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Chapter 1

Introduction

Companies rely on capital goods to deliver services and produce goods (van Hou-

tum and Kranenburg, 2015). Examples of capital goods that are referred to in this

thesis are heating, ventilation, and air-conditioning units (HVACs), professional

printers, sewer pipes, and power plants. Non-functioning capital goods lead to low-

quality service and production or, even worse, a halt of services and production un-

til the capital good is restored. Downtime costs of a capital good can be of the order

of 50% of the total life cycle costs (Öner et al., 2007). To avoid loss of quality and

downtime, companies rely on maintenance and replacement strategies. Lifetime

maintenance costs are often significant, e.g., roughly equal to the acquisition costs

of a capital good (Öner et al., 2007). A sector that relies heavily on capital goods

is manufacturing. Jardine and Tsang (2013, p. 7) mention: “In the manufacturing

sector, 15% to 40% of total manufacturing costs are maintenance related.”

The remainder of this chapter is structured as follows. Section 1.1 introduces

physical asset management and covers two technology trends that affect asset man-

agement. Section 1.2 discusses the methodologies used in this thesis to model

decision-making. Section 1.3 describes the problems studied in this thesis and the

scientific contribution of each chapter. Section 1.4 outlines the thesis.

1.1. Background

Physical asset management, hereafter simply denoted as asset management, aims to

maximize the value of capital goods by smart operations, maintenance planning,

and technology selection (Jardine and Tsang, 2013). Asset management decisions
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are made at strategic, tactical, and operational levels. Strategic decisions are made

while taking a long horizon into account, i.e., they affect multiple years or decades.

An example of a strategic decision is the choice by a power producer of what

generation capacity to install. This is a decision that needs to align with the

company’s vision and long-term market trends. Tactical decisions are made while

taking a medium horizon into account, i.e., they influence operations from months

up to a few years. An example of a tactical decision is what sensor read-outs

should trigger inspections and maintenance. Canon Production Printing (CCP)

and Dutch Railways (NS) have started to use (temperature) sensors to monitor

assets’ conditions and trigger interventions. CPP produces professional printers

and provides after-sales support to maximize uptime for its clients. Temperature

sensors in printers are one way they assess the printers’ conditions. NS uses

temperature sensors to identify failed heating, ventilation, and air-conditioning

units (HVACs) in trains. We return to maintenance optimization for printers and

HVACs in Chapters 2 and 3, respectively. Operational decisions are made while

taking a short horizon into account, i.e., day-to-day or week-to-week decisions.

An example of an operational decision in underground asset management is what

damages to repair when maintaining a sewer pipe. A sewer pipe may have multiple

types of damage. Engineers determine what damages to maintain once they reach

the sewer pipe. The topic of sewer pipe maintenance returns in Chapter 4.

Technological progress affects asset management decisions at the operational, tacti-

cal, and strategic levels. This thesis concerns challenges and opportunities in asset

management due to technological progress. We focus on two trends. The first trend

is the increasing use of technologies, such as sensors, to monitor capital assets’ conditions.

The second trend is the increasing adoption of sustainable technologies by companies and

other organizations. Examples of technologies that are often considered sustainable

are solar panels and wind turbines. This is because these technologies generate

electricity without emitting CO2.

The first trend, the increasing use of technologies, such as sensors, to monitor capital

assets’ conditions, can lead to a significant productivity increase for asset owners.

Manyika et al. (2015) estimate that factories worldwide can have a joint economic

benefit of 577 billion US dollars if they use this information to schedule maintenance

effectively. Sensors and inspections can monitor a capital good’s condition and aid

in tactical and operational decisions. Maintenance based on a system’s condition is

called condition-based maintenance (CBM). The challenge remains how to best use the
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information obtained from sensors to plan maintenance. Often, sensor information

does not provide complete condition information of a capital asset (Eggertsson

et al., 2023, 2024b). In this case, the asset owner is said to have incomplete information

about the asset being monitored.

Even with incomplete information, maintenance can be optimized. De Jonge and

Scarf (2020, p. 805) define maintenance optimization as “. . . the development and

analysis of mathematical models aimed at improving or optimizing maintenance

policies.” We differentiate between two types of incomplete information: no and

partial information. In the case with no information, the decision maker needs to

infer what action to take based on the last time an intervention took place, for

instance, a replacement or inspection. From that information, a likely next moment

for an intervention can be estimated. In the case with partial information, the decision

maker receives some, but not complete, information on the capital good’s condition.

Chapters 2 and 3 of this thesis consider maintenance optimization with partial

information obtained from a temperature sensor. In both chapters, the temperature

sensor does not give full system information but provides some insight into its

functioning. Chapter 4 considers maintenance optimization for a sewer pipe where

condition information is only obtained via costly inspections. In periods without

intervention, no information is obtained.

The second trend, the increasing adoption of sustainable technologies by companies and

other organizations, leads to a technology selection problem for companies. Technol-

ogy selection problems arise when a company has multiple technologies to select

from but can only install a limited number. When selecting a technology, the

company must balance environmental, financial, and other considerations. Envi-

ronmentally, a company must consider the total environmental impact related to a

technology and future policy that may affect the use of the technology. Financially,

the company must balance acquisition and long-term maintenance costs with the

potential profit the technology can generate. Choosing the right technology is

especially important because it is often hard to switch technologies after acquiring

one. Chapter 5 considers the technology selection problem for a power producer.

1.2. Methodology

To study how asset owners can improve their decisions while considering un-

certainty, we model problems observed in practice as sequential decision-making
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Markov process Markov decision process

Hidden Markov model
Partially observable

Markov decision process

Add incomplete 
information

Add action and reward 
framework

Add incomplete 
information

Add action and reward 
framework

Figure 1.1: Relation between MPs, HMMs, MDPs, and POMDPs.

frameworks (Puterman, 2005; Krishnamurthy, 2016). These frameworks consider

the stochastic evolution of the asset’s condition, potentially the stochastic evolution

of the environment or world’s state, the actions the asset owner can take to influence

the asset’s condition, and the costs and rewards associated with these actions.

Figure 1.1 visualizes the relation between the frameworks.

To model the stochastic evolution of an asset’s condition, the environment, or the

world’s state, we use Markov processes. A Markov process (MP) describes the

stochastic evolution of a system over time (Puterman, 2005). It consists of states

and transition probabilities. In the context of maintenance, the states describe all

condition states that are included in the model. The transition probabilities determine

the likelihood of moving from one state to the next. A Markov process satisfies the

Markov property; the evolution of the process only depends on the current state and

the time between state transitions (possibly to the same state) occurs at fixed or

exponentially distributed intervals (Puterman, 2005).

We describe an application of an MP to maintenance. Consider an HVAC used in

trains and classify the conditions it can be in as functioning, faulty, and failed. If the

transition probabilities between these states are determined, then this MP describes

the degradation of HVAC over time.

Markov decision processes (MDPs) are an extension of MPs that include a reward and

action structure (Puterman, 2005). An action structure adds decision moments to

a Markov process such that after each state transition, the decision-maker chooses

an action, which may affect the transition probabilities to the next state. Further-

more, to each starting state, action, and end state, a reward is assigned. The goal
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of the decision-maker is to obtain the maximum expected reward through smart

action selection. In maintenance optimization, costs are often minimized instead of

rewards maximized. Cost minimization problems can be reformulated as reward

maximization problems by redefining costs as negative rewards.

We can extend the previous example of the HVAC to an MDP by allowing a

decision-maker to either perform no intervention or a maintenance intervention just

after a state transition occurs. A cost structure can be introduced to this problem by

assigning a penalty to being in the failure state; this represents the cost of downtime

and the cost of maintaining the system.

Both MPs and MDPs can be extended to incorporate incomplete information. A hid-

den Markov model (HMM) is an MP with indirect state observations (Krishnamurthy,

2016). In an HMM, an observation is made every period that stochastically relates to

the system’s state just after the transition to a new state. From past observations,

a probability distribution can be inferred that gives the likelihood of being in each

state. This probability distribution is called a belief or belief state. An MDP that is

extended to include incomplete information is called a partially observable Markov

decisions process (POMDP) (Krishnamurthy, 2016). In this case, decisions are based

on the belief state.

Continuing with the HVAC example. If the HVAC’s condition is monitored with a

sensor that only gives partial state information, and the asset owner needs to judge

their maintenance decisions on the information from this sensor, then a POMDP can

be formulated to model this problem. This is a simplified version of the problem

we consider in Chapter 2.

Before performing further analysis of an MDP or POMDP, its parameters need to

be estimated. We address the empirical estimation of parameters in Chapters 4

and 5. Chapter 4 shows how these parameters can be established for a POMDP

in a case study based on sewer pipes. Chapter 5 shows how these parameters can

be established for an MDP in a case study based on power production technology

selection. In particular, Chapter 5 shows how hour-to-hour operational decisions

can be used to estimate rewards over longer periods for a power plant operated by

a utility company. These estimated rewards inform a power producer’s strategic

decisions. In the next section, we explain this in more detail.

For MDPs and POMDPs, the goal is to find for each (belief) state the action(s) that

maximize the expected reward or minimize the expected cost associated with the
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Tactical

Strategic

Chapter 2 Chapter 3 Chapter 4

Chapter 5

Case study

Figure 1.2: Relation between the chapters.

decision maker’s actions. This pairing between (belief) states and actions is called

the optimal policy. In our research, we aim to find the optimal policy for four decision

problems.

In Chapters 2, 3, and 4, we formulate maintenance problems as POMDPs for opti-

mization. In Chapter 5, we formulate a technology selection problem in an MDP

framework for optimization.

1.3. Research topics and contributions

This section introduces the four research topics we study in this thesis. The first

three research topics concern maintenance optimization under incomplete informa-

tion. These three topics are covered in Chapters 2, 3, and 4. For a thorough review

of the literature on maintenance optimization, we refer the reader to de Jonge and

Scarf (2020). The maintenance optimization problems we consider concern tactical

decisions. The last research topic is covered in Chapter 5 and concerns technology

selection. Technology selection is a strategic decision problem. All four topics are

inspired by practice. Chapters 4 and 5 include case studies based on empirical data.

The relation between the chapters is shown in Figure 1.2.

The first research topic is inspired by inspection and maintenance optimization for

train HVACs. Our company partner, Dutch Railways, brought it to our attention.

Dutch Railways has started using temperature data to assess HVAC functioning

and wants to improve maintenance using this new information. In our research,

we focus on the cooling function of an HVAC. An HVAC with a non-functioning

cooling function can be identified if outside temperatures are high since then the
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cabin temperature will rise above expected levels if it is not cooled. Furthermore,

the cabin temperature does not perfectly reflect the state of the HVAC’s cooling

function as natural temperature fluctuations occur. This leads to a problem where

the HVAC’s condition information is incomplete and environment-dependent (i.e.,

different outside temperatures lead to more or less accurate condition information).

If Dutch Railways wishes to know the state of an HVAC with certainty, it can

perform a costly inspection. The challenge of jointly optimizing inspections and

maintenance leads to the following research topic.

Research topic 1: Inspection and maintenance optimization with environment-

dependent incomplete information.

To optimize maintenance and inspection planning with environment-dependent in-

complete information, we formulate a novel POMDP model. This model resembles

a model formulated by Ohnishi et al. (1986) and extends it with an environment.

Ohnishi et al. (1986) show that their model satisfies an at-most-4-region policy. An

optimal policy is said to have an at-most-4-region structure if it can be partitioned

into four parts on ordered sets of belief states, such that for all points in each part,

the same action is optimal. We show that the optimal policy of our POMDP has

a monotonic at-most-4-region structure for each environment state under certain

conditions. For the definition of this policy structure and the conditions that lead to

this structure, we refer the reader to Section 2.2. In a thorough numerical analysis,

we compare the optimal policy to two heuristic policies: a myopic and an aggregate

policy. This comparison shows that incorporating the environment can lead to more

than 10% cost savings compared to a model in which the environment is ignored. If

the environment changes slowly compared to the HVAC’s degradation process, the

myopic policy performs well, while if the environment moves quickly compared to

the HVAC’s degradation process, the aggregate policy performs well. We study this

research topic in Chapter 2.

The next research topic is inspired by Canon Production Printing. It was observed,

for a printer, that a single sensor could indicate that one of several components

was defective (Botman, 2017). Karabağ et al. (2020) study printer maintenance and

spare part selection optimization at Canon Production Printing. They assume a

deterministic relation between the degradation states of the system’s components

and the sensor’s signal. We do not include spare part selection but we do assume

a stochastic relation between the components’ degradation states and the sensor’s
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signal. This means that each degradation state can trigger different sensor signals

with a certain probability and that sensor signals observed during different peri-

ods may correspond to the same underlying degradation state. The problem of

optimizing maintenance in this setting leads to the following research topic.

Research topic 2: Maintenance optimization for a multi-component system with a

sensor signaling component defects.

Similar to the HVAC’s temperature sensor, the sensor on a printer gives stochas-

tic information about the asset’s condition. We consider the problem of multi-

component maintenance optimization with stochastic dependence between infor-

mation quality and components’ degradation states. To the best of our knowledge,

we are the first to consider this problem. Hence, we contributed to the literature on

maintenance optimization for multi-component systems. For a review of condition-

based maintenance for multi-component systems, we refer to Olde Keizer et al.

(2017). Compared to earlier work concerning maintenance optimization with in-

complete information, we introduce the more realistic ‘maintenance intervention’

action without assumptions about the replacement actions. Earlier work with a

‘maintenance intervention’ action did not allow for degradation state-dependent

replacements (see Section 3.2). Hence, we are the first to jointly optimize inspection

and component replacements. For the problem, we show that an at-most-3-region

structure holds, under certain conditions, instead of the at-most-4-region structure

commonly found in the literature. An at-most-3-region structure is similar to an

at-most-4-region structure, with the difference being that the optimal policy now

partitions in at most 3 regions instead of 4 on ordered sets of belief states. For the

definition of the at-most-3-region policy structure, we refer the reader to Section

3.4. We suggest how actions that lead to complete information during a period can

be used to improve algorithms used to solve POMDPs. We study research topic 2

in Chapter 3.

The third research topic is based on sewer pipe maintenance. It aids municipalities

with inspection, maintenance, and replacement optimization of sewer pipes. In

sewer pipe management, maintenance refers to all actions to improve a sewer pipe’s

condition without removing the pipe. Condition information can only be revealed

through inspection, i.e., there is no information without an inspection. Inspections

require visiting the sewer pipe and are costly. Hence, these need to be planned,

and if they are performed, the asset manager incurs a cost. This leads to the third
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research topic.

Research topic 3: Inspection, maintenance, and replacement optimization with

incomplete information for sewer pipes.

To study this research topic numerically, we introduce a novel inspection, main-

tenance, and replacement optimization model that includes replacement opportu-

nities and multiple failure modes. Earlier work on sewer pipe maintenance and

replacement optimization is by Kerkkamp et al. (2022). They focus on grouping

maintenance and replacement interventions. We focus on inspection, maintenance,

and replacement optimization, and in contrast to their work, we consider multiple

failure modes and only a single asset. A work close to ours is that by Wari et al.

(2023). They consider maintenance and replacement planning for oil and gas pipes.

They do not consider how to plan perfect inspections for pipes. We perform a

case study based on real-world data from Breda and parameters established with

industry professionals. Hence, this study contributes to the limited literature on

maintenance optimization case studies based on real-world data. We use an open-

source solver to analyze the case study and obtain managerial insights for sewer

pipe inspection, maintenance, and replacement optimization. This research topic is

addressed in Chapter 4.

The fourth research topic concerns technology selection for power producers. To

reach global climate targets, power producers need to switch to carbon-free energy

sources (International Energy Agency, 2022). Governments can motivate power

producers to make this switch by introducing regulation, such as a renewable portfolio

standard (RPS). An RPS penalizes the production of non-renewable energy and

rewards the production of energy through renewables. However, it needs to be

better understood how such regulation affects power producers (Parker et al., 2019).

This leads to the final research topic.

Research topic 4: The relation between technology selection and government regu-

lation.

What technologies a power producer decides to acquire depends on many factors,

including grid congestion, negative electricity prices, electricity price spikes, carbon

pricing, and the age and location of currently owned power-producing assets. In

Chapter 5, we consider a power producer that operates and maintains a power

plant and has the option to retrofit this power plant to another technology or to

abandon this power plant and build a power-producing asset at another location.
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Retrofitting uses the previously installed assets to lower the cost and construction

time of moving to a new technology compared to constructing the new technology

from scratch. Furthermore, it avoids building a grid connection at a new location,

leading to lower construction times. However, we observe that this may also lead

to technology trapping; a power producer does not switch to a new technology even

though the other technology is preferred over the current technology, where prefer-

ence may be dictated by a combination of factors, such as financial or sustainability

considerations. Technology trapping can occur when the power producer operates

a technology, and there is a high cost or high uncertainty related to switching to a

new technology.

Our work contributes to the extant literature in the following ways. We are the

first to evaluate retrofit timing with competing technologies, such as coal-to-gas

and coal-to-nuclear. This is increasingly important as carbon-emitting technologies

are still being constructed, and retrofitting offers the option to switch to less or

non-carbon-emitting resources, such as natural gas-fired and nuclear power plants

(Qvist et al., 2021). We are the first to consider dynamic technology paths over time,

such as a coal-to-gas retrofit followed by a gas-to-wind resource switch. Our final

contribution is offering insights and potential policy recommendations concerning

the effect of carbon pricing via renewable energy certificates and retrofitting on

the energy transition. We offer the counterintuitive insight that a slight increase

in carbon pricing may lead to retrofitting to cost-competitive technologies, which

are hard to phase out. In other words, if the goal is to switch to renewable energy

sources, carbon pricing should be high enough to avoid technology trapping.

1.4. Outline of the thesis

In summary, Chapters 2, 3, and 4 concern how to plan maintenance based on

incomplete information. Information incompleteness arises when no (Chapter 4) or

partial (Chapters 2 and 3) information is obtained. In Chapter 5, we turn to strategic

decision-making. We study how utility companies make power plant upgrading

and retrofitting decisions based on current coal, gas, electricity, and carbon prices.

In Chapter 6 we provide the main conclusions the research presented in Chapters

2, 3, 4, and 5. There, we also suggest further research.



Chapter 2

Maintenance optimization for capital
goods when information is incomplete

and environment-dependent

In this chapter, we study the problem of inspection and maintenance planning of capital

goods based on observations of the capital good’s degradation state. However, the obser-

vations are imprecise, and their quality depends on the environment. For example, when

performing maintenance for heating, ventilation, and air-conditioning units (HVACs) in

trains, the health of the cooling component of an HVAC can be assessed from temperature

readouts of the car in which the HVAC is mounted. Temperature information is useful in

the summer when high car temperatures can indicate a failed cooling component, but this

information has limited value during the winter. We model the problem as a partially ob-

servable Markov decision process with a fully observed environment. We analytically show

that an environment-dependent monotonic at-most-4-region policy is optimal. Furthermore,

we numerically analyze an example motivated by HVAC maintenance at Dutch Railways.

This analysis shows that, in many cases, including the environment in the model can lead

to cost savings of more than 10%. In an extensive numerical experiment, we show that a

simple policy does not perform well on all considered instances; only the optimal policy does.

1This chapter is based on Eggertsson et al. (2023).
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2.1. Introduction

A major expense for owners of capital goods, such as ships, trains, and aircraft, are

maintenance and failure costs. One way to reduce these costs is to apply condition-

based maintenance (CBM): based on the condition of a capital good, maintenance

and interventions, such as inspections, are planned to minimize overall maintenance

costs (de Jonge and Scarf, 2020). CBM should lead to maintaining a system just-in-

time; this allows the system to be used as long as possible before a failure occurs,

while it avoids the downtime costs associated with an unplanned failure (Jardine

et al., 2006). Companies increasingly use sensors to monitor the condition of capital

goods, but often not to their full potential. More effective sensor usage could lead

to high cost savings (Manyika et al., 2015), for instance, by using existing sensors

more efficiently. We consider a temperature sensor for controlling the operations

of a heating, ventilation, and air-conditioning unit (HVAC) that can also be used to

assess the HVAC’s state.

Our work in this chapter is motivated by a challenge at Dutch Railways (NS), a

railway company in the Netherlands. The company reported a yearly revenue of

6.6 billion euros in the year 2020 and currently operates roughly 1,000 trains (NS

Groep NV, 2021). We focus on the cooling component of the HVAC used in about

two hundred of these train sets. The passenger cars used as a part of these train sets

have two HVACs (one on each end) to keep the inside temperature of the passenger

cars stable while the outside temperature varies throughout the day and year. In

the case encountered at the company, failures of the cooling component of HVACs

are often obvious only on hot days when temperatures rise above the desired

temperature. This is problematic, as this means that failures are noticed only

when HVAC functioning is key to keep temperatures moderate to avoid customer

dissatisfaction. If car temperatures become too high, the railway operator may even

have to exclude the train set temporarily from service to perform maintenance,

leading to downtime costs and reduced fleet availability. As failure identification

depends on the outside temperature, failures are likely to go unnoticed in winter,

and usually become apparent in summer or during occasional hot days in spring

and fall. Failure identification for the heating component of the HVAC mirrors that

of the cooling component. Presumably, a similar analysis applies to this problem

as we present for the cooling component. However, the trains we consider have a

backup heating system that makes failures of the heating components of HVACs
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much less problematic than failures of the cooling components.

Each HVAC uses data from temperature sensors that measure both inside and

outside temperatures to determine whether the car should be heated, cooled, or

neither. In about half of the fleet considered here, for each car, temperature data

from one outside sensor and four inside sensors (i.e., two per HVAC) is available in

near-real time in a central data warehouse for analysis. One way to identify failures

uses the difference in temperature on the inside and outside of a car. By comparing

this difference to that of other cars, outliers are detected, indicating failed HVACs.

Another way to identify HVAC failures is by comparing the readouts of temperature

sensors inside the car. For example, if one half of the car has a significantly lower

temperature, this may indicate that one HVAC is working harder to keep the entire

car cool and that the other HVAC has failed.

The sensors provide useful information for maintenance, but do not give full infor-

mation on the health of the HVAC, which we refer to as the degradation state. For

failures of the cooling component of the HVAC to be noticeable, the outside tem-

perature must be higher than car temperature. Furthermore, a larger temperature

difference between the insides and outsides of cars leads to more certainty about

the degradation state of an HVAC. A sensor is said to give incomplete information

if it provides some, but not full, insight into the degradation state of a component.

The company also has the option to plan an inspection to obtain full information

about the degradation state of the HVAC’s cooling component. We study how to

consider environment-dependent incomplete information when optimizing main-

tenance and inspections for a system, of which the degradation state is given by a

single variable.

Our contributions in this chapter are as follows. First, we introduce a novel model

that considers environment-dependent incomplete information when optimizing

maintenance. This model is motivated by HVACs used in passenger cars, but more

broadly applicable to maintenance of other capital goods such as wind turbines

(Byon and Ding, 2010). Our model lies at the intersection of two research streams:

maintenance optimization based on incomplete information on the degradation

of the system and maintenance optimization dependent on a randomly varying

environment. Secondly, we derive results on the structure of the optimal policy.

Thirdly, we obtain managerial insights from a numerical experiment motivated by

maintenance for the cooling component of HVACs. We show that incorporating
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the environment can lead to more than 10% cost savings compared to a model in

which the environment is ignored. Furthermore, in some cases, a myopic policy,

aggregate policy, or both perform close to optimal. We also show that information

is most valuable during periods of peak demand or just before periods of peak

demand in our problem instances.

The rest of this chapter is organized as follows. In Section 2.2, we provide an

overview of the literature related to our problem. Next, in Section 2.3, we model

the HVAC problem as a POMDP with environment dependency. Section 2.4 shows

that the optimal maintenance policy for a fixed environment is of a monotonic at-

most-4-region policy type. We give the formal definition of this policy type in that

section. In Section 2.5, a numerical study is performed. In Section 2.6, we conclude

and identify directions for future research.

2.2. Literature review

This chapter is part of the literature on CBM. CBM is also referred to as predictive

maintenance or prognostic maintenance (de Jonge and Scarf, 2020). A recent review

of the literature on maintenance optimization is given by de Jonge and Scarf (2020).

Olde Keizer et al. (2017) review the literature on CBM for multi-component systems.

The two main research streams to which this problem belongs, are CBM based on

incomplete information on the degradation state of the system, and CBM dependent

on a randomly varying environment. Our work is unique in that it is part of both

research streams.

In the first research stream, models are typically formulated as partially observable

Markov decision processes (POMDPs). POMDPs can be viewed as an extension of

Markov decision processes (MDPs). In MDPs, the state of the system is known with

certainty, i.e., it is fully observable. This state and a chosen action determine

the probability of transitioning to each potential next state and the cost of this

state transition. In POMDPs, two types of states are distinguished, namely core

states and belief states. Core states have the same role as states in an MDP: they

determine transitions and incurred costs. In contrast to MDPs, these core states

are not fully known, but inferred from observations. From these observations, it is

calculated with what probability the system is in each state. This gives a probability

distribution we call the belief state of the system. The papers discussed in this

research stream are all POMDP models. We refer to the states of a maintenance
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MDP and the core states of a maintenance POMDP that correspond to different

degradation levels as degradation states.

One of the early works on maintenance planning under incomplete information is

by White (1977). He considers a system subject to Markovian degradation with

incomplete information about the degradation level. An operator chooses to per-

form one of three actions every period: no intervention, inspect or maintain. If no

intervention is performed, the system operates and the operator obtains incomplete

information. If an inspection is performed, the system operates and a costly in-

spection gives incomplete information of a higher quality than in the no inspection

case. Lastly, if the operator chooses to maintain the system, the system halts, and

a costly maintenance intervention is performed that returns the system to an as-

good-as-new state. For this model he derives bounds on the optimal cost, and for

the two degradation state case, he shows that a monotonic at-most-4-region policy is

optimal. A policy is monotonic if it is increasing with respect to the monotone

likelihood ratio (MLR) ordering. An at-most-4-region policy partitions every MLR-

ordered line segment between two belief states πππ and πππ′ in at most 4 regions. In

each of these regions one action is optimal. Ohnishi et al. (1986) studied a similar

three action model. They show that under certain assumptions, one of which is

that inspections give complete information, a monotonic at-most-4-region policy is

optimal for the case with multiple degradation states.

The action and cost structure of our model resemble that of the model by Ohnishi

et al. (1986). In contrast to the model by Ohnishi et al. (1986), if in our model the

action ‘maintain’ is chosen operating costs are incurred, and maintenance costs are

constant in the degradation state. Our model extends their model with a Markovian

environment. Multiple variables in our model depend on the state of the added

Markovian environment: degradation during the period, imperfect observations at

the end of the period, operation cost, inspection cost, and maintenance cost.

Karabağ et al. (2020) use a POMDP model to optimize maintenance and spare part

selection for a system consisting of multiple critical components monitored by a

single sensor. The sensor gives incomplete information about the system. They

show numerically that the optimal policy for their model has a significantly lower

cost than naive policies often seen in practice, such as corrective maintenance and

preventive maintenance that ignores past information. Van Oosterom et al. (2017)

describe the problem of inspection planning for a system with a deteriorating
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sensor. The sensor degrades in quality with time and can be replaced when an

inspection is performed. The choice of replacing the sensor must be made jointly

with the choice of performing an inspection. For this model van Oosterom et al.

(2017) show that a time-dependent threshold policy is optimal.

Byon et al. (2010) consider the problem of wind turbine maintenance under stochas-

tic weather conditions. The model includes the same three actions as the model by

White (1977). The probability of having certain weather conditions is constant over

the periods and independent of previous weather conditions. The weather condi-

tions do not influence any of the model parameters. However, if after choosing the

action ‘inspect’ or ‘maintain’ preventively the weather conditions are unfavorable,

then no intervention is performed. In contrast to the other literature discussed in

this stream, the action ‘no intervention’ gives no information, instead of incomplete

information. For this model, the authors derive an at-most-4-region policy on line

segments and interior sample paths. The model of Byon and Ding (2010) and Byon

(2013) is more general: it includes multiple failure modes and multiple maintenance

actions related to different components. Furthermore, the probability of having

certain weather conditions may vary over periods deterministically, i.e., they are

known beforehand and still independent of previous weather conditions. Byon

and Ding (2010) show the importance of considering seasonality and Byon (2013)

extends this result by deriving tractable approximations to the average reward

setting of the original problem.

The second research stream is maintenance optimization dependent on a randomly

varying environment. A randomly varying environment is a stochastic process that the

operator cannot influence and that affects the variables of the maintenance problem,

such as maintenance costs or the degradation rate. One way to model the environ-

ment is by a Markov process. A Markov process can be either discrete, which

means transitions happen at the beginning of time intervals with the same length,

or continuous, which means the time in each state is exponentially distributed. This

environment can have a broad range of interpretations, such as weather conditions,

the environment in which a ship operates, or customer demand. Chapters in this

research stream assume complete information about the state of the system being

maintained.

The first papers we consider have a degradation process that depends on the time

spent in each environment state. Özekici (1995) models the environment as a semi-
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Markov process and the degradation process using intrinsic age. This alternative

age measure increases depending on the environment. In contrast to a component’s

real age, intrinsic age increases faster in harsher environments and slower in milder

environments. For example, the propeller of a boat’s motor degrades faster if it

is used more intensively, i.e., it degrades faster when traversing storms than still

waters. For his model, Özekici (1995) shows that a threshold-policy is optimal: do

nothing until a certain degradation level is reached, after which maintenance is

performed at the first opportunity.

