprehensive methodology to include more granular
analyses of subsystems to determine statistical dependence between subsystems of a complex
repairable system. Furthermore, a tendency toward determining a mathematical link between
maintenance effects and system availability proves compelling as the possibilities of this avenue
include obtaining the optimal periodic intervals for various PM types that can ensure a desired
system availability, ultimately increasing production rates thus, positively impacting an industry’s

bottom line.
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