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a b s t r a c t 

This paper introduces performance-centred maintenance (PCM) as a novel approach to maintain systems 

when dual consideration is given to operational performance and degradation condition. We consider sit- 

uations where performance and condition do not necessarily deteriorate at the same rate typified by, say, 

an ageing system still achieving good performance or a new system performing poorly. In this problem 

context, competing interests may arise between different decision-makers, such as operators and main- 

tainers, since alternative strategies may benefit either performance or condition at the expense of the 

other. To address this challenge we introduce a theoretical framework for the PCM approach and discuss 

key characteristics of the modelling problem. The general PCM approach is motivated by a real-world 

industrial system for which maintenance decisions required to be optimised. A specific application is 

shown for the industry problem which we model by a Markov decision process capable of interrogating 

decisions over multiple time-scales. We obtain an exact solution using dynamic programming. We also 

explore a less computationally challenging heuristic using a reinforcement learning algorithm and eval- 

uate its accuracy for the large-scale industry model. We show that optimal maintenance policies from 

a PCM model can provide decision support to both maintainers and operators taking account of both 

perspectives of the problem. 

© 2020 The Authors. Published by Elsevier B.V. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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. Introduction 

The key idea behind performance centered maintenance (PCM) 

s to model industrial systems in such a way that it enables in- 

ormed conversations between operators and maintainers about 

ptimal maintenance. As usage patterns and customer demands 

ecome more varied, we argue that there is a need to move to a 

ore sophisticated approach than currently considered in the lit- 

rature to take account of performance, condition state, and the 

ifferent types of maintenance action which can focus on a variety 

f issues including maintaining performance and avoiding critical 

ailure. Our contribution is the novel PCM approach which both 

rovides a general theoretical framework for an important indus- 

rial maintenance-operations modelling challenge and is capable of 

ranslation to specific model solutions for defined domain prob- 

ems. We abstract the general problem from our motivating indus- 

ry case and examine the gaps in relevant maintenance modelling 

iterature to justify the need for PCM. 
∗ Corresponding author. 

E-mail address: euan.barlow@strath.ac.uk (E. Barlow). 
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.1. Motivating industry problem 

Our motivation for developing the PCM approach is based 

n work with a coal-fired power plant ( Alkali, Bedford, Quigley, 

 Gaw, 2009; Barlow, Revie, Bedford, & Walls, 2013; Bedford & 

lkali, 2009; Bedford, Dewan, Meilijson, & Zitrou, 2011 ). The plant 

as four generating units each of which have eight grinding mills. 

he grind quality of the mills influences the amount of energy 

roduced as well as emissions to the environment. We call this 

he performance of the mill. It is influenced by the physical state 

f the mill but can be “tuned” through interventions. On the other 

and, as they wear, the mills can be subject to critical failure, 

nd the condition of the mill determines the likelihood of critical 

ailure. Performance and condition are not dependent – a mill 

an be worn but performing very well, while it may also be in 

op condition but not performing well – and this is a prototype 

ase for many similar cases in industry where performance and 

ondition are distinct. The key operational research issue moti- 

ating this paper is that there are typically two different decision 

akers involved, one in charge of performance (and motivated 

y production demands), and one in charge of condition (and 

otivated by maintenance and longer term asset management 
nder the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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ssues). While details differ from one commercial and technical 

etting to the next, there is a common problem of managing the 

onflicts between short term production gains and long term asset 

aintenance costs. Managing these conflicts requires an approach 

hat we call Performance Centered Maintenance (PCM). 

The general approach to PCM, set out in Section 2 , has to pro-

ide the flexibility to take account of key areas of conflict in any 

articular case. To illustrate this we go into further detail about 

ur motivating problem. Each unit is considered as a separate gen- 

rator due to regulatory requirements and its output is sold in ad- 

ance on an hourly basis. Failure to meet that agreed output forces 

he owner to replace the lost production at short notice from else- 

here in the market at cost (increasing output at another unit is 

ot allowed under these rules). Hence failure or poor performance 

f one mill can have an immediate financial impact, and operators 

ill try to run the plant – at the risk of greater wear of remain-

ng mills – in order to meet targets rather than face penalties. We 

iscuss the PCM model for the motivating problem in Section 3 . 

As well as interdependencies arising through the mode of op- 

ration, there are additional complexities arising through mainte- 

ance activity. Throughout the life of the mill, there are two types 

f maintenance action: a one-week service, and a five-week over- 

aul. In terms of preventive maintenance each action addresses 

 particular type of failure mode: a service impacts performance 

hortfalls, whereas an overhaul impacts condition-based failure. 

ractical restrictions mean it is not possible to maintain more than 

ne mill per unit at a given time, and that a maximum of two 

aintenance crews are operational across the site at a given time 

one crew performing an overhaul on one unit and one crew 

erforming a service on a different unit. An additional layer of 

omplexity is thus added by the sharing of maintenance resource 

cross the units, which from a performance and regulatory per- 

pective are not linked. A key modelling choice is therefore the 

hoice of whether to model at the unit or the whole plant level. 

hese two approaches are considered in Sections 4 and 5 . 

Our case, while complex and unique, contains features typical 

f many real-world industrial systems. Important for the general 

CM approach is the distinction between performance and condi- 

ion. By a condition variable, we mean some measurement of the 

ystem which is related to a failure mode, for example, wear of 

 casing. By a performance variable, we mean some measurement 

f the system that is related to the quality or quantity of its out- 

uts, for example the fineness of the coal powder. Additionally, we 

ight want to consider indicator variables which are prognostic in- 

icators of the system state (used perhaps because the actual sys- 

em state is not, or only with difficulty, observable), and the value 

f production might also be variable. 

The conflicting operational and maintenance demands of a sys- 

em need to be accounted for by explicitly considering the oper- 

tional performance and the degradation condition of an asset as 

wo separate entities. This allows the impact of any maintenance 

ecision upon the performance and condition to be modelled, and 

rovides a method for analysing systems where some trade-off be- 

ween operation and maintenance is required. For example, max- 

mising the production output of an asset requires both the con- 

ition and the performance of the asset to be optimally managed, 

hereas, maximising the availability of an asset only requires con- 

ition modelling. It is this joint consideration of condition and per- 

ormance which makes the approach distinctive. 

The PCM approach enables a practitioner to trade-off long-term 

sset reliability with short-term operational requirements. Practi- 

al applications where this approach will be particularly beneficial 

nclude systems where the operational performance of an asset is 

ot perfectly correlated with the degradation condition of the as- 

et throughout its lifetime, or assets where maintenance or build 
d

580 
rrors can have minimal impact on the condition but a severe im- 

act on the performance. 

.2. Positioning PCM within the literature 

Current trends in maintenance tend to focus either on preven- 

ive approaches, where faults are identified at an early stage be- 

ore a critical failure occurs, or predictive approaches where the 

urrent state of the asset is used to predict the onset of future 

aults. For surveys capturing the historical development of mainte- 

ance modelling, see Cho and Parlar (1991) , Wang (2002) , Nicolai 

nd Dekker (2008) , Si, Wang, Hu, and Zhou (2011) and de Jonge 

nd Scarf (2020) . Predictive approaches rely on obtaining accu- 

ate information on the current state of an asset, and the field of 

ondition-monitoring has received much attention for this purpose. 

ondition-monitoring involves taking regular measurements which 

an be used to infer the degradation condition throughout the life 

f an asset. A condition-based maintenance approach utilises this 

ondition-monitoring data to reduce uncertainty about time to fail- 

re to optimise the maintenance strategy. Whether this is useful in 

ractice depends on a number of issues which include: the time 

equired to start up the desired maintenance intervention (which 

ould be longer than the predicated time to failure); and the need 

o balance off equipment use against increased risk of failure. This 

atter point is rarely considered in the maintenance literature but, 

epending on the business circumstances and management struc- 

ure, decisions to run equipment or take it off line for maintenance 

ay be the preserve of a manager outside the maintenance func- 

ion who may repeatedly also prioritize short term commitments 

for example, electricity generation) over maintenance. Under such 

ircumstances the traditional separation between maintenance op- 

imisation models and operational performance models creates a 

arrier for the maintenance manager. The proposed PCM approach 

ims to address this industry challenge by supporting an informed 

onversation between operators and maintainers about the relative 

osts of maintenance and loss of production against continued pro- 

uction and later maintenance. 

The power plant system described in Section 1.1 can be con- 

idered a multi-asset system when considered from the point of 

iew of a single boiler and turbine fed by eight coal mills, while 

he overall plant consisting of four units might also be considered 

s a portfolio of assets in the language of Petchrompo and Parlikad 

2019) . Furthermore, since the mills are the least reliable assets, 

ne could also usefully study the portfolio of mill assets. Keizer, 

lapper, and Teunter (2017b) and Petchrompo and Parlikad (2019) , 

n their recent reviews of the current state of industrial mainte- 

ance for multi-asset systems, suggest traditional maintenance op- 

imisation approaches are limited in their applicability due to the 

implicity of the system being considered. Whilst this might have 

ontributed to the limited application and implementation of aca- 

emic studies by practitioners, it has also contributed to the de- 

elopment of increasingly complex models as researchers strive to 

epresent sufficiently realistic system complexity to obtain usable 

olutions. See Vu, Do, Barros, and Bérenguer (2014) and Li, Deloux, 

nd Dieulle (2016) , amongst others, and Section 3.2 for further 

xamples. We address this gap by developing a methodologically 

ound, useable model for a real industry system. 

Petchrompo and Parlikad (2019) report seven classes of 

ecisions considered in the literature on multi-asset system main- 

enance. The first class of intervention (maintenance) policies is 

he key area for application of the PCM approach - that is, dealing 

ith corrective, preventive and condition based maintenance inter- 

entions, to which we add performance based interventions. The 

hallenge in solving this problem increases as the asset dependen- 

ies are properly accounted for in the optimisation process. Other 

ecision classes are also of interest from the PCM perspective. In 
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articular, intervention scheduling decisions (determining optimal 

owntime arrangements) is important in relation to the allocation 

f resources shared across multiple assets or units. Also, asset 

rioritisation decisions arise when assets make an unequal contri- 

ution to the system value and so assets must be prioritised for 

aintenance under limited resources. This has obvious parallels 

ith our system although under PCM it is further complicated, 

lthough, since each asset makes contributions to both condition 

nd performance metrics. While the maintenance optimisation 

iterature reports seven mutually exclusive classes of decision 

roblems, we view the PCM approach as supporting multiple 

ypes of decisions thus relating to multiple decision classes, either 

xplicitly or implicitly. 