Kharoufeh et al. (2010), Ulukus et al. (2012) and Flory et al. (2015) study a system

with a continuous degradation process, whose degradation is driven by the envi-

ronment: The degradation evolves linearly with the time spent in each environment

state, with the rate of degradation being determined by the environment state.

Kharoufeh et al. (2010) assume a semi-Markov environment process and develop

approximative methods to calculate reliability estimates, such as remaining useful

life. They do this by relating the problem to an exact Markov process, which allows

for faster numerical analysis than the original problem. Ulukus et al. (2012) show

that when planning maintenance in an Markovian environment, an environment-

dependent threshold policy is optimal. This means that for every environment

state there is a degradation level beyond which it is cost optimal to replace the

system. Flory et al. (2015) generalize the paper by Ulukus et al. (2012) by modeling

the environment as a partially observable Markov process; the environment is

observed through the degradation of the system. The observations are partial,

since the environment can transition multiple times between observations. They

show that under mild assumptions an environment-dependent threshold policy is

optimal based on the degradation level; for every environment belief state there

exists a degradation threshold beyond which a replacement action is optimal. The

model by Ulukus et al. (2012) is generalized to a setting with multiple systems

by Abdul-Malak and Kharoufeh (2018). These systems are both stochastically de-

pendent on each other, through a shared environment, and economically, through a

shared setup cost. Abdul-Malak and Kharoufeh (2018) show that if the environment

process satisfies the increasing failure rate condition and the degradation rates for

each system are non-decreasing in the environment state for each system, then the

long-term cost of the optimal maintenance policy is non-decreasing in the joint

degradation state of all systems for a given environment state. Furthermore, they

show for the single system setting, that if the system’s reactive maintenance cost
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minus the preventive maintenance cost is smaller than the downtime cost, then

the decision rule is monotonic in both the joint degradation states of all systems

and the environment state, i.e., maintenance is only performed beyond a certain

degradation threshold, and these thresholds are monotonic in the environment

state.

Eruguz et al. (2018) jointly optimize maintenance and spare part management for a

mission-based system. A single system is taken on missions and degrades depend-

ing on the type of mission. The missions evolve according to a continuous-time

Markov process.

The model we introduce is an example of a Mixed Observability Markov Decision

Process (MOMDP). This is a POMDP of which a part is fully observable. In the

model by Flory et al. (2015), the degradation state is fully observable and the envi-

ronment is partially observable. In our model the environment is fully observable

and the degradation state is partially observable. Some advantages of MOMDPs

are discussed by Araya-López et al. (2010).

2.3. Model

This section introduces the environment-dependent maintenance optimization prob-

lem for a system with a single variable indicating its health. After introducing the

model, we formulate the problem as a POMDP and introduce the Bellman equations

for this problem.

2.3.1 Model description

Our modeling assumptions are based on the practice of maintenance planning for

HVAC systems used in passenger cars.

We assume that we have an infinite discrete-time horizon, consisting of periods

of equal length. For HVAC maintenance decisions at the company, these periods

correspond to weeks. We denote the set of all periods by T = {0, 1, 2, . . . }.

We distinguish an environment process and a degradation process. The environment

process influences the degradation process, but not vice versa. For HVAC mainte-

nance planning, the environment is the outside temperature, and the degradation

process describes the HVAC’s current operating state.
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The environment is modelled as a discrete-time Markov process with a finite set of

states E = {1, . . . , E}, where E ∈ N = {1, 2, . . . }. The environment state transitions

are given by an E × E transition probability matrix PE. Together with an initial

environment state e0 ∈ E , this gives the stochastic process {et | t ∈ T}, where et is

the (random) variable giving the environment in period t.

The degradation process is modelled as a discrete-time hidden Markov process,

i.e., a Markov process whose state is observed incompletely. The incomplete in-

formation given by an observation allows an operator to develop a belief about

the probability of the system being in a certain degradation state. However, this

information might not be enough to fully determine the degradation state. Markov

processes are commonly used to model degradation (Byon and Ding, 2010; Karabağ

et al., 2020). We choose a hidden model since the degradation state of HVACs is

observed indirectly via the difference between the measured inside and outside

temperatures.

Now we give a formal introduction to the degradation process. The state space of

the degradation process is S = {1, . . . , S}, with 1 being the as-good-as-new state

and S (≥ 2) the fully degraded state. The set S is ordered with the usual ordering

on the natural numbers. We refer to elements s ∈ S as degradation states. For our

model we assume failures are not self-announcing, i.e., entering the state S does not

trigger an observation giving full information. For every environment state e ∈ E ,

there is an S× S transition probability matrix PS
e that determines the transitions of

the degradation state given that the HVAC operates in environment state e. Given

degradation states s, s′ ∈ S and environment state e ∈ E , the component
(

PS
e

)

ss′
is

the probability P(s′ | e, s) to transition from degradation state s to s′.

The degradation process is given by {st | t ∈ T}, where st denotes the degradation

state in period t ∈ T. This (random) variable depends on the initial degradation

state s0 at t = 0, the initial environment state e0 at t = 0, and the actions chosen for

t′ ≤ t. We refer to E × S as the core state space and to its elements as core states.

The observation space of the degradation process is O = {1, . . . , O}, where O ∈
N. These observations give information about the true degradation state of the

system, but usually not enough to fully determine it. Furthermore, for HVACs, the

amount of information that is obtained from an observation depends on the current

environment state. For our company’s case, the observations are inferred from

the difference between the temperature readouts on the inside and outside of the
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passenger car. A small difference between the inside and the outside temperature,

while the outside temperate is high, indicates that the system is in a bad state and

if the difference is large, this implies that the HVAC is working properly and in

a good state. Elements in set O are called observation states or observations. For

every environment state e ∈ E , the relation between the degradation states and the

observations states is determined by the S×O matrix Ψe. Given a degradation state

s ∈ S and observation o ∈ O, the component (Ψe)so is P(o | e, s), the probability of

observing o ∈ O during a period, if at the moment of observation the environment

state is e ∈ E and degradation state is s ∈ S . We refer to the matrices Ψe as

observation matrices.

At the start of every period, one of three actions is chosen. The first action is

no intervention for which operations continue and an observation o ∈ O is made.

The second action is inspect for which operations continue and the degradation

state is perfectly inspected and observed. To perform an inspection, an engineer

is scheduled to inspect the HVAC. This is preferably planned a couple of days in

advance to allow for a cost-effective schedule. The third action is maintain, for

which operations continue and the system is returned to the as-good-as-new state.

To perform maintenance, the train set of which an HVAC is part is assigned to a

free maintenance slot and travels to a central service location at the appointed time.

A period is significantly longer than the time to travel to a central service location

and perform maintenance. Hence the passenger car can operate for most of the

period. Maintenance and inspections are separate for HVAC systems, since these

are performed at different locations. Inspections can be performed at most larger

train stations, while maintenance can only be executed at a central service location.

Each of the actions has associated costs. For all actions operating costs are incurred.

These are given by an S× E matrix L. These costs can, for instance, relate to cus-

tomer dissatisfaction, e.g., if an HVAC has failed, the passenger car might get very

hot during the summer. The (s, e)-th component Lse gives the costs for operating

in degradation state s ∈ S in environment state e ∈ E . For e ∈ E , we define the

column vector Le = (L1e, . . . , LSe)
T to denote the operating costs in environment

e. We assume that for a given e ∈ E , these costs are increasing in s ∈ S ; as the

component degrades further, operating it incurs higher costs. For performing an

inspection, based on the current environment state e ∈ E , an inspection cost CI
e is

incurred. Inspection costs can depend on the environment.
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Performing maintenance also incurs costs. These costs cover new components,

labor, downtime and travel. The costs for travel are incurred, since the passenger

car with the HVAC and its train set have to travel to a central service location.

For similar reasons as inspections, these maintenance costs can depend on the

environment. We refer to the combination of these costs as maintenance costs. They

are given by a row vector CM with E elements, of which the e-th component CM
e is

the maintenance cost in environment state e ∈ E . Future costs are discounted by a

discount factor 0 < γ < 1.

2.3.2 Formulation of the POMDP

In this section, the environment-dependent maintenance optimization problem is

modelled as a POMDP. First, we introduce belief spaces and belief state updating.

Second, we introduce the sequence of events of our model. Lastly, we introduce the

Bellman equations for our model.

In our model degradation states are not observed directly, only a belief about the

state is developed. A belief or belief state is a probability distribution over the states

S . For each degradation state s ∈ S , a belief state gives the probability to be in

that state. Degradation beliefs are modelled as S-vectors πππ = (π1, . . . , πS), such

that ∑s∈S πs = 1. All possible beliefs form the degradation belief space Π := {πππ ∈
R

S | ∑
S
s=1 πs = 1}, where πs is the s-th component of belief state πππ. Let uuus :=

(0, . . . , 0, 1, 0, . . . , 0), with the s-th component 1 and the rest 0, be the belief state

corresponding to knowing with certainty that the system is in degradation state s.

We refer to the pairs (e, πππ) ∈ E ×Π as states. These states contain all information

we have about the system.

The sequences of events for the different actions are visualized in Figure 2.1. At

the start of period t ∈ T, the system is in state (et, st) ∈ E × S . The operator has a

belief πππt about the degradation state of the system. The environment state et is fully

known. Based on the belief πππt and the known environment state et, the operator

chooses an action: no intervention, inspect or maintain. First, at the beginning of a

period, after an action has been chosen, the environment transitions from et to et+1.

Then, operating costs are incurred based on the current degradation state st. At the

end of the period, the events that take place depend on the chosen action.
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Period t

PE

et et+1

Let+1st

at = no intervention

Observed

Not observed PS
et+1

st st+1

U
πππt, et+1, ot+1 πππt+1

Ψet+1

PE

et et+1

Let+1st

at = inspect

Observed

Not observed PS
et+1

st st+1

πππt+1 = uuust+1

CI
et+1

PE

et et+1

Let+1st

at = maintain

Observed

Not observed PS
et+1

st st+1

πππt+1 = uuust+1

CM
et+1

st+1 = 1

Figure 2.1: The events during a period t for actions at ∈
{no intervention, inspect, maintain}. The dots in the graphs indicate that a
significant amount of time passes between the left and right sides of the events.
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For all actions, the component degrades from st to st+1 under the influence of

environment state et+1. For the actions no intervention and inspect, an end-of-

period observation ot+1 is made. If the action ‘no intervention’ was chosen, the

end-of-period observation gives incomplete information. In case the action ‘inspect’

was chosen, the system state is fully observed and an inspection cost is incurred.

The observation is modelled at the end of the period, since it captures all infor-

mation obtained during the period (including a possible inspection). If the action

maintenance is chosen, then at the end of the period the system is returned to

the as-good-as-new state and maintenance costs are incurred. At the start of the

next period after maintenance, the system is in an as-good-as-new state. Then the

sequence of events repeats for t + 1.

We can now define an environment-dependent POMDP to be given by

(

T,S ,O, PE, γ,
(

PS
e , Ψe, Le, CI

e, CM
e

)

e∈E

)

.

A belief is formed about the degradation state of the system for the action ‘no

intervention’. Define the function U, that updates the belief state, componentwise

U(πππt, (et+1, ot+1))s :=P(st+1 = s | et+1, πππt, ot+1)

=
P(st+1 = s | et+1, πt)P(ot+1 | st+1 = s, et+1, πt)

P(ot+1 | et+1, πππt)

=
(πππtP

S
et+1

)s(Ψet+1)sot+1

(πππtP
S
et+1 Ψet+1)ot+1

. (2.1)

Then (πππt+1)s := U(πππt, (et+1, ot+1))s for all s ∈ S . This belief state updating rule is

similar to the one in Ohnishi et al. (1986), except that in our model, observations also

depend on the observed environment state. In Section 2.4 we study the properties

of the updating rule.

We now introduce the Bellman equations for our model. Solutions to these equa-

tions give the optimal value and optimal policy (Krishnamurthy, 2016). Let P̃(o |
e, πππ) = πππPS

e · (P(o | e, 1), . . . , P(o |, e, S))T be the probability of observing o ∈ O
during period t, if at the moment of observation the environment state is e ∈ E and

the belief state is πππ ∈ Π.

Let the value function under the optimal policy be V(e, πππ) for environment state

e ∈ E and belief state πππ ∈ Π. This value function gives the optimal long-term
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discounted expected cost when starting in the state (e, πππ). We now introduce oper-

ators corresponding to the different actions. Let Γ0 be the operator corresponding

to the action no intervention. Let Γ1 be the operator corresponding to the action

inspect. Lastly, let Γ2 be the operator corresponding to the action maintain. The

value function under these operators is defined to be

Γ0V(e, πππ) := ∑
e′∈E

(PE)ee′

{

πππLe′ + γ ∑
o∈O

P̃(o | e′, πππ)V(e′, U(πππ, (e′, o)))

}

(2.2)

Γ1V(e, πππ) := ∑
e′∈E

(PE)ee′

{

πππLe′ + CI
e′ + γ ∑

s∈S
(πππPS

e′)sV(e′, uuus)

}

(2.3)

Γ2V(e, πππ) := ∑
e′∈E

(PE)ee′
{

πππLe′ + CM
e′ + γV(e′, uuu1)

}

. (2.4)

The term πππLe′ = ∑s∈S πsLe′s is the expected operating cost. The Bellman equations

become

V(e, πππ) = min
i∈{0,1,2}

{ΓiV(e, πππ)}, (e, πππ) ∈ E ×Π.

2.4. Main results

In this section, we derive structural results for our model. The main result of this

section is that an environment-dependent monotonic at-most-4-region policy is op-

timal. First, we introduce standard notation and lemmas in Section 2.4.1. In Section

2.4.2 we introduce technical assumptions on our model and derive basic properties

of our model and the value function. ln Section 2.4.3 we present structural results

regarding the optimal policy for our model. All the proofs are referenced or can be

found in the Appendix 2.A.1.

2.4.1 Preliminaries

This section introduces the monotone likelihood ratio (MLR), the MLR-ordering, the

totally positive of order 2 (TP2) condition, and several lemmas associated with them.

These definitions allow belief states to be compared after belief state updating. The

MLR-ordering makes precise what it means for one belief state to be more likely to

be further degraded than another belief state. The TP2 condition ensures that as the

degradation state increases, i.e., the component degrades further, it becomes more

likely to degrade further, while respecting the MLR-ordering.
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We consider belief spaces that are defined as sets of all possible distributions over

finite ordered sets. If we label the elements in a finite ordered set in increasing order,

we obtain a set S̃ = {1, . . . , S̃}, with S̃ ∈ N. So these belief spaces are equivalent to

the earlier introduced degradation belief spaces. Furthermore, we assume that for

every S̃ ∈ N, the belief space Π̃ = {πππ ∈ R
S̃ | ∑

S̃
s=1 πs = 1} inherits the subspace

topology from R
S̃. The MLR-ordering and stochastic dominance conditions that we

define in Definitions 2.1 and 2.2 can be found in Sections 1.A and 1.C in Shaked

and Shanthikumar (2007), respectively.

Definition 2.1. For two belief states πππ,πππ′ ∈ Π̃, we say πππ′ MLR-dominates πππ, denoted

πππ′ ⪰r πππ if

πiπ
′
j ≥ πjπ

′
i for all i < j.

We will refer to the ordering induced by ⪰r on a subset of the belief space as the MLR-

ordering.

It is easily seen that the largest belief state with respect to the MLR-ordering on Π̃

is uuuS̃, while the smallest belief state is uuu1.

Definition 2.2. For two belief states πππ,πππ′ ∈ Π̃, we say πππ′ stochastically dominates πππ,

denoted πππ′ ⪰s πππ, if

S

∑
i=s

π′i ≥
S

∑
i=s

πi for all s ∈ S .

We will refer to the ordering induced by ⪰s, possibly on a subset C ⊂ Π̃, as the usual

stochastic order.

If for two belief states πππ′ ⪰r πππ, then πππ′ ⪰s πππ (Ohnishi et al., 1986). We will be con-

cerned with subsets of the belief space in which all elements are comparable with

respect to the MLR-ordering. These sets are captured by the following definition.

Definition 2.3. A set C ⊂ Π̃ is said to be totally ordered with respect to the MLR-

ordering if for every two elements πππ, πππ′ ∈ C, such that πππ ̸= πππ′, either πππ ⪰r πππ′ or

πππ′ ⪰r πππ.

The definition below is found as Definition 10.1.2 in Krishnamurthy (2016). We will

use it to study the behavior of value functions on the belief space.
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Definition 2.4. A function f : Π̃ → R is called MLR-increasing if it is increasing

with respect to the MLR-ordering in the sense that if πππ, πππ′ ∈ Π̃ and πππ′ ⪰r πππ, then

f (πππ′) ≥ f (πππ).

The structural results we derive hold on line segments, which we define in Defini-

tion 2.5. This definition can be found in Section 2 of Rockafellar (1972).

Definition 2.5. For two belief states πππ, πππ′ ∈ Π̃, define

[πππ, πππ′] := {π̃ππ ∈ Π̃ | π̃ππ = (1− λ)πππ + λπππ′, λ ∈ [0, 1]}.

This set is referred to as the line segment between πππ and πππ′.

Krishnamurthy (2016, p. 261) mentions that a line segment starting in a core state

and ending in a belief state is totally ordered. We generalize this to the case of two

belief states that are MLR-ordered relative to each other.

Lemma 2.1. Let πππ, πππ′ ∈ Π̃ be such that πππ′ ⪰r πππ. Then the line segment [πππ, πππ′] is totally

ordered with respect to the MLR-ordering.

If a degradation matrix is totally positive of order 2 (TP2), as defined below, belief

state updating under this matrix respects the MLR-ordering. The definition can be

found as Definition (A-1) in Ohnishi et al. (1986). Lemma 2.2 makes this precise.

Definition 2.6. A stochastic n × m matrix P = (pij), with m, n ∈ N, is TP2 if the

determinant

∣

∣

∣

∣

∣

∣

pij pij′

pi′ j pi′ j′

∣

∣

∣

∣

∣

∣

≥ 0 (2.5)

for all i < i′ and j < j′.

Equation (2.5) can be written as

pij pi′ j′ − pij′ pi′ j ≥ 0, for all i < i′ and j < j′.

The proof of the following lemma can be found in Ohnishi et al. (1986). This lemma

shows that TP2 matrices respect the MLR-ordering.
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Lemma 2.2. Let A be an S̃ × n TP2 matrix, with S̃, n ∈ N, and πππ, πππ′ ∈ Π̃ such that

πππ′ ⪰r πππ, then

πππ′A ⪰r πππA.

The lemma below is useful for studying specific terms of the value function under

the different actions. We give the proof in Appendix 2.A.1.

Lemma 2.3. Given a function f : Π̃ → R
S̃ from belief states to column vectors, with

components fi(πππ), such that for every πππ it holds that fi(πππ) ≤ f j(πππ) for all i, j with i < j,

and that for every i the component fi(πππ) is MLR-increasing on Π̃. Then, πππ f (πππ) is MLR-

increasing in on Π̃.

From the above lemma, the following corollary is immediate. It is presented in

Ohnishi et al. (1986) as Lemma 4.1.

Corollary 2.1. Given a column vector vvv = (v1, . . . , vS̃)
T ∈ R

S̃ so that vi ≤ vj for all i, j

with i < j. Then, πππvvv is MLR-increasing on Π̃ΠΠ.

The following two definitions will be used to describe the structure of the value

function. For a further discussion on these properties, see Section 4 of Rockafellar

(1972).

Definition 2.7. Let f : C → R
n, with C ⊂ R

m, be a mapping from C to column vectors.

If f can be written as f (xxx) = xxxA + bbb for an invertible m× n matrix A with m, n ∈ N and

bbb ∈ R
n a column vector, then f is affine.

Definition 2.8. Let f : C → R, with C ⊂ R
m convex. If for all xxx, yyy ∈ C and λ ∈ [0, 1] it

holds that f (λxxx + (1− λ)yyy) ≥ λ f (xxx) + (1− λ) f (yyy), then the function f is concave.

Every affine function mapping into R is concave. We will use the following lemma

to prove the concavity of the value function. See Lemma 4.7 in Ohnishi et al. (1986)

for a proof.

Lemma 2.4. Given a convex set C ⊂ Π̃ and

• an affine function f : C → R
S̃,

• a function g : C → R, such that g(πππ) = πππccc + d ∈ R for all πππ ∈ C, with c ∈ R
m a

column vector and d ∈ R a constant, and
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• a concave function v : Π̃→ R.

If
f (πππ)
g(πππ)
∈ C for all πππ ∈ C, then the function

w(πππ) := g(πππ)v

(

f (πππ)

g(πππ)

)

is concave on C.

2.4.2 Properties of the value function

We start this section by showing how our model preserves the MLR-ordering be-

tween belief states. Then, we study the value function of our model. For this,

we introduce supporting lemmas, which we use to show that the actions in our

model preserve continuity, concavity, and the MLR-increasing property. From this,

we deduce that our model’s value function is MLR-increasing, continuous and

concave. The results in this section are novel. To preserve the MLR-ordering when

performing belief state updating, we make the following assumption.

Assumption 2.1. All matrices PS
e and Ψe, e ∈ E , are TP2.

If in one situation we have a worse belief state than in another case, but the same

environment state, then if we update both these beliefs under the same observation,

we expect the worse situation to stay worse. This is made formal by the following

lemma.

Lemma 2.5. Let πππ, πππ′ ∈ Π be such that πππ′ ⪰r πππ, it holds that

U(πππ′, (e, o)) ⪰r U(πππ, (e, o))

for all (e, o) ∈ E ×O.

The following lemma states that under a worse observation, a worse belief state is

obtained.

Lemma 2.6. Let πππ ∈ Π, e ∈ E , and let o, o′ ∈ O with o < o′, then it holds that

U(πππ, (e, o′)) ⪰r U(πππ, (e, o)).
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The following lemma follows from Assumption 2.1 and Lemma 2.2. It states that

the distributions of expected observations under worse belief states are worse.

Lemma 2.7. Let πππ, πππ′ ∈ Π be such that πππ′ ⪰r πππ, then for all e ∈ E

πππ′PS
e Ψe ⪰r πππPS

e Ψe.

The following two lemmas show that the parts of the Bellman equations related to

future costs under the actions no intervention and inspect are MLR-increasing in

πππ ∈ Π.

Lemma 2.8. Let e ∈ E . If the value function V(e, πππ) is MLR-increasing in πππ ∈ Π, then

the expression

∑
s∈S

(πππPS
e )sV(e, uuus)

is MLR-increasing in πππ ∈ Π.

Lemma 2.9. Let e ∈ E . If the value function V(e, πππ) is MLR-increasing in πππ ∈ Π, then

the expression

∑
o∈O

P̃(o|e, πππ)V(e, U(πππ, (e, o)))

is MLR-increasing in πππ ∈ Π.

The following theorem states that if the value function has certain properties, then

these are invariant under the different actions in our model.

Theorem 2.1. Let e ∈ E . If a function Ṽ(e, πππ) is MLR-increasing, continuous and concave

in πππ, then

• Γ0Ṽ(e, πππ) is MLR-increasing, continuous and concave in πππ,

• Γ1Ṽ(e, πππ) is MLR-increasing, continuous and affine in πππ,

• Γ2Ṽ(e, πππ) is MLR-increasing, continuous and affine in πππ.

Theorem 2.1 gives several properties of the value function that are preserved under

actions. The following theorem shows that these are in fact properties of the value

function.
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Theorem 2.2. Let e ∈ E . The value function V(e, πππ) is MLR-increasing, continuous and

concave in πππ ∈ Π.

The above theorem shows that the optimal policy is of an environment-dependent

monotonic type. In this case, it is MLR-increasing when the environment state is

fixed.

2.4.3 Structural results

In this section, we show that the optimal policy for our model is an environment-

dependent monotonic at-most-4-region policy. We start by proving the following

theorem, which ensures that on fully MLR-ordered sets it holds that if there is a

belief state πππ for which we maintain (corresponding to operator Γ2), then we also

do the same for all belief states in the set which this point MLR-dominates.

Theorem 2.3. Let e ∈ E . It holds that

• Γ0V(e, πππ) is MLR-increasing in πππ ∈ Π, and

• Γ1V(e, πππ)− Γ2V(e, πππ) is MLR-increasing in πππ ∈ Π.

The theorem below states that for every environment state e ∈ E , given a line

segment between two states πππ and πππ′, such that πππ ⪯r πππ′, this line segment can be

divided into at most 4 regions where in each region one of the actions is optimal.

Theorem 2.4. (Environment-dependent at-most-4-region policy) Let e ∈ E . For

every πππ, πππ′ ∈ Π such that πππ ⪯r πππ′, there is an at-most-4-region policy on [πππ, πππ′]
characterized by at most three thresholds πππI,1 , πππI,2, πππM ∈ [πππ, πππ′], that satisfy πππI,1 ⪯r

πππI,2 ⪯r πππM and

[πππM, πππ′] ={π̃ππ ∈ [πππ, πππ′] | Γ2V(e, π̃ππ) ≥ Γ1V(e, π̃ππ)

and Γ2V(e, π̃ππ) ≥ Γ0V(e, π̃ππ)}
[πππI,1, πππI,2] ={π̃ππ ∈ [πππ, πππ′] | Γ1V(e, π̃ππ) ≥ Γ2V(e, π̃ππ)

and Γ1V(e, π̃ππ) ≥ Γ0V(e, π̃ππ)}
[πππI,2, πππM] ∪ [πππ, πππI,1] ={π̃ππ ∈ [πππ, πππ′] | Γ0V(e, π̃ππ) ≥ Γ1V(e, π̃ππ)

and Γ0V(e, π̃ππ) ≥ Γ2V(e, π̃ππ)}.
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Together with Theorem 2.2, the above theorem states that an environment-dependent

monotonic at-most-4-region policy is optimal.

We now discuss how to interpret the above result. For a fixed environment state, a

line segment between two belief states consists of at most 4 regions with different

optimal actions. Assume a line segment has exactly 4 regions. In the first region,

the action ‘no intervention’ is optimal. The likelihood of being in a bad system

state is too low for an intervention to be cost-effective. In the second region, the

action ‘inspect’ is optimal. This action is utilized to avoid unnecessary maintenance

interventions. In the third region, the action ‘no intervention’ is again optimal. In

this region, maintaining is not yet optimal, but the benefit of a positive outcome of

an inspection does not outweigh its cost. In the fourth region, the action ‘maintain’

is optimal. The system is expected to have degraded enough for a maintenance

intervention to be cost-effective. Depending on the problem and the two belief

states between which a line is drawn, fewer than 4 regions may be present.

For systems with two or three degradation states, the theorem implies that the

optimal policy can be represented by a set of control charts, one for each envi-

ronment state. In Section 2.5.1, an example is given of an environment-dependent

POMDP. The control chart of this POMDP is shown in Figure 2.2. It shows that for

environment states e = 1, 2, 3, 4, the policy has 3, 3, 2, and 3 regions, respectively.

In Appendix 2.A.2, we also provide a visualization of control charts for a setting

with 4 environment states and 3 degradation states. In that setting, we also have

line segments with 4 regions.

2.5. Numerical experiments

In this section, we give an example of an environment-dependent POMDP and

analyze three experiments based on this example POMDP. The example POMDP is

inspired by HVAC maintenance planning. It shows how the environment influences

the long-term value and action frequencies. For Experiments 1 and 2, we vary the

variables one by one. For each instance of Experiment 1, we calculate the costs of

using the optimal policy relative to two alternative policies. We find that ignoring

knowledge of the environment can be costly and that both alternative policies do

not perform well in all cases but might give an advantage in some cases.

The first policy we refer to as the aggregate policy. This policy ignores environ-

ment knowledge. Comparing the optimal policy to the aggregate policy shows the
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e = 1
πππI,1 πππM

πππ = (1, 0) πππ = (0, 1)

No intervention
Inspect
Maintain

e = 2
πππI,1 πππM

πππ = (1, 0) πππ = (0, 1)

e = 3
πππI,1 πππM

πππ = (1, 0) πππ = (0, 1)

e = 4
πππI,1 πππM

πππ = (1, 0) πππ = (0, 1)

Figure 2.2: The optimal action based on the belief state in different environments
for the example given in Section 2.5.1. Regions are indicated by their first threshold.
The threshold is only indicated if the region is present.

potential cost savings obtained by including the environment in the model. The

second policy we consider is the myopic policy, which considers the most likely

next environment state and chooses an action based only on the optimal policy for

the POMDP corresponding to this environment state. This policy appears to be a

useful heuristic in slowly changing environments.

For Experiment 2, we compare the value of complete information in different peri-

ods. This value shows during which periods information is most important. It can

be used as an indicator to decide in which period to improve information quality

by, for instance, increasing inspection frequency.

For Experiment 3, we see if the policy found on a Markovian environment rep-

resenting the seasons, can be applied to a deterministic environment representing

the weeks. The advantage of the Markovian environment is that it is smaller and

hence tractable. However, the deterministic environment better reflects the observed

practical setting.

We explain in Appendix 2.A.3 how to translate the environment-dependent POMDP

to a standard POMDP that can be solved using a solver. To calculate the optimal

policies, we use a solver that takes the standard POMDP and a bound as input.

The bound specifies the maximum difference between the obtained policy and the

optimal policy. We set the solver to find a solution within 1% of the optimal policy.
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To compare the different problem instances, every problem instance starts in state

(e, s) = (1, 1).

Every instance is solved using the accelerated incremental pruning algorithm by

Walraven and Spaan (2017). We use the implementation of the accelerated incre-

mental pruning algorithm solvePOMDP, by Walraven (2021). In Appendix 2.A.4,

we give an outline of the algorithm. This algorithm is part of the larger class of

incremental pruning algorithms. The first incremental pruning algorithm was in-

troduced by Zhang and Liu (1996), and was shown to be the most efficient POMDP

algorithm at the time by Cassandra et al. (1997). Incremental pruning algorithms are

a subclass of the value-iteration algorithms used for solving discounted POMPDs

(Krishnamurthy, 2016).

For Experiment 1, we obtain the expected discounted value for two alternative

policies. To calculate the values of these policies, several POMDPs need to be

solved. These POMDPs are solved using solvePOMDP to an accuracy of at least

0.5%. Then, we find the value of the policy on the original POMDP by simulation.

We perform 20,000 simulations with horizon length 6,000 to determine the expected

discounted value of the alternative policies.

To solve the experiments, we use parallel computing with Intel Xeon Platinum P-

8124 (Skylake) @ 3.0 GHz CPUs. The total computation time was 148 CPU hours.

The code used to generate the results can be found via https://doi.org/10.5281/

zenodo.8315244.

2.5.1 An example: HVAC maintenance planning

In this section we show how the model introduced in Section 2.3.1 can be used

to model maintenance planning for an HVAC used in the railway industry. It is

assumed that the decision epochs correspond to weeks. This choice means that

every week a decision is made to either perform no intervention, inspect or maintain

an HVAC.

Consider an environment E = {1, 2, 3, 4}, where each environment state corre-

sponds to a season: environment state 1 corresponds to winter, 2 corresponds to

spring, 3 corresponds to summer and 4 corresponds to fall. Hence, the environment

process cycles through the environment states. The transition probabilities for the

transition matrix below, PE, are determined as follows. A year has approximately 52

weeks and 4 seasons, which gives 13 weeks per season. In only one of these weeks,

https://doi.org/10.5281/zenodo.8315244
https://doi.org/10.5281/zenodo.8315244
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the environment state transitions, i.e., the transition probability is approximately

1/13 ≈ 0.077.

PE =















0.923 0.077 0.0 0.0

0.0 0.923 0.077 0.0

0.0 0.0 0.923 0.077

0.077 0.0 0.0 0.923















(2.6)

Remark 2.1. More accurate modeling of the seasonality of the weather throughout the

year could be obtained by taking weeks as environment states, and transitioning between

these deterministically. Furthermore, for each week two substates can be distinguished

that represent having a relatively low or high temperature for that week. This leads to

environment states being represented by pairs of weeks and relative temperatures. This

approach can be made more detailed, for instance, by considering daily, instead of weekly,

observations or by including historic information, such as the previous month, into the

environment state. We have opted for the four environment states above to keep the problem

tractable for exact algorithms.

The NS distinguishes between functioning and failed HVACs. No intermediate

states have been identified for the degradation process. Hence a two-state degrada-

tion model S = {1, 2} is used to model the HVAC degradation states, with degra-

dation states 1 and 2 corresponding to a working and a failed state, respectively. It

seems reasonable that HVAC failures are correlated to HVAC use. To model this,

we now introduce degradation matrices for slow, normal and fast degradation. So

the degradation matrices are of the form

Pα =





1− α α

0 1



 for all α ∈ [0, 1].

We assume that during hot periods, in our case the summer, the degradation occurs

according to the matrix PS
3 = P0.02. This corresponds to about one failure every

year if the HVAC would continually operate in this environment. In moderate

temperature states, in our case the spring and fall, degradation occurs according

to PS
2 = PS

4 = P0.01, which corresponds to about one failure per two years. In low

temperature states, in our case the winter, we assume failures occur according to

PS
1 = P0.005, which is about one failure every 4 years.
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We introduce observations O = {1, 2}. Observations 1 and 2 are positively cor-

related to a working and a failed system, respectively. These observations are

inferred from the measured temperature difference between the inside and outside

temperature of the passenger car and hence might not be fully accurate. To relate

the observations to the states, we use the matrices

Ψ̃β =





1− β β

β 1− β



 for all β ∈ [0, 1].

The matrix Ψ3 = Ψ̃0.1 corresponds to good observations. These are made in the

summer, when an HVAC failure is easily identified. Ψ2 = Ψ4 = Ψ̃0.2 corresponds

to an average observation. These occur in the spring and fall, when HVAC failures

can be identified since some hot days occur. Lastly, Ψ1 = Ψ̃0.3 corresponds to bad

observations. These occur in the winter, when HVAC failures must be identified via

methods that do not rely on the temperature, such as an HVAC becoming noisy or

failure of the ventilation function.

We now introduce the operating cost matrix L. The components of the column

vector Le are the operating costs in environment state e. For the operating costs, we

consider the penalty for customer dissatisfaction due to travelling with a broken

HVAC. Other costs, such as used electricity, are not considered, as these costs

appear to be less important than the penalty for customer dissatisfaction or occur

equally in both degradation states. So, if the HVAC works as expected, then the

operating costs are set to 0 for every environment state. If the HVAC is faulty

during the summer, passenger cars can reach high temperatures leading to high

penalty costs. During the other seasons, temperatures are less often high, so lower

penalty costs are incurred. The operating cost matrix is given by

L =





0 0 0 0

400 2,000 10,000 2,000





We assume all costs are in euros (e). States 2 and 4 will have similar costs, as

operating conditions for HVAC systems during the fall are similar to the operating

conditions during the spring.

HVAC inspections and maintenance are performed by employees of the company

operating the HVACs. The labor costs the company incurs for these interventions
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are independent of the time of year. So, inspection costs are CI
e = e100 for all

environment states e ∈ E . To perform HVAC maintenance, first, the car with a

broken HVAC and its train set travel to a central service location, which incurs

costs. Then, the HVAC is repaired. This incurs labor and material costs. Finally,

the car returns to operations. All maintenance costs are independent of the current

environment state. For the maintenance costs, it holds that CM
e = e5, 000 for all

environment states e ∈ E .

The above operating, inspection and maintenance costs were verified to be reason-

able by railway industry professionals. Lastly, we introduce a discount factor of

0.95 per year. This leads to a discount factor γ = 0.999 per week. We define the

POMDP introduced above as

Mbase :=
(

T,S ,O, PE, γ,
(

PS
e , Ψe, Le, CI

e, CM
e

)

e∈E

)

and refer to it as the base instance. Figure 2.3 shows the optimal long-term dis-

counted costs under the different actions, i.e., the costs of choosing that action

followed by only selecting the optimal action afterward. These plots show that

there is a large inspection region, since operating with a failed HVAC is costly.

For the same reason, during hotter seasons we are more inclined to perform main-

tenance. Although the area in which the action ‘no intervention’ is performed is

small, numerical simulations show that this is still the most performed action in

environments 1, 2, and 4. The simulation results are visualized in Figure 2.4. The

methods we have used to solve this problem are explained in Section 2.5.

2.5.2 Experiment 1: policy comparison

We study how an aggregate policy and a myopic policy perform relative to the

optimal policy. This section starts by introducing the two policies. Then, we study

the influence of the environment and operating costs on the cost savings that can be

achieved by using the optimal policy instead of one of the two alternative policies.

Alternative policies

The first alternative policy we consider is the optimal policy that is found when the

environment dependence is not included in the model. The difference between

the optimal and this policy shows the benefit of considering the environment.

Hence, the alternative policy functions as a benchmark to test the value of including
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Figure 2.3: The value functions of the different actions for the example motivated
by HVAC maintenance.

the environment. Let
(

T,S ,O, PE, γ,
(

PS
e , Ψe, Le, CI

e, CM
e

)

e∈E

)

be an environment-

dependent POMDP, for this we define the aggregate policy. We assume there exists

a unique stationary distribution ϕϕϕ ∈ R
E of the environment process, i.e., a unique

distribution such that ϕϕϕPE = ϕϕϕ. This is the case if the environment process is

positive recurrent, aperiodic and irreducible, which we have in this section. For a

discussion on these properties, we refer to Resnick (2002). Define the parameters

P
S := ∑

e∈E
ϕePS

e , Ψ := ∑
e∈E

ϕeΨe,

L := ∑
e∈E

ϕeLe, C
I := ∑

e∈E
ϕeCI

e, C
M := ∑

e∈E
ϕeCM

e .



2

38 Maintenance optimization with environment-dependent information

Figure 2.4: Normalized frequency with which each action is performed in each
environment state.

In Appendix 2.A.6, we motivate in more detail why we designed the aggregate

policy in this specific way. Now define the aggregate POMDP as

(T,S ,O, PE, γ, P
S
, Ψ, L, C

I
, C

M
).

Let µaggr be the optimal policy of the aggregate POMDP. Then, applying this policy

to the environment-dependent POMDP, means that if the system is in state (e, π),

then action µaggr(π) is taken.

The other alternative policy we use is a myopic policy. The myopic policy considers

the most probable next environment state and then uses the optimal policy of the

POMDP corresponding to that environment state to choose an action. We de-

fine the myopic policy as follows. Let
(

T,S ,O, PE, γ,
(

PS
e , Ψe, Le, CI

e, CM
e

)

e∈E

)

be an

environment-dependent POMDP, then for every e ∈ E let µe be the optimal policy

for (T,S ,O, γ, PS
e , Ψe, Le, CI

e, CM
e ), the POMDP corresponding to environment state

e without environment transitions. For the environment-dependent POMDP, the

myopic policy takes, in state (e, π), the action µe′(π), with e′ = argmaxd∈E ((PE)ed).

An advantage of using the myopic policy is that it avoids the curse of dimensionality

by calculating a POMDP for every environment state. So increasing the number of

environment states only linearly increases the computation time instead of expo-

nentially, as is the case when calculating the optimal policy.
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Experiment 1 variables

In Experiment 1, we vary the environment and operating costs relative to the

base instance Mbase introduced in Section 2.5.1. Recall that the base instance

has 4 environment states. To study the influence of the environment, we vary the

environment over two other matrices with 4 environment states and three instances

with 3 environment states.

For the 4 environment state instances, we consider 2 other matrices with shorter

cycles than the base instance. We only consider cases with increased cycle frequency

since slower cycles become intractable to solve. Faster environment cycles are, for

instance, relevant for business processes that have peak demand bi-annually. This

is captured by the matrix PE
4,fast. The matrix PE

4,equal has equal probability to stay

in the same state and move to the next state. We study this matrix’s instance to

understand the effect of a fast environment on the myopic and aggregate policy.

PE
4,fast =















0.846 0.153 0.0 0.0

0.0 0.846 0.153 0.0

0.0 0.0 0.846 0.153

0.153 0.0 0.0 0.846















, PE
4,equal =















1/2 1/2 0.0 0.0

0.0 1/2 1/2 0.0

0.0 0.0 1/2 1/2

1/2 0.0 0.0 1/2















.

In the 3 environment setting, we let environment state 1 correspond to a cold period,

environment state 2 to a moderate temperature period, and environment state 3 to

a hot period. The interpretation of this setting is that days of a similar temperature

are likely to follow each other, so that local fluctuations can be captured by a matrix.

The matrices PE
3,slow and PE

3,fast below are obtained by joining environment states 2

and 4 of the 4 environment state setting into a single environment state for the

environment process of the base instance and the case with environment matrix

PE
4,fast, respectively. We adapt the other parameters accordingly.

PE
3,slow =









0.923 0.077 0.0

0.077 0.846 0.077

0.0 0.077 0.923









, PE
3,fast =









0.847 0.153 0.0

0.153 0.694 0.153

0.0 0.153 0.847









We include the matrix PE
3,equal below to study the effect on the aggregate and myopic

policy when every next environment state is equally likely. PE
3,equal can be viewed

as a limiting case where the environment process evolves much faster than the
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Table 2.1: The results of Experiment 1. The columns show how the aggregate and
myopic policy perform relative to the computed value of the optimal policy.

Optimal policy Aggregate policy Myopic policy

value (e) bound (%) rel. value (%) rel. value (%)

Mbase 162,795 0.93 112.7± 2.1 100.9± 1.9

PE
4,fast 166,493 0.92 107.6± 2.1 101.5± 1.9

PE
4,equal 158,702 0.92 100.6± 2.1 112.1± 2.0

PE
3,slow 183,955 0.94 114.2± 2.2 100.8± 2.0

PE
3,fast 188,354 0.93 109.7± 2.1 100.9± 1.9

PE
3,equal 170,996 0.93 100.7± 2.0 120.5± 1.9

Llow 128,108 0.86 100.5± 2.0 100.7± 1.9
Lhigh 194,136 0.92 122.0± 2.2 101.0± 2.0

degradation process.

PE
3,equal =









1/3 1/3 1/3

1/3 1/3 1/3

1/3 1/3 1/3









.

We further vary the matrices L relative to the base instance Mbase. The operating

costs Llow fluctuate less with respect to the environment than the operating costs L

of the base instance. The costs for operating with a faulty component in environ-

ment states 1 and 3 differ by a factor 4, while for the base instance this factor is 25.

The operating costs Lhigh vary more compared to the environment than the base

instance; the cost of operating with a faulty component in environment state 3 is 64

times the cost of operating it in environment state 1.

Llow =





0 0 0 0

1,000 2,000 4,000 2,000



 , Lhigh =





0 0 0 0

250 2,000 16,000 2,000





Relative performance of policies

Table 2.1 presents the results of solving Experiment 1. In the first column of Table

2.1, the base instance is indicated by Mbase. The other instances are indicated

by the matrix that is different compared to the base instance. The column value
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and bound under the optimal policy header indicate the optimal value V(1, (1, 0))

computed by SolvePOMDP and the bound, respectively. Recall that the bound on

the optimal policy is exact. We are interested in the performance of the alternative

policies relative to the optimal policy. Let Va(1, (1, 0)) be the long-term discounted

value of an alternative policy. Then, in the column rel. value, we report the value

Va(1, (1, 0))/V(1, (1, 0)) · 100%. In Appendix 2.A.5, we show how the confidence

intervals around the relative values of the alternative policies are established.

Table 1 shows that for the cases Mbase, PE
3,slow and Lhigh, the aggregate policy

performs 12% to 23% worse than the optimal policy. In these cases, the environment

has a strong effect on the optimal value. In particular, we see that it is important

to consider the environment for HVAC maintenance. In the cases PE
4,equal, PE

3,equal

and Llow, the aggregate policy performs close to optimal. In these instances it is not

important to consider the environment in policy selection.

For most instances, the myopic policy only performs about 1% worse than the

optimal policy. The exceptions are cases PE
4,equal and PE

3,equal, on which the myopic

policy performs 12% and 21% worse than the optimal policy, respectively. The

instances it performs well on all have a high probability of remaining in the same

environment state. This leads us to hypothesize that the myopic policy performs

well as long as there is a high probability to stay in the same state or move to

a similar state. Furthermore, the myopic policy’s value is often within the 95%

confidence interval of the optimal policy’s value. This, together with its increased

computation speed compared to the optimal policy, make this a promising heuristic

for practical applications, such as HVAC maintenance optimization.

In conclusion, if there is a separation of time scales between the environment

and degradation processes, simpler policies are sufficient. For instances with fast-

evolving environments compared to the degradation process, the aggregate policy

performs well. In the instances where the degradation process is fast compared to

the environment process, the myopic policy performs well.

2.5.3 Experiment 2: value of perfect information

For a POMDP, the value of perfect information is the difference between the ex-

pected value of the optimal policy of the POMDP and the expected value of the

optimal policy for the POMDP in which all observation matrices give complete

information about the degradation state. Knowing the value of perfect information
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can give insight into cost savings obtained by installing sensors or planning extra

inspections. Installing high-quality sensors can make inspections redundant and

lead to better maintenance planning.

In this section, we consider the value of complete information during a specific set of

periods. We define this to be the difference between the value of the optimal policy

in a model with and without complete information during that set of periods, while

the other parameters remain the same. Let
(

T,S ,O, PE, γ,
(

PS
e , Ψe, Le, CI

e, CM
e

)

e∈E

)

be an environment-dependent POMDP and Ẽ ⊂ E . Define V(e, π) the discounted

optimal value of the environment-dependent POMDP with the initial state (e, π),

where environment state e ∈ E and the initial degradation state is known to be

distributed as π ∈ Π. Let VE ′(e, π) be the discounted optimal value of the same

environment-dependent POMDP, but with all observations being complete in the

environment states E ′. We define the relative value of complete information for environ-

ment states E ′, with starting state (e, π) ∈ E ×Π, to be

I(E ′, (e, π)) :=
V(e, π)−VE ′(e, π)

V(e, π)
· 100%.

Experiment 2 variables

The base instance is again Mbase, introduced in Section 2.5.1. Denote by Id2 the

2× 2 identity matrix, i.e., the 2 by 2 matrix with diagonal entries equal to 1 and

both off-diagonal entries equal to 0. We compare the base instance to environment-

dependent POMDPs with the following tuples of observation matrices and all other

parameters identical to the base instance. The instances with Ωi, for i = 1, 2, 3, 4,

give perfect information for the i-th environment state. Lastly, Ωf gives full infor-

mation in all environment states.

Ω1 :=(Id2, Ψ̃0.2, Ψ̃0.1, Ψ̃0.2),

Ω2 :=(Ψ̃0.3, Id2, Ψ̃0.1, Ψ̃0.2),

Ω3 :=(Ψ̃0.3, Ψ̃0.2, Id2, Ψ̃0.2),

Ω4 :=(Ψ̃0.3, Ψ̃0.2, Ψ̃0.1, Id2), and

Ωf :=(Id2, Id2, Id2, Id2).
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Results on the value of information

Table 2.2 shows the results for Experiment 2. The results show a large difference

between the relative value of information in different periods. For a single period,

the relative value of information ranges from 2.61% in the winter to 16.25% in the

summer. Furthermore, the relative value of information is higher in the spring than

in the fall. This is due to the summer following the spring, in which operating with a

faulty HVAC has higher costs. Railway companies should ensure good information

quality of HVACs during the spring and summer. During the summer, the relative

value of complete information is highest, and during the spring, information can be

used to identify failed HVACs before they lead to high operating costs in the sum-

mer. The total cost savings that are achieved for the HVAC example by obtaining

complete information is 31.36%.

For other settings, we expect that the relative value of complete information is

highest during periods of peak demand or in the period just before peak demand.

This depends on how long the system is expected to stay in the environment with

high demand.

Finally, we notice that for this instance the relative value of complete information

over all environment states is roughly equal to the sum over the relative values

of complete information for each environment state. In Appendix 2.A.7, we give

an example where the sum over the relative values of complete information for

each environment state is higher than the relative value of information over all

environment states. Based on this, we hypothesize that the sum over the relative

values of complete information for each environment state is bounded from below

by the relative value of complete information over all environment states. The

lower bound is expected to be the value of having complete information for all

environment states, since obtaining complete information in each environment state

is equivalent to obtaining complete information for all environment states.

2.5.4 Experiment 3: sensitivity analysis

For the base instanceMbase, we have assumed that the current week is not known.

The environment matrix given in Equation (2.6) has seasons as environment states

and for every season a transition probability to move to the next environment state.

We refer to this environment as the Markovian environment. In this section, we study

how sensitive our results in Section 2.5.2 for Mbase are to this assumption. We
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Table 2.2: The relative value of complete information for environment states E ′.

E ′ value (e) bound (%) I(E ′, (1, 1))(%)

Mbase ∅ 162,795 0.93 0.00
Ω1 {1} 158,550 0.92 2.61
Ω2 {2} 150,638 0.91 7.47
Ω3 {3} 136,341 0.91 16.25
Ω4 {4} 155,001 0.93 4.79
Ωf {1, 2, 3, 4} 111,748 0.88 31.36

Table 2.3: The results of Experiment 3, showing the performance of the optimal,
aggregate, and myopic policies on a Markovian and a deterministic environment.
The first and second columns show the value of the optimal policy found through
a solver and simulation, respectively.

Optimal policy Optimal sim. Aggregate policy Myopic policy

value (e) bound (%) sim. value (e) rel. value (%) rel. value (%)

Mbase 162,795 0.93 112.7± 2.1 100.9± 1.9
Mdetr 164,256± 0.32% 111.4± 0.7 100.0± 0.5

simulate the optimal, aggregate, and myopic policies introduced in Section 2.5.2

on a deterministically changing environment. The deterministic environment stays 13

times in environment state 1, then 13 times in environment state 2, then 13 times in

environment state 3, then 13 times in environment state 4, after which the process

cyclically repeats. We denote the instance with the deterministic environment by

Mdetr; all other variables of this instance are the same as for the base instance Mbase.

For the simulations in this section, we assume the deterministic environment starts

in the first environment state 1 out of 13, and the degradation state starts in 1 (new).

The results of the sensitivity analysis are shown in Table 2.3. The first column shows

the exact value of the optimal policy and its bound. The second column shows

the simulated value of the optimal policy, found with Mbase, on a deterministic

environment and its 95% confidence bounds. The third and fourth columns show

the relative value of the aggregate and myopic policy on each instance, respectively.

The experiment shows that the values of the optimal policy on the problems with

and without the Markovian environment are very similiar, differing only by 0.9%.

This is lower than the exact bound of 0.93% on the value of the optimal policy on

Mbase.
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Also the performance of the myopic and aggregate policy, both policies derived

from the case with a Markovian environment, are similar on the Markovian and

deterministic environments. The myopic policy has a value close to the optimal

policy’s value and the aggregate policy’s value is about 12% higher than the optimal

policy’s value, for both environments. Hence, the Markovian environment can be

used to substitute for a deterministic environment for computational tractability

in the case of the base instance. Furthermore, the conclusions regarding the ag-

gregate and myopic policies for the base instance Mbase extend to the case with a

deterministic environment.

2.6. Conclusion

In this chapter, we have studied the problem of maintenance optimization un-

der incomplete information with environment-dependency. For our model, we

showed that a monotonic at-most-4-region policy is optimal. From this, we gain

the managerial insight that for problems with 2 degradation states, the optimal

policy is relatively simple and usable in practice. The numerical experiments show

that ignoring the environment when planning HVAC maintenance is costly. Fur-

thermore, while a myopic policy performs well on many test cases, neither this

policy nor another simple policy performs well on all test cases. This shows the

importance of considering the optimal policy that includes the environment. The

numerical experiments also show that information is most valuable during peak

system demand and just before peak system demand. Lastly, it is advisable to

invest in methods to obtain high-quality data about degradation processes of capital

goods since the relative value of complete information is high relative to the total

maintenance costs.
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2.A. Appendix

2.A.1 Proofs

Proof of Lemma 2.1

Proof. Let πππ, πππ′ ∈ Π̃ be such that πππ′ ⪰r πππ. Every element in [πππ, πππ′] is of the form

πππλ =(1− λ)πππ + λπππ′.

Let πππλ, πππλ′ ∈ [πππ, πππ′]. Without loss of generality let λ < λ′. We will show πππλ ⪯r πππλ′

implying the line segment [πππ, πππ′] is totally ordered.

Since λ < λ′ and πjπ
′
i ≤ πiπ

′
j for i < j, we have

λ(1− λ′)(πiπ
′
j − πjπ

′
i) ≤ λ′(1− λ)(πiπ

′
j − πjπ

′
i).

By rewriting this inequality we obtain

λ(1− λ′)πiπ
′
j + λ′(1− λ)πjπ

′
i ≤ λ(1− λ′)πjπ

′
i + λ′(1− λ)πiπ

′
j. (2.7)

Hence

πλ
j πλ′

i =
(

(1− λ)πj + λπ′j
) (

(1− λ′)πi + λ′π′i
)

=(1− λ)(1− λ′)πjπi + λ(1− λ′)πiπ
′
j + λ′(1− λ)πjπ

′
i + λλ′π′jπ

′
i

≤(1− λ)(1− λ′)πiπj + λ(1− λ′)πjπ
′
i + λ′(1− λ)πiπ

′
j + λλ′π′iπ

′
j

=πλ
i πλ′

j ,

for i < j. The inequality in this derivation follows from (2.7). This implies πππλ ⪯r

πππλ′ .

Proof of Lemma 2.3

The following proof generalizes a result used for the proof of Theorem 4.1 in

Ohnishi et al. (1986).

Proof. Let πππ, πππ′ ∈ Π, such that πππ ⪯r πππ′, then

πππ f (πππ) ≤ πππ′ f (πππ) ≤ πππ′ f (πππ′).
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The first inequality follows since fs(πππ) is increasing in s and the MLR-ordering ⪯r

implies the usual stochastic order ⪯s. The second follows because each term fs is

MLR-increasing on Π̃.

Proof of Lemma 2.5

The following proof is similar to the proof of Lemma 4.5 in Ohnishi et al. (1986).

Proof. Let πππ, πππ′ ∈ Π be such that πππ′ ⪰r πππ. By Assumption 2.1 and Lemma 2.2 we

have πππ′PS
e ⪰r πππPS

e . This means that

(πππPS
e )s(πππ

′PS
e )s′ ≥ (πππPS

e )s′(πππ
′PS

e )s for all s < s′.

Hence for all s < s′

U(πππ, (e, o))sU(πππ′, (e, o))s′ =
(πππPS

e )s(Ψe)so

(πππPS
e Ψe)o

(πππ′PS
e )s′(Ψe)s′o

(πππ′PS
e Ψe)o

≥ (πππPS
e )s′(Ψe)so

(πππPS
e Ψe)o

(πππ′PS
e )s(Ψe)s′o

(πππ′PS
e Ψe)o

= U(πππ, (e, o))s′U(πππ′, (e, o))s.

Proof of Lemma 2.6

The following proof is similar to the proof of Lemma 4.4 in Ohnishi et al. (1986).

Proof. Let πππ ∈ Π, e ∈ E , and o, o′ ∈ O such that o < o′. By Assumption 2.1, Ψe is

TP2 for all e ∈ E . Hence for given e ∈ E

0 ≤

∣

∣

∣

∣

∣

∣

(Ψe)so (Ψe)so′

(Ψe)s′o (Ψe)s′o′

∣

∣

∣

∣

∣

∣

= (Ψe)so(Ψe)s′o′ − (Ψe)so′(Ψe)s′o ≥ 0

for all s < s′. Hence for s < s′

U(πππ, (e, o))sU(πππ, (e, o′))s′ =
(πππPS

e )s(Ψe)so

(πππPS
e Ψe)o

(πππPS
e )s′(Ψe)s′o′

(πππPS
e Ψe)o′

≥ (πππPS
e )s(Ψe)so′

(πππPS
e Ψe)o′

(πππPS
e )s′(Ψe)s′o

(πππPS
e Ψe)o

= U(πππ, (e, o′))sU(πππ, (e, o))s′ .
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Proof of Lemma 2.8

Proof. Let e ∈ E . By Assumption 2.1 and Lemma 2.2, if πππ, πππ′ ∈ Π, such that

πππ′ ⪰r πππ, then πππ′PS
e ⪰r πππPS

e . The MLR-ordering implies the usual stochastic order,

so πππ′PS
e ⪰s πππPS

e . Assume that V(e, π̂ππ) is MLR-increasing. For every s, s′ ∈ S , such

that s < s′, it holds that uuus ⪯r uuus′ . So V(e, uuus) ≤ V(e, uuus′) for every s, s′ ∈ S such

that s < s′. Then, by Corollary 2.1

∑
s∈S

(πππ′PS
e )sV(e, uuus) ≥ ∑

s∈S
(πππPS

e )sV(e, uuus).

Proof of Lemma 2.9

Proof. Let e ∈ E and assume that V(e, πππ) is MLR-increasing on Π. Let πππ, πππ′ ∈ Π

with πππ′ ⪰r πππ. We need to prove that

∑
o∈O

P̃(o|e, πππ′)V(e, U(πππ′, (e, o))) ≥ ∑
o∈O

P̃(o|e, πππ)V(e, U(πππ, (e, o)))

This is equivalent to

∑
s∈S

π′s ∑
o∈O

P̃(o | e, uuus)V(e, U(πππ′, (e, o))) ≥ ∑
s∈S

πs ∑
o∈O

P̃(o | e, uuus)V(e, U(πππ, (e, o))).

The above inequality can be written as

∑
s∈S

π′s fs(πππ
′) ≥ ∑

s∈S
πs fs(πππ), (2.8)

where

fs(π̃ππ) := ∑
o∈O

P̃(o | e, uuus)V(e, U(π̃ππ, (e, o))), π̃ππ ∈ Π.

From Lemma 2.3 it follows that Equation (2.8) holds

fs(πππ
′) ≥ fs(πππ), for every s ∈ S , and every πππ′, πππ ∈ Π with πππ′ ⪰r πππ; (2.9)

fs′(πππ) ≥ fs(πππ), for all s, s′ ∈ S with s′ > s, and πππ ∈ Π. (2.10)
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We first show Equation (2.9) holds. Let e ∈ E , s ∈ S and πππ, πππ′ ∈ Π with πππ′ ⪰r πππ.