Keizer et al. (2017b) , Petchrompo and Parlikad (2019) and 

e Jonge and Scarf (2020) each provide a useful discussion and 

ategorisation of the relevant literature in terms of the nature of 

ependencies between the elements of a multi-asset system. How- 

ver, the generalised PCM approach implies particular dependen- 

ies between assets. Petchrompo and Parlikad (2019) focus on per- 

ormance dependence, stochastic dependence and resource depen- 

ence. Here performance dependence arises through the physical 

eliability structure – for example, whether the system is paral- 

el, series or k out of N; stochastic dependence arises through 

ffects such as failure induced effects or load sharing; resource 

ependence arises through issues such as workforce constraints. 

or our case we should add another type of dependence: regu- 

atory dependence. Regulatory dependence occurs when the as- 

ets are operated in ways that are shaped by rules of a regula- 

or or market trading mechanism. While all of these dependencies 

rise in the system we study, the regulatory dependence has a par- 

icularly strong impact. The electricity market trading mechanism 

or power plants in the UK demands that electricity production is 

old in one-hour slots by power generation units. Failure to deliver 

hat power is costly, but it can only be delivered by the unit that 

as contracted. This induces operator behaviour that might lead 

o stochastic load sharing dependencies amongst the mills within 

he unit. Failure outside the contracted period can be compensated 

y other units (as long as they were not at full capacity), leading 

o load sharing across other units. Furthermore, there are resource 

ependencies across all four units due to sharing of maintenance 

rews. Hence our motivating system displays dependencies de- 

cribed by Petchrompo and Parlikad (2019) , a type of dependency 

ot described there, and additionally, the system displays switch- 

ng between these dependencies through time which can be driven 

y operator behaviour, market conditions, and asset performance. 

In addition to the reviews considered above, there are also dis- 

inct areas of the literature which relate to specific aspects of the 

CM concept. For example, the body of work by Frangopol and 

olleagues considers the performance-based maintenance of de- 

eriorating structures, with a particular emphasis on deteriorat- 

ng bridges (see reviews by Frangopol (2011) and Frangopol and 

oliman (2016) , and references therein on maintenance optimisa- 

ion). In this setting, the performance of the structure is measured 

hrough a condition-state measure and a reliability-based mea- 

ure, where the condition-state is used to refer to more superfi- 

ial deterioration (such as cracks and road-surface condition) and 

he reliability-based measure is used to refer to the structural re- 

iability. Corrective maintenance can improve either one or both 

f these indexes and maintenance actions are optimised subject 

o operational constraints. These studies can be considered spe- 

ific representations of the general PCM modelling framework we 

resent in Section 2 in that both operational and maintenance in- 

erests are given consideration, albeit that one of these is essen- 

ially fixed in their calculations. 

There are some studies within the condition-based mainte- 

ance literature adopting a performance-monitoring approach. For 
581 
xample, rather than monitoring vibration or acoustic output from 

he system, some measure of an asset’s operational performance, 

uch as temperature or flow, is monitored instead. Performance- 

onitoring has been applied in settings such as wind turbines 

 Jia, Jin, Buzza, Wang, & Lee, 2016 ), marine renewable energy 

ystems ( Mérigaud & Ringwood, 2016 ), chemical plant compres- 

ors ( Xenos, Kopanos, Cicciotti, & Thornhill, 2016 ) and diesel 

ngines ( Kökkülünk, Parlak, & Erdem, 2016 ). However, typically 

erformance-monitoring is employed to address either perfor- 

ance deterioration or as a surrogate measure of the asset degra- 

ation, and there is a lack of consideration given to the trade-offs 

escribed above when competing interests require that both con- 

ition and performance are considered simultaneously as in PCM. 

Another area of work which shares similarities with the PCM 

pproach is the problem of jointly optimising maintenance plan- 

ing and production scheduling. Corrective and preventive main- 

enance actions each incur a loss of production capacity, and with 

 stated product demand to be satisfied this therefore gives rise 

o competing interests from operational and maintenance perspec- 

ives. Aghezzaf, Jamali, and Ait-Kadi (2007) present early work 

n this problem. The joint maintenance and production prob- 

em is typically considered from a production scheduling per- 

pective, with maintenance actions activated by age-based or 

ondition-based triggers, and more complex production capabil- 

ty and requirements. Recent examples of this broad approach in- 

lude Fakher, Nourelfath, and Gendreau (2018) , Ghaleb, Taghipour, 

harifi, and Zolfagharinia (2020) , Cheng and Li (2020) and Wang, 

u, and Ren (2020) . There is, however, a growing body of work 

aking a more maintenance focused approach to the problem, 

here the decision of when to conduct a maintenance activity 

s included as a decision variable to the optimisation problem. 

arly examples of this approach include the works by AlDurgam 

nd Duffuaa (2013) and Bajestani, Banjevic, and Beck (2014) , and 

ore recent examples include Paprocka (2018) , Ouaret, Kenné, and 

harbi (2018) , Ekin (2018) , Kang and Subramaniam (2018) , Alimian, 

aidi-Mehrabad, and Jabbarzadeh (2019) and Ao, Zhang, and Wang 

2019) . This latter approach has more commonality with the PCM 

ramework; however, these problems typically do not exhibit the 

omplex failure structure and interaction which we shall define 

hrough the PCM framework. 

.3. Summary and overview 

The premise of this paper is that the actions taken by operators 

nd maintainers impact on each other’s roles, and that by consid- 

ring these together it is possible to gain insights that lead to im- 

rovements in the overall performance of the system. The roles of 

perator and maintainer are, typically, distinct. The operator is fo- 

used on ensuring that production meets quality and quantity tar- 

ets, possibly focusing on cost reduction (e.g. energy and produc- 

ion efficiency), while the maintainer is focused on ensuring that 

he equipment is kept in a state where the operator can carry out 

heir function. Typically the role of an operator will focus on short 

erm issues, while those of the maintainer will more naturally look 

t the longer term state of the system. This distinction, which is 

lear in the system we study, is one that depends on the produc- 

ion method requiring relatively “fast” intervention by operators to 

eep production at an optimum level, and relatively “slow” inter- 

ention by maintainers to keep the physical infrastructure opera- 

ional. 

A common approach in the literature is to consider operators 

nd maintainers separately, and indeed in practice there will be 

onstraints placed on these roles that encourage such separation, 

or example: limits on the permitted operating state of equipment 

e.g. speed, temperature, pressure etc); conditions under which 

aintenance is carried out (e.g. time based, condition based etc); 
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Fig. 1. Schematic of the PCM modelling framework and influences at times t and 

t + 1 , where at time t: X t is the underlying asset state, P t and C t are the perfor- 

mance and condition components of this true state, respectively, S P t and S C t are the 

performance and condition states revealed by the sensor data, respectively, L t is the 

level of production, D t is the demand, O t is the operator decision, M t is the main- 

tainer decision, V O t is the operational return, V M t is the cost of maintenance, and 

V R t is the overall return. 
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he separation of budgets between different functions; the sepa- 

ation of reporting lines between different functions. These factors 

ll mitigate against an overall optimisation of the system which 

ould take into account aspects such as potentially varying costs 

nd value of production, of outages and of costs and benefits of 

aintenance. For example, in the system we study, the value of 

ower generated can vary considerably as can the costs of outages. 

ence it can be of interest from an economic point of view to push

he equipment beyond its usual operating limits (without violating 

afety limits) even if this increases degradation. Without an under- 

tanding of the overall impact on the financials such action, or the 

revention of such action, is likely to cause friction between oper- 

tors and maintainers. Hence a modelling approach is needed that 

llows for such issues to be evaluated. We propose PCM as that 

pproach and describe a theoretical framework in Section 2 . 

Many variants of modelling approaches are possible within the 

road PCM framework and the details of the Markov decision pro- 

ess model selected for the industry case has been chosen because 

f its particular features, as discussed in Section 3 . We do not 

laim that it is always necessary to explicitly model the actions 

f the two decision-makers within one model, and indeed in the 

odel developed for our industry problem we have not done that. 

owever our view is that by starting with a conceptual model in 

hich the two roles are explicitly represented, we can then con- 

truct models which support the adoption of new approaches to 

dentify the boundary between operator and maintainer action. 

For the industry problem, we approach the maintenance opti- 

isation at two levels. First we take the unit of analysis to be 

he set of eight grinding mills within a generating unit, as dis- 

ussed in Section 4 , since this is where the main dependencies 

etween operations and maintenance occur. Then we jointly op- 

imise the maintenance at the plant and unit levels as explained 

n Section 5 . For the unit level model we develop both exact and

euristic solutions for the mill-unit maintenance optimisation to 

rovide flexibility for model use contexts where different com- 

utational resources might be available. We compare the relative 

erformance of these optimisation solutions based on both com- 

utational accuracy and implementation considerations. The addi- 

ional size and complexity of the problem at the plant level means 

hat we adopt a heuristic approach for maintenance optimisation. 

ection 6 presents our conclusions and suggests further work. 

. Framework for performance-centered maintenance 

In general, we consider that each asset in a system can be de- 

cribed by various aspects of its operational performance or degra- 

ation condition. Further, observable information about the state 

f the system may be available to the decision-makers – typically 

eflected in measured sensing data or judgemental operator data. 

ach measure of degradation condition is associated with a failure 

ode and a threshold level, and a degradation failure occurs if a 

ondition measure deteriorates to its threshold level (note that this 

ncludes the possibility of critical failure where the threshold level 

imply represents the critical failure). Multiple failure modes can 

e simultaneously considered for a single asset through a compet- 

ng risks reliability model ( Bedford & Alkali, 2009; Bedford et al., 

011 ), where an asset is deemed to be failed at the first instance

ny failure mode process crosses its associated threshold. Each 

easure of performance provides information about the operation 

f the asset and there may also be an associated threshold level 

here substandard performance leads to unacceptable operation 

nd hence to functional failure. The observable information may 

e dependent on the underlying system state and used to provide 

nference on the degradation and performance measures if these 

re not directly observable. Additionally there is a time depen- 

ent demand for performance which the system operator seeks to 
582 
chieve; the asset may therefore be operated in a way that speeds 

p degradation in order to meet the required performance. 

For this type of system an optimised approach to operation and 

aintenance sets out a strategy for maintenance and also a strat- 

gy for operation that specifies in what ways the asset can be used 

hen its condition is degraded. Given the different business objec- 

ives of the operator and maintainer, a PCM model aims to pro- 

ide a basis for discussion between these stakeholders by identify- 

ng linked decision strategies delivering the required performance 

onsistently over time with low maintenance costs. 