By Lemma 2.5, U(πππ′, (e, o)) ⪰r U(πππ, (e, o)), and thus

V(e, U(πππ′, (e, o))) ≥ V(e, U(πππ, (e, o))).

So

fs(πππ
′) = ∑

o∈O
P̃(o | e, uuus)V(e, U(πππ′, (e, o))) ≥ ∑

o∈O
P̃(o | e, uuus)V(e, U(πππ, (e, o))) = fs(πππ).

We now show Equation (2.10) holds. Write

fs(πππ) = ∑
o∈O

θo(s) f̃o(πππ), (2.11)

where õ and f̃ are defined componentwise as

θo(s) :=P̃(o | e, uuus), and

f̃o(πππ) :=V(e, U(πππ, (e, o))).

For every s ∈ S , θθθ(s) := (θ1(s), . . . , θO(s)) is an element of the observation belief

space Θ := {θθθ ∈ R
O | ∑o∈O θo = 1}. For o, o′ ∈ O with o′ > o, Lemma 2.6 states

that

U(πππ, (e′, o′)) ⪰r U(πππ, (e′, o))

for all e′ ∈ E and πππ ∈ Π. Hence, given that V(e, π) is increasing in π for fixed e, we

have

f̃o′(πππ) = V(e, U(πππ, (e, o′))) ≥ V(e, U(πππ, (e, o))) = f̃o(πππ)

for every o, o′ ∈ O with o′ > o. By Corollary 2.1, the expression f (θθθ, πππ) :=

∑o∈O θo f̃o(πππ) is MLR-increasing in the observation belief states θθθ ∈ Θ. For s, s′ ∈ S
with s′ > s, we have uuus′ ⪰r uuus. So, by Lemma 2.7 it holds that

θo(s
′) = uuus′PS

e Ψe ⪰r uuusPS
e Ψe = θo(s).



2

50 Maintenance optimization with environment-dependent information

Hence

fs′(πππ) = f (θθθ(s′), πππ) ≥ f (θθθ(s), πππ) = fs(πππ)

for every s, s′ ∈ S with s′ > s. This completes the proof of both (2.9) and (2.10), and

hence of (2.8).

Proof of Theorem 2.1

Proof. To prove continuity of the functions it suffices to show that for i = 0, 1, 2

the function ΓiṼ(e, πππ) is affine or concave in πππ, since both affinity and concavity

imply its continuity. Furthermore, we use that for finite linear sums of functions

the following properties hold.

• A finite positive linear combination of MLR-increasing functions is MLR-

increasing.

• A finite positive linear combination of affine functions in π is affine in π.

• A finite positive linear combination of concave functions is concave.

The functions Γ0Ṽ(e, πππ), Γ1Ṽ(e, πππ) and Γ2Ṽ(e, πππ) are given by Equations (2.2), (2.3)

and (2.4). Each of these equations is a positive linear combination of the terms

between the brackets. So to prove that these equations satisfy the given properties,

it suffices to prove the terms of these sums satisfy the properties. Let e ∈ E be given.

We start by proving the results for Γ0Ṽ(e, πππ). The terms of the sum in Equation (2.2)

are given by

πLe′ + γ ∑
o∈O

P̃(o | e′, πππ)Ṽ(e′, U(πππ, (e′, o))), e′ ∈ E . (2.12)

The first term in (2.12) is MLR-increasing by Corollary 2.1 and the second term

by Lemma 2.9, so Γ0Ṽ(e, πππ) is MLR-increasing in πππ. To prove concavity we show

that both terms in the above sum are concave. The first term πππLe′ is affine, so it is

concave. It remains to be shown that the following expression is concave in π for

given e′ ∈ E :

∑
o∈O

P̃(o | e′, πππ)Ṽ(e′, U(πππ, (e′, o))). (2.13)
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Recalling Equation (2.1), make the following identifications

fo(πππ) := ((πππPS
e )1(Ψe)1o, . . . , (πππPS

e )S(Ψe)So), o ∈ O,

go(πππ) := P̃(o | e′, πππ) = (πππPS
e′Ψe)o, o ∈ O,

so that,

fo(πππ)

go(πππ)
= U(πππ, (e′, o)), o ∈ O.

The functions fo(πππ) and go(πππ) are affine and Ṽ(e′, πππ) is assumed concave in πππ for

fixed e′. Now, by Lemma 2.4 it follows that all terms of the sum are concave for

fixed o, hence the sum in (2.13) is concave. Since, the first term of Equation (2.2) is

concave it follows the entire equation is concave.

Next consider Γ1Ṽ(e, πππ) given by Equation (2.3). The terms of the sum are

πππLe′ + CI
e′ + γ ∑

s∈S
(πππPS

e′)sṼ(e′, uuus),

for e′ ∈ E . The second term and third term are linear, hence their sum is linear.

The first term is a constant. The sum of a constant term and a linear term is affine.

Furthermore, the first term is constant, πππLe′ is MLR-increasing by Corollary 2.1 and

the last term is MLR-increasing in π by Lemma 2.8.

The terms of the sum of Γ2Ṽ(e, πππ), given by Equation (2.4), are

πππLe′ + CM
e′ + γṼ(e′, uuu1).

It is immediate that these terms are affine. They are MLR-increasing since CM
e′ and

γṼ(e′, uuu1) are constant.

Proof of Theorem 2.2

Proof. Let e ∈ E . To show that V(e, πππ) is continuous in πππ ∈ Π it suffices to show

concavity of V(e, πππ) in πππ ∈ Π. Hence it suffices to derive the other two properties.

Define V0(e, πππ) := 0 for every πππ ∈ Π and e ∈ E , and

Vn(e, πππ) := min
i∈{0,1,2}

{ΓiVn−1(e, πππ)}
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for all n > 0, πππ ∈ Π and e ∈ E . Since all costs are bounded, and both the action

space and state space are finite, it holds that limn→∞ Vn(e, πππ) = V(e, πππ) for all

πππ ∈ Π and e ∈ E (Puterman, 2005). Because of this property, it suffices to show that

for each e ∈ E , Vn(e, πππ) is MLR-increasing and concave in πππ ∈ Π for all n ≥ 0. We

show this by induction.

The function V0(e, πππ) is constant, so it is MLR-increasing, continuous and concave

in πππ ∈ Π. We now assume that for n > 0, Vn−1(e, πππ) is MLR-increasing, con-

tinuous and concave, and show that then Vn(e, πππ) is MLR-increasing, continuous

and concave. By Theorem 2.1, then Γ0Vn−1(e, πππ) is MLR-increasing and concave in

πππ ∈ Π, and both Γ1Vn−1(e, πππ) and Γ2Vn−1(e, πππ) are MLR-increasing and affine in

πππ ∈ Π. Since affine functions are concave, for i = 1, 2, 3 the function ΓiVn−1(e, πππ) is

MLR-increasing and concave in πππ ∈ Π.

The minimum of a set of MLR-increasing functions is MLR-increasing and the min-

imum of a set of concave functions is concave. Hence, Vn(e, πππ) is MLR-increasing

and concave in πππ ∈ Π and, by concavity, also continuous in πππ ∈ Π.

Proof of Theorem 2.3

Proof. Let e ∈ E . The first difference is given by

Γ0V(e, πππ)− Γ2V(e, πππ)

= ∑
e′∈E

(

PE
)

ee′

{

πππLe′ + γ ∑
o∈O

P̃(o | e′, π)V(e′, U(πππ, (e′, o)))

}

− ∑
e′∈E

(PE)ee′
{

πππLe′ + CM
e′ + γV(e′, uuu1)

}

= ∑
e′∈E

(

PE
)

ee′

{

−CM
e′ + γ ∑

o∈O
P̃(o | e′, πππ)V(e′, U(πππ, (e′, o)))− γV(e′, uuu1)

}

.

The sum of a finite positive linear combination of MLR-increasing terms is MLR-

increasing. The first term in curly brackets −CM
e′ is constant, so it is MLR-increasing.

The second term in curly brackets is seen to be MLR-increasing by noting that the

value function is MLR-increasing when e is given and then applying Lemma 2.9.

The last term is constant in π. So that the difference is MLR-increasing.

The second difference is given by

Γ1V(e, πππ)− Γ2V(e, πππ)
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= ∑
e′∈E

(

PE
)

ee′

{

CI
e′ +πππLe′ + γ ∑

s∈S
(πππPS

e′)sV(e′, uuus)

}

− ∑
e′∈E

(PE)ee′
{

πππLe′ + CM
e′ + γV(e′, uuu1)

}

= ∑
e′∈E

(

PE
)

ee′

{

− CM
e′ + γ ∑

s∈S
(πππPS

e′)sV(e′, uuus) + CI
e′ − γV(e′, uuu1)

}

.

Again use that a finite positive linear combination of MLR-increasing terms is MLR-

increasing. The term −CM
e′ is constant, so it is MLR-increasing. The second term is

MLR-increasing by Lemma 2.8. The third term is constant for given e′ ∈ E . Hence

the difference is MLR-increasing.

Proof of Theorem 2.4

Proof. Let πππ, πππ′ ∈ Π be belief states such that πππ ⪯r πππ′ and e ∈ E . From Lemma

2.1 we know [πππ, πππ′] is totally ordered with respect to the MLR-ordering, hence if a

function is MLR-increasing, it is increasing on this line segment. Assume there ex-

ists a π̃ππ ∈ [πππ, πππ′] such that Γ2V(e, π̃ππ) ≤ Γ0V(e, π̃ππ) and Γ2V(e, π̃ππ) ≤ Γ1V(e, π̃ππ). Then,

by Theorem 2.3 for all π̃ππ′ ∈ [πππ, πππ′] such that π̃ππ ⪯r π̃ππ′, it holds that Γ2V(e, π̃ππ′) ≥
Γ0V(e, π̃ππ′) and Γ2V(e, π̃ππ′) ≥ Γ1V(e, π̃ππ′). This means there exists a maintenance

threshold πππM such that maintain is optimal on the line segment [πππM, πππ′] and one of

the other two actions is optimal on the line segment [πππ, πππM].

By Theorem 2.1 together with Theorem 2.2 it follows that the function Γ0V(e, π̃ππ) is

concave on [πππ, πππM]. The function Γ1V(e, π̃ππ) is affine, hence the difference Γ0V(e, π̃ππ)−
Γ1V(e, π̃ππ) is concave. So, there is an (possibly empty) interval [πππI,1, πππI,2] ⊂ [πππ, πππM]

with πππI,1, πππI,2 ∈ [πππ, πππM], where inspect is optimal. No intervention is optimal

outside of this inspection interval. This concludes the proof.

2.A.2 Visualizing a policy for a setting with 3 degradation states

In this appendix, we study a setting with 4 environment states and 3 degradation

states. We show how an environment-dependent at-most-4-region policy can be

visualized in this setting.

Consider the setting with environment states E = {1, 2, 3, 4}, degradation states

S = {1, 2, 3} and observations O = {1, 2, 3}. Let the environment matrix be given
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by

PE =















0.923 0.077 0.0 0.0

0.0 0.923 0.077 0.0

0.0 0.0 0.923 0.077

0.077 0.0 0.0 0.923















The degradation matrices are given by

PS
1 =









0.929 0.071 0.0

0.0 0.929 0.071

0.0 0.0 1









, PS
2 = PS

4 =









0.9 0.1 0.0

0.0 0.9 0.1

0.0 0.0 1









,

PS
3 =









0.86 0.14 0.0

0.0 0.286 0.14

0.0 0.0 1









,

and the observation matrices are given by

Ψ1 =









0.8 0.2 0.0

0.2 0.6 0.2

0.0 0.2 0.8









, Ψ2 = Ψ4 =









0.65 0.35 0.0

0.33 0.34 0.33

0.0 0.35 0.65









,

Ψ3 =









0.5 0.5 0.0

0.33 0.34 0.33

0.0 0.5 0.5









.

The inspection costs are CI
e = e100 and the maintenance costs are CM

e = e5,000, for

all environments states e ∈ E . The operating cost matrix is given by

L =









0 0 0 0

200 1,000 5,000 1,000

400 2,000 10,000 2,000









.

The discount factor is γ = 0.99.

This instance is solved using solvePOMDP. It takes about 6.3 hours to solve using an

Intel Core i5-8365U CPU @ 1.60GHz. A similar instance with 2 degradation states
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and discount factor γ = 0.99 has a solution time of 0.8 hours. The same instance

with a discount factor γ = 0.999 has a solution time of 10 hours. In general, the

solution time increases greatly as a function of the number of observation states

and the discount factor. It also greatly increases as a function of the number of

environment states.

Figure 2.5 visualizes the optimal policy of the environment-dependent POMDP. For

the 3 degradation state case, the control charts can be visualized by 2-dimensional

plots: one for each environment state. For a belief state π = (π1, π2, π3), both plots

show on the x-axis the value of π1 and on the y-axis the value of π3. It holds that

π1 + π2 + π3 = 1. So, the value of π2 is fully determined by the other two values.

This implies that all belief states are represented by these plots. Furthermore, the

top right of the plot is empty, since π1 + π3 ≤ 1.

Consider the MLR-ordered line segment [π1, π2] with π1 = (1, 0, 0) and π2 =

(0, 0, 1). For environment state 1, the line segment [π1, π2] consists of 4 regions

in accordance with Theorem 2.4. The structure of these plots allows for a more

straightforward interpretation of the optimal action by practitioners compared to

unstructured charts.

2.A.3 Modeling the environment-dependent POMDP as a stan-

dard POMDP

To use a POMDP solver to solve an environment-dependent POMDP, first the

environment-dependent POMDP needs to be put in the format of a standard POMDP.

In this section we explain how to do this.

The environment and degradation processes can be combined in one hidden Markov

process. The space of core states of this process is E × S , elements of which are

given by pairs (e, s). We introduce the following ordering: let (e, s), (e′, s′) ∈ E × S ,

if e < e′, then (e, s) < (e′, s′) and if e′ = e, then s < s′ implies (e, s) < (e′, s′).

The transition matrix of the actions no intervention and inspect on E × S is given
by the modified Kronecker product PE ⊗e∈E PS

e , which we define as follows

PE ⊗e∈E PS
e :=













(

PE
)

11
PS

1 . . .
(

PE
)

1E
PS

E

...
. . .

...
(

PE
)

E1
PS

1 . . .
(

PE
)

EE
PS

E












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Figure 2.5: Optimal policy for an environment-dependent POMDP with 4 environ-
ment states and 3 degradation states.

=







































(

PE
)

11
(PS

1 )11 . . .
(

PE
)

11
(PS

1 )1S . . .
(

PE
)

1E
(PS

E)11 . . .
(

PE
)

1E
(PS

E)1S

...
. . .

... . . .
...

. . .
...

(

PE
)

11
(PS

1 )S1 . . .
(

PE
)

11
(PS

1 )SS . . .
(

PE
)

1E
(PS

E)S1 . . .
(

PE
)

1E
(PS

E)SS

...
...

...
. . .

...
...

...
(

PE
)

E1
(PS

1 )11 . . .
(

PE
)

E1
(PS

1 )1S . . .
(

PE
)

EE
(PS

E)11 . . .
(

PE
)

EE
(PS

E)1S

...
. . .

... . . .
...

. . .
...

(

PE
)

E1
(PS

1 )S1 . . .
(

PE
)

E1
(PS

1 )SS . . .
(

PE
)

EE
(PS

E)S1 . . .
(

PE
)

EE
(PS

E)SS







































.

The above definition can be extended to arbitrarily sized matrices. It is easily shown that

PE ⊗e∈E PS
e is a stochastic matrix.
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Observations of the standard form POMDP are given by pairs (e, o) ∈ {E × O} ∪ {E × S},
where E × O contains the observations made during the action ‘no intervention’ and E × S
contains the perfect observations made when performing an inspection or maintenance. All

observations in the set E × O are smaller than every element in E × S , i.e., for all e, e′ ∈ E ,

o ∈ O and s ∈ S we have (e, o) < (e, s). The elements of the observation space E × S
are ordered in the same way as the states E × S . For the observation space E × O, let

(e, o) < (e′, o′) if e < e′ and if e = e′, then (e, o) < (e′, o′) if o < o′.

The observation matrix for the action ‘no intervention’ is given by
(

IdE ⊗e∈E Ψe 0ES×ES

)

. Here IdE is the E× E identity matrix, the E times E matrix with

all diagonal entries equal to 1 and 0 in all other entries. The matrix 0ES×ES is the ES times

ES matrix with all entries equal to 0. The observation matrix for the actions inspect and

maintain is
(

0ES×EO IdES

)

.

Every POMDP can be reformulated to a POMDP in which all incurred costs for a given

action only depend on the starting state (Puterman, 2005). We do this for the environment-

dependent POMDP. Starting in state (e, s) ∈ E × S , the costs for performing no intervention

are given by the first equation below, the costs for performing inspect are given by the second

equation below and the costs for performing maintain are given by the third equation below.

∑
e′∈E

(PE)ee′Lse′ ,

∑
e′∈E

(PE)ee′Lse′ + ∑
e′∈E

(PE)ee′C
I
e′ ,

∑
e′∈E

(PE)ee′Lse′ + ∑
e′∈E

(PE)ee′C
M
e′ .

2.A.4 Outline of the incremental pruning algorithm

For the numerical experiments in Section 2.5, we use an implementation of the incremental

pruning algorithm to solve the instances. This appendix outlines the incremental pruning

algorithm (Cassandra et al., 1997; Walraven and Spaan, 2017). To use the implementation,

SolvePOMDP, the environment-dependent POMDP instances are first cast into a standard

POMDP format. How this is done is explained in Appendix 2.A.3.

A discounted POMDP consists of periods t ∈ {1, 2, . . . }, states s ∈ S := {1, . . . , S} with S > 0,

belief states πππ ∈ Π := {πππ ∈ R
S | ∑s∈S πs = 1}, observations o ∈ O := {1, . . . , O} with O ∈ N,

and actions a ∈ A, where A is a set. For each state s ∈ S and action o ∈ O, there is an

associated cost C(s, a) ∈ R. Let 0 < γ < 1 be the discount factor. We denote the finite

horizon value function, representing the lowest cost over t-periods, when starting in belief

state πππ ∈ Π, by Vt((((π)).
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The algorithm uses that the t-period value function Vt(πππ) representing the lowest cost over

t periods with zero terminal cost is piecewise linear (Smallwood and Sondik, 1973). Hence,

Vt(πππ) can be expressed as Vt(πππ) = minw∈Vt
π ·www for some finite set of vectors Vt. The set Vt

is not uniquely determined. For a set Vt, if a vector www′ is added that dominates all vectors in

Vt, then it holds that Vt(πππ) = minwww∈Vt∪{www′}πππ ·www.

To keep the set Vt small, the algorithm uses a function Prune(·) that removes vectors one by

one from a set V = {www ∈ R
S} as follows. If www′ ∈ V satisfies www′πππ ≥ www for all πππ ∈ Π and

www ∈ V , then it is removed from the set. The function Prune(·) repeats this removal until

all vectors that dominate all other vectors are removed. This leads to a unique minimum

representation of the set V .

We now outline the algorithm. Set t = 0, www0 = (C(1, a), . . . , C(S, a))T and

V0 = {(C(1, a), . . . , C(S, a))}. Furthermore, choose an ϵ > 0 that determines the algorithm’s

final accuracy.

1. For all o ∈ O and a ∈ A, generate Ga
o = Prune

(

{ 1
Owww0 + γyyyao(www) | www ∈ Vt}

)

, where

yao = P(o | s′, a)P(s′ | s, a)www.

2. For all a ∈ A, generate Ga = Prune
(

{∑O
o=1 gggo | ggg1 ∈ Ga

1 , . . . , gggO ∈ Ga
O}
)

.

3. Set Vt+1 = Prune (∪a∈AGa).

4. If supπ∈Π |Vt+1(π)−Vt(π)| < ϵ stop. Otherwise, return to step 1.

The challenge these algorithms face is the rapid increase in the number of vectors. The main

focus of Walraven and Spaan (2017) is improving the computational speed of the pruning

step.

Once the algorithm terminates for a t > 0, the true value function V∗ satisfies |V∗(πππ) −
Vt(πππ)| < |Vt −Vt−1(πππ)| γ

1−γ , see Section 7.6 in Krishnamurthy (2016).

2.A.5 Confidence bounds on the values of the simulated policies

In this appendix we establish the confidence intervals of the relative values in Table 2.1. We

perform 20,000 simulations for both alternative policies since this leads with a high proba-

bility to a discounted value that is with 95% certainty within 0.5% of the true discounted

value of the alternative policy over 6,000 periods. We refer to this 95% confidence interval

as the simulation interval. For each policy and instance, the actual 95% confidence interval is

calculated from the values found by simulation. In most cases, it turns out that this interval

is about twice as tight as 0.5%. The horizon length of 6,000 ensures that the value found for

each simulation is within 0.25% of the infinite horizon value that would be obtained if the

simulation was allowed to go on for an arbitrary amount of time. We refer to this bound as

the tail bound.
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We find the 95% confidence interval of the relative value by first scaling the simulation

interval and the tail bound by dividing it by the optimal policy’s value V(1, (1, 0)). Then, we

add the scaled interval and bound to the maximum allowed solver bound of 0.5% to find the

95% confidence interval of the relative long-term discounted value of the alternative policy.

2.A.6 Motivation of the aggregate policy

The aggregate policy introduced in Section 2.5.2 is motivated by considering the degrada-

tion state transition probabilities and the probabilities of different observations when the

environment is not included in the model explicitly, but does affect these probabilities. Let

M :=
(

T,S ,O, PE, γ,
(

PS
e , Ψe, CM

e , CI
e, Le

)

e∈E

)

be an environment-dependent POMDP as

introduced in Section 2.3.2. We assume the environment process has started before the

degradation process. To see this is a reasonable assumption, consider the HVAC example.

Here the environment is given by the seasons. The seasons have been present long before

HVACs were in use. Let t′ ∈ N be the number periods the environment process has

started before the degradation process. Then, {st | t = N} is the degradation process and

{et′+t | t = N} is the environment process of the environment-dependent POMDP. So, the

environment process has initial state et′ and the degradation state some initial state s1 ∈ S .

We now introduce the measure P̃, which is obtained from the transitions and observation

probabilities of the environment-dependent POMDPM when t′ → ∞ and the environment

process is excluded from the model. Let the vector ϕϕϕ ∈ R
E be the stationary distribution

of the environment process. We index the degradation process {st | t = N} by t. Let P̃ be

the probability measure corresponding to the distribution that is obtained when t′ → ∞. A

calculation shows

P̃(st+1 = s′ | st = s) := lim
t′→∞

P(st+1 = s′ | st = s)

= lim
t′→∞

∑
e∈E

P(et′+t+1 = e)P(st+1 = s′ | st = s, et′+t+1 = e)

= ∑
e∈E

lim
t′→∞

P(et′+t+1 = e) lim
t′→∞

P(st+1 = s′ | st = s, et′+t+1 = e)

= ∑
e∈E

ϕe(PS
e )ss′

=(P
S
)ss′ ,

where PS is as introduced in Section 2.5.2. Similarly for observation process.

P̃(ot+1 = o | st+1 = s) = lim
t′→∞

P(ot+1 = o | st+1 = s)

= lim
t′→∞

∑
e∈E

P(et′+t+1 = e)P(ot+1 = o | et′+t+1 = e, st+1 = s)



2

60 Maintenance optimization with environment-dependent information

= ∑
e∈E

lim
t→∞

P(et′+t+1 = e) lim
t→∞

P(ot+1 = o | et′+t+1 = e, st+1 = s)

= ∑
e∈E

ϕe(Ψe)so

=Ψso,

where Ψ is as introduced in Section 2.5.2.

The expected operating, inspection and maintenance costs we incur when transitioning from

state st to st+1 under the above environment-independent process are

Lst
:= lim

t′→∞
∑
e∈E

(Let′+t+1
)st P(et′+t+1 = e) = ∑

e∈E
ϕe(Le)st ,

C
I := lim

t′→∞
∑
e∈E

CI
et′+t+1

P(et′+t+1 = e) = ∑
e∈E

ϕe(C
I
e), and

C
M := lim

t′→∞
∑
e∈E

CM
et′+t+1

P(et′+t+1 = e) = ∑
e∈E

ϕe(C
M
e ),

respectively. The costs match the expressions in Section 2.5.2.

2.A.7 Summing over all values of complete information per period

This section shows that the sum over all values of complete information per period can be

larger than the relative value of complete information over all periods. This shows that, in

some cases, investing in complete information in one period positively carries over to the

quality of the information in other periods.

We introduce an example with the same period structure, cost structure, degradation states,

and degradation matrix as environment state 2 the HVAC example in Section 2.5.1. We

change the observation and environment processes. Let the environment states be E = {1, 2}.
Recall that periods correspond to weeks. Let environment state 1 correspond to even weeks

and environment state 2 to odd weeks of the year (or the other way around). Then, define

the environment transition matrix and observation matrices

PE =





0 1

1 0



 , Ψ1 =





1/2 1/2

1/2 1/2



 , and Ψ2 =





1/2 1/2

1/2 1/2



 .

Both of the observation matrices give no information regarding the degradation state of the

system. The relative value of complete information for both periods and over all periods

is given in Table 2.4. In this table, the notation is the same as in Section 2.5.3, with E ′ the

environments in which the information is complete. The sum over the relative values of

information for the individual periods is 70.10%, while the relative value of information over

all periods is 42.82%. This example shows that for this instance the sum over all relative
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values of complete information per period is larger than the relative value of complete

information over all periods.

Table 2.4: The relative value of complete information for environment states E ′ for
the modified HVAC example.

E ′ value (e) bound (%) I(E ′, (1, 1))(%)

Ω ∅ 120115 0.89 0.00
Ω1 {1} 78020 0.83 35.05
Ω2 {2} 78010 0.83 35.05
Ωf {1, 2} 68686 0.80 42.82





Chapter 3

Multi-component systems with a single
sensor

In this chapter, we consider a multi-component system in which a single sensor monitors

a condition parameter. Monitoring gives the decision maker partial information about the

system state, but it does not reveal the exact state of the components. The decision maker

infers a belief about the exact state from the current condition signal and the past data, and

uses that to decide when to intervene for maintenance. A maintenance intervention consists

of a complete and perfect inspection, and may be followed by component replacements.

We model this problem as a partially observable Markov decision process. Under the

assumption that the matrices describing the degradation and observation processes satisfy

the multivariate totally positive of order 2 condition, we show a monotonic at-most-3-region

policy is optimal. We further give a sufficient condition under which the optimal policy

reduces to an at-most-2-region policy. In two examples, we visualize the optimal policy.

To solve the examples, we modify the incremental pruning algorithm, an exact solution

algorithm for partially observable Markov decision processes. Our modification has the

potential to also speed up the solution of other problems formulated as partially observable

Markov decision processes.

1This chapter is based on Eggertsson et al. (2024b). The contribution of the second and third author
has partially been funded by the project on Proactive Service Logistics for Advanced Capital Goods Next,
ProSeLoNext (438-15-620), which is supported by the Netherlands Organization for Scientific Research
(NWO) and the Dutch Institute for Advanced Logistics.
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3.1. Introduction

Failure and subsequent downtime of advanced technical systems (e.g., manufactur-

ing equipment, industrial computers, material handling systems, industrial print-

ers, or airplanes) can cause significant revenue loss, shaken customer loyalty, and

damaged reputation. Expensive maintenance activities may be required to prevent

downtime (Öner et al., 2007, 2013; Saranga and Kumar, 2006).

One way to schedule maintenance is by monitoring the system’s state and main-

taining once a certain state has been reached. A system’s state is represented by the

states of all of its components. This is called condition-based maintenance (CBM).

CBM is highly advantageous in achieving cost reduction and service level improve-

ment. The rapid development of sensor technologies facilitates its implementation.

CBM requires a measurable state indicator (e.g., temperature, vibration, etc.) and

the existence of warning limits. Using sensor technologies, service providers can

remotely monitor the systems installed at their customers. Internet of Things (IoT)

and big data techniques enable the integration of different sources of information

about systems’ conditions and generate real-time information.

However, it often provides only partial knowledge of the system’s state. It is not

always affordable and/or feasible to install sensors dedicated to each component.

When a sensor is on the system level, it provides partial information about the

system’s state. In other words, sensor information does not indicate the exact

degradation state of each of the components and involves uncertainty. Generally,

there is a probabilistic relation between system states and sensor information. That

is, one sensor reading may result from various system states, and one system

state may result in multiple sensor readings. By allowing the sensor information

to depend on the state of multiple components, the relation between system and

sensor we consider in this chapter is more general than that in Chapter 2, where we

considered a single-component with a single sensor.

Our main inspiration for studying the setting where a single sensor’s signal de-

pends on the state of multiple components originates from the practice of Canon

Production Printing (CPP). CPP is a global leader in graphic arts, industrial print-

ing, and collaborative business services. In 2015, the company released a new

high-end printer called VarioPrint i300 (VPi300). The VPi300 printer is equipped

with sensors, which allows CPP to collect and analyze information from the printer

remotely. One of the measurements obtained is the temperature in a sub-system,
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namely the maintenance box. A deteriorated component such as a chiller, a roller,

or a safety valve can cause a high temperature in the maintenance box and worse

performance.