In mathematical notation (and where all the variables may be 

ultivariate), we think of an asset as having an underlying state 

(t) at time t, where X is a stochastic process. For simplicity we 

rite X t = X(t) , and will use the t-subscript to denote the value of

 variable at time t . The asset state is revealed by sensor data S P t 
nd S C t from which the asset performance state, P t , and condition 

tate, C t , are inferred, respectively. The operator will attempt to 

eet an exogenous demand D t which yields a return V O t through 

he level of production L t , and will influence the future state of 

he asset X t+1 . The maintainer will consider carrying out mainte- 

ance on the asset at a cost of −V M t , and thus influencing the

uture state of the asset X t+1 . The net return from the system, 

 R t is a combination of the operational return and the mainte- 

ance cost. Note that the maintenance options will each address 

 particular set of condition and performance-based variables, and 

ach action represents a trade-off between immediate costs and 

uture rewards. The maintenance actions take place over a longer 

imescale than operator decisions and there are resource con- 

traints which limit the availability of each potential maintenance 

ction. 

The conceptual relationship between the variables is illustrated 

n Fig. 1 , which shows the operator decision O t and maintainer 

ecision M t as well as the other variables discussed above. If we 

ust consider this from the perspective of the maintainer then we 

ould replace the operator decision node by a random variable 

ode – in this case the O t node in Fig. 1 would change from a 

quare decision-node to a circle random process-node. The main- 

ainer understands what kinds of decisions the operator is likely to 

ake, and builds these into the model. This model would be capa- 



E. Barlow, T. Bedford, M. Revie et al. European Journal of Operational Research 292 (2021) 579–595 

Fig. 2. Schematic illustrating the hierarchical structure of the different levels at which the power plant maintenance and operation can be considered: at the asset level a 

single mill is considered, at the unit level all eight mills within that unit are considered concurrently, and at the system level all four units and their corresponding mills are 

considered concurrently. 
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le of supporting conversations between operators and maintain- 

rs about their respective strategies. Because the operator decision 

imescales are shorter than those of the maintainer planning hori- 

ons, it makes sense for the maintainer to build operator behaviour 

nto the model and then assess how different operator behaviours 

ould affect costs and benefits. 

Furthermore, it is possible that the maintenance capability and 

emand are shared across different assets within a system, in 

hich case the generated value and maintenance costs are also 

etermined by the whole system and by the decisions to switch 

cross demand and maintenance resources between assets. For ex- 

mple, this is true for the system we study since it is possible to 

witch demand between different parallel mills within a generat- 

ng unit, each of which has shared maintenance resources. It is also 

ossible to switch production between different generating units to 

ome extent, as well as sharing maintenance resources across their 

ills. The same conceptual model as above is applicable, by taking 

arallel assets shared between the same decision-makers. 

In addition to these factors, the overall optimisation is also af- 

ected by the choice of the unit of analysis. For the system we 

tudy, the eight mills contributing to the performance of a sin- 

le generating unit are more-or-less interchangeable. Furthermore 

here are four different generating units within the plant. From an 

perational point of view, electricity contracts specify which unit 

ill supply the power. So, if a unit fails between agreeing the con- 

ract and the time of supply, then it cannot be replaced by one 

f the other units. However, if it fails before the contract is made, 

hen there is no issue with supplying the market with any of the 

ther working units. From a maintenance point of view there is a 

imited group of maintainers but they can be used across different 

ills and different units. 

Modelling can be performed at different levels within the over- 

ll system, and different sim plifying assum ptions would have to be 

ade at these different levels in order to be realistic. While the 

est approach might be to build a model at the highest level, such 

n approach might be infeasible in practice because of the compu- 

ational complexity involved. Therefore a mix of exact and heuris- 

ic approaches, applied at different levels within the system and 

sing appropriate simplifying approaches, can be required. We aim 

o explicate these issues in the specific model development for our 

ndustry problem. 

. Building a PCM model for the industry problem 

Fig. 2 illustrates the physical structure of the coal-fired power 

tation described in Section 1.1 in a form we reference when 

odel-building. We can approach modelling of this system at dif- 
583 
erent levels. The same broad principles are applicable at each 

evel, but the modelling complexity increases from asset level to 

ystem level. The value of models at each level depend on the 

orm of additional interaction they can capture. As discussed in 

ections 1 and 3.1 , the most significant interactions between oper- 

tions and maintenance in this problem occur at unit level, where 

he choice of maintenance action can represent a trade-off be- 

ween short-term gain and long-term operability. 

.1. Structuring the model 

We elicited the expertise of plant operators and maintain- 

rs, and sought to use this expertise and problem-knowledge to 

rive our modelling choices such that the problem structuring 

epresents the real-world with acceptable accuracy and provides 

ractable decision-making support. 

The degradation condition failure modes of the critical mill 

omponents are measured in terms of the volume of processed 

oal. In order to view maintenance and operational considerations 

n the same frame of reference, we need a temporal re-expression 

f volume. This is accomplished by considering the average cumu- 

ative volume of coal processed during the operating life of a mill 

efore a given component fails and then defining the earliest such 

olume of coal (the first failure threshold) to be the average life- 

ime of a mill. This transition from volume to time assumes that 

 mill is operated in a consistent manner; while not true in ev- 

ry case, the main differences in operating conditions arise during 

aintenance periods and through changes to the operating work- 

ate, each of which are accounted for explicitly in the modelling 

iscussed below. As such, the engineering feedback was that this 

ime-based representation provided a reasonably accurate repre- 

entation of the average life-time of a typical mill. 

Typically, the degradation condition of a mill, C t , is believed to 

eteriorate at a steady rate due to the gradual wear of the mill 

lements through use, and so a simple model of the degradation 

ondition was agreed upon. The deterioration rate (and hence the 

ailure rate) is dependent on the state of the unit (i.e. the state of 

ll eight mills in the unit). If all eight mills are fully operational 

nd under normal operating conditions then they are assumed to 

egrade monotonically following the same process. However, if one 

f the mills has a reduced level of performance and there is a 

equirement to meet demand, then the remaining mills will be 

orked harder with a consequential increase in degradation rate. 

herefore the transition probabilities between states for a given 

ill are also dependent on the current state of the unit. To cap- 

ure this behaviour the impact of the different operating regimes is 

eviewed. Two work-rates (operating modes) for full performance 



E. Barlow, T. Bedford, M. Revie et al. European Journal of Operational Research 292 (2021) 579–595 

a

F

u

c

t

t

T

i

i

i

u

a

w

t

t

s

d

t

t  

p

c

e

p

s

b

m

f

s

f

d

t

r

t

t

s  

r

d

g

m

m

r

b  

p

i

t

m

h

t

P  

l

h

e

o

p

m

c

t

O

a

w

a

T

Fig. 3. Simplified schematic of the PCM modelling framework and influences at 

times t and t + 1 for the power plant maintenance problem, where the notation 

is consistent with Fig. 1 . 
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re typically deployed: normal operation and increased work-rate. 

irst the average duration of operating life is established for a mill 

nder normal operation and frequent services. The effect of in- 

reased work-rate on the normal-operation life-time duration is 

hen established, and the engineering feedback was that the life- 

ime duration would decrease linearly with increasing work-rate. 

his process allows the average duration of operating life to be 

dentified under each mode of operation. The life-time duration 

s then evenly partitioned into the number of condition states be- 

ng considered; each condition state therefore represents a partic- 

lar range in time during a mill’s operating life. It is assumed that 

 mill will deteriorate gracefully with time in that the condition 

ill only degrade by up to one level in a single time-step. Thus 

he probability of transition for C t between subsequent degrada- 

ion condition states is expressed as the rate of change between 

tates, derived from the number of weeks typically spent in each 

egradation condition state for a particular work-rate level. 

In terms of operational performance, P t , energy production from 

he plant is produced (and measured) at a unit level. The contribu- 

ion of a single mill to the overall unit output is classed into three

erformance levels. A two stage process was adopted to define the 

lasses together with the maintainers. First to create ordinal lev- 

ls of performance for each of the amount of coal currently being 

rocessed (the throughput-rate) and the coal grind quality. Then, 

econdly, to form overall mill performance levels for paired com- 

inations of the through-put and grind quality classes. The overall 

ill classes are defined to be full (satisfactory), reduced (unsatis- 

actory) and offline (grossly unsatisfactory) performance. The tran- 

itions of P t between each performance level were then assessed 

or each condition level under normal operating conditions. The 

ependence of the transition rates between performance levels on 

he mill work-rate is captured indirectly by recognising that the 

ates of transition between performance levels are dependent on 

he mill condition. 

It is assumed that the sensor information available to a main- 

ainer directly represents the true performance and condition 

tates of a mill, so that the sensor nodes S P t and S C t are incorpo-

ated into the state nodes P t and C t . 

The profits accrued over a given time-step, V R t , come from the 

irect costs of the maintenance ( V M t – calculated from the lost 

enerating capacity) and the production gained from operational 

ills, V O t . An offline mill has zero production. A fully operational 

ill will contribute more to production if working at an increased 

ate to compensate for other mills in reduced production. 

The two types of action available to a maintainer (represented 

y M t ) are distinct, and as noted in Section 1 each action is de-

loyed to address different types of failure mode. A service is an 

nterim measure performed several times between overhauls. In 

erms of a preventive action, a service is carried-out to improve the 

ill’s operational performance. In comparison, a preventive over- 

aul is carried-out before a severe failure occurs to return the mill 

o a good-as-new state. After a service the performance of a mill, 

 t , is restored to full, although there is no effect on the overall

ong-term condition of the mill, C t . On the other hand, an over- 

aul always restores both condition and performance to the high- 

st level. Both types of maintenance activities can also be carried 

ut as reactive maintenance actions (in response to minor – re- 

airable – faults or severe failures, respectively), and as periodic 

aintenance actions (related to the cumulative volume of coal pro- 

essed by a mill); however, the focus here is on modelling preven- 

ive maintenance actions. The role of the operator decision-maker, 

 t , is simplified by assuming the modes of operation as described 

bove, for standard and increased work-rates. That is, all mills will 

ork at a standard rate unless any mill is offline, in which case 

ll mills at full performance will work at the increased work-rate. 

herefore the role of the demand variable, D t , is essentially re- 
584 
oved, and the operator node becomes a variable node influenced 

y the current state of the mills. 

Through the above modelling choices, we can simplify the gen- 

ral PCM modelling framework shown in Fig. 1 for this particular 

roblem; the reduced schematic is shown in Fig. 3 . 

.2. Maintenance optimisation model selection 

Several assumptions are now formalised to focus the scope of 

he solution approach. 