We capture the option to exactly determine the degradation state of each of the

components through the action ‘maintenance intervention’. This action combines

inspection and component replacement decisions. This is contrary to the existing lit-

erature on maintenance and inspection optimization under partial information that

often assumes inspection and replacement actions are mutually exclusive (Chapter

2; van Staden and Boute, 2021). In our motivating case, it is more realistic to

combine inspection and replacement decisions since it is time-consuming and costly

to travel to an asset and perform an inspection. To the best of our knowledge, the

only paper that combines these actions is by Kim and Makis (2013). However,

they do not consider multiple components and freedom of choice in replacement

decisions. A maintenance intervention requires an engineer to travel to the system’s

location and a setup time during the dismantling and inspection of the system.

After inspecting the system, part replacement decisions must be made, i.e., dete-

riorated components may be removed from the system and replaced by new or

as-good-as-new spare parts. This corresponds to a repair-by-replacement strategy,

which reduces maintenance execution time (van Houtum and Kranenburg, 2015).

Part replacements incur variable costs consisting of spare part and labor costs. The

objective is to minimize the total cost by optimizing the timing of maintenance

interventions and the associated replacement decisions. We formulate this problem

as a partially observable Markov decision process (POMDP). The POMDP framework

allows for maintenance decision-making when only partial information is available

about the system’s state.

The contributions of this chapter are as follows. We are the first to study multi-

component maintenance optimization with stochastic dependence between sensor

information and components’ degradation states. We are the first to use the more

realistic ‘maintenance intervention’ action without assumptions on the replacement

actions. To the best of our knowledge, the only paper with a similar action is by Kim

and Makis (2013). However, they only consider the action in the single-component

setting and make assumptions about the replacement action to be performed when

an inspection occurs. Hence, in contrast to their work, our model allows us to jointly

optimize inspections and part replacements. We prove that including the more

realistic ‘maintenance intervention’ leads to an optimal policy having an at-most-
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3-region structure. This contrasts the at-most-4-region structure that is common

in the literature; this is obtained when inspection and maintenance are modeled

as separate actions (Ohnishi et al., 1986; Kim and Makis, 2013; van Staden and

Boute, 2021). We present a modified version of the incremental pruning algorithm

that solves for the optimal policy in an exact manner. Our modification leads to

a faster calculation of the value of the action ‘maintenance intervention’ compared

to the ‘no intervention’ action. The latter action is calculated via the steps in the

original incremental pruning algorithm. Our modification can potentially speed up

the computation of other problems where certain actions give partial and others full

information.

The remainder of this chapter is structured as follows. Section 3.2 reviews related

literature. Section 3.3 introduces the model. Section 3.4 discusses the optimal policy

structure. Section 3.5 discusses our modification of the incremental pruning algo-

rithm. Section 3.6 visualizes the optimal policy structure with two examples and

compares the computation speed of the value of both actions in our modification

of the incremental pruning algorithm. Section 3.7 concludes and discusses future

research directions.

3.2. Literature review

This chapter is part of the literature on condition-based maintenance (CBM), also

called predictive maintenance. This is maintenance performed based on the cur-

rent state of the asset. Alaswad and Xiang (2017) review the literature on CBM

optimization models. For a comprehensive review of the literature on maintenance

optimization, we refer the reader to De Jonge and Scarf (2020). Our work lies on

the intersection of two research streams: (1) CBM based on partial information on the

system’s degradation state and (2) CBM for systems with multiple dependent components.

The single-component maintenance literature often refers to the component’s health

as the degradation state. We consider a system that consists of multiple components.

For each component, we assume that a single degradation state describes its health.

We assume the system’s state is fully described by the combination of all compo-

nents’ degradation states and refer to this as the core state of the system.

We first review research stream (1) CBM based on partial information on the sys-

tem’s degradation state. The existing literature mainly considers single-component
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systems. For these systems, the operator can take three actions every period: either

1) perform no intervention and obtain no or partial information, 2) inspect and

obtain complete information, or 3) maintain. Maintenance returns the system to an

as-good-as-new state. For these systems, previous work characterizes the structure

of the optimal policy under the so-called totally positive of order 2 (TP2) assumption

(see e.g., Rosenfield, 1976; Ohnishi et al., 1986). The TP2 condition has also been

used to gain insight into the optimal policy of waiting-line problems (Sandıkçı

et al., 2013). For our multi-component system, we extend these analyses by making

use of the multivariate totally positive of order 2 (MTP2) assumption (see Karlin and

Rinott, 1980; Whitt, 1982). Existing research analyzes inspection and replacement

actions separately and shows that the resulting optimal policy has a monotonic, at-

most-four-region structure (Rosenfield, 1976; White, 1978; Ohnishi et al., 1986). Our

formulation better reflects real-life decision-making in many cases, i.e., the system

is inspected first at a certain cost and if optimal, replacement actions can follow

immediately.

Kim and Makis (2013) jointly optimize sampling and maintenance interventions.

Through costly sampling, partial information about the degradation state is ob-

tained. If a maintenance intervention is chosen, then the degradation state is

revealed, and maintenance is performed dependent on the target state. For their

main theoretical result, they restrict to a system with 3 degradation states and

assume they know in what degradation states maintenance is performed during a

maintenance intervention. They assume silent failures. Their main result states that

an at-most-4-region policy is optimal for their problem. In our model, we assume

partial information is obtained every period at no cost, our theoretical result is

independent of the number of core states, and we make no assumptions on what

states are maintained once a maintenance intervention is performed.

Similarly, van Staden and Boute (2021) study a 3-core-state problem with 2 unob-

servable working states and a failure state. They assume self-announcing failures so

that a failure leads to a corrective maintenance action. They consider two sensors,

of which the second is better than the first. The first sensor reveals costless partial

information every period. The second sensor gives additional partial information at

a cost. Every period, the decision maker can either perform no intervention, obtain

information via sensor two or perform maintenance. They show that the optimal

policy of their model has an at-most-4-region structure.
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Chapter 2 studies maintenance and inspection optimization under environment-

dependent partial information; a Markov process modulates the quality of informa-

tion. It shows that for the considered model, an environment-dependent at-most-4-

region policy is optimal if for every environment the observation and degradation

matrices are TP2.

Research stream (2) CBM for systems with multiple dependent components is re-

viewed by Olde Keizer et al. (2017a). They distinguish between structural, stochas-

tic, resource, and economic dependence. Our model and solution method allow for

structural dependence, stochastic dependence, and economic dependence. Struc-

tural dependence can be captured in our model through the operating cost. Stochas-

tic dependence is allowed since the degradation rate of one component can depend

on the degradation states of the other components. Positive economic dependence

arises through the setup cost for maintenance interventions, i.e., it can be beneficial

to maintain multiple components at once. All papers discussed in this research

stream have positive economic dependence. Our model also includes observation

dependence, i.e., multiple components share the same observation signal. There is

a further distinction between papers that only suggest maintenance policies and

those that optimize those policies. We focus on the literature aimed at optimizing

policy structures under stochastic degradation.

Shafiee et al. (2015b) and Shafiee and Finkelstein (2015) both consider the multi-

component maintenance setting, where if one component is maintained, all com-

ponents are maintained. Both papers optimize an individual threshold per com-

ponent that triggers a preventive maintenance action and an optimal operational

age at which all components are maintained. Shafiee et al. (2015b) and Shafiee and

Finkelstein (2015) apply their model to wind turbine rotor blades and bearings,

respectively.

Zhu et al. (2015) and Arts and Basten (2018) take the time between inspections as

a decision variable. Zhu et al. (2015) consider a multi-component system, where if

the degradation exceeds a failure threshold the operating efficiency of the machine

is lower and a corrective maintenance action is performed at the next inspection.

They, additionally, optimize individual control limits that trigger preventive main-

tenance at inspections. Arts and Basten (2018) bridges the literature on single and

multi-component systems by considering how optimal maintenance policies for

single-component systems can be used to design maintenance programs for multi-
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component systems. They consider both components following periodic main-

tenance and CBM. In their periodic CBM policy they set an inspection interval

length, and, after a certain number of inspection intervals, preventive maintenance

is performed if the system is in a defective, but not yet failed, state. They opti-

mize the inspection interval length and the number of inspection intervals before a

preventive maintenance intervention is performed for each component.

Poppe et al. (2018) study a multi-component system where they consider two thresh-

olds for each component. One threshold determines when the component is preven-

tively maintained, and the other threshold determines when to perform preventive

maintenance if another component is maintained correctively or preventively. They

perform a numerical analysis to study the benefits of their suggested maintenance

policy.

Olde Keizer et al. (2016) study a multi-component system with redundancy for

which they compare the optimal maintenance policy based on the components’

degradation states to optimized traditional policies, such as age-based maintenance.

They conclude that CBM, when possible, is preferred over traditional policies. The

first work combining maintenance planning and load sharing is by Uit het Broek

et al. (2021). Their problem set consists of multiple exchangeable units that share a

production function. They study numerically how per-unit production control can

be used so that maintenance can be clustered.

Joint spare part management and maintenance optimization is researched by Olde

Keizer et al. (2017b). They show the importance of joint optimization by compar-

ing the optimal policy to maintenance planning together with classical inventory

theories.

Abdul-Malak and Kharoufeh (2018) consider CBM planning for systems in a shared

environment. During every decision period, the decision maker can choose systems

to maintain. If the operator chooses to maintain one or more systems, it incurs a

set-up cost once and an additional cost for each maintained system. They show that

the cost function is nondecreasing in the product space of environment states and

the degradation levels per component.

Next, we discuss two papers on the intersection of research streams (1) and (2).

Both of these works have observation dependence. Kıvanç et al. (2022) model

regenerative air heater maintenance as a POMDP. This leads to a relatively large

POMDP which they use to compare exact and approximate solution algorithms. We
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base our algorithm on an exact algorithm, accelerated vector pruning, that is more

efficient than the exact solution methods they consider (Walraven and Spaan, 2017).

Similar to our work, Karabağ et al. (2020) introduce a model inspired by mainte-

nance planning at CPP. They study when to replace components. In a numerical

experiment, they highlight the importance of smart sensor usage. Their model is

restricted to three signals, good, defective, and failed, that depend deterministically

on the underlying state. In contrast, in our model, we allow the signal to depend

stochastically on the underlying state, and assume no fixed number of observation

states. They do not derive structural results on the optimal policy.

A work that does not explicitly consider a maintenance problem but is closely

related to our work is by Miehling and Teneketzis (2020). They consider a 2-action

POMDP with partially ordered core states and observations. Their actions are to

perform no intervention or return the system to an as-good-as-new state at a cost.

For this POMDP, they derive sufficient conditions for monotone optimal policies,

e.g., at-most-2-region policies. Our model considers a more restrictive ordering on

the core states and belief states than their model. In contrast, their generalized totally

positive of order 2 condition is more restrictive than the MTP2 condition.

3.3. Model

Throughout this section, we denote the non-negative integers by N, the integers

larger than 0 by N>0, the real numbers by R and the non-negative real numbers by

R+. For a vector v, we denote by vi the ith element of the vector. We denote the

cardinality of a set X by |X|.

We consider a system that consists of N ∈ N>0 components. The set of components

is denoted by I = {1, 2, . . . , N}. The set of degradation states of component i ∈ I is

denoted by Si = {0, 1, . . . , Si}, with Si ∈ N. The state numbers are ordered to reflect

the degree of deterioration, i.e., state 0 represents the as-good-as-new state, and Si

denotes the fully degraded state for component i ∈ I. For most systems, a fully

degraded component corresponds either to a severe loss of quality or functional

failure. Our model can capture both cases. If a fully degraded component leads to

failure, our model assumes it is non-obvious.
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Core states

We define S = ∏i∈I Si as the set of core states. Each core state s ∈ S is a unique N

- dimensional vector s = (si | si ∈ Si, i ∈ I), where si represents the degradation

state of component i ∈ I. We note that S is a partially ordered set, i.e., for s, t ∈ S,

s ≤ t means si ≤ ti for all i ∈ I. We denote the 1-step transition probability from

core state s ∈ S to t ∈ S by qs,t and the corresponding (|S| × |S|) - dimensional

stochastic matrix by Q = {qs,t}s,t∈S .

Observations

A single sensor monitors the system. The set O = {0, 1, . . . , O} represents possible

monitoring outcomes. The probabilistic relation between core state s ∈ S and

observation θ ∈ O is represented by (|S| × (O + 1)) - dimensional stochastic matrix

Ψ = {ψs,θ}s∈S,θ∈O , where ψs,θ is the probability that the outcome of monitoring is

θ when the core state is s.

State space

The state information of the partially observable Markov decision process is the

belief state π = (πs | s ∈ S) where πs represents the probability of the system

being in core state s ∈ S. Our state space can be expressed by

Π = {π ∈ R
|S|
+ | ∑

s∈S
πs = 1}. (3.1)

Actions

In each period, the decision maker decides whether to perform a maintenance

intervention. Action a = 1 indicates intervening for maintenance, and a = 0

indicates doing nothing.

A maintenance intervention always starts with a complete and perfect inspection,

which reveals the exact degradation state of all components, i.e., the current state

s ∈ S. Only after inspecting the system the decision maker makes replacement

decisions that correspond to replacing deteriorated components with as good as

new components. We denote the replacement action by binary vector r = (ri | i ∈ I)

where ri is 1 if component i ∈ I is replaced and 0 otherwise. Let R = Πi∈I{0, 1} be

the set of possible replacement actions. We model all actions as being instantaneous.
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Let M(s, r) ∈ S be the core state after replacement action r ∈ R is performed in

state s ∈ S. Condition vectorM(s, r) is such that

(M(s, r))i = (1− ri)si for i ∈ I.

Let us be the |S| - dimensional unit vector with 1 on the sth element. If the system

is in core state s ∈ S, the belief state becomes us after inspection and uM(s,r) after

replacement action r ∈ R.

Sequence of events

The sequence of events is as follows.

1. At the beginning of each period, the decision maker observes the belief state

and makes a decision that can be either

(a) to perform no intervention (a = 0) or,

(b) to perform a maintenance intervention (a = 1) at the end of the period.

2. During the period, operating costs are incurred, components may deteriorate,

and an observation of the condition signal θ ∈ O is made.

3. At the end of each period,

(a) if a = 1, a maintenance intervention is performed.

(b) the belief state is updated.

Costs

We distinguish between operating, setup, and replacement costs. Every period

the decision maker incurs an operating cost Co(s), with s ∈ S. Operating costs

reflect the costs the decision maker incurs for operating a less-than-perfect system,

such as a failure to comply with contractual obligations or a penalty for customer

dissatisfaction. We make the modeling assumption that operating costs are incurred

before system degradation. Furthermore, we assume Co(s) ≤ Co(t) for all s, t ∈ S,

such that s ≤ t and 0 ≤ Co(s) for all s ∈ S.

Remark 3.1. The operating cost can be used to model a k-out-of-N system. This is an

N-component system that fails after more than k components have failed (Olde Keizer et al.,

2017a). Our model can capture this by setting the operating cost to 0 until k components

have failed, after which a high operating cost is incurred.
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The choice to perform no intervention or a maintenance intervention is made at the

beginning of each period. However, the execution of a maintenance intervention

takes place at the end of a period where the corresponding costs are charged. This

is reasonable if the period length is roughly the time it takes for a maintenance

engineer to travel to the location. If the decision maker, at the beginning of the

period, decides to perform a maintenance intervention, she will incur a fixed setup

cost Cm and perform a maintenance intervention at the end of the period. The

setup cost consists of travel, inspection costs, and potential machine downtime costs

during the inspection.

A maintenance intervention consists of an inspection followed by component re-

placement decisions. If component i ∈ I is replaced, replacement cost Cr
i is incurred.

This leads to variable cost Cv(r) for replacement action r:

Cv(r) = ∑
i∈I

Cr
i ri.

The replacement cost of a component consists of the cost of a spare part, downtime

during replacement, and labour hours associated with the replacement action.

We assume a discount rate 0 < λ < 1 so that any cost incurred in a subsequent

period is discounted by a factor λ.

Transitions

Given belief state π, the probability of observing θ ∈ O at the end of the period is:

p(θ | π) = ∑
s∈S

∑
t∈S

πsqs,tψt,θ = (πQΨ)θ .

If the observation made at the end of the period is θ ∈ O, belief state π becomes

T(π, θ), with components

(T(π, θ))t =
∑s∈S πsqs,tψt,θ

p(θ | π)
=

(πQ)tψt,θ

(πQΨ)θ
for t ∈ S.

Value function and operators

Let Vn(π) be the value function representing the minimum expected total dis-

counted cost using the optimal policy when there are n ≥ 0 periods left. In what

follows, we define operators of which Vn(π) is composed.
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For replacement actions, we define operator Υ as

ΥVn(π) = ∑
s∈S

πs min
r∈R
{Cv(r) + Vn(uM(s,r))}. (3.2)

We note that the optimal replacement action only depends on the core state ob-

served after inspection.

For the action of doing nothing, we define operator Γ0:

Γ0Vn(π) = Co(π) + λ ∑
θ∈O

p(θ | π)Vn(T(π, θ)) for π ∈ Π,

where Co(π) = ∑s∈S πsCo(s) is the expected operating cost for belief state π. For

the action of maintenance intervention, we define operator Γ1:

Γ1Vn(π) = Co(π) + λ
{

Cm + ΥVn(πQ)
}

for π ∈ Π. (3.3)

The term πQ = (πsQs,t | t ∈ S) is the expected belief state without an observation

prior to the inspection. Using these operators, the value function can be expressed

as

Vn+1(π) = min
a∈{0,1}

{ΓaVn(π)}. (3.4)

The above-presented problem has a finite action space, includes strictly positive,

bounded immediate costs, and is discounted. From the standard argument of the

theory of contraction mapping, (3.4) converges to a solution function V(π) as n

tends to infinity and there exists an optimal deterministic stationary policy a∗(π)

(see Ohnishi et al., 1986; Puterman, 2005). Thus, (3.4) can be solved by a successive

approximation procedure such as value iteration.

3.4. Structural properties of the optimal policy

This section discusses the structure of an optimal policy on the model described

in Section 3.3. We start by introducing the multivariate totally positive of order 2

(MTP2) condition and assume the degradation and observation matrices satisfy this

assumption. After this, we introduce the belief state ordering via binary relation

⪯T. Then, we study the general properties of the value function and establish the
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existence of an optimal at-most-3-region policy. We end the section by showing

when an at-most-2-region policy holds. All proofs are given in Appendix 3.A.1.

Definition 3.1 and Definition 3.2 hold for general sets of core states defined as

follows. For two index sets Î and Ī, let Ŝ = ∏i∈ Î Ŝi with Ŝi = {0, . . . , Ŝi} and

S̄ = ∏i∈ Î S̄i with Ŝi = {0, . . . , S̄i}, where Ŝi ∈ N for all i ∈ Î, and S̄i ∈ N for all

i ∈ Ī.

The definition below is the application of Definition 3.1 in Karlin and Rinott (1980)

to linear transformations between vector spaces. For a further discussion on the

MTP2 and other stochastic orders, we refer the reader to Shaked and Shanthikumar

(2007).

Definition 3.1. A matrix A = {As,t}s∈Ŝ,t∈S̄ is multivariate totally positive of order 2

(MTP2) if
∣

∣

∣

∣

∣

∣

as∧s′ ,t∧t′ as,t′

as′ ,t as∨s′ ,t∨t′

∣

∣

∣

∣

∣

∣

≥ 0 for s, s′ ∈ Ŝ, and t, t′ ∈ S̄,

where lattice operations ∧ and ∨ are

s∧ s′ = (min (s1, s′1), ..., min (sN , s′N)), and

s∨ s′ = (max (s1, s′1), ..., max (sN , s′N)).

We make the following assumption about the degradation matrix.

Assumption 3.1. Q is MTP2, i.e.,

∣

∣

∣

∣

∣

∣

qs∧s′ ,t∧t′ qs,t′

qs′ ,t qs∨s′ ,t∨t′

∣

∣

∣

∣

∣

∣

≥ 0 for s, s′, t, t′ ∈ S, (3.5)

The MTP2 property implies that if the system deteriorates, it is more likely that the

system gets even more deteriorated. A sufficient condition for Assumption 3.1 to

hold is given in Section 3.6 where it is used to construct MTP2 matrices.

Assumption 3.2. Observation matrix Ψ is MTP2, i.e.,

∣

∣

∣

∣

∣

∣

ψs∧t,θ ψs,θ′

ψt,θ ψs∨t,θ′

∣

∣

∣

∣

∣

∣

≥ 0 for s, t ∈ S, and 0 ≤ θ ≤ θ′ ≤ O.
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Assumption 3.2 implies that more deteriorated core states lead to higher observa-

tion levels probabilistically, which can be ensured by reordering observation levels

suitably.

The following definition is Definition 3.1 in Karlin and Rinott (1980) applied to

vectors. Let Π̂ be the belief space corresponding to the set of core states Ŝ obtained

via Equation (3.1). The following definition introduces an ordering on this space.

Definition 3.2. The binary relation ⪯T is defined as follows. For π1, π2 ∈ Π̂

π1 ⪯T π2

if and only if
∣

∣

∣

∣

∣

∣

π1
s∧t π1

s

π2
t π2

s∨t

∣

∣

∣

∣

∣

∣

≥ 0 for s, t ∈ Ŝ.

The relation π1 ⪯T π2 implies that with belief π2 we believe the system is further

degraded than with belief π1.

The following lemma and theorem hold under Assumptions 3.1 and 3.2.

Lemma 3.1. The value function satisfies the following properties:

(i) π1 ⪯T π2 implies V(π1) ≤ V(π2) for π1, π2 ∈ Π,

(ii) V(π) is a concave function of π on Π, i.e.,

αV(π1) + (1− α)V(π2) ≤ V(απ1 + (1− α)π2)

for α ∈ [0, 1] and π1, π2 ∈ Π,

Since the results on the optimal policy structure are described using line segments,

we first formulate these, following Rockafellar (1972).

Definition 3.3. For π1, π2 ∈ Π, define the line segment from π1 to π2 by

[π1, π2] := {π ∈ Π | π̃ = (1− α)π1 + απ2, α ∈ [0, 1]}.

Theorem 3.1 (Monotonic at-most-3-region policy). Let π1, π2 ∈ Π with π1 ⪯T π2.

Then there exist thresholds πL, πH ∈ [π1, π2] with πL ⪯T πH, such that the optimal
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action for π ∈ [π1, π2] is given by

a∗(π) =







1 if πL ⪯T π ⪯T πH

0 otherwise
.

To the best of our knowledge, this is the first maintenance optimization problem

with partial information that exhibits an at-most-3-region policy. The reason for

this is that both the inspection and replacement decisions are captured in the action

‘maintenance intervention’. Previous literature treats these as mutually exclusive

actions and then derives an at-most-4-region policy (Chapter 2; Ohnishi et al., 1986;

van Staden and Boute, 2021).

In Section 3.6.2, we provide an example where the optimal policy between two belief

states consists of 3 regions. An immediate corollary to the at-most-3-region policy

is that on any MLR-ordered line segment ending in a state where maintenance is

optimal, an at-most-2-region policy holds.

Corollary 3.1 (Monotonic at-most-2-region policy). Let π1, π2 ∈ Π with π1 ⪯T π2

and Γ1V(π2) < Γ0V(π2). Then, there exist a threshold πL ∈ [π1, π2], such that the

optimal action for π ∈ [π1, π2] is given by

a∗(π) =







0 if π ⪯T πL

1 if πL ⪯T π
.

In maintenance problems, it is common for a maintenance intervention to be opti-

mal for the most degraded state, in our case u(Si |i∈I). Furthermore, for all π we have

π ⪯T u(Si |i∈I). So, if maintenance is optimal in u(Si |i∈I), then on all lines [π, u(Si |i∈I)]

a 2-region policy is optimal.

3.5. Solution method

Incremental pruning algorithms provide solutions for POMDPs with exact bounds

on the optimal value. An incremental pruning algorithm consists of two primary

components: dynamic programming updates and vector pruning (Cassandra et al.,

1997). The dynamic programming updates generate vectors to describe successive

value functions. Vector pruning removes unnecessary vectors to keep calculations

manageable.
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We change the incremental pruning algorithm to solve our model by modifying the

dynamic programming step used to calculate the action ‘maintenance intervention’.

Section 3.5.1 introduces both this modified and the standard dynamic programming

steps of the incremental pruning algorithm. The standard dynamic programming

step calculates the value of the action ‘no intervention’. Section 3.5.2 introduces the

modified incremental pruning algorithm.

The modified incremental pruning algorithm is used in Section 3.6 to solve two

numerical examples. Section 3.6.3 shows that our modified calculation of the value

of the action ‘maintenance intervention’ has a much lower computation time than

the calculation of the value of the action ‘no intervention’. This is likely due to the

value of the action ‘maintenance intervention’ being described by a single vector

that can be calculated directly. In contrast, a set of vectors is needed to describe the

value of the action ‘no intervention’.

Throughout this section, we follow the discussion by Walraven and Spaan (2017),

except for the implementation of the dynamic programming step to calculate the ac-

tion ‘maintenance intervention’ in Section 3.5.1 and the stopping criterion in Section

3.5.2. Appendix 3.A.2 provides the pseudocode for vector pruning as introduced

by Walraven and Spaan (2017). For a further discussion of the incremental pruning

algorithms and other exact POMDP solution algorithms, we refer the reader to

Cassandra et al. (1997), Kıvanç et al. (2022) and Krishnamurthy (2016, Section 7.5).

3.5.1 Dynamic programming updates

We structure the discussion on dynamic programming updates as follows. First,

we discuss how a set of vectors can describe the value function of a finite-horizon

POMDP. Then, we show our modification as we express the value of the ‘mainte-

nance intervention’ action using a single vector. Finally, we express the value of the

action ‘no intervention’ in terms of vectors as is done in the standard incremental

pruning algorithm.

Theorem 7.4.1 of Krishnamurthy (2016) states that any finite-horizon value function

Vn(π) can be described by a finite set of vectors Vn, such that, Vn(π) = minα∈Vn
απ.

Denote the vectors describing Vn by αk
n ∈ Vn with 1 ≤ k ≤ |Vn|.

We express ‘maintenance intervention’ operator Γ1Vn(π) in terms of the vectors

in the set Vn. Our modification of the incremental pruning algorithm is that we
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calculate this vector explicitly. This is both beneficial from a computational stand-

point and needed since within the action Γ1Vn(π), a replacement decision is made.

Standard POMDP solvers cannot include this, as the action is nested. A nested

action leads to double discounting when implemented in a standard solver.

First define Co = (Co(s) | s ∈ S). Then Co(π) = ∑s∈S πsCo(s) = πCo. We write

the replacement action as

ΥVn(π) = ∑
s∈S

πs min
r∈R
{Cv(r) + Vn(uM(s,r))}

= ∑
s∈S

πs min
r∈Rs

{Cv(r) + min
αk

n∈Vn

αk
nuM(s,r))}

= ∑
s∈S

πs min
r∈Rs

min
αk

n∈Vn

{Cv(r) + αk
nuM(s,r))}

=πw,

where w is defined componentwise by

ws = min
r∈R

min
α∈Vn

(

Cv(r) + αuM(s,r)

)

.

Using the above, we write the value of the action ‘maintenance intervention’ as

Γ1Vn(π) =Co(π) + λ
{

Cm + ΥVn(πQ)
}

=Co(π) + λ
{

Cm + (πQ)w
}

=πβ, (3.6)

where the vector β is defined by

β = Co + λ
(

Cm1 + Qw
)

.

The vector 1 is a vector of length |S| with a 1 on every position. It is possible

to express Γ1Vn(π) as Equation (3.6) since it is an affine function, as is shown in

Lemma 3.8.

We express ‘no intervention’ operator Γ0Vn(π) in terms of vectors using the stan-

dard dynamic programming step of the incremental pruning algorithm. For a

thorough discussion, we refer the reader to Cassandra et al. (1997). First, define
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the value fk
θ under a specific observation and alpha vector αk

n

fk
θ =

1
|O|C

o + λgk
θ for all 1 ≤ k ≤ Vn, 0 ≤ θ ≤ O, where, (3.7)

gk
θ = ∑

s∈S
p(θ | s

′)p(s′ | s)αk
n for all 1 ≤ k ≤ Vn, 0 ≤ θ ≤ O. (3.8)

Using Equations (3.7) and (3.8) we define the sets

Fn
θ = {fk

θ | 1 ≤ k ≤ |Vn|}, and (3.9)

Gn =
⊕

θ∈O
Fn

θ =

{

∑
θ∈O

f
ki
θ | 1 ≤ ki ≤ |Vn| for all i ∈ I

}

. (3.10)

The direct sum operator
⊕

is defined for a set of sets {Aj}j∈J with indexing set J,

by
⊕

j∈J Aj =
{

∑j∈J aj | aj ∈ Aj for j ∈ J
}

. From the above set Gn we calculate the

value of the action ‘no intervention’ during the n-th period as follows

Γ0Vn(π) = min
α∈Gn

απ.

So that

Vn+1 = Gn ∪ {β}.

This shows how Vn+1 can be computed from Vn via Equations (3.7), (3.8), (3.9), and

(3.10).

3.5.2 Modified incremental pruning

We describe the modified incremental pruning algorithm in this section. The dif-

ferences compared to the standard incremental pruning algorithm, as presented by

Walraven and Spaan (2017), is that we explicitly calculate the vectors describing the

value of the action ‘maintenance intervention’ and that we add a stopping condition.

First, we remark on the relevance of pruning. Second, we introduce the stopping

criterion for the algorithm. Third, we present the modified incremental pruning

algorithm.

A set V describing a piecewise linear value function V may contain redundant

elements, i.e., elements not needed to describe V. We say a set of vectors V
representing a value function V is called a pruned set, if for all α′ ∈ V , there is
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a π ∈ Π such that

α′π < απ for all α ∈ Π such that α ̸= α′.

Let Prune(·) be a function that takes as input a set of vectors V and returns a pruned

set V ′. Appendix 3.A.2 provides pseudocode for this function. If the pruning step

is omitted in the standard algorithm, then the number of vectors in Vn increases

double exponentially over the iteration n (Krishnamurthy, 2016, Section 7.5).

To complete the algorithm, a stopping criterion is needed. We use the second bound

in Theorem 7.6.2 in Krishnamurthy (2016):

|Vn(π)−V(π)| ≤ λn+1

1− λ
max
s∈S

Cmax(s) for all n > 0, (3.11)

where Cmax(s) are the maximal operating costs over all actions when operating in

state s ∈ S. For our model, the highest operating costs are incurred in state u(Si |i∈I),

and we incur extra costs when performing a maintenance intervention, so

max
s∈S

Cmax(s) = Co(u(Si |i∈I)) + λCm + λCv((1, . . . , 1)). (3.12)

Let B be the accuracy target, i.e, we iterate until |Vn(π)−V(π)| ≤ B. By Equation

(3.11), this holds if

B ≤ λn+1

1− λ
max
s∈S

Cmax(s) =
λn+1

1− λ
max
s∈S

(

Co(u(Si |i∈I)) + λCm + λCv((1, . . . , 1))
)

,

where the equality follows from Equation (3.12). The above holds for all n such that

log

(

(1− λ)B

Co(u(Si |i∈I)) + λCm + λCv((1, . . . , 1))

)

1
log(λ)

− 1 ≤ n.

Let N be the smallest value for n that satisfies the above inequality. The complete

algorithm is given as Algorithm 1.

3.6. Illustrative examples

We present two examples that satisfy the MTP2 condition on both the degradation

and observation matrix. For the first example, we consider a system with 2 com-
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Algorithm 1: Modified incremental pruning algorithm

input : bound B, model parameters S,O, Co, Q, Ψ, Cv, Cm, and λ.
output: VN

1 n← 0;
2 V0 ← {(0 | i ∈ I)};
3 Determine N from B;
4 while n ≤ N do
5 Calculate β;
6 Calculate Fn

θ for θ ∈ O;

7 Gn ← Prune

(

Fn
0
⊕

(

. . . Prune
(

Fn
O−1

⊕Fn
O

)

)

)

;

8 Vn+1 ← Prune
(

Gn ∪ {β}
)

;
9 n← n + 1;

10 end

ponents, each having 2 degradation states. This example has 3 observation states.

We visualize the optimal maintenance intervention policy and report the optimal

replacement policy. This example has been chosen since the optimal policy can be

visualized in detail due to the limited number of degradation states.

For the second example, we consider a system with 2 components, each having 3

degradation states. This example has 2 observation states. We use this example

to show an explicit example of Theorem 3.1, where a line segment between belief

states is partitioned into three regions. We report the optimal replacement policy

for this example.

For both examples, we construct the MTP2 matrix from two TP2 matrices. Condition

1 describes a multi-component system with independently deteriorating compo-

nents where each component’s degradation matrix is TP2. The TP2 assumption

is common in the literature (see e.g., Ohnishi et al., 1986; Krishnamurthy, 2016;

Sandıkçı et al., 2013). It is also reasonable in practice since if a component deterio-

rates, it is more likely to transition to a further degraded state. Lemma 3.2 verifies

that this construction leads to an MTP2 matrix.

Condition 1. Components’ degradation satisfies the following properties.

(i) Components deteriorate independently. For component i ∈ I, denote the 1-step transi-

tion probability from degradation state s ∈ Si to t ∈ Si by pi
s,t and the corresponding
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(Si + 1) × (Si + 1) - dimensional stochastic matrix by Pi = {pi
s,t}s,t∈Si

. Then,

elements of system degradation matrix Q = {qs,t}s,t∈S can be obtained by

qs,t = ∏
i∈I

pi
si ,ti

. (3.13)

(ii) For each component i ∈ I, Pi is totally positive of order 2 (TP2), i.e.,

∣

∣

∣

∣

∣

∣

pi
s,t pi

s,t′

pi
s′ ,t pi

s′ ,t′

∣

∣

∣

∣

∣

∣

= pi
s,t pi

s′ ,t′ − pi
s,t′ p

i
s′ ,t ≥ 0

for 0 ≤ s ≤ s′ ≤ Si and 0 ≤ t ≤ t′ ≤ Si.

The proof of the lemma below can be found in Appendix 3.A.3.

Lemma 3.2. Condition 1 implies Assumption 3.1.

Note that we have not found examples of MTP2 degradation matrices that cannot

be constructed via Condition 1.

Sections 3.6.1 and 3.6.2 present the first and second examples, respectively. Section

3.6.3 shows that the value of the action ‘maintenance intervention’ is calculated

much faster than the value of the action ‘no intervention’ and we comment on the

reason for this.

3.6.1 Example 1

We consider two components: I = {1, 2}. The core states are given by S = S1 ×S2,

with Si = {0, 1} for i = 1, 2. We construct the degradation matrix Q = {qs,t}s,t∈S
using Condition 1. Define

P1 =





0.9 0.1

0 1



 , P2 =





0.8 0.2

0 1



 .

Hence, component 1 degrades slower than component 2. From Equation (3.13) we

have q(s1,s2),(t1,t2)
= (P1)s1,t1(P

2)s2,t2 . It is readily checked that both P1 and P2 are

TP2, so that by Lemma 3.2 the degradation matrix Q is MTP2.

Let the observations be given by O = {0, 1, 2}. We define the observation matrix

by a vector for every core state as follows Ψ = {ψs,θ}s∈S,θ∈O = {(ψs)θ}s∈S,θ∈O . For
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each core state s we have a vector ψs = {(ψs)θ}θ∈O . Define the vectors for the core

states

ψ(0,0) =









0.8

0.2

0









, ψ(1,0) =









0.2

0.8

0









,

ψ(0,1) =









0.2

0.6

0.2









, ψ(1,1) =









0

0.2

0.8









.

These vectors imply that as the system’s condition worsens, the signal also relates

to a further deteriorated state. The exact core state is not revealed through obser-

vations. The observation matrix has been chosen to be MTP2. For each core state

we define the operating cost Co((0, 0)) = 0, Co((1, 0)) = 1, Co((0, 1)) = 2, and

Co((1, 1)) = 15.5. The replacement costs are Cr
1 = 2 and Cr

2 = 3. Let the setup cost

be Cm = 10. We discount future costs by a factor λ = 0.9.

The long-term discounted cost for starting in core state (0, 0) is V(u(0,0)) = 27.1±
0.2. The optimal policy for maintenance interventions is visualized in Figure 3.1.

Each plot represents the belief space between the points (1, 0), (0, 1) and (1, 1)

for a given belief π(0,0), the probability to be in the as-good-as-new state for both

components. For each plot, the x-axis represents the belief to be in state (0, 1), π(0,1),

and the y-axis represents the belief to be in state (1, 0), π(1,0). The belief state in the

bottom-left corner of every plot is the probability to be in state (1, 1), π(1,1). Remark

that the first plot is empty since the system is known to be in state (0, 0) and there

are no valid values for π(1,0), π(0,1), π(1,1) other than 0. In this state, the optimal

action is doing nothing.

If we look at the plots with π(0,0) = 0.60 or lower, we see that if π(1,1) = 1− π(0,0),

then a maintenance intervention is optimal. Furthermore, if we only expect the

first component to be in the fully degraded state, corresponding to state (1, 0), then

no action is taken. This contrasts the second component for which a maintenance

intervention is done if the probability of being in the fully degraded state is high

enough, as seen in the last three plots. The reason for this is that operating with a

fully degraded second component and an as-good-as-new first component is twice

as costly as operating with an as-good-as-new first component and a fully degraded

second component.
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We see that in the fully degraded state (1, 1), a maintenance intervention is always

performed. Hence, by Corollary 3.1, on all line segments ending in the fully

degraded state, the optimal policy is partitioned into at most 2 regions.

Table 3.1 shows the optimal action for replacement decisions. Each component

is fixed upon inspection if it is in state 1. In Figure 3.1, we see that even if

the component is believed to be in states (1, 0) no maintenance intervention is

performed. However, if after inspection, it turns out that the system is in state

(1, 0), then a replacement does take place. This shows the first component is only

replaced opportunistically.

Table 3.1: The optimal state-action pairs for replacement decisions for Example 1.

State (s) Action (r) Result (uM(s,r)
)

(0, 0) (0, 0) (0, 0)
(0, 1) (0, 1) (0, 0)
(1, 0) (1, 0) (0, 0)
(1, 1) (1, 1) (0, 0)

3.6.2 Example 2

We present an example where the optimal policy between two belief states π1 and

π2 is divided into 3 regions. At the end of this section, we discuss the optimal

replacement actions for this example. We follow the notational conventions in

Section 3.6.1.

The example parameter values are chosen such that it is never optimal to replace the

second component due to the high replacement cost. Furthermore, the second com-

ponent also deteriorates much slower than the first component. The operating cost

is determined by the component in the lowest state, i.e., the operating cost satisfies

the relation Co(s) = Co(s′) if min{s1, s2} = min{s′1, s′2}. This leads to a situation

where it is suboptimal to perform a maintenance intervention or replacement once

the system is in the state (2, 2). It is however optimal to replace the first component

before the second component has fully degraded. This leads to the setting where a

line segment is partitioned into exactly 3 regions as is shown in Figure 3.2.

We have components I = {1, 2}. Let the core states be S = S1 × S2, with Si =
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Figure 3.1: The optimal policy for a system with 2 components, each having 2

degradation states states, and 3 observation states.
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{1, 2, 3} for i = 1, 2. Define the matrices

P1 =









0.8 0.2 0

0 0.8 0.2

0 0 1









, and P2 =









0.98 0.02 0

0 0.98 0.02

0 0 1









.

Hence, component 2 degrades slower than component 1. Using Equation (3.13), we

construct the degradation matrix’s components Qs = {qs,t}t∈S = {(qs)t1,t2}(t1,t2)∈S
by q(s1,s2),(t1,t2)

= (P1)s1,t1(P
2)s2,t2 . Since both P1 and P2 are TP2, the degradation

matrix Q is MTP2 by Lemma 3.2.

The observations are O = {0, 1}. Let the observation matrix be Ψ = {(ψs)θ}s∈S,θ∈O
with

ψ(0,0) =





1

0



 , ψ(0,1) =





0.75

0.25



 , ψ(0,2) =





0.5

0.5





ψ(1,0) =





0.75

0.25



 , ψ(1,1) =





0.5

0.5



 , ψ(1,2) =





0.25

0.75





ψ(2,0) =





0.5

0.5



 , ψ(2,1) =





0.25

0.75



 , ψ(2,2) =





0

1



 .

A direct calculation shows that the observation matrix is MTP2. Define the operat-

ing cost for each core state by

Co((0, 0)) = 0, Co((0, 1)) = 2, Co((0, 2)) = 10,

Co((1, 0)) = 2, Co((1, 1)) = 2, Co((1, 2)) = 10,

Co((2, 0)) = 10, Co((2, 1)) = 10, Co((2, 2)) = 10.

Let the replacement cost of each component be Cr
1 = 2 and Cr

2 = 500. Let the cost

to perform a maintenance intervention be Cm = 10. We discount future costs by a

factor λ = 0.9.

The long-term discounted cost for starting in core state (0,0) is V(u(0,0)) = 29.4± 0.2,

where the bound is exact.

Define belief state π1 be such that π1
(0,0) = 0.66, π1

(2,0) = 0.34 and π1
s = 0 for all

core state s ∈ S such that s ̸= (0, 0) and s ̸= (2, 0). Let π2 be such that π1
(2,0) = 0.40,
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π1
(2,2) = 0.60 and π1

s = 0 for all core states s ∈ S such that s ̸= (2, 0) and s ̸= (2, 2).

A direct calculation shows π1 ⪯T π2. The operating costs are nondecreasing on

the partially ordered core states and both the degradation matrix and observation

matrix are both MTP2, so the conditions of Theorem 3.1 hold. From Figure 3.2 it is

seen that optimal actions along the line segment [π1, π2], consist of three regions.

Table 3.2 shows the optimal replacement actions during a maintenance intervention

for this example. From it, we see that if the second component is in state 0 or 1, it

is optimal to replace the first component when it has degraded. However, once the

second component reaches degradation state 2, no replacements are performed for

either component. This shows that replacement decisions are not monotone.

Figure 3.2: The optimal actions divide the line segment between π1 and π2 into
three regions.

3.6.3 Remark on runtime

For the incremental pruning algorithm, the computation time is primarily deter-

mined by the number of linear programs that need to be solved and the time it

takes to solve each linear program (Cassandra et al., 1997). The number of linear

programs that need to be solved is Θ
(

|Gn|∑θ∈O |Fn
θ |
)

, where Θ indicates that

there exist constants A and B so that for n large enough the number of linear
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Table 3.2: The optimal state-action pairs for replacement decisions for Example 2.

State (s) Action (r) Result (uM(s,r)
)

(0, 0) (0, 0) (0, 0)
(0, 1) (0, 0) (0, 1)
(0, 2) (0, 0) (0, 2)
(1, 0) (1, 0) (0, 0)
(1, 1) (1, 0) (0, 1)
(1, 2) (0, 0) (1, 2)
(2, 0) (1, 0) (0, 0)
(2, 1) (1, 0) (0, 1)
(2, 2) (0, 0) (2, 2)

programs that need to be solved at each iteration lies between A|Gn|∑θ∈O |Fn
θ | and

B|Gn|∑θ∈O |Fn
θ | (Cormen et al., 2022).

For our modification of the incremental pruning algorithm, we explicitly calculate

a vector β such that Γ1Vn(π) = βπ. The advantage of being able to explicitly

calculate the vector β that fully describes Γ1Vn(π) is two-fold. First, the calculation

is faster than going through the pruning steps given by Equations (3.7), (3.8),

(3.9), and (3.10). Table 3.3 shows the time spent calculating the vectors corre-

sponding to the actions ‘no intervention’ and ‘maintenance intervention’ for the

numerical examples to be presented in Sections 3.6.1 and 3.6.2. The fourth column

Vectors shows the number of vectors used to represent the optimal policy after

convergence. The calculation for ‘maintenance intervention’ is 2 to 3 orders of

magnitude faster than that for ‘no intervention’. Hence, the computation time

for ‘maintenance intervention’ is negligible compared to the computation time of

‘maintenance intervention’. This implies that if a standard pruning step was used

for both actions, the computation time would have been roughly twice as high.

Second, the action ‘maintenance intervention’ only requires one vector to describe,

as is shown by Equation (3.6). In contrast, to express Γ0Vn(π) an arbitrary number

of vectors may be needed. This limits the number of vectors added through the

action ‘maintenance intervention’ to the linear programs, decreasing computation

time. Table 3.3 also shows that more vectors lead to an increased computation

time for the value of both actions, but that this effect is larger for the action ‘no

intervention’.
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Table 3.3: Average time spent calculating action vectors.

No intervention (s) Maintenance intervention (s) Vectors (#)

Example 1 0.1583 0.0017 8
Example 2 7.6274 0.0051 87

3.7. Conclusion

We have introduced a novel model for multi-component CBM with partial infor-

mation. The model includes the action ‘maintenance intervention’, which allows

a decision-maker to gain full information about the state of each component and,

based on this information, make replacement decisions. We have shown that for

this model, the optimal policy satisfies an at-most-3-region policy. We modify the

incremental pruning algorithm to solve our model. The original algorithm does not

suffice since our model contains two decision moments, but we only discount at

the first decision moment. At this moment, the decision maker decides whether to

perform a maintenance intervention or not. In two examples, we calculate the value

of the optimal policy, and we visualize the optimal policy. The second example

shows that the 3 regions of the at-most-3-region policy are a tight bound, i.e., there

are situations in which the policy partitions an ordered line segment of belief states

in 3 regions. The two examples are also used to demonstrate that our modification

of the incremental pruning algorithm leads to a relatively fast calculation of the

action ‘maintenance intervention’.
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3.A. Appendix

3.A.1 Analytical Results and Proofs

Lemmas 3.3 and 3.4 and their proofs build the basis for the proof of Lemma 3.1;

they are inspired by Karlin and Rinott (1980) and Whitt (1982).

Lemma 3.3. If w1, w2, w3, w4 ∈ R
|S|
+ satisfy

w1
s∧tw

2
s∨t ≥ w3

s w4
t for all s, t ∈ S, (3.14)

then

∑
s∈S

w1
s ∑

s∈S
w2

s ≥ ∑
s∈S

w3
s ∑

s∈S
w4

s . (3.15)

Note that wj is a |S| – dimensional vector of real numbers for j = 1, 2, 3, 4. That is,

∑s∈S w
j
s = 1 does not necessarily hold for j = 1, 2, 3, 4.

Proof. Let S1 = ∏
N
i=2 Si and ŝ, t̂ ∈ Ŝ be (N − 1) - dimensional vectors. Consider

∑
s∈S1

w1
(s,ŝ∧t̂) ∑

s∈S1

w2
(s,ŝ∨t̂) − ∑

s∈S1

w3
(s,ŝ) ∑

s∈S1

w4
(s,t̂) for ŝ, t̂ ∈ S

1. (3.16)

We note that S1 = {0, 1, . . . , F1} is a totally ordered set, i.e., for s, t ∈ S1, either s ≤ t

or s > t. By re-arranging summations in (3.16), we obtain

∑
t∈S1

∑
s<t

{w1
(s,ŝ∧t̂)w

2
(t,ŝ∨t̂) + w1

(t,ŝ∧t̂)w
2
(s,ŝ∨t̂)}

+ ∑
t∈S1

w1
(s,ŝ∧t̂)w

2
(s,ŝ∨t̂)

− ∑
t∈S1

∑
s<t

{w3
(s,ŝ)w

4
(t,t̂) + w3

(t,ŝ)w
4
(s,t̂)}

− ∑
t∈S1

w3
(s,ŝ)w

4
(s,t̂) for ŝ, t̂ ∈ S

1.

For s < t fixed, let

a = w1
(s,ŝ∧t̂)w

2
(t,ŝ∨t̂),

b = w1
(t,ŝ∧t̂)w

2
(s,ŝ∨t̂),
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c = w3
(s,ŝ)w

4
(t,t̂),

d = w3
(t,ŝ)w

4
(s,t̂),

e = w1
(s,ŝ∧t̂)w

2
(s,ŝ∨t̂),

f = w3
(s,ŝ)w

4
(s,t̂).

From (3.14), we have a ≥ c, d and ab ≥ cd (since s < t). Thus, we have a + b −
(c + d) ≥ 0 since a + b− (c + d) = (1/a)[(a− c)(a− d) + (ab− cd)] ≥ 0. Moreover,

e− f ≥ 0 from (3.14). Hence, (3.16) is non-negative. We can advance this analysis

by re-defining S as S
1; S1 as S

2 = ∏
N
i=3 Si; and replacing condition (3.14) by (3.16)

being non-negative. Advancing this analysis N − 1 times, (3.15) is confirmed.

The following definition is a condition for the lemma following it, which will have

a crucial role in the proofs of Lemmas 3.7 and 3.9.

Definition 3.4. A vector ϕ ∈ R
|Ŝ|
+ is said to be non-decreasing if s ≤ t implies φs ≤ φt

for s, t ∈ Ŝ.

Lemma 3.4. Let ϕ ∈ R
|Ŝ|
+ be a non-decreasing vector with non-negative elements. For

π1, π2 ∈ Π̂, if π1 ⪯T π2, then

∑
s∈Ŝ

π1
s φs ≤ ∑

s∈Ŝ
π2

s φs for t ∈ Ŝ. (3.17)

Proof. Let w1, w2, w3, w4 ∈ R
|Ŝ|
+ be

w1
s = π1

s ,

w2
s = π2

s φs,

w3
s = π2

s ,

w4
s = π1

s φs for s ∈ Ŝ.

Since we have π1 ⪯T π2, and ϕ is an increasing vector with non-negative elements

(from Definitions 3.2 and 3.4)

w1
s∧tw

2
s∨t ≥ w3

s w4
t for s, t ∈ Ŝ.
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From Lemma 3.3, we have

∑
s∈Ŝ

π1
s ∑

s∈Ŝ
π2

s φs ≥ ∑
s∈Ŝ

π2
s ∑

s∈Ŝ
π1

s φs. (3.18)

Since π1, π2 ∈ Π̂, ∑s∈Ŝ π1
s = ∑s∈Ŝ π2

s = 1. Thus, (3.17) and (3.18) are equivalent.

The following lemma states that the product of two MTP2 matrices is MTP2. It

relates closely to Proposition 3.3 in Karlin and Rinott (1980), who do not provide a

proof of the result. In addition to Ŝ and S̄ defined in Section 3.4, we also define

S
′ = ∏i∈I′ S ′i with S ′i = {0, . . . , S̄i}, where Ŝi ∈ N for all i ∈ I′.

Lemma 3.5. If A = {as,t}s∈Ŝ,t∈S̄ and B = {bt,l}t∈S̄,l∈S′ are MTP2 matrices with non-

negative elements, then AB is an MTP2 matrix.

Proof. Given s, s ∈ S and l, l ∈ S
′, let ŵ1, ŵ2, ŵ3, ŵ4 ∈ R

|S̄|
+ be

w1
t = as∧s,tbt,l∧l,

w2
t = as∨s,tbt,l∨l,

w3
t = as,tbt,l,

w4
t = as,tbt,l for t ∈ S̄.

For t, t ∈ S̄ we have

w1
t∧t

w2
t∨t

= as∧s,t∧tbt∧t,l∧las∨s,t∨tbt∨t,l∨l

≥as,tbt,las,tbt,l = w3
t
w4

t .

The inequality above follows since A and B are MTP2 with non-negative elements.

By the above, Lemma 3.3 implies

∑
t∈S̄

w1
t ∑

t∈S̄
w2

t ≥ ∑
t∈S̄

w3
t ∑

t∈S̄
w4

t ,

i.e.,
∣

∣

∣

∣

∣

∣

(AB)s∧s,l∧l (AB)s,l

(AB)s,l (AB)s∨s,l∨l

∣

∣

∣

∣

∣

∣

≥ 0 for s, s ∈ S, and l, l ∈ S
′.
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From Definition 3.2, AB is an MTP2 matrix.

The following corollary states that the binary relation ⪯T on the belief states is

preserved under multiplication by an MTP2 matrix.

Corollary 3.2. If Q is MTP2, then for π1, π2 ∈ Π, π1 ⪯T π2 implies π1Q ⪯T π2Q.

Proof. Matrix





π1

π2



 is MTP2. It follows from Lemma 3.5 that





π1

π2



Q is MTP2,

which is equivalent to π1Q ⪯T π2Q.

The following lemma states that the binary relation ⪯T is preserved under belief

state updating as long as the worse belief state corresponds to a higher observation

state.

Lemma 3.6. For π1, π2 ∈ Π and θ, θ′ ∈ Ô, if π1 ⪯T π2 and θ ≤ θ′, then T(π1, θ) ⪯T

T(π2, θ′) .

Proof. We need to confirm:

∣

∣

∣

∣

∣

∣

(T(π1, θ))s∧t (T(π1, θ′))s

(T(π2, θ))t (T(π2, θ′))s∧t

∣

∣

∣

∣

∣

∣

=
1

(πQΨ)θ(πQΨ)θ′

∣

∣

∣

∣

∣

∣

(π1Q)s∧tψs∧t,θ (π1Q)sψs,θ′

(π2Q)tψt,θ (π2Q)s∨tψs∨t,θ′

∣

∣

∣

∣

∣

∣

≥ 0 (3.19)

for s, t ∈ S, θ, θ′ ∈ O, and θ ≤ θ′.

Since Q is MTP2 with non-negative elements, from Corollary 3.2, π1Q ⪯T π2Q, i.e.,

∣

∣

∣

∣

∣

∣

(π1Q)s∧t (π1Q)s

(π2Q)t (π2Q)s∨t

∣

∣

∣

∣

∣

∣

≥ 0 for s, t ∈ S.

From Assumption 3.2,

∣

∣

∣

∣

∣

∣

ψs∧t,θ ψs,θ′

ψt,θ ψs∨t,θ′

∣

∣

∣

∣

∣

∣

≥ 0 for s, t ∈ S, and 0 ≤ θ ≤ θ′ ≤ O
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Therefore, (3.19) holds.

The following definition generalizes a class of functions introduced by Ohnishi et al.

(1986) to the setting where the belief space Π is MTP2 ordered.

Definition 3.5. H is the class of all functions v(π) defined on Π which satisfy the following

properties.

(i) v(π) is continuous on Π,

(ii) π1 ⪯T π2 implies v(π1) ≤ v(π2) for π1, π2 ∈ Π,

(iii) v(π) is a concave function of π, i.e.,

αv(π1) + (1− α)v(π2) ≤ v(απ1 + (1− α)π2)

for α ∈ [0, 1] and π1, π2 ∈ Π.

The following definition can be found in Section 4 of Rockafellar (1972).

Definition 3.6. Let f : U → R
m be a function with n, m ∈ N

+ = {1, 2, . . . } and

U ⊂ R
n. The function f (x) is said to be affine if it is of the form f (x) = xA + b with A

an n×m matrix and b a m vector.

For m = 1, affine functions can be expressed as follows. A function g : U → R, where

U ⊂ R
n, is affine if it is of the form g(x) = xc + d with c a n vector and d ∈ R.

The following lemma shows that the operator, Υ, corresponding to replacement actions, maps

functions in H to functions in H.

Lemma 3.7. If v(π) ∈ H, then Υv(π) ∈ H.

Proof. It is easy to see from standard analytic arguments that Υv(π) is continuous

on Π.

Proof of Definition 3.5(ii): Let the sth component of |S| – dimensional vector

(

min
r∈R
{Cv(r) + v(uM(s,r))}

)

s∈S
(3.20)
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represent the cost of optimal replacement action in state s ∈ S. We can re-write

Υv(π) as

Υv(π) = π

(

min
r∈R
{Cv(r) + v(uM(s,r))}

)

s∈S
. (3.21)

For s, t ∈ S, s ≤ t, it holds that

uM(s,r) ⪯T uM(t,r).

Since v(π) ∈ H, from Definition 3.5(ii),

Cv(r) + v(uM(s,r)) ≤ Cv(r) + v(uM(t,r)).

for s ≤ t.Thus,

min
r∈R
{Cv(r) + v(uM(s,r))} ≤ min

r∈R
{Cv(r) + v(uM(t,r))},

meaning that (3.20) is an increasing vector. From Lemma 3.4,

π1
(

min
r∈R
{Cv(r) + v(uM(s,r))}

)

s∈S
≤ π2

(

min
r∈R
{Cv(r) + v(uM(s,r))}

)

s∈S
.

That is,

Υv(π1) ≤ Υv(π2).

Proof of Definition 3.5(iii): We note that (3.20) does not depend on π ∈ Π. As it can

thus be seen in (3.21), Υv(π) is an affine function of π on Π and hence concave.

The lemma below states that the operator, Γ1, corresponding to the action ‘mainte-

nance intervention’ maps affine functions to affine functions.

Lemma 3.8. If v(π) ∈ H, then Γ1v(π) is affine.

Proof. Let v(π) ∈ H. By substituting Equation (3.2) into Equation (3.3) we obtain

Γ1v(π) = Co(π) + λ
{

Cm + Υv(πQ)
}

= Co(π) + λ
{

Cm + ∑
s∈S

πs min
r∈R
{Cv(r) + v(uM(s,r))}

}
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= λCm + ∑
s∈S

πs

{

Co(s) + min
r∈R
{Cv(r) + v(uM(s,r))}

}

Identify

d = λCm, and

c = Co(s) + min
r∈R
{Cv(r) + v(uM(s,r))}

Then Γ1v(π) = πc + d, and hence is affine.

The lemma below shows that the operator, Γ1, corresponding to the action ‘mainte-

nance intervention’ maps functions in H to functions in H.

Lemma 3.9. If v(π) ∈ H, then Γ1v(π) ∈ H.

Proof. It is easy to see from standard analytic arguments that Γ1v(π) is continuous

on Π.

Proof of Definition 3.5(ii): Consider π1 ⪯T π2 and v(π) ∈ H. By Corollary

3.2 it holds that π1Q ⪯T π2Q. Then Lemma 3.7 implies Υv(π1Q) ≤ Υv(π2Q).