The individual mills are assumed identical in all respects – for 

xample states, (conditional) degradation rates, associated main- 

enance actions, maintenance costs, and (conditional) production 

apacity. Therefore each mill is considered to be a particular in- 

tance of a generic mill. However, as discussed above there are 

ependencies between the mill processes. By a similar extension, 

ll four generating units are considered to be identical. The state 

or a unit at time t is represented by X(t) = (P (t ) , C(t )) , and for

ifferent mills within the unit these are distinguished as X j , P j 
nd C j , for mills j = 1 , ..., 8 . When consideration is given to the

roader problem of maintaining all four units, the corresponding 

uantities are denoted as in X i, j , where i represents the unit and j

epresents the mill. Time is assumed to be discrete, with a time- 

tep corresponding to one week. Technicians are assumed to carry 

ut maintenance actions over a period of several consecutive shifts, 

nd so it is assumed that maintenance decisions are taken at dis- 

rete intervals, such as weekly. Additionally, it is assumed that per- 

ormance P (t) and condition C(t) have discrete states since they 

re each measured against ordinal classes. The value gained from 

peration of a mill is assumed to be dependent on its operational 

erformance measures, and the operating value gained from a unit 

s therefore defined as v (P 1 (t) , ..., P 8 (t)) . 

Under these assumptions, a natural modelling paradigm is to 

escribe the state of the unit, X(t) , as a Markov process. Since 

aintenance decisions are required to be taken at discrete inter- 

als, even if they are not possible at every time-step, we have a 

roblem of sequential decision making under uncertainty – evalu- 

ting the best decision to make at each time-step, where the sys- 

em evolves stochastically with dependence on the decision taken 

s well as the state of the system itself. A Markov decision process 

MDP) is a stochastic dynamic programming method providing a 

atural framework for this problem. 

A detailed analysis on MDPs is provided by Howard (1960) , 

nd these models have been applied to maintenance optimisation 

roblems for many years; see, for example, Hontelez, Burger, and 

ijnmalen (1996) , Gürler and Kaya (2002) , Moustafa, Maksoud, 
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nd Sadek (2004) . Papakonstantinou and Shinozuka (2016) present 

 contemporary overview of the application of MDPs and their 

ariants specifically to structural maintenance problems. Recent 

evelopments to the MDP framework include Sun, Ye, and Chen 

2018) who consider a parallel multi-component system where 

egradation of each component is modelled using a Wiener 

rocess. Keizer, Teunter, Veldman, and Babai (2018) consider a 

arallel system subject to both failure dependence and economic 

ependence. Deng, Santos, and Curran (2020) present a practical 

pplication of MDP to schedule maintenance operations for an 

ircraft fleet, incorporating several strategies into their problem 

ormulation in order to reduce the action-state space of this large- 

cale problem. Several authors have applied MDPs to problems 

ith competing interests, such as Ao et al. (2019) to jointly opti- 

ise maintenance planning and production scheduling (discussed 

n Section 1 ). Other recent examples include joint optimisation of 

aintenance and inspection planning for a non-repairable multi- 

omponent series system ( Ba, Cholette, Borghesani, Ma, & Kent, 

020 ), joint optimisation of maintenance planning and budget 

llocation for a multi-facility network ( Shi, Xiang, Xiao, & Xing, 

021 ), joint optimisation of maintenance planning and inventory 

ontrol of spares for single asset ( Eruguz, Tan, & van Houtum, 

018 ) and multi-asset systems ( Keizer, Teunter, & Veldman, 2017a; 

iu, Yang, Pei, Liao, & Pohl, 2019; Wang & Zhu, 2020 ), and joint

ptimisation of maintenance planning and operation of multi-asset 

ystems ( Compare, Marelli, Baraldi, & Zio, 2018; Eruguz, Tan, & van 

outum, 2017 ). 

An MDP is defined by the state space X, the set of ac- 

ions (or decisions) A and the actions permitted from the multi- 

imensioned system state x ∈ X, A (x ) , the reward function R (x , a )

hich gives the reward associated with state x under action a, and 

he probability of transition from state x ∈ X to state y ∈ X when 

ction a is taken, P (y | x , a ) . In MDP terminology, a policy defines

he action to be taken in any given state, and the goal when ap-

lying an MDP is to find the optimal policy such that the expected 

eward available from each state over the planning horizon is max- 

mised. Mathematically, this is written as 

 

∗(x ) = V 

π ∗
(x ) = max 

π∈ �

{ 

V 

π (x ) = E 

[ 

T −1 ∑ 

t=0 

γ t R (x t , πt (x t )) | x 0 = x 

] } 

, 

(1) 

here the operator E[ . ] indicates the expected value, T is the num- 

er of time-steps over the current planning horizon, x t is the state 

t the beginning of the t + 1 th time-step, πt is the policy employed

ver the t + 1 th time-step and π defines the policy to be employed

cross all time-steps in the planning horizon. The optimal policy is 

enoted by π ∗, and the resulting value under this policy is V ∗(x ) ;

his is the maximum value which can be gained over T time-steps 

hrough any available action. MDPs provide a user with the opti- 

al strategy to apply for each potential system state, along with 

he expected value of this state over the time-horizon considered. 

 discount factor, γ , is included, where 0 < γ ≤ 1 ensures that cur- 

ent and future values are equitable. This enables both finite- and 

nfinite-horizon problems to be considered, with T → ∞ in the lat- 

er case. 

We develop our maintenance optimisation model as an MDP 

rstly for a single unit in Section 4 since this is where the key in-

eractions between maintenance and operations occur, before con- 

idering a plant level model in Section 5 . 

. Unit level maintenance optimisation model 

We begin by making additional assumptions about the main- 

enance scheduling and resource availability in order to decouple 
585 
 single unit from the power system in a manner which has 

elevance to the real-world problem. Then we develop an exact 

olution for the MDP model using traditional dynamic program- 

ing. Since the complexity of the unit level model is already 

ufficiently high, obtaining exact solutions is computationally 

hallenging. Indeed we used high performance computing facilities 

o obtain the exact solution. Therefore we also explore a heuristic 

pproach which would allow industry users to generate solutions 

sing more standard computational resources. We examine the 

elative accuracy of the heuristic to our exact solution so that we 

ight assess usefulness for future application. 

.1. Maintenance resource availability 

Each of the four units operates and deteriorates independently 

f the other three; however, the restrictions on the number of 

aintenance jobs which can be performed simultaneously apply 

cross all four units. The choice of maintenance action taken for 

ne unit will therefore influence the maintenance options available 

or the other three units. 

A preliminary attempt to solve this unit level problem is pre- 

ented in Barlow et al. (2013) , where the restrictions on mainte- 

ance crew availability are incorporated into the decision problem 

y structuring this as a multi-level MDP. At a given time-step all 

vailable maintenance actions on the unit are evaluated; specifi- 

ally these are: perform a service on any of the eight mills, per- 

orm an overhaul on any of the eight mills, or do no maintenance 

t this time-step. Considering the actions to either do no mainte- 

ance or to perform a service on one of the mills, these are eval- 

ated in a standard iteration of the MDP algorithm. The expected 

alue of each option is evaluated by considering the possible state- 

ransitions over one week and the corresponding values associated 

ith these transitions. To evaluate actions that overhaul one of the 

ills, Barlow et al. (2013) formulate a sub-problem which imposes 

he restriction that an overhaul can only be completed once per 

0 weeks. A five-week overhaul is followed by a 15-week period 

here the only available actions are to perform a service or do 

o maintenance. This ensures that the policies considered involve 

ealistic utilisation of the option to perform overhauls. For mod- 

lling simplicity, no such restrictions are placed on the utilisation 

f services. At a given iteration of the MDP, an overhaul action is 

herefore evaluated by considering the potential evolution of the 

tate during a period where a five week overhaul is followed by 

n optimised combination of no maintenance and services over 

5 weeks. Due to available computing power at the time, Barlow 

t al. (2013) reduced the problem to consider only six mills within 

 unit. 

We present here an alternative approach to incorporating the 

estrictions on maintenance crew availability into the decision 

roblem. Two key drivers in formulating this alternative model are 

o also incorporate realistic restrictions on the availability of per- 

orming services on a particular unit, and ultimately to build upon 

his to generate a realistic model for the plant level problem. 

To ensure that resources are distributed evenly across all four 

nits, each maintenance crew is assumed to operate on a rotat- 

ng basis subject to the requirement that two maintenance actions 

annot be performed simultaneously on a given unit. Over a 20- 

eek period each unit will receive one five-week overhaul fol- 

owed by 15 weeks where no overhaul is carried out as the over- 

aul crew rotates to the other three units. During this 15-week 

eriod a unit will receive a one-week service no more than once 

very three weeks as the service crew rotates between the three 

nits which are not currently being overhauled, and in-between 

ervices a unit will receive no maintenance. The available mainte- 

ance actions for a given unit will then be a repeating 20-week se- 

uence which consists of a five-week overhaul and five repetitions 
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Fig. 4. Illustrative sequence of maintenance actions available to a unit, with a given number of weeks remaining in the planning horizon. 
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4  
f (some combination of) perform a service, do no maintenance, 

o no maintenance . An example of this maintenance scheduling is 

llustrated in Fig. 4 . By assuming that resources are evenly dis- 

ributed between units in this way, the maintenance of each can 

e considered independently of the other three units. Hence the 

aintenance of a single generic unit can be considered since it is 

ssumed to be representative of each of the four units. 

.2. Dynamic programming exact solution 

Implementing the above maintenance sequence within a 

ecision framework produces an MDP where the state-value 

alculations are periodically varied to reflect the nature of the 

0-week maintenance sequence. A finite-horizon approach is con- 

idered here as the units ultimately have a finite lifetime which 

ore generally, depending on the system, may be in the short- 

edium- or long-term future. As performance and condition are 

oth defined as discrete states, the problem is therefore structured 

s a finite-space discrete-time MDP, which is well-suited to the 

tandard MDP solution methods ( Sutton & Barto, 1998 ). 

The common approach to find the optimal policy π ∗ which 

atisfies Eq. (1) is to apply dynamic programming algorithms, of 

hich there are two prominent variants: value iteration and pol- 

cy iteration. The approach taken here is value iteration (VI), which 

eeks to find the maximum value to be gained from each state by 

dentifying the expected value to be gained in one time-step un- 

er each action, and iteratively building this value throughout all 

ime-steps in the planning horizon, given how the unit state could 

robabilistically evolve throughout this period. Hence following a 

I framework, the expected optimal value of a unit state x at week 

 (that is, the i th iteration of the MDP) is defined as 

 

∗
i (x ) 

= 

⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

R (x , NM) + γ
∑ 

y ∈ X 
P (y | x , NM) V ∗i −1 (y ) , for i ∈ I NM 

, (2)

max 
a ∈ A SM (x ) 

{ 

R (x , a ) + γ
∑ 

y ∈ X 
P (y | x , a ) V ∗i −1 (y ) 

} 

, for i ∈ I SM 

, (3)

max 
a ∈ A OM (x ) 

{ 

R 5 (x , a ) + γ
∑ 

y ∈ X 
P 5 (y | x , a ) V ∗i −5 (y ) 

} 

, for i ∈ I OM 

, (4)

here I NM 

, I SM 

and I OM 

represent the sets containing weeks where 

he only available actions are: no maintenance, a service or no 

aintenance, and to begin an overhaul or perform no maintenance 

or five weeks, respectively, and NM, A (x ) and A (x ) are the
SM OM 

586 
orresponding subsets of actions. For the maintenance sequence il- 

ustrated in Fig. 4 , the sets I NM 

, I SM 

and I OM 

are each highlighted by

hose weeks on which activity is scheduled on the respective rows. 

q. (4) is structured to reflect that, for weeks in the set I OM 

, a de-

ision made persists for the five subsequent weeks. This is mod- 

lled through R 5 (x , a ) and P 5 (y | x , a ) , where the latter represents

he state-transitions over the five-weeks of the overhaul and is de- 

ned as element { x , y } of the fifth power of the one-week transi-

ion matrix under action a . The value R 5 (x , a ) is defined recursively

ia 

 k (x , a ) = R (x , a ) + γ
∑ 

y ∈ X 
P (y | x , a ) R k −1 (x , a ) , for k = 1 , ..., 5 , (5) 

nd represents the expected value accumulated during the five 

eeks of overhaul a . 

The right-hand side of Eqs. (2) and (3) each consist of the im- 

ediate reward gained over the next time-step by taking action a 

n state x , combined with the discounted expected value over the 

emaining (i − 1) time-steps, with only a single action (no mainte- 

ance) considered in Eq. (2) . Eq. (3) has a form which most resem-

les the standard format of the VI definition, and the subtle dif- 

erences between Eqs. (3) and (4) are required to model decision- 

aking over the different time-scales of the two types of main- 

enance action. To solve Eqs. (2)–(4) it is necessary to define the 

alue returned from each state under each action with no time- 

teps remaining. A typical assumption is that there is no value to 

e gained from any state at the end of the planning horizon (that 

s, V ∗0 (x ) = 0 ∀ x ∈ X); applying this assumption here implies that

here is no production value to be returned from operation beyond 

he end of the planning horizon, which seems reasonable given 

hat the planning horizon is the operational life of a unit. Eqs. (2)–

4) are then solved for i = 1 and iterated until i = T , with the deci-

ion which maximises the value being selected at each time-step. 

More generally, for a system of N m 

assets, where the number 

f possible condition and performance states for each asset are 

iven by N c and N p , respectively, the total size of the state-space 

s (N c N p ) N m . Traditional solution approaches such as VI iteratively 

uild optimal policy decisions for increasing time-horizons; how- 

ver, to do so requires that the full state-space is evaluated at 

ach iteration. Solving even simple problems can therefore be com- 

utationally challenging, in terms of memory requirements and 

omputation time ( Chang, Hu, Fu, & Marcus, 2013; Deng et al., 

020 ). With eight mills, 4 levels of condition and 3 levels of per- 

ormance the total number of states is 12 8 (which is approximately 

 . 3 × 10 8 ) and working with this number of states is intractable. To
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ddress this challenge a state-space aggregation which exploits the 

tructure of the problem is used to reduce the number of states. 

he eight mills within a unit are assumed to be identical in terms 

f their production value in any state, their probability of transi- 

ioning between any states, and the effect of the available actions 

n any state. The critical features of a unit state are therefore the 

umber of mills within the unit which are in each mill state (that 

s, each combination of the performance and condition levels). The 

umbering of mills 1,2,...,8 within a unit can therefore be based on 

heir ranking in terms of performance and condition levels (rather 

han, for example, their physical location within the plant). Tak- 

ng this numbering approach, it becomes clear that many of the 

2 8 potential states are essentially reordered versions of an equiva- 

ent unit state with mills numbered by performance and condition 

anking, and can be fully represented by the unique combinations 

f mill states within a unit. This equivalency under re-ordering is 

xploited to reduce the state space from (N c N p ) N m to 
(

N c N p + N m −1 
N m 

)
, 

hich is just over 75,0 0 0 states for this problem – providing a sub- 

tantial reduction without any loss of accuracy. 

Even after application of the state-space aggregation, imple- 

enting a traditional VI approach to this problem is not straight- 

orward, requiring a state-transition matrix of 75,0 0 0 ×75,0 0 0 to be

tored and updated at each iteration. High-performance computing 

acilities were utilised to conduct these computations. Eight cores 

each with 4 gigabyte RAM and 2.66 gigahertz CPU) were used to 

mplement a parallelised version of the VI system defined in Eqs. 

2)–(4) by partitioning the state-transition matrix, and this enabled 

 solution to be found in under 20 minutes. 

.3. Heuristic solution 

.3.1. Choice of reinforcement learning method 

A large body of research exists on approximations to the MDP, 

hich aim to improve the computational burden and to deliver 

ractable solution approaches. They include state-space aggrega- 

ion ( Zhou, Guo, Lin, & Ma, 2018; Zhou, Lin, Sun, & Ma, 2016 ),

imulation-based methods ( Chang et al., 2013; Ohno, Boh, Nakade, 

 Tamura, 2016 ), and reinforcement learning (RL) – sometimes re- 

erred to as neuro-dynamic programming ( Barde, Yacout, & Shin, 

019; Compare et al., 2020 ). RL is a field of machine learning, 

hich aims to iteratively develop an approximation to a true 

DP model by repeatedly simulating potential trajectories of state- 

ransitions through the planning horizon, and revising the value of 

 trajectory as the iterations proceed. Sutton and Barto (1998) and 

osavi (2003) discuss various RL methods. A recent approach is 

eep reinforcement learning - combining RL with deep learning 

 that has been applied by several authors to large-scale mainte- 

ance problems (see for example ( Huang, Chang, & Arinez, 2020; 

iu, Chen, & Jiang, 2020; Zhang & Si, 2020 )). RL methods are typ-

cally applied to large-scale MDP, as well to as semi-MDP prob- 

ems. Watkins and Dayan (1992) and Singh, Jaakkola, Littman, and 

zepesvári (20 0 0) demonstrate that, under certain conditions, RL 

ethods such as Q-learning are guaranteed to converge to accu- 

ate value estimations and optimal policies. 

Applications of MDP and semi-MDP to maintenance problems 

ften obtain near-optimal results; however, there have been few 

tudies which tackle complex systems with multiple degradation- 

ependent components. Instead, studies typically assume a simple 

egradation process ( Das, Gosavi, Mahadevan, & Marchalleck, 1999; 

ia, Zhao, & Jia, 2008 ) or consider small problem scales ( Gosavi, 

004; 2014 ). Furthermore, for large-scale problems RL is typically 

nly benchmarked against other heuristics or simplified optimisa- 

ion problems, as exact solutions are not available. 

In contrast to dynamic programming approaches such as VI, RL 

ethods progress forwards in time through the planning horizon, 

epeatedly updating the value estimations. Therefore, the standard 
587 
orm of the VI definition (e.g. as in Eq. (3) ) is rewritten as 

 

a 
t (x ) = R (x , a ) + γ

∑ 

y ∈ X 
P (y | x , a ) V 

∗
t+1 (y ) . (6)

 single state is selected and this state is propagated through 

he planning horizon, with the trajectory of the state defined 

y selecting an action at each time-step and a corresponding 

tate-transition under this action. In an application, the initial 

tarting state may be selected to be the system state which is 

bserved in practice. The action selected at each time-step is then 

elected randomly with a preference towards those actions which 

ave a higher estimated expected value, and the state-transition 

t each time-step is selected randomly with a preference towards 

hose states which have a higher estimated transition probability 

based on the transition distributions of the governing random 

ariables. For our case, the governing random variables are the mill 

ondition- and performance-levels. It is these features which de- 

iver the computational benefits of RL methods in comparison with 

I – rather than simulating every transition and action, preferen- 

ial selection focuses efforts on those which are more likely to be 

bserved or selected, and the memory burden is substantially re- 

uced by requiring only the transition distribution of the governing 

ariables. All expected values are initially estimated as zero, and 

t each iteration this is updated for the relevant state-action pair 

t the current time-step by applying a temporal difference adjust- 

ent ( Sutton & Barto, 1998 ), which is typically a function of the 

mmediate reward and future estimated expected value (given the 

ction and state-transition which have been simulated). The start- 

ng state continues to progress along the simulated state-action 

rajectory until the end of the planning horizon, at which point the 

tate reverts to the initial starting-state and a new planning hori- 

on is simulated, with the expected value estimations continually 

pdated as the planning horizons are restarted. This process re- 

eats until a predefined number of iterations is reached, at which 

oint the optimal action is selected as that action which returns 

he highest estimated expected value from the initial starting state. 

The RL method we apply is Q-learning ( Watkins, 1989 ), which 

s one of the most widely investigated. In Q-learning, the estima- 

ion of expected value V a t (x ) (for state x under action a at time-

tep t) is denoted as Q(x , a, t) , defined as 

(x , a, t) = 

∑ 

y ∈ X 
P (y | x , a )[ r(x , a, y ) 

+ γ max 
b∈ A (y ) 

Q(y , b, t + 1)] , ∀ (x , a ) , (7) 

here r(x , a, y ) is the immediate reward returned with a transition 

rom state x to state y under action a . 

If the simulated state-trajectory results in a transition to state 

 ∈ X at time-step t + 1 , then the incremental adjustment to the 

xpected value estimate is defined in terms of an updating algo- 

ithm as 

(x , a, t) ← (1 − α) Q(x , a, t) + α(r(x , a, y ) 

+ γ max 
b∈ A (y ) 

Q(y , b, t + 1)) , ∀ (x , a ) , (8) 

here 0 < α < 1 is a controlling parameter, and ← indicates that 

he expression on the left-hand side is updated by that on the 

ight. The updated estimation therefore retains a proportion of the 

urrent expected value estimation, and includes an adjustment by 

 weighted temporal difference. The temporal difference in this 

ase approximates Eq. (6) , while utilising the maximum estimated 

xpected value which could potentially be returned from the next 

tate, y , as a proxy for the expected maximum value over the re- 

aining (T − t) time-steps. 