Furthermore, by Lemma 3.4 the operating costs satisfy Co(π1) = ∑s∈S π1
s Co(s) ≤

∑s∈S π2
s Co(s) = Co(π2) since we assume Co(s) to be increasing in s. From these

relations, we obtain

Γ1v(π1) = Co(π1) + λ
{

Cm + Υv(π1Q)
}

≤ Co(π2) + λ
{

Cm + Υv(π2Q)
}

= Γ1v(π2).

Proof of Definition 3.5(iii): By Lemma 3.8 the function Γ1v(π) is affine. Every affine

function is concave, so Γ1v(π) is concave.

The following lemma plays a supportive role in the proof of Lemma 3.11.

Lemma 3.10. Let f (π), g(π), h(π) be mappings defined as follows.

(i) f (π) is a mapping from Π into R
|S| and f (π) = πA + b where A is a (|S| × |S|)

- dimensional matrix and b is a |S| - dimensional vector.
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(ii) g(π) is a mapping from Π into R+ = (0,+∞) and g(π) = πc + d where c is an

|S| - dimensional vector and d ∈ R.

(iii) h(π) is a mapping from Π to R and is a concave function of π.

(iv) f (π)/g(π) is a mapping from Π into Π.

Under these conditions, the function

w(π) = g(π)h( f (π)/g(π))

is also a concave function of π.

Proof. See Lemma 4.7 of Ohnishi et al. (1986).

The lemma below states that the operator corresponding to the action ‘no interven-

tion’ maps functions in H to functions in H.

Lemma 3.11. If v(π) ∈ H, then Γ0v(π) ∈ H.

Proof. It is easy to see from standard analytic arguments that Γ0v(π) is continuous

on Π.

Proof of Definition 3.5(ii): Consider v(π) ∈ H, and π1, π2 ∈ Π such that π1 ⪯T π2.

Lemma 3.5 and Corollary 3.2 imply

π1QΨ ⪯T π2QΨ. (3.22)

For θ, θ′ ∈ O such that θ ≤ θ′, Definition 3.5(ii), satisfied by v, and Lemma 3.6 imply

v(T(π1, θ)) ≤ v(T(π2, θ′)) for 0 ≤ θ ≤ θ′ ≤ O. (3.23)

It holds that

∑
θ∈O

p(θ | π1)v(T(π1, θ))

= ∑
θ∈O

(π1QΨ)θv(T(π1, θ))

≤ ∑
θ∈O

(π2QΨ)θv(T(π1, θ))
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≤ ∑
θ∈O

(π2QΨ)θv(T(π2, θ))

= ∑
θ∈O

p(θ | π2)v(T(π2, θ)).

The first inequality above follows from Equation (3.22) and Corollary 3.2. The

second inequality follows from Equation (3.23).

In the proof of Lemma 3.9 it was argued that Co(s) is increasing in s. Now it follows

that

Γ0v(π1) =Co(π1) + λ ∑
θ∈O

p(θ | π1)v(T(π1, θ))

≤Co(π2) + λ ∑
θ∈O

p(θ | π2)v(T(π2, θ))

=Γ0v(π2)

Proof of Definition 3.5(iii): We define the functions

f (π) = (πQ)tψt,θ

g(π) = (πQΨ)θ , and

h(π) = v(π).

These satisfy the conditions of the similarly defined functions in Lemma 3.10, hence

g(π)h( f (π)/g(π))

=(πQΨ)θv((πQ)tψt,θ/(πQΨ)θ)

=p(θ | π)v(T(π, θ))

is concave in π. A sum of concave functions is concave; so the following is concave

in π

∑
θ∈O

p(θ | π)v(T(π, θ))

The operating cost Co(π) is linear in π. The sum of a linear and concave function

is concave; hence Γ0v(π) is concave.

Proof of Lemma 3.1. We will prove Lemma 3.1 by induction.
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Basis: Without loss of generality, we select V0(π) = 0 for π ∈ Π.

Induction step: For a given n > 0, assume that Lemma 3.1 holds, i.e., Vn(π) ∈ H.

We have Γ0Vn(π) ∈ H and Γ1Vn(π) ∈ H from Lemma 3.11 and 3.9, respectively.

Function min{., .} preserves non-decreasing and concavity properties (see Koole,

2007). Therefore, Vn+1(π) = mina∈{0,1} {ΓaVn(π)} ∈ H. Since Vn(π) converges to

V(π) when n tends to infinity, V(π) ∈ H.

Proof of Theorem 3.1. Let π1, π2 ∈ Π, such that π1 ⪯T π2. By Lemmas 3.1 and 3.11,

the function Γ0V(π) is concave on [π1, π2]. By Lemma 3.8, the function Γ1V(π) is

affine, and hence is affine on [π1, π2]. An affine function subtracted from a concave

function is concave. This implies Γ0v(π)− Γ1v(π) is concave, and equals 0 at most

twice on [π1, π2].

We assume Γ0v(π)− Γ1v(π) crosses 0 twice on [π1, π2]. The proof for the other

cases is analogous. Denote the two belief states in [π1, π2] were Γ0v(π)− Γ1v(π)

crosses zero, by πl and πh. Without loss of generality assume πl ⪯T πh, which

holds since a line segment between ⪯T ordered points is fully ordered by ⪯T. These

belief states partition [π1, π2] into 3 intervals. The first interval is [π1, πl ], on which

Γ0v(π)− Γ1v(π) ≤ 0. The second interval is [πl , πh], on which Γ0v(π)− Γ1v(π) ≥
0. The third interval is [πh, π2], on which Γ0v(π)− Γ1v(π) ≤ 0. Hence the optimal

action for π ∈ [π1, π2] can be expressed as

a∗(π) =







1 if πL ⪯T π ⪯T πH

0 otherwise

3.A.2 Vector pruning

If a value function V is described by set V , so that V(π) = minα∈V απ, then the

set V need not be unique. It can contain elements that are not in argminα∈V απ for

all π ∈ Π. Vector pruning is the process of removing these redundant vectors to

obtain a unique minimal set V ′ such that V(π) = minα∈V ′ απ.

The pseudocode for the pruning subroutine Prune(·) of Algorithm 1 is presented

in this section as Algorithm 2. This subroutine relies on FindImprovingBelief(·, ·)
by Walraven and Spaan (2017). The pseudocode for FindImprovingBelief(·, ·) is
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presented as Algorithm 3. We follow the presentation of the algorithms by Walraven

and Spaan (2017).

Algorithm 2 takes as input a set of vectors G and outputs a pruned set G ′. Algorithm

3, FindImprovingBelief(·, ·), takes as input a set of vectors G and vector α. It returns

a belief state π where πα ≤ πα′ for all π ∈ Π. If this belief state does not exist, it

returns the symbol ϕ.

For both algorithms, we have slightly modified the notation and changed them

to allow for cost minimization instead of reward maximization. Throughout this

section, we use the symbol ϕ to indicate that the requested variable has not been

found.

We first discuss Algorithm 2 by White (1991). Lines 7 and 8 check if there is a vector

α in the pruned set G ′ that is smaller than α′ for all core states. If this holds, then

απ ≤ α′π for all π ∈ Π. Hence, α′ is not part of the pruned set G ′. At line 10

the algorithm determines a belief state π, where α′ is smaller than all vectors in G ′.
Line 11 checks if the algorithm FindImprovingBelief(·, ·) has returned a value for

π. If no value is returned, then for all π there exists an α ∈ G ′ such that πα ≤ πα′.
Hence, α′ is not added to G ′. If it is the case that there is a π such that πα′ ≤ πα

for all α ∈ G ′, then a vector in G should be moved to G ′. On line 14, the vector

that obtains the lowest value at π is determined by BestVector(·, ·). BestVector(·, ·)
iterates over all elements in G to see which vector obtains the lowest value at π and

returns this value. Subsequently, this vector is added to G ′ on line 15 and removed

from the set G on line 16. Remark that this vector is necessarily part of the pruned

set G ′.
Algorithm 3, FindImprovingBelief(·, ·), was introduced by Walraven and Spaan

(2017) to efficiently find a belief state π such that α′π ≤ απ for all α ∈ G ′ for

a set of vectors G ′. The algorithm does this by constructing a linear program in a

smart manner. We refer the reader to the paper by Walraven and Spaan (2017) for a

thorough discussion on the algorithm. On lines 11 and 13 the position of α and α′

is flipped compared to the algorithm presented by Walraven and Spaan (2017) since

we are studying a cost minimization problem and they study a reward optimization

problem.

Remark 3.2. The incremental pruning algorithm can be sped up by modifying it so that

only vectors not too close to those already in the pruned set are included. This leads to fewer

vectors being used to describe the value function. This can be done by checking in Algorithm
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3 if d∗ corresponding to vector α′ is larger than a certain threshold for the found belief state

π, i.e., the belief state where α′ most improves the value function described by the pruned

set. If it is below the threshold, the vector is discarded.

Algorithm 2: Implementation of Prune(·) (White, 1991).
input : Set of vectors G
output: Pruned set G ′

1 n← 0;
2 V0 ← {(0 | i ∈ I)};
3 Determine N from B;
4 G ′ ← ϕ;
5 while G ̸= ϕ do
6 α′ ← arbitrary element from G.;
7 if ∃α ∈ G ′ such that α ≤ α′ then
8 G ← G \ {α′};
9 else
10 π ←FindImprovingBelief(G ′,α′);
11 if π = ϕ then
12 G ← G \ {α′};
13 else
14 α′ ←BestVector(π,G);
15 G ′ ← G ′ ∪ {α′};
16 G ← G \ {α′};
17 end

18 end

19 end

3.A.3 Proof of Lemma 3.2

Proof. Under Assumption 1, we have

pi
si∧s′i ,ti∧t′i

pi
si∨s′i ,ti∨t′i

≥ pi
si ,t′i

pi
s′i ,ti

for si, s′i, ti, t′i ∈ Si, i ∈ I.

Thus,

∏
i∈I

(pi
si∧s′i ,ti∧t′i

pi
si∨s′i ,ti∨t′i

) ≥∏
i∈I

(pi
si ,t′i

pi
s′i ,ti

) for s, s′, t, t′ ∈ S,
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Algorithm 3: Implementation of FindImprovingBelief(·, ·) (Walraven and
Spaan, 2017)

input : set of vectors G ′, vector α′

output: π or ϕ
1 if G ′ = ∅ then
2 Return arbitrary belief state π;
3 end
4 Define the linear program:
5 max d∗;
6 such that ∑s πs = 1 and πs ≥ 0 for all s ∈ S, d∗ ∈ R;
7 Let π ∈ Π be arbitrary;
8 Ĝ ← ∅;
9 do
10 π ← π;
11 α̂← argminα∈Ĝ

{

(α− α′)π
}

;
12 Ĝ ← Ĝ ∪ {α̂};
13 add d∗ ≤ (α̂− α′)π to the linear program;
14 Solve linear program to obtain π

15 while π ̸= π;

and

∏
i∈I

pi
si∧s′i ,ti∧t′i ∏

i∈I

pi
si∨s′i ,ti∨t′i

≥∏
i∈I

pi
si ,t′i ∏

i∈I

pi
s′i ,ti

for s, s′, t, t′ ∈ S. (3.24)

From (3.13), we know that (3.5) and (3.24) are equivalent.





Chapter 4

Sewer pipe inspection, maintenance,
and replacement optimization under

incomplete information: A case study

Cities rely on sewer pipe infrastructure to dispose of water and waste. A sewer pipe failure

can lead to sinkholes and environmental contamination. To avoid failures, asset managers

responsible for sewer pipes plan inspections, maintenance, and replacements. Inspections

assess the sewer pipe’s condition, described by states of several failure modes. For certain

failure modes, maintenance can reduce the failure risk. For aging pipes, replacements

must be planned to avoid failure. We develop a sewer pipe inspection, maintenance, and

replacement optimization model. Next, we perform a case study based on real-world data

and parameters established together with an expert. For the case study, we consider location

scenarios with different replacement and failure costs. An example location scenario is a pipe

under a busy road; it has much higher failure and replacement costs than most other pipes.

Policies used in practice typically do not consider these costs. Using an open-source solver,

we obtain near-optimal policies for each location scenario. For a location with low failure

cost, the policies inspired by practice perform at least 34% worse than the near-optimal

policy. For a location with high failure cost, the policies inspired by practice perform at least

251% worse than the solver’s policy.

1This chapter is based on Eggertsson et al. (2024a).
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4.1. Introduction

The Netherlands has roughly 126,000 kilometers of sewer pipes together valued

at around 100 billion euros (Ons Water, 2023; Van Nuland, 2023). Sewer pipes

are used to dispose of waste and excess water. A sewer pipe failure can lead to

environmental contamination and sinkholes. The latter pose a large risk to traffic at

night as holes in the road can go unnoticed by cars until it is too late (Van Nuland,

2023).

To avoid failures, sewer pipes can be maintained or replaced preventively. A chal-

lenge when making maintenance and replacement decisions is that condition in-

formation can only be obtained via costly inspections. To avoid inspecting too

often, decisions are often based on condition data obtained via previous inspections.

As this data does not accurately reflect the current system state, the decision is

based on incomplete information. This leads to the problem of optimizing inspection,

maintenance, and replacement decisions for a single sewer pipe with incomplete

information.

All municipalities face the problem of optimizing inspection, maintenance, and

replacement decisions for underground assets. Our company partner, Rolsch As-

setmanagement, aids municipalities by providing inspection, maintenance, and

replacement optimization software. A manager at the company raises the following

questions: “How to plan inspections smartly?” and “Should replacement opportu-

nities be utilized, and if so, when?” Replacement opportunities arise when another

underground asset or an overlaying road is replaced. By combining activities, costs

such as those associated with bringing expensive tooling to the location and road

removal only need to be paid once, and can be shared among multiple parties. This

leads to lower replacement costs for sewer pipes. In addition to both questions,

Rolsch Assetmanagement is also interested in the features of a well-performing

inspection, maintenance, and replacement policy for scenarios with different failure

costs.

Maintenance and replacement optimization relies on recorded damages. The inter-

national standards EN13508 and EN13508-2 advise on how to classify sewer pipe

damages during inspections. These standards distinguish multiple failure modes.

Each failure mode is assigned several severity levels corresponding to damage

observations. These severity levels are translated by municipalities to a damage class

from 1 to 5, where 1 corresponds to no observed damage, and 5 means the worst
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score for that damage type. For most failure modes, in particular those we consider,

pipes can still operate if they are in damage class 5; however, the probability of

failure is high in this damage class. During an inspection, all damages for all failure

modes are recorded. Maintenance and replacement interventions are performed to

keep sewer pipes in good condition and thus prevent failures.

We formulate the company’s inspection, maintenance, and replacement problem

as a partially observable Markov decision process (POMDP). A POMDP models

a decision-making process where the system’s state is not fully known in every

period.

Our four main contributions of this chapter are as follows. First, based on the

practice for sewer pipes, we introduce a novel inspection, maintenance, and replace-

ment optimization model that includes replacement opportunities and multiple

failure modes. Inspection, maintenance, and replacement optimization with the

combination of multiple competing failure modes, maintenance per failure mode,

and opportunistic replacements has not been studied before (see also Section 4.2).

Second, we perform a case study on sewer pipes in the Dutch city of Breda. The

degradation processes we use for the case study are derived from real-world data by

Jimenez-Roa et al. (2022), and the remaining parameters were established with our

company partner. Hence, this work adds to the limited literature on maintenance

optimization based on real-world data (see also Section 4.2). Third, we show that

a near-optimal policy outperforms two policies used in practice for the described

setting. The policies used in practice perform at least 34% worse, and in the most

severe case 251% worse, than the near-optimal policy. Fourth, we draw managerial

insights from the case study. These managerial insights are discussed in the next

paragraph.

Our five key insights are as follows. First, a sewer pipe’s inspection frequency

should depend on the replacement and failure costs of the sewer pipe, i.e., as

the replacement and failure costs increase, the inspection intervals should become

shorter. Second, inspection planning should often be condition-based. This means

that, in some scenarios, inspections should be performed more often if the condition

worsens. Otherwise, a periodic inspection policy currently used in practice is

expected to perform well. Third, replacement planning should be condition-based.

Replacements should not be performed while the condition is still good. The latter

occurs with age-based replacement policies currently used in practice (Dekkers,
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2019). Fourth, if the replacement and failure cost are higher, then replacement

opportunities are increasingly important for cost savings and should be utilized

more often. Fifth, maintenance is preferable to replacements when possible.

The remainder of this chapter is structured as follows. In Section 4.2, we review

the related literature. In Section 4.3, we formulate an inspection, maintenance, and

replacement optimization model for a single sewer pipe. In Section 4.4, we present

a case study based on real-world data. In Section 4.5, we show and discuss the

results of the case study. Finally, in Section 4.6, we discuss managerial insights and

further research directions.

4.2. Literature review

Our work of this chapter is part of the literature on maintenance optimization. A

broad literature review is provided by de Jonge and Scarf (2020, p. 818). They

mention: “Only a very limited number of studies in our review report on the

application of their model to a case study with real-life data, and most studies

do not elaborate on the prerequisites for using their models in practice.” Our work

contributes to the literature that uses real-world data for sewer pipe inspection,

maintenance, and replacement optimization. To our knowledge, this has not been

studied before.

The data set we use is the same as Jimenez-Roa et al. (2022). They consider six

different sewer pipe cohorts. For each cohort, they derive discrete-time Markov

processes to model degradation for the failure modes. We extend their work by

building an inspection, maintenance, and replacement optimization model that

takes the degradation models they consider as input.

The remainder of the literature review is structured as follows. Section 4.2.1 covers

terminology we use to position our work in the extant literature. Section 4.2.2

discusses case studies in the maintenance optimization literature and positions our

work. Section 4.2.3 highlights our modeling contribution.

4.2.1 Terminology

This section covers terminology for positioning our work in the extant maintenance

optimization literature. We distinguish between maintenance and replacement ac-

tions. Maintenance improves the asset’s quality without removing the asset. Re-

placement means replacing the asset with a new asset. The literature does not
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always specify the details of a maintenance action, e.g., if a system is replaced

or not. If these details are not specified, we refer to the action as a maintenance

action. If a maintenance or replacement action returns a failure mode, component,

or system to an as-good-as-possible state, we refer to this as perfect maintenance or

perfect replacement. Otherwise, we refer to this as imperfect maintenance or imperfect

replacement, respectively.

The problem setting we consider in this chapter includes opportunistic replace-

ments, maintenance clustering, competing failure modes, inspection optimization,

and condition-based maintenance. The maintenance and replacement actions we

consider are imperfect. We explain these terms in more detail. A replacement

action is said to be opportunistic if it can be performed at a lower price due to some

opportunity (Olde Keizer et al., 2017). An example of a replacement opportunity for

a sewer pipe is when the overlaying road is removed due to road work. This avoids

road removal costs. Maintenance clustering is the pairing of maintenance actions for

different failure modes or components to avoid paying a setup cost multiple times.

A setup cost is a fixed cost associated with preparing for performing maintenance.

For sewer pipe maintenance it includes traveling to the sewer pipe’s location and

bringing expensive tooling. If maintenance for multiple failure modes is clustered,

the setup cost is only paid once for the clustered activities, leading to a lower

maintenance cost overall. A system has competing failure modes if it has multiple

independent degradation processes that can lead to failure (de Jonge and Scarf,

2020). We consider failure modes that are only revealed through inspections. The

research on inspection optimization concerns how inspections are timed. Condition-

based maintenance (CBM) is maintenance and replacement optimization based on

the system’s degradation state (Olde Keizer et al., 2017). Our work is part of this

research stream since we allow for actions to be selected based on the current state

of the system or the belief about the system’s current state.

4.2.2 Case studies

As mentioned in Section 4.1, few maintenance and replacement optimization papers

discuss the application of their work to a case study using, at least, partially real-

world data. This data can, for instance, be obtained via measurements or expert

knowledge. We review condition-based maintenance and replacement optimization

papers with case studies. These papers aim to perform cost-optimal actions based

on the system’s condition. We start with papers that assume the system’s condition
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and parameters are known. After this, we discuss papers that include decision-

making based on incomplete information.

Vlok et al. (2002) study replacement planning for circulating pumps in a coal wash

plant. In particular, they focus on the main challenges and considerations when

using vibration measurements for replacement optimization. They make no as-

sumptions on the state the system returns to after a replacement. The vibration data

was obtained from a company. Shafiee et al. (2015a) consider perfect maintenance

for wind turbine blades. Each blade corresponds to a failure mode, i.e., their

problem includes competing failure modes. They optimize two thresholds that

trigger blade maintenance. The first threshold triggers a maintenance activity. The

second threshold triggers opportunistic maintenance. They have obtained their

failure data from practice, cost data from maintenance operators, and degradation

data from the literature. Elwany et al. (2011) optimize perfect maintenance for a

bearing monitored with a sensor. Their data is obtained from a real-world testing

rig.

The following two papers consider systems with multiple failure modes. Kıvanç

et al. (2023) study maintenance optimization for a multi-component system where

a single component’s failure triggers a system failure. The components are subject

to different maintenance policies: age-based, condition-based, or corrective main-

tenance. They assume maintenance is perfect. Their work includes a case study

of an autonomously driven manure collector and the model parameters are based

on a real-world setting observed by a company. Heidary et al. (2022) formulate a

Markov decision process for imperfect maintenance and replacement optimization

for oil and gas pipelines. Their degradation process is based on a method and data

from the literature.

We move to papers that assume incomplete information about the system’s state.

All these papers use a POMDP to model the problem.

Compare et al. (2020) study gas transmission network operations. The operator

can set output levels for certain network parts and decide to maintain parts of the

network preventively. If a pipe fails, a more time-consuming corrective imperfect

maintenance action must be performed to repair it. A failed pipe cannot supply

gas, leading to financial losses. Their work differs from ours in that they consider a

pipe network with a single failure mode per pipe and do not consider opportunistic

maintenance and replacement. Wari et al. (2023) extend the work by Heidary et al.
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(2022). Both papers use the same states, actions, and rewards. Wari et al. (2023)

introduce measurement uncertainty, leading to uncertainty in the pipe’s condition.

For their case study, Wari et al. (2023) optimize maintenance and replacement

actions for one or two oil pipes. Their parameters are based on those in Heidary

et al. (2022).

Byon et al. (2010), Byon and Ding (2010), and Byon (2013) consider inspection

and maintenance optimization based on incomplete information for wind turbine

gearboxes. All three papers include a stochastic weather process that determines

the feasibility of actions. The data in all three papers is from the literature and

discussions with industry partners. Byon et al. (2010) view the gearbox as a sin-

gle component. Their model includes the actions do nothing, preventive perfect

maintenance, and observe. Byon and Ding (2010) and Byon (2013) include multiple

components of the wind turbine’s gearbox, in contrast to Byon et al. (2010). Their

problem includes a failure mode per component, multiple preventive maintenance

actions, and an observe action that reveals the exact condition of the system. The

preventive maintenance actions can be either perfect or imperfect. These actions

differ from ours since they act on all failure modes at the same time. Byon and Ding

(2010) apply their model in a case study to wind turbine maintenance. Byon (2013)

introduce an algorithm that solves the model in Byon and Ding (2010) faster. They

consider the same setting as Byon and Ding (2010) but with more wind turbines.

Drent et al. (2023) study how to optimize perfect replacements for a critical com-

ponent of a high-tech medical device. Their case study is based on real-world data

obtained from a company. To account for population heterogeneity, they use real-

time learning to estimate the degradation parameters for each component. This

contrasts with the other papers in this research stream, including our work, that

have incomplete condition information but assume degradation parameters are

known. Kıvanç et al. (2022) study perfect maintenance optimization with incom-

plete condition information for a regenerative air heater system used in a coal-based

power plant. For their case study, they use historical data and expert knowledge

to set parameters. They compare several POMDP solvers to find well-performing

maintenance policies, including Successive Approximations of the Reachable Space

under Optimal Policies (SARSOP). SARSOP performs well on the cases they con-

sider. We also use this solver for our case study.
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4.2.3 Modeling contribution

To highlight our model’s novelty, we discuss the other models in the research stream

on maintenance and/or replacement optimization with incomplete information and

multiple failure modes. This research stream intersects with the literature discussed

in Section 4.2.2.

Table 4.1 shows the key features included in the models of this research stream. We

distinguish between three types of information that can be obtained when doing

nothing. None indicates no condition information is obtained. Partial indicates

that partial condition information is obtained. This allows the operator to infer the

system’s state with some, but not complete, certainty. Deterministic indicates that the

relation between an observation and the system’s degradation state is deterministic.

This can give incomplete information when multiple system degradation states lead

to the same observation. This is a special case of partial information.

We briefly comment on the papers mentioned in Table 4.1 not included in Section

4.2.2. Karabağ et al. (2020) study the joint optimization of perfect maintenance

and spare part decisions under incomplete information. Their problem is inspired

by maintenance intervention planning for printers. The model of Chapter 2 is

similar to that of Karabağ et al. (2020), but includes partial information that is

not deterministically related to the observation, and excludes spare part decisions

include partial information. In contrast to Karabağ et al. (2020), it does not include

spare part decisions.

As is clear from Table 4.1, we are the first to introduce a model for inspection, main-

tenance, and replacement optimization with multiple competing failure modes,

maintenance per failure mode, and opportunistic replacements.
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Table 4.1: Literature on maintenance and replacement optimization with incomplete information and multiple failure
modes.

Information
obtained when
doing nothing

Case study
with
real-world
data

Inspections
included

Separate
maintenance
action per
failure mode

Events or
opportunities
included

Byon and Ding (2010) None x x x
Byon (2013) None x x x
Chapter 2 Partial x
Karabağ et al. (2020) Deterministic x
Kıvanç et al. (2022) Partial x
Wari et al. (2023) Partial x x
Current work None x x x x
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4.3. Model

The model we present here has been established through discussions with Rolsch

Assetmanagement and is motivated by the sewage management plan of the Dutch

municipality Etten-Leur (Dekkers, 2019).

4.3.1 Model description

We model the decision process for inspection, maintenance, and replacement opti-

mization for a single sewer pipe over an infinite horizon.

States & transitions

Let the periods be denoted by the set T = {1, 2, . . . }. In practice, operational

decisions are made at the start of every year; hence, t ∈ T indicates a year.

To describe a sewer pipe’s state, we distinguish functioning and failed pipes. A

failed pipe is in failure state F. A functioning pipe has I ≥ 1 failure modes,

including fissure, surface damage, and infiltration. The latter refers to external

water entering the pipe. Each failure mode i ∈ I = {1, . . . , I} has a degradation state

si ∈ S i = {1, . . . , Si}, where 1 denotes the best state and Si ≥ 1 the most degraded

state. The system’s degradation state is the vector of each failure mode’s degradation

state s = (s1, . . . , sI). Hence, the system has S1 × · · · × SI states describing the

failure mode’s degradation states and 1 failure state F.

For each failure mode i and degradation state si, a failure occurs in a period with

probability λi
si . If a failure occurs, the system transitions to the failure state F. A

failed sewer pipe must be replaced correctively in the next period. Pipe failures are

noticed due to leaking waste or functional failure. We assume non-failure states can

only be identified via a costly inspection.

Each failure mode i has a corresponding Si × Si one-step transition matrix Pi. We

call Pi the ith failure mode’s degradation matrix. The matrix element Pi
s,s′ indicates

the probability of going from degradation state s to degradation state s′. The

degradation matrices Pi only allow for transitions to higher degradation states since

the system’s condition worsens over time. The degradation processes of different

failure modes are assumed to be mutually independent. This assumption is used

by Jimenez-Roa et al. (2022) and our company partner to model degradation. There

are cases where it might not hold in practice; one failure mode’s degradation can
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trigger degradation in another failure mode. For instance, cracks may develop to the

point where leakage occurs. However, our company partner deems this assumption

reasonable.

In sewer pipe inspection, maintenance and replacement optimization, opportunistic

replacement moments arise, for instance, when other underground assets need to

be replaced or when a road needs to be removed. In both cases, sewer pipes,

together with other underground assets, are already laid bare, so that a sewer pipe

replacement can be performed at a lower cost. Different types of opportunities

may have a different effect on the sewer pipe replacement cost. We introduce a

set of opportunity states O = {1, . . . , O}. These evolve as a discrete-time Markov

process according to a one-step transition matrix PO. Opportunities are irrelevant

to maintenance and inspection interventions as these can be performed from inside

the pipe by a human-controlled robot.

If, in a period, no information is obtained, then the decision maker develops a

belief about the degradation state of each failure mode. A degradation belief state is a

probability distribution over a set of degradation states. It gives the probability of

being in each degradation state. The degradation belief space of the ith failure mode

is Π
i = {πi ∈ R

Si | ∑j∈{1,...,Si} πi
j = 1 and πi

j ≥ 0 for 1 ≤ j ≤ Si}. Its elements

πi ∈ Π
i are the belief states of the i-th failure mode. We denote the jth element of

the degradation belief state πi by πi
j.

If the system is functioning, we refer to (s1, . . . , sI , o) ∈ S1 × · · · × S I × O as the

system’s state and to (π1, . . . , π I , o) ∈ Π
1 × · · · ×Π

I ×O as the system’s belief state.

If the system has failed, (F, o) ∈ {F} × O is the system’s state and the system’s belief

state. These are equal since the opportunity and failure states are fully observable.