The controlling parameter α is referred to as the step-size 

arameter. This should decay as the Q-learning progresses and 
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Table 1 

Comparison between Q-learning and Value Iteration calculations of 

discounted value for 10 starting states, using Eqs. (8) and (2)–(5) , re- 

spectively. The errors are defined as | V est − V opt | / | V opt | . 
Initial state Error action opt action(s) est V action est 

/V opt 

1 0.0019 1 1 10 0 . 0 0% 

2 0.0088 16 1 99 . 85% 

16 10 0 . 0 0% 

3 0.0043 15 1 98 . 82% 

15 10 0 . 0 0% 

16 99 . 47% 

4 0.0248 14 14 10 0 . 0 0% 

5 0.0157 13 13 10 0 . 0 0% 

14 99 . 42% 

6 0.0428 12 12 10 0 . 0 0% 

13 98 . 96% 

14 98 . 30% 

7 0.0027 11 11 10 0 . 0 0% 

8 0.0140 10 10 10 0 . 0 0% 

9 0.0092 9 9 10 0 . 0 0% 

10 0.0143 8 8 10 0 . 0 0% 
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osavi (2003) recommends definitions such as αi = M/ (N + i ) , 

here M and N are large positive constants such that M < N and 

 denotes the i th iteration of the algorithm. Multiple approaches 

o govern the selection-preference of the available action options 

ave been investigated previously. These include pure exploration 

olicies (where the selection preference is uniformly-distributed 

etween the available options) and general selection rules such as 

-greedy policy and softmax policies such as Boltzmann selection 

ule ( Gosavi, 2003 ). The pure exploration approach is straightfor- 

ard to implement and can avoid convergence to locally-optimal 

olicies, but the uniform nature of the search can result in slow 

onvergence of the Q values; in contrast the selection rules can 

ypically demonstrate faster convergence, but require additional 

uning parameters to be defined for each application. 

.3.2. Q-learning application 

The Q-learning method is applied to the unit level problem in 

rder to examine the effectiveness of this approximation technique 

n a large-scale MDP problem with a complex degradation struc- 

ure. To the best of our knowledge, this is the first comparison of 

-learning accuracy on this scale of problem with an exact solu- 

ion (rather than alternative heuristic approaches or solutions to 

implified optimisation problems). 

To explore the efficacy of the Q-learning algorithm, 10 states 

re selected from the state-space for investigation. These 10 states 

re chosen to represent 10 realisations of the physical status of the 

ill-unit ranging from “good” to “bad” (in terms of the combina- 

ions of condition and performance levels), and with each state 

aving a different optimal action. Each of these representative 

tates is used in turn to initialise an application of the Q-learning 

lgorithm, executed in Matlab on a standard PC (8 gigabyte RAM 

nd a single processor with 3.40 gigahertz CPU). For each of the 10 

epresentative starting states one million Q-learning iterations are 

arried out, taking approximately 2.5 hours of computation time. 

he step-size parameter α is defined with M = 85 , 500 , 000 and 

 = 90 , 0 0 0 , 0 0 0 . The discount factor is set as γ = 0 . 9988 . Action

election is controlled by a mixed scheme: for the first 50 0,0 0 0 

terations a pure exploration rule is used, and the Boltzmann se- 

ection rule is used subsequently, with the “temperature” ( Gosavi 

2003) ) set as 100,000,000. All random numbers utilised within 

he action selection and state selection processes are generated 

rom a uniform distribution, and the random number generator is 

eeded with the default Matlab values. These parameter definitions 

ave been selected based on the engineering domain knowledge of 

his problem and numerical experimentation on a small-scale ver- 

ion of the problem. 

Diagnostics from the 10 Q-learning applications are displayed 

n Table 1 . V opt represents the exact optimal expected value of a 

tate as determined from the VI analysis, and V est represents the 

stimated optimal expected value of the state as returned from 

he Q-learning. The corresponding exact and estimated optimal ac- 

ions are represented by action opt and action est , respectively. The 

-learning algorithm converges for V est from each of the 10 initial 

tates. The accuracy of the converged values are evidenced by the 

esults for the absolute relative error between the estimated and 

xact optimal expected value, with the Q-learning algorithm esti- 

ating the optimal expected value within an error of 0.05. The be- 

aviour of the value convergence is typified in Fig. 5 , which shows 

he accuracy per iteration for each of the 10 representative starting 

tates. The Q-learning estimate achieves an accuracy of over 90% 

n under 20 0,0 0 0 iterations (that is, during the pure exploration 

hase), and then shows marginal improvements to this accuracy 

ver the remaining iterations. 

Table 1 shows that for most initial states, the Q-learning algo- 

ithm converges to a single estimate of the optimal action. Excep- 

ions are initial states 2, 3, 5 and 6, where the estimates fluctu- 
588 
te between two or three alternatives as the iterations progress. 

ven in these cases, the optimal action from the exact solution 

s one of the estimates. To provide additional context to this con- 

ergence behaviour, the exact expected value which would be re- 

urned from taking a particular estimate of the optimal action 

denoted as V action est 
) is compared with V opt (the exact expected 

alue which is returned from taking the optimal action). Consider 

nitial state 2, as the iterations progress the Q-learning algorithm 

uctuates between returning actions 1 and 16 as the estimated 

ptimal action. The exact optimal solution is action 16. The ex- 

ct expected value returned by taking action 1 from initial state 

 is 99.85% of the optimal expected value which can be returned 

or this state (and would be achieved by taking action 16). The re- 

ults in Table 1 show that in situations where Q-learning does not 

onverge to a single estimate of the optimal action, then the sub- 

ptimal alternative actions would still return an expected value 

ithin 1.7% of the optimal expected value. Furthermore, additional 

nalysis conducted, but not shown, reveals that for initial states 7- 

0 the next-best alternative to the optimal action would return an 

xpected value less than 96% of the optimal expected value, and in 

ach of these cases the Q-learning algorithm successfully returns a 

ingle optimal action estimate. 

As an extension to the above comparison, we also briefly com- 

are the performance of the Value Iteration and Q-learning algo- 

ithms for average (rather than discounted) value. Eqs. (2) –(8) fea- 

ure the discount factor γ . This is a mechanism commonly used 

n industry to equate decisions over long timescales, where deci- 

ion outcomes could be realised immediately or in several years 

ime. For values of γ close to zero, the effect on the model will be 

hat more expensive decisions are delayed into the future (where 

he financial impact of these decisions are reduced due to the scal- 

ng by γ ). However, a γ value close to one provides a more equi- 

able comparison between immediate and future decisions. In the 

nvestigations presented in Table 1 and Fig. 5 , γ = 0 . 9988 . A nat-

ral extension to these investigations is therefore to consider an 

verage-value formulation of the problem, setting γ = 1 . Average- 

alue MDPs have been widely studied in the literature, in both 

nite- and infinite-horizon formulations. Employing a Q-learning 

ormulation for an average-value MDP based on Gosavi (2004) , 

he Q-learning and Value Iteration performance on calculating the 

verage-value is presented in Table 2 . All other parameters are the 

ame as in the previous investigations. It is clear that the perfor- 

ance of the Q-learning algorithm is more varied on the average- 

alue problem, with absolute relative errors ranging from 0.0034- 

.2682. The same features as discussed for Table 1 are also evident, 
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Fig. 5. Error (as % of the optimal expected value) in every 10 , 0 0 0 iterations for each representative starting state. 

Table 2 

Comparison between Q-learning and Value Iteration calculations of average- 

value for 10 starting states. The errors are defined as | V est − V opt | / | V opt | . 
Initial state Error action opt action(s) est V action est 

/V opt 

1 0.2682 1 1 10 0 . 0 0% 

2 0.2355 16 16 10 0 . 0 0% 

3 0.0461 15 15 10 0 . 0 0% 

16 99 . 51% 

4 0.0093 14 15 98 . 32% 

16 97 . 73% 

5 0.0045 13 13 10 0 . 0 0% 

14 99 . 44% 

15 97 . 04% 

6 0.0436 12 12 10 0 . 0 0% 

7 0.2444 11 11 10 0 . 0 0% 

16 95 . 91% 

8 0.1687 10 10 10 0 . 0 0% 

16 95 . 97% 

9 0.0344 9 9 10 0 . 0 0% 

15 95 . 96% 

16 95 . 65% 

10 0.0034 8 8 10 0 . 0 0% 
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a
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ith the algorithm fluctuating between several actions for some 

tarting states. In each case, however, the actions proposed by the 

-learning algorithm would provide an average value within 5% of 

he optimal value. 

.4. Findings from unit level analysis 

With such a large state-space it is challenging to meaningfully 

isplay the optimal service and overhaul policies through time for 

he unit model. At a high-level both service and overhaul optimal 

olicies can be categorised into three groups: logical – the mill 

ith the poorest performance or condition state, respectively, is 

lways maintained; consistent – the maintained mill is consistent 

hrough time, but has better performance or condition state, 

espectively, than another mill in the unit; or varying – the mill 

elected for maintenance transitions between the logical and 

onsistent selections as the planning horizon increases. From the 

erspective of the PCM modelling framework, the most interesting 

spect of these optimal policies are the trade-offs being made 

etween (short-term) performance and (long-term) condition. To 

llustrate transitions in the balance of these trade-offs between 
589 
ifferent states, consider Fig. 6 which focuses on four alternative 

nit states that each comprise of mills with similar performance 

evels and identical condition levels. The four unit states have the 

ame high level of total unit condition (summing the individual 

ondition of the eight mills), and have slightly different degrees 

f total unit performance (summing the individual performance of 

he eight mills). Within each unit, five of the mills are identical 

nd these are depicted in Fig. 6 (a). Three mills are offline and the 

ther two are operating at full performance but with reduced con- 

ition levels. The remaining three mills are depicted in Fig. 6 (b). 

hese remaining mills all have the highest level of condition, but 

heir performance is either at reduced or full levels. 

When all three mills have full performance (bottom row) then 

he total unit performance is not so critical, and the logical optimal 

olicy is pursued – to maintain the mill shown in Fig. 6 (a) with 

oor condition but full performance. We contrast this with the top 

ow of Fig. 6 (b) where the three distinguishing mills all have re- 

uced performance. For this unit, the consistent optimal policy is 

o always maintain the mill shown in Fig. 6 (a) with good con- 

ition but offline performance, leaving the mill with poor condi- 

ion online in order to sustain the full performance that this mill 

an provide. When the three distinguishing mills have a combi- 

ation of full and reduced performance (middle two rows), then 

s the planning horizon progresses the optimal policy transitions 

rom the logical to the consistent approach, as the long-term ad- 

antages from enhanced condition become less valuable than sus- 

aining performance in the short term. 

This visibility and exploration of the optimal service and over- 

aul policies at the unit level is a key benefit to maintainers at 

he plant. By implicitly modelling the operator actions, the com- 

lex balance between operation and maintenance throughout the 

lanning horizon is evaluated. Situations can then be identified 

here the intuitively logical maintenance approach is sub-optimal, 

nd where an alternative trade-off between condition and perfor- 

ance (evolving through time as appropriate) will probabilistically 

rovide greater returns. 

. Plant level maintenance optimisation 

We now extend the unit MDP model to the joint optimisation 

t the plant and unit levels to support the plant manager develop 

 comprehensive maintenance strategy. 
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Fig. 6. Selection of four similar unit-states to illustrate the variation in optimal overhaul actions. Five mills are constant across the four unit-states and these are displayed 

in (a). The states of the remaining three mills are shown in a separate row of (b) for each unit-state, shaded with respect to the corresponding optimal overhaul policy. 
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.1. MDP model for set of generating units 

The decision choices are made over two timescales with the 

verhaul decisions taken on a five-week basis, and service de- 

isions taken on a weekly basis. The logistical constraint that a 

nit cannot receive two maintenance actions simultaneously al- 

ows this decision problem to be framed as a multiple time-scale 

DP, where the decision of which unit to overhaul considers the 

xpected value of the optimal service actions which could be per- 

ormed at the same time. Full details of an MDP with decisions 

ade over multiple time-scales are given in Chang, Fard, Marcus, 

nd Shayman (2003) . As discussed earlier, the effect of any mainte- 

ance decision on the state of the plant is dependent on the states 

f the individual units, therefore maintenance decisions are made 

t plant level. The complexity of this problem can be somewhat re- 

uced by recognising that the operation and degradation of a mill 

s dependent only on the other mills in the same unit, rather than 

ll mills at the plant. The transitions of a single unit can be consid-

red as independent from the other units and can be described as 

efore. Let the state of the plant be defined as x P = { x 1 , x 2 , x 3 , x 4 } ,
he combined states of the four units. Then let x b denote the state 

f the unit to be overhauled and x c , x d , x e denote the states of the

ther three units, such that the set { b, c, d, e } is a particular order-

ng of the set { 1 , 2 , 3 , 4 } . This decision problem can intuitively be

xpressed as: decide which unit the overhaul crew should main- 

ain; for each week during the overhaul decide which of the other 

hree units the service crew should maintain. Overhaul and service 

ecisions are each valued by taking account of the value gained 

rom the maintained unit as well as the value gained from not 

aintaining the remaining units. At the beginning of an overhaul 

eriod the optimal action is therefore identified by giving full con- 

ideration to the impact of an overhaul action on all four units 

nd the associated values. For the overhauled unit, there will be 

 period of five weeks where no other maintenance is performed, 

nd for the remaining three units there will be a period of five 

eeks where services are optimally allocated between these three 

nits according to the respective values of each service decision. 

t each time-step, the optimal expected value of a service is calcu- 

ated for each unit along with the value accrued under no mainte- 

ance. The expected value for a generic unit b during an overhaul, 

nd a generic unit c during a service and no maintenance are de- 

ned respectively from Eqs. (4) , (2) and (3) as 

 

UO 
i (x b | x P ) = V 

∗
i (x b | x P ) , (9) 
O O 

590 
 

US 
i S 

(x c | x P ) = V 

∗
i S 
(x c | x P ) , (10) 

 

UN 
i S 

(x c | x P ) = V 

∗
i S 
(x c | x P ) . (11) 

here x b | x P denotes the unit state x b given that the state of the

lant is x P , the subscript i O signifies this decision is made over the 

ve-week time-scale of an overhaul and the subscript i S signifies 

his decision is made over the one-week time-scale of a service 

ction. 

The optimal service decision is then identified by maximising 

he return from performing a service on one of the three units, 

nd no maintenance on the other two units. That is, 

 

UT 
i S 

(x c , x d , x e | x P ) = max 

⎧ ⎪ ⎨ 

⎪ ⎩ 

V 

US 
i S 

(x c | x P ) + V 

UN 
i S 

(x d | x P ) + V 

UN 
i S 

(x e | x P ) ,

V 

UN 
i S 

(x c | x P ) + V 

US 
i S 

(x d | x P ) + V 

UN 
i S 

(x e | x P ) ,

V 

UN 
i S 

(x c | x P ) + V 

UN 
i S 

(x d | x P ) + V 

US 
i S 

(x e | x P ) . 

(12) 

his value calculation is repeated for each week during the over- 

aul period to give V UT 
i O 

(x c , x d , x e | x P ) . The expected value from per-

orming an overhaul on a unit b is then defined as 

 

U b 
i O 

(x P ) = V 

UO 
i O 

(x b | x P ) + V 

UT 
i O 

(x c , x d , x e | x P ) . (13) 

his entire process is repeated as the expected value of an overhaul 

n each unit is calculated and compared to identify the maximum 

xpected value which can be obtained from all four units. The op- 

imal overhaul and service actions at time-step i O are then found 

y calculating 

 

U ∗
i O 

(x P ) = max { V 

U 1 
i O 

(x P ) , V 

U 2 
i O 

(x P ) , V 

U 3 
i O 

(x P ) , V 

U 4 
i O 

(x P ) } . (14) 

Solving Eq. (14) would generate a state-space which is the 

ross-product of each individual unit state-space, defined as (
N c N p + N m −1 

N m 

))4 

when the aggregation method is applied. For four 

nits of eight mills each with four levels of condition and three 

evels of performance, the state space required would be over 3 ×
0 19 ; simply enumerating each state would require a vast amount 

f memory and so implementing an MDP of this size is infeasible. 

herefore it is necessary to simplify the model described above, 

nd this is achieved here by removing the impact from a mainte- 

ance decision upon units which are not maintained by this action. 

hat is, the dependence on the plant state is removed from the 

ight-hand side of Eqs. (9) –(13) . By assuming that each unit will 
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e maintained in the same manner regardless of the states of the 

ther units, there is no need to consider the full state-space of the 

lant model and the maintenance of each unit can be considered 

eparately by a unit level maintenance model. The unit level model 

s particularly appropriate for this purpose as this model addition- 

lly gives consideration to all four units through the assumption 
Overhaul Unit b:
 E.V. = £1001.909M

Overhaul Unit c:
 E.V. = £1001.929M

Offline Reduced Full Offline Reduced Full

Failed

Poor

Good

Restored

Failed

Poor

Good

Restored

Failed

Poor

Good

Restored

Failed

Poor

Good

Restored

Perfo

C
on

di
tio

n

Action No maint. Overhaul

ig. 7. Visualisation of the four high-level maintenance options (overhaul of each alternat

equence of service actions over a three-week period. The rows show the maintenance 

ptions. Each mill is represented in terms of its condition and performance states, and t

he value of each overhaul decision is calculated from Eq. (16) and the sequencing of ser

591 
hat resources are evenly distributed throughout the plant, gener- 

ting a maintenance sequence which allows for all four units to 

e maintained. Applying this model at a plant level results in the 

aintenance of each unit being described by a staggered version of 

he single-unit model such that the periods of overhaul and service 

or each unit do not coincide with maintenance periods on any of 
Overhaul Unit d:
 E.V. = £1002.112M

Overhaul Unit e:
 E.V. = £1002.363M

U
nit b

U
nit c

U
nit d

U
nit e

Offline Reduced Full Offline Reduced Full
rmance

Service wk1 Service wk2 Service wk3

ive unit), each represented by the different columns, along with the corresponding 

actions that are carried out on each mill within a unit, under the four high-level 

he shape associated with the mill signifies the corresponding maintenance action. 

vice actions is determined from Eq. (15) . 
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he other units. To achieve this, the single-unit model is combined 

ere with a heuristic framework which enables all four units to be 

onsidered simultaneously for minimal increase in computational 

equirements. Appendix A provides further details, discussion and 

ustification of this heuristic framework. 

.2. Findings from plant level analysis 

An example of the plant level decision support provided to 

aintainers is illustrated in Fig. 7 . A visual comparison of the four 

verhaul options is given where the value of each overhaul deci- 

ion is calculated from Eq. (16) and the sequencing of service ac- 

ions determined from Eq. (15) . Each option informs a maintainer 

hich unit and mill would be overhauled at a particular week, and 

hich unit and mill would be serviced this week and for each of 

he next two weeks. The four unit states considered in this exam- 

le are the same states considered in Section 4.4 and Fig. 6 , and so

here are small but significant differences in the mills that com- 

rise each unit. The decision is modelled with approximately three 

ears of operating life remaining; the timing of the decision was 

elected in order to provide a balance between the states of the 

ills which would be overhauled under each option. 

Fig. 7 shows the optimal policy in the right-hand column: over- 

aul unit e and service in the order unit b, unit c then unit d. Intu-

tively this seems sensible. The comparatively poorer performance 

f units b, c and d is improved through services, and these are pri- 

ritised in terms of the poorest performance. Unit e performs best 

etween the four units, and the condition of the unit is enhanced 

y overhauling the mill with the poorest condition. Comparable in- 

ormation can be extracted for any unit states at any stage in the 

lanning horizon, to provide maintainers with a holistic approach 

o scheduling the plant maintenance operations. 

The plant level maintenance model is based on the default as- 

umption that the maintenance of each unit follows a defined se- 

uence such that maintenance actions are distributed evenly be- 

ween the four units. Any decision which results in a deviation 

rom this sequence of actions indicates that the model is making 

 trade-off between long-term maintenance value and short-term 

perational value. For example, if a particular unit is identified to 

eceive subsequent overhauls then, for this unit, the model has de- 

ermined that short-term value should be sacrificed for long-term 

ain – performing a second overhaul will lose value over the du- 

ation of the overhaul, however, this has been outweighed by the 

ong-term value expected to be gained by improving the state of 

he overhauled mill. 

. Conclusions and further work 

Motivated by the industry example and in light of the exist- 

ng literature, we have developed a novel theoretical framework for 

erformance centered maintenance (PCM) which explicitly consid- 

rs the operational performance and the condition of an asset. We 

xplain the core concepts of PCM and articulate the reasoning un- 

erpinning the general modelling framework. The framing of the 

odel to provide decision support to both maintainers and opera- 

ors is key since the intent is to generate optimal policies that take 

ccount of both perspectives. 

Through the industry problem we show how a PCM model 

ight be developed in detail. We explain how we have abstracted 

he key characteristics of our system to translate the engineer- 

ng descriptions and experiential understanding into statements of 

ssumptions that allow us to represent the problem mathemati- 

ally. Key modelling choices are discussed, including issues such 

s the level of modelling within the system hierarchy to appro- 

riately capture the condition and performance relationship. Given 

he characteristics of our particular case, we have selected an MDP 
592 
s the means of modelling sequential decisions under uncertainty. 

e developed both heuristic and exact approaches to maintenance 

ptimisation giving two options for computation to a model user. 

hrough experimentation we have shown new results about the 

elative accuracy of a Q-learning algorithm for an industrial scale 

aintenance problem. We acknowledge that future numerical ex- 

eriments of a wider set of algorithms/PCM models would allow a 

uller examination of computational solutions. We also discuss the 

ey insights gained using our model and the implications for the 

aintainers at the power plant by providing an overview of find- 

ngs from analysis based on the real data. 

Our detailed modelling of the power plant not only shows how 

he PCM concept can be translated to a real problem, but it also 

llows us to gain new scientific knowledge about both the model 

erformance and the accuracy of methods used to find optimal 

olicies. Of course, our model is based upon the assumptions made 

or this particular application. Naturally other modelling choices 

ould have been made, and these would arrive at an alternative 

tructuring of the power plant maintenance problem. There is no 

equirement that the mathematical model be constrained to an 

DP within the PCM framework. 

Future work will focus on extending the existing modelling us- 

ng the broad MDP framework while relaxing key modelling as- 

umptions. Within our modelling, we have assumed that the ma- 

hine state is continuously monitored and degrades in discrete 

ime steps, and that monitoring information can accurately reveal 

he machine state. More realistically, the transitions are likely to 

e dependent on the duration for which a machine has been in a 

articular state, and the monitoring information will provide im- 

erfect information. As such, we could extend the MDP used to a 

artially Observable Semi Markov Decision Process, similar to that 

sed in Zhang and Revie (2017) . This would allow more accurate 

ransition rates to be used and for uncertainty in the machine con- 

ition and performance to be modelled, so that the generated op- 

imal maintenance policy is more closely tailored to the real appli- 

ation. 

The current model assumes that operators always try to max- 

mise demand; in reality, there are two ways this aspect could be 

xtended. First, demand will fluctuate throughout the year to re- 

ect the rise and fall in the use of renewable energy. Forecasting 

odels could be used to extract the underlying trends from his- 

orical data, and this demand-series could then be incorporated as 

n input to the maintenance modelling. Second, instead of treating 

emand as fixed or random, we could consider demand as a con- 

rollable variable. On occasions, given the operating conditions and 

equirements on revenue generation, it is conceivable that restrict- 

ng power production for a sustained period would reduce the risk 

f a critical failure. Incorporating such operator decisions into the 

odel in addition to the maintenance decisions would provide a 

ore holistic approach to managing assets, and would therefore 

nhance the true value of decision making support provided by 

he modelling. One approach to achieve this would be to include a 

hird decision-making timescale to the model, where the operator- 

ased production decisions are made at a higher frequency than 

oth types of maintenance decision. This inclusion would sub- 

tantially compound the dimensionality challenges of the current 

odel, and would further drive the development of computation- 

lly tractable solution approaches. 
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Fig. 8. Variation in optimal service maintenance actions between consecutive weeks, throughout a 10-year planning horizon. 
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ppendix A. Plant level heuristic framework 

The heuristic framework for the plant level model introduced 

n Section 5 provides sufficient simplification of the problem to en- 

ble a tractable solution to be computed. This model is based upon 

 fundamental assumption which is demonstrated in Fig. 8 . 

Fig. 8 displays the percentage of states for which the optimal 

ction for a service is different to the optimal action at the pre- 

ious iteration. It is clear that for the vast majority of states the 

ptimal service action does not vary from one week to the next 

less than 2% of states varying at any given week). During the first 

ew iterations (that is, the final weeks of the planning horizon), for 

ome states there is no service action that can yield a reward, and 

or these states the option of doing no maintenance is preferable. 

s the planning horizon increases, however, the benefits of a main- 

enance action are more likely to be realised. This is the main rea- 

on for the higher levels of variation shown over the final weeks 

n Fig. 8 . In subsequent iterations the optimal service will typically 

arget the mill which can yield the greatest improvement in pro- 

uction over the remainder of the planning horizon, however, for 

ome states alternative mills are periodically being selected for the 

ervice action. The effects of this are the non-zero levels of settled 

ariation as the planning horizon increases. Investigations have re- 

ealed that in cases where this variation is evident throughout the 

lanning horizon, the optimal service policy for a state cycles be- 

ween servicing two alternative mills, and that these cycles are 
593 
tructured periodically around the weeks where an overhaul de- 

ision is available. This indicates that for a small number of states, 

he optimal choice of which mill to service consistently varies in 

he period between overhaul decisions. Although different variants 

f the cyclic pattern are observed, the pattern will typically be con- 

istent throughout the majority of the planning horizon for a given 

tate. This explains the relatively consistent patterns of variation 

hat are observed in Fig. 8 from week to week. 

The heuristic framework implemented here capitalises on this 

uasi-steady-state maintenance policy by making the fundamen- 

al assumption that the optimal service maintenance decision will 

ot vary from one decision time-step to the next for all mill-unit 

tates. Under this assumption, if the sequence of maintenance ac- 

ions outlined in Section 4.1 is slightly perturbed the effect on fu- 

ure maintenance decisions will be minimal. For example, a service 

ction which is identified as optimal under the sequence ( perform 

 service, do no maintenance, do no maintenance ) is assumed to be 

imilarly optimal under the sequences ( do no maintenance, perform 

 service, do no maintenance ) and ( do no maintenance, do no main- 

enance, perform a service ). The optimal service actions found for 

ach state at a given iteration from the generic single-unit model 

an therefore be applied to each of the three mill-units which are 

ot currently being overhauled, as the optimal service for a given 

nit-state is assumed to remain constant regardless of whether the 

ervice is performed in the first, second or third week. This allows 

he maintenance of all three units to be considered simultaneously 
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or a fraction of the computational demand that would be required 

o consider each mill-unit explicitly. 

As in Eq. (12) , the problem of identifying the optimal unit to 

ervice requires consideration of the impact of this choice on the 

erviced unit as well as the impact upon the remaining two units. 

rom consideration of Eq. (12) , the value gained from servicing a 

articular unit can be expressed as the difference in value between 

oing no maintenance or completing the service; however, calcula- 

ion of this value gain would require storage of an additional ma- 

rix to record specifically the value under no maintenance which 

ake the computational burden even more challenging. Given the 

aintenance sequence associated with the single-unit model, an 

lternative approach is to consider the value gain as quantifica- 

ion of the urgency of servicing each unit – the value gained from 

erforming a service on a given unit immediately, and the value 

ained from performing this service in the second or third week. 

or simplicity these values are approximated here by the value 

ained through performing a service on a particular state from one 

eek to the next. For each state this value gained can be expressed 

s 

(x ) = V 

∗
i (x ) − V 

∗
i −1 (x ) , for i ∈ I SM 

, (15) 

nd the optimal order for services over a three week rotation is 

hen obtained through a greedy heuristic where the order of units 

erviced is c, d, e such that g(x c ) ≥ g(x d ) ≥ g(x e ) . A more refined

pproach could perform a separate run of the single-unit model 

here the sequence of maintenance used is instead ( do no mainte- 

ance, do no maintenance, perform a service ). This would give an ac- 

urate representation of the value obtained from delaying a given 

ervice till the end of the three week period and could therefore 

e used in conjunction with the value obtained from the initial 

un of the model to provide the optimal order for services. Over 

 three week period, however, these values can be expected to be 

xtremely similar with any differences arising due to the increased 

enefit of performing a service as soon as possible. As these bene- 

ts will be maximised for units with a relatively low value prior to 

eceiving a service, the underlying variation in these values is cap- 

ured through the gain measure defined in Eq. (15) . The extra com- 

utational effort required to perform a second run of the model is 

herefore unlikely to be merited by the additional accuracy gained 

hrough this run. 

Taking a similar approach to define the optimal sequence of 

verhaul actions could be problematic in that the value of a unit 

an be expected to vary substantially over a 20-week period. The 

ptimal overhaul action at a given time is therefore identified by 

alculating the expected value of performing an overhaul on each 

nit in terms of the impact of this action on all units. The value of

his action is essentially a combination of the value obtained from 

verhauling a particular unit and the value obtained from not over- 

auling the remaining three units. For this purpose the single-unit 

odel described in Section 4.1 is evaluated under two sequences 

f twenty-week maintenance decisions: { perform an overhaul , fol- 

owed by five repetitions of ( perform a service, do no maintenance, 

o no maintenance )} and {five repetitions of ( perform a service, do 

o maintenance, do no maintenance ), followed by perform an over- 

aul }. These sequences represent respectively, V UO 
i 

(x ) defined by 

q. (9) , the expected value of choosing to do an overhaul at this 

ecision, and V U ̄O 
i 

(x ) , the expected value from the worst case sce-

ario when an overhaul is not chosen at this decision and it is 

ecessary to wait 15 weeks to perform the overhaul. The expected 

alue obtained from choosing to overhaul unit b is then defined 

imilarly to Eq. (13) as 

 

UX b 
i 

(x P ) = V 

UO 
i (x b ) + V 

U ̄O 
i (x c ) + V 

U ̄O 
i (x d ) + V 

U ̄O 
i (x e ) , for i ∈ I OM 

. 

(16) 
594 
y considering the value of the three units not overhauled as if 

hese were all overhauled in fifteen weeks time, the true value ob- 

ained by performing an overhaul in five, ten, and fifteen weeks 

ime is guaranteed to be greater than the expected value calculated 

bove. In a similar vein to Eq. (14) the optimal overhaul action is 

hen identified by calculating 

 

UX ∗
i (x P ) 

= max { V 

UX 1 
i 

(x P ) , V 

UX 2 
i 

(x P ) , V 

UX 3 
i 

(x P ) , V 

UX 4 
i 

(x P ) } for i ∈ I OM 

. (17) 

n addition to identifying the optimal overhaul to perform at 

his decision-time, Eq. (16) can be used to generate a prob- 

ble sequence of overhauls over the next twenty-week pe- 

iod as units b, c, d, e such that V 
UX b 
i 

(x P ) ≥ V UX c 
i 

(x P ) ≥ V 
UX d 
i 

(x P ) ≥
 

UX e 
i 

(x P ) . When it is desirable to explicitly identify the optimal 

verhaul action at the beginning of each five-week overhaul period, 

erforming repeated runs of the single-unit model under appro- 

riate manipulations of the two maintenance sequences outlined 

bove will enable a similar approach to be taken. 

The heuristic for the plant level maintenance then comprises a 

wo-level algorithm which operates on the output from the single- 

nit model at a given decision-epoch – the expected value and 

he optimal maintenance policy for each mill-unit state. The first 

evel identifies the optimal unit to be overhauled at this time as 

dentified by Eq. (17) ; the second level then identifies through 

q. (15) which order the remaining three units should be serviced 

n to maximise the expected value. 
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