Actions and costs

If the system is functioning, the operator can choose to perform one of four actions:

no intervention, inspection, maintain, or replace. In practice, once an action is

chosen, it is usually planned during the upcoming years (Dekkers, 2019). In our

model formulation, we assume that actions are performed in the same year they are

selected. If the system is not functioning, i.e., it is in the failure state F, the action

replace has to be taken that year (Dekkers, 2019).

Figure 4.1 shows the sequence of events depending on the action that is selected

at the start of the period. The sequence consists of four steps. First, the chosen
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Sequence of events for a single period

Replacement s / F Replace 

Degradation & 

opportunity state 

transition
Inspect

Potential 

failure

s’

F

No failure

Failure

Complete 

information

Maintain s Maintain
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transition
Inspect
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failure

s’

F

No failure

Failure

Complete 

information

Inspect s

Degradation & 

opportunity state 

transition
Inspect

Potential 

failure

s’

F

No failure

Failure

Complete 

information

No intervention s

Degradation & 

opportunity state 

transition

Potential 

failure

s’

F

No failure

Failure

No degradation 

information

Complete 

information

Figure 4.1: Sequence of events for each action with starting state s or F and final
state s

′ or F.

action is performed if and only if it concerns maintenance or replacement. Second,

the degradation and opportunity states transition according to the degradation

matrices Pi, with i ∈ I , and opportunity matrix PO, respectively. Third, if an

action other than no intervention was chosen, an inspection is performed, and

the system’s degradation state is revealed. Lastly, a failure can occur. The direct

expected costs for each action are incurred at the start of the period. The action no

intervention means the pipe is only used for its usual operations, and its condition

is not inspected or altered. The action inspect reveals the system’s exact degradation

state for each failure mode at an inspection cost CI. This is done by filming the inside

of a pipe with a robot and labeling all damages. After maintain and replacement
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actions, inspections are performed to ensure these are performed correctly.

The maintain action improves the degradation states of all failure modes for which

maintenance is technically possible. It is performed by a human-controlled robot

from inside the sewer pipe. Hence, the sewer pipe does not need to be excavated to

perform maintenance, and the maintenance costs are independent of replacement

opportunities. For most failure modes, a maintenance action can be performed.

However, there are also failure modes for which no maintenance can be performed,

such as the failure mode break/collapse. If a high degradation state of failure

mode break/collapse is recorded, a replacement action must be performed to avoid

a failure. These failure modes are included in the model similarly to other failure

modes, except that the maintain action cannot be performed for these states. Let

K ⊂ I be the set of failure modes for which maintenance is possible.

Maintenance removes all but minor damages to the sewer pipe for all failure modes

i ∈ K. Maintenance returns the degradation state for all failure modes to state 2. If

the pipe was already in a better degradation state for a certain failure mode, it re-

mains in that degradation state for that failure mode. Hence, if the maintain action

is chosen when the system is in state (s1, . . . , sI), then the state after maintenance is

s̃ = (s̃1 . . . , s̃I) with

s̃i = min(si, 2) for i ∈ K, and

s̃i = si for i ∈ I \ K.

We define a one-step transition matrix P̃S by

(P̃S)nm =



















1 if m = n, and n ≤ 2,

1 if m = 2, and n > 2,

0 otherwise.

We introduce the following notation to represent the one-step transition matrix

corresponding to maintenance and no maintenance for all i ∈ I . Let PId,S be the

S× S identity matrix. We define

P̃M,i =







P̃Si
if i ∈ K, and

PId,Si
otherwise.
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The maintenance cost is degradation-state dependent and consists of a setup cost

for traveling to the location and a variable maintenance cost per maintained failure

mode. The setup cost Cm is fixed and independent of the number of failure modes

being maintained. The variable maintenance cost Ce,i(si) for failure mode i ∈ K
is incurred per failure mode and depends on the corresponding failure mode’s

degradation state. Further degraded failure modes are likely to have more damages

and have a higher variable maintenance cost associated with them, i.e., Ce,i(s) ≥
Ce,i(s′) for s, s′ ∈ S i such that s ≥ s′. Summing these costs for the maintain action

gives the total maintenance cost Cm + ∑i∈K Ce,i(si).

The action replace means the pipe is laid bare and is replaced by another pipe. The

cost of this action is highly location-dependent. If the pipe is below a highway,

this can lead to traffic detours and increased travel time. On the other hand, if the

pipe’s site serves no further purpose, its replacement carries few consequences. If

this action is chosen, a replacement action is performed at the start of the period,

and a replacement cost Cr,o that depends on the opportunity state o is incurred.

Jimenez-Roa et al. (2022) show that the pipe does not always start in the best

degradation state after replacement. The degradation state in which the pipe starts

after replacement is determined by πini = (π1,ini, . . . , πI,ini), where πi,ini is the

probability distribution of the starting state for failure mode i after replacement. If

the system is in the failure state F when performing a replacement, an additional

cost CF is incurred. This cost includes situation and location-dependent penalty

costs such as cleaning waste or removing a sinkhole.

Inspection, maintenance, and replacement actions are performed by different com-

panies or teams. To ensure maintenance and replacement actions are performed

correctly, sewer system managers always perform an inspection after performing a

maintain or replace action.

4.3.2 POMDP formulation

We formulate the inspection, maintenance, and replacement problem for a single

sewer pipe as a partially observable Markov decision process (POMDP).

Let V(π1, . . . , π I , o) and V(F, o) be the optimal long-term discounted values in

belief states (π1, . . . , π I , o) and (F, o), respectively. Let 1 > γ > 0 be a discount

factor. Let em
j be the vector of length m with a 1 on the jth position and 0s

elsewhere. This represents a belief state of length m that is in state j with certainty.
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The failure probability in system belief state (π1, . . . , π I) is P(F | π1, . . . , π I) =

1−∏i∈I (1−∑si∈S i πi
si

λi
si ).

We denote the long-term discounted value of the action no intervention by

ΓNV(π1, . . . , π I , o), of the action inspect by ΓIV(π1, . . . , π I , o), of the action main-

tain by ΓMV(π1, . . . , π I , o), and of the action replace by ΓRV(π1, . . . , π I , o). The

long-term discounted value for non-failed states under the different actions is

ΓNV(π1, . . . , π I , o) =P(F | π1P1, . . . , π I PI)γ ∑
o′∈O

PO
o,o′V(F, o′)

+ (1− P(F | π1P1, . . . , π I PI))γ ∑
o′∈O

PO
o,o′V(π1P1, . . . , π I PN , o′),

ΓIV(π1, . . . , π I , o) =CI + P(F | π1P1, . . . , π I PI)γ ∑
o′∈O

PO
o,o′V(F, o′)

+ (1− P(F | π1P1, . . . , π I PI)),

γ ∑
o′∈O

PO
o,o′ ∑

j1∈S1

. . . ∑
jI∈S I

I

∏
i=1

(πiPi)ji V(eSi

ji
, . . . , eSI

jI , o′)

ΓMV(π1, . . . , π I , o) =Cm + ∑
i∈K

∑
si∈S i

πi
si C

e,i(si) + ΓIV(π1P̃M,1, . . . , π I P̃M,I , o), and

ΓRV(π1, . . . , π I , o) =Cr,o + ΓIV(π1,ini, . . . , π I,ini, o).

If the system is in a failed state (F, o), then a replacement must be performed, so

ΓRV(F, o) =Cr,o + CF + ΓIV(π1,ini, . . . , π I,ini, o).

The Bellman equations describing the optimal long-term discounted cost V are

V(π1, . . . , π I , o) = min{ΓNV(π1, . . . , π I , o), ΓIV(π1, . . . , π I , o),

ΓMV(π1, . . . , π I , o), ΓRV(π1, . . . , π I , o)}, and

V(F, o) = ΓRV(F, o).

4.4. Case study setup

In our case study, we consider a single concrete sewer pipe that transports mixed

and waste content. Mixed and waste content consists mainly of household waste

and rainwater. The cohort of all concrete pipes carrying mixed and waste content

is denoted by CMW, and its degradation process is analyzed by Jimenez-Roa et al.
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(2022). CMW makes up 59% of all sewer pipes installed in the city of Breda. For

other cohorts of pipes, it is straightforward to repeat the analysis. Appendix 4.A.3

discusses the structure of the data set used in the analysis.

We consider three location scenarios related to the financial risk of a sewer pipe

failure. A low-risk scenario is a sewer pipe failure for a rarely used pipe in an

easily accessible field. If the pipe fails, few consumers will experience trouble, and

the pipe is easily replaced. A high-risk scenario would be a heavily used sewer

pipe that passes under a national highway. If the pipe fails, it must be replaced

quickly because many consumers rely on its service. However, replacing the pipe

likely requires blocking the highway and breaking up the road, leading to a large

negative economic impact. The middle scenario is somewhere in between.

Section 4.4.1 describes representative variables for the case study. Section 4.4.2

describes two heuristic policies based on the inspection, maintenance, and replace-

ment policies. One policy was suggested as representative by our company partner,

and the other is used in the Dutch municipality Etten-Leur. We compare these

heuristic policies with a policy that is close to optimal. We return to how we find

that policy in Section 4.5.

4.4.1 Description

The sewer pipe we consider for the case study is assumed to have the most common

dimensions for sewer pipes in the cohort CMW: a length of 40 m and a diameter of

0.3 m. We introduce the system’s failure modes, degradation processes per failure

mode, and opportunity process. After this, we move to the action description and

the costs associated with these actions.

Degradation, opportunities, and failure

Our analysis considers three failure modes: fissure, surface damage, and infiltra-

tion. These are described in EN13508-2. Fissure concerns cracks in the pipe’s surface,

which range from small closed cracks to large open tear lines. Surface damage

concerns damage due to chemical or mechanical action to the pipe’s surface. A

low-severity example of this is increased wall roughness. A high-severity example

of this is visible and damaged reinforcement. Infiltration concerns external water

entering through the sewer pipe’s walls. Water slowly entering through the wall

without dripping is considered low severity, while water entering in a continuous
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flow under pressure is considered high severity. Appendix 4.A.1 describes failure

modes fissure, surface damage, and infiltration and damage classes in more detail.

We label the failure modes fissure, surface damage, and infiltration by i = 1, 2, 3,

respectively. For these failure modes, we follow the degradation process defined

and fitted to the data set by Jimenez-Roa et al. (2022): https://doi.org/10.5281/

zenodo.6535853. The considered failure modes cover 51% of all dataset entries

concerning degradation. The remaining 49% cover many other damages, including

damages related to 15 other failure modes with multiple damage classes (degra-

dation states). The degradation states of the considered failure modes are S i =

{1, 2, 3, 4, 5} for i = 1, 2, 3. Jimenez-Roa et al. (2022) describe degradation states as

follows. Each pipe can have multiple damages corresponding to a certain code. For

each failure mode, only the damage with the highest damage class is considered,

forming that failure mode’s degradation state. For example, if for a failure mode, a

pipe contains two damages of damage class 2 and one damage of damage class 3,

then the degradation state is 3. In Appendix 4.A.4, the degradation matrices Pi and

initial probability distributions πi,ini for i = 1, 2, 3 are given.

In addition to the failure modes fissure, surface damage, and infiltration, we also

consider an aggregate failure mode to capture degradation effects not captured by

the former three. There are failure modes, such as break/collapse, that concern

the loss of a sewer pipe’s structural stability. These are more serious and, when

observed, lead to pipe replacements. These failure modes are not directly included

in the model since there is no proper fit for these models due to a lack of data.

However, these remaining failure modes can cause non-maintainable damages that

lead to a sewer pipe’s failure. To account for this, we introduce the aggregate

failure mode i = 4 with S4 = {1, 2, 3} where the states indicate no, low, and high

risk of failure, respectively. Like the other failure modes, the aggregate failure

mode’s degradation state is only revealed through an inspection. We assume the

expected arrival time in the final state is roughly 100 years after replacement. So,

the transition matrix for this process is given by

P4 =









0.98 0.02 0

0 0.98 0.02

0 0 1









. (4.1)

We assume that after replacement, the aggregate failure mode starts with certainty

https://doi.org/10.5281/zenodo.6535853
https://doi.org/10.5281/zenodo.6535853
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in state s4 = 1. Hence, the initial distribution after replacement for failure mode

i = 4 is

π4,ini =
(

1 0 0
)

.

It is hard for an expert to estimate the parameters of the aggregate failure mode due

to a lack of data. Hence, we study a near-optimal policy in Appendix 4.A.7 with a

matrix P4 such that the highest degradation state of the aggregate failure mode is

reached after an expected time of 200 years.

Replacement opportunities arise when a neighboring pipe needs replacing or road

work needs to be done. There are somewhat predictable and very unpredictable

replacement opportunities. An example of a somewhat predictable opportunity is

road work. An example of a very unpredictable opportunity is the failure of another

underground asset.

To keep the problem computationally tractable, we model the opportunity process

as a discrete-time Markov process with two states. Let the opportunity states

be O = {1, 2}. Opportunity state 1 corresponds to there being no replacement

opportunity. Opportunity state 2 corresponds to a replacement opportunity. We

assume that replacement opportunities arrive on average every 25 years and are

followed by a period without a replacement opportunity. This reflects that the

opportunity has passed by, as is often the case when a road needs to be restored or

a nearby pipe has been replaced. This is captured by the one-step transition matrix

for the opportunity process

PO =





0.96 0.04

1 0



 .

Table 4.2 shows the probability of each failure mode’s degradation state leading

to a failure in a year. These probabilities have been checked and were deemed

reasonable by an expert. The failure probabilities for failure modes fissure, surface

damage, infiltration, and the aggregate degradation state are, respectively, given by

λ1
j , λ2

j , λ3
j , and λ4

j , where j indicates the current failure mode’s degradation state.

For our case study, we set the values as shown in Table 4.2. It is hard to estimate

these values since they depend on location, and failures only occur rarely. This

leads to a lack of failure data. Operators should tune these parameters depending
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Table 4.2: Failure probabilities for the degradation states of each failure mode.

Failure mode s = 1 s = 2 s = 3 s = 4 s = 5

Fissure λ1
s 0 0 0 0.001 0.03

Surface damage λ2
s 0 0 0 0.001 0.03

Infiltration λ3
s 0 0 0 0.001 0.03

Aggregate λ4
s 0 0.001 0.1

on local conditions. The maintenance policies used in practice suggest that only

degradation states 4 and 5 should be avoided. Hence, we assume failures only

occur when operating in these degradation states for i = 1, 2, 3.

Costs

We describe the costs related to the different actions that can be performed.

The inspection cost is CI = 1,660 euros. This is explained in Appendix 4.A.5.

Failure modes fissure, surface damage, and infiltration can be maintained, i.e., K =

{1, 2, 3}. The aggregate failure mode cannot be maintained as it represents non-

maintainable damages. The total cost for the maintain action is Cm + ∑i∈K Ce,i(si).

The setup cost is set to Cm = 500 euros, and the state-dependent variable mainte-

nance cost Ce,i(si) are given in Table 4.3. In Appendix 4.A.5, it is explained how the

value for Ce,i(si) is established.

The variable maintenance cost for each failure mode is established from a larger

set of real-world inspections than the degradation processes presented by Jimenez-

Roa et al. (2022). In their work, some sewer pipe inspections could not be used to

model degradation since the dates did align incorrectly. For instance, an inspection

might be performed before the stated sewer pipe’s construction date. This is not a

problem for establishing the variable maintenance cost since it is only relevant to

know which damages occur simultaneously.

Replacement cost is the sum of the pipe’s material and excavation cost. The method

for calculating the pipe’s material cost is explained in Appendix 4.A.5. For our

setting, this cost is 28,800 euros. The excavation cost is the cost associated with

excavating the sewer pipe. It is location-dependent and given in Table 4.4. There is a

distinction between local roads, provincial roads, and highways in the Netherlands.

Local roads get the least traffic and highways the most. If a local road needs to be
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Table 4.3: Variable maintenance cost for cohort CMW.

state (s)
Failure mode Variable 1 2 3 4 5

Fissure Ce,1(s1) 0.00 0.00 700.00 1017.48 1439.62

Surface damage Ce,2(s2) 0.00 0.00 700.00 700.00 876.32

Infiltration Ce,3(s3) 0.00 0.00 700.00 1062.71 1253.29

Table 4.4: The replacement and failure cost for three different locations.

Location Material cost (e) Cr,1 (e) Cr,2 (e) CF (e)

Local road 28,800 15,000 7,500 75,000

Provincial road 28,800 50,000 25,000 250,000

National highway 28,800 500,000 250,000 2,500,000

removed before a pipe can be replaced, this often does not hinder traffic too much.

If a highway cannot be used due to a pipe replacement, this has large economic

consequences. We assume that when a replacement opportunity arises, the costs

for the excavation are halved; the costs are equally shared between both parties that

want to excavate at the location or remove the overlaying road.

Table 4.4 shows a failure cost estimation for three types of roads. Similar to the

excavation cost, the failure cost is highly location-dependent. Often, failure and

excavation costs are high for the same reason. Blocking the road hinders public

transport or comfort. An example where costs could differ is a sewer pipe carrying

hazardous materials. Planned excavation may be cheap, but a failure leads to

environmental contamination, which is often difficult to clean.

We indicate the three location scenarios by the failure cost at that location. The

excavation costs are one-fifth of the failure cost at that location, and the excavation

cost with a replacement opportunity is one-tenth of the failure cost at that location.

Lastly, we set the discount factor γ = 0.98.

4.4.2 Heuristic policies

We cover two heuristic policies: one used in practice by Etten-Leur modified for

our problem and a practice-based inspection, maintenance, and replacement pol-

icy that is more maintenance-focused suggested by our partner company Rolsch

Assetmanagement.
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Table 4.5: Post-inspection maintenance and replacement policy of the municipality
Etten-Leur failure modes fissure (i = 1), surface damage (i = 2), and infiltration
(i = 3) (Dekkers, 2019, p. 55). We have abbreviated no intervention by no int.

Degradation state
Failure mode i 1 2 3 4 5

Fissure 1 no int. no int. no int. maintain maintain
Surface damage 2 no int. no int. no int. replace replace
Infiltration 3 no int. no int. no int. maintain maintain

Etten-Leur is a municipality next to the city of Breda. In contrast to Breda, Etten-

Leur has published its inspection, maintenance, and replacement policy (Dekkers,

2019). The sewer pipes of Breda operate in a similar environment as those in Etten-

Leur. We describe the policy used in Etten-Leur, and we refer to it as the EL policy

(Dekkers, 2019, Chapter 12). Every 75 years, a replacement is performed. Every

10 years, starting 10 years after the last replacement, an inspection is performed.

Based on the inspection results and observed degradation states, an action is chosen.

These actions are shown in Table 4.5 for failure modes fissure, surface damage, and

infiltration, labeled by i = 1, 2, 3, respectively. Etten-Leur does not specify what

happens when multiple types of damages are identified. Regarding this, we assume

a replacement supersedes maintenance actions. Furthermore, we assume that if

a failure occurs, a replacement is performed. For most actions, Dekkers (2019)

specifies several years during which the action needs to take place. We assume

actions are performed in the year after which the inspection took place.

We now describe a heuristic policy suggested as a comparison policy by Rolsch

Assetmanagement for the described case study. A trend observed by the partner

company is that many municipalities are moving to a more maintenance-based

policy. The policy reflects this trend. We refer to this policy as the standard policy.

The policy performs an inspection every 15 years after replacement. If an inspection

shows that for failure mode i ∈ {1, 2, 3}, the degradation state is 4 or 5, then perform

maintenance for that failure mode. Replace the pipe after 75 years or if it has failed.

The differences between both policies are the inspection interval length and the

action taken for failure mode surface damage when a degradation state 4 or 5 is

observed. Neither of the policies considers the sewer pipe’s location. So, these

policies do not consider a sewer pipe’s replacement and failure cost.
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4.5. Results

To understand a good policy’s features, we compare the two heuristic policies

described in Section 4.4.2 to policies found using a POMDP solver for three location

scenarios. A POMDP solver is a program that aims to find the optimal policy for

a given POMDP. The solver’s output policy might not always be optimal due to

approximation errors. After this comparison, we study the policy found by the

solver in more detail.

The POMDP solver we use is the Approximate POMDP Planning (APPL) Toolkit

by National University of Singapore (2014). It uses the SARSOP algorithm by

Kurniawati et al. (2008) to find a near-optimal policy. A near-optimal policy is a

policy that approximates the optimal policy. In Appendix 4.A.2, we discuss the

SARSOP algorithm. We call the solver from the Julia package POMDPs.jl and use

this package to aid the analysis (Egorov et al., 2017). To establish each policy’s value

for each location scenario, 10,000 simulations are run for each policy and location

combination, each consisting of 300 periods. All computations are performed using

an Intel core i7-13700F 2.10 GHz CPU. Solving the three location scenarios with

SARSOP takes 14.6 CPU hours, and simulations for all instances and policies take

10.3 CPU hours.

SARSOP’s policy for a given scenario is fully condition-based. This means that

SARSOP takes actions based on the system’s belief state. This contrasts the two

policies described in Section 4.4.2, which have inspections every 10 or 15 years and

replacement actions every 75 years, which are not condition-based.

Section 4.5.1 compares how SARSOP’s policy compares to the heuristic policies

used in practice. We do this by comparing the simulated long-term discounted

values of the policies and the frequency with which all actions are performed under

the different policies. Section 4.5.2 discusses SARSOP’s policy and the insights it

provides. This section addresses the company’s question: “How to plan inspections

smartly?” Section 4.5.3 studies the use of opportunities for the three location

scenarios. This section addresses the company’s question: “Should replacement

opportunities be utilized, and if so, when?”

4.5.1 Policy comparison

We compare the long-term discounted costs and action frequencies of SARSOP’s

policy, the EL policy, and the standard policy for the three location scenarios intro-
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Table 4.6: The long-term discounted value of SARSOP’s policy, the EL policy, and
the standard policy. The values of the EL and the standard policy are relative to
SARSOP’s policy.

SARSOP EL policy Std. policy
Cost (e) Cost (%) Cost (%)

CF = 75,000 43,386± 600 146.5± 1.6 134.3± 1.6
CF = 250,000 74,754± 1,218 186.7± 2.5 189.7± 2.7

CF = 2,500,000 343,203± 7,265 324.2± 5.2 351.0± 5.5

duced in Section 4.4.1. When discussing action frequencies, we distinguish between

preventive replacements and corrective replacements. Preventive replacements (PR)

are replacements that are performed before a sewer pipe has failed, i.e., entered the

failure state. Corrective replacements (CR) are replacements that are performed once

a sewer pipe has failed.

Table 4.6 shows the cost and 95% confidence bounds for the three policies for

each location scenario and Table 4.7 shows the frequency and the discounted cost

per action for the three location scenarios. The discounted cost is calculated by

averaging the long-term discounted cost spent on each action over all simulations.

Table 4.6 shows that SARSOP’s policy outperforms the standard and EL policy for

all three location scenarios. As the failure cost rises, the relative performance of

SARSOP’s policy compared to the other two policies improves. A potential reason

is that the EL and the standard policy perform a replacement irrespective of the

pipe’s condition after 75 years. These policies replace pipes that remain in good

condition after 75 years, while the identification of high degradation states during

an inspection will often not lead to a replacement. The EL policy will perform a

replacement when a high degradation state for failure mode i = 2 is observed but

not for high degradation states of the other failure modes. The standard policy

only performs a replacement every 75 years. This becomes more impactful as the

replacement and failure cost increase. Hence, as the failure and replacement costs

increase, the standard and EL policy become less effective.

The standard policy outperforms the EL policy for CF = 75,000 euros. They perform

roughly equal for CF = 250,000 euros and the EL policy outperforms the standard

policy slightly for CF = 2,500,000 euros. Under both policies, too many corrective

replacements are executed, i.e., too many failures occur. This is even more so for the
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standard policy. The key reason for this is that the inspection interval of 15 years

is too long, which can be seen by comparing the inspection frequencies of the three

policies. Under SARSOP’s policy, the inspection frequency is much higher, and this

frequency increases steeply for an increasing CF. On the other hand, the fact that

the standard policy performs maintenance for degradation states 4 and 5 of failure

mode i = 2, while the EL policy performs replacements for these states, may lead

to the lower PR frequency of the standard policy compared to the EL policy. This

difference in PR frequency is why the EL policy outperforms the standard policy

for scenarios with high failure costs. Note that because the EL and the standard

policy are defined independently of the failure cost, the action frequencies for both

policies remain the same for all location scenarios.

We consider the difference in the action selection of the three policies to gain further

insight into why the EL and the standard policy perform worse than SARSOP’s

policy. From Table 4.7, we see that for all cases, the frequency of replacement actions

is lower for SARSOP’s policy than for the other two policies. This can be explained

by the higher frequency of maintenance actions performed by SARSOP’s policy.

Maintenance is cheaper than replacement. Hence, it is preferred when removing

damages for failure modes i = 1, 2, 3. As the failure cost increases, SARSOP’s

policy performs inspections, PR actions, and maintenance more frequently. Most of

the cost difference between SARSOP’s policy and the other policies can be explained

by performing fewer CRs for all three location scenarios. In Section 4.5.2, we discuss

two primary reasons for SARSOP’s policy performing fewer CR actions. First,

SARSOP’s policy performs more maintenance to avoid unexpected failures. Second,

SARSOP’s policy performs condition-based replacements, so they are performed

when needed, not too early or too late. Our company partner mentioned that the

trend towards more maintenance-based policies is also seen in practice.

The frequency of CR is roughly 0.0084 for the EL policy and 0.0100 for the standard

policy. This means that out of 100 pipes, one needs CR each year. Our company

partner would expect this to be lower. This number is primarily determined by the

aggregate state transition matrix P4 and the failure probabilities associated with the

aggregate state λ4
s . To see how sensitive our results are to the values of the matrix

P4, in Appendix 4.A.7, we perform a numerical experiment with a P4 matrix with

lower transition probabilities to higher states. We conclude that our results also

hold for an aggregate transition matrix under which it takes longer to come into

the higher degradation states.
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Table 4.7: Action frequencies (column freq.) and discounted costs (d. cost) per policy for the three location scenarios.
For the actions no intervention and maintenance, we use the abbreviations no int. and maint., respectively.

SARSOP pol. EL pol. Std. pol.

freq. d. cost (e) freq. d. cost (e) freq. d. cost (e)

CF = 75,000

no int. 0.8611 0 0.8556 0 0.9055 0
inspect 0.0187 1,244 0.0908 7,143 0.0528 4,186

PR 0.0058 8,554 0.0100 14,441 0.0065 6,766
CR 0.0046 21,266 0.0084 37,441 0.0100 43,711

maint. 0.1098 12,323 0.0352 4,550 0.0251 3,588

CF = 250,000

no int. 0.7594 0 0.8554 0 0.9055 0
inspect 0.0732 6,322 0.0908 7,145 0.0528 4,179

PR 0.0099 24,017 0.0101 25,844 0.0064 11,801
CR 0.0021 27,872 0.0084 101,944 0.0101 122,242

maint. 0.1554 16,542 0.0353 4,641 0.0251 3,578

CF = 2,500,000

no int. 0.4312 0 0.8554 0 0.9054 0
inspect 0.2605 23,001 0.0908 7,143 0.0529 4,182

PR 0.0136 195,649 0.0100 166,368 0.0064 77,909
CR 0.0008 97,066 0.0084 934,555 0.0101 1,118,951

maint. 0.2939 27,487 0.0353 4,634 0.0252 3,576
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4.5.2 Insights from SARSOP’s policy

We analyze SARSOP’s policy for the three location scenarios in more detail. We first

look at what combination of actions performs well for the three location scenarios

and the degradation state of the aggregate failure mode. After this, we study how

the time between inspections depends on the location scenario and the system’s

degradation state.

Aggregate state and action selection

To gain insight into the features of a good inspection, maintenance, and replacement

policy, we study SARSOP’s policy for the three location scenarios. Table 4.8 shows

the fraction with which each action is performed for the combination of the location

scenario and the degradation state s4 of the aggregate failure mode. First, we

explain why we consider this table. Then, we draw conclusions from this table.

We consider Table 4.8 to better understand how a sewer pipe’s inspection, mainte-

nance, and replacement policy changes as non-maintainable damages occur. Col-

umn F shows that CR is always performed once the system has failed. Recall

that the aggregate state s4 is only observed during inspections, so the sewer pipe

operator might not know its exact state for all chosen actions. However, the operator

is expected to have a rough idea of the current aggregate failure state due to

frequent inspections. This allows action selection to depend on the aggregate failure

state s4.

From Table 4.8, we conclude that location scenarios require policies tailored to their

specific properties. For the location scenario with CF = 75,000 euros, maintenance

is increasingly performed as the aggregate degradation state increases. PR is only

performed in the highest aggregate degradation state. In the location scenario

with CF = 250,000 euros, as the aggregate degradation state increases, inspections

are performed more often. PR is the most performed once the highest aggregate

degradation state is reached. For this location scenario, SARSOP’s policy performs

maintenance with similar frequency for all three degradation states of the aggregate

failure mode to avoid failures. For the location scenario with CF = 2,500,000 euros,

in aggregate states s4 = 1 and s4 = 2, SAROP’s policy performs maintenance with a

high frequency. In aggregate states s4 = 2, it performs many inspections to ensure

the transition to s4 = 3 is identified. Once the transition to s4 = 3 is observed, it

performs PR to avoid failure.
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Table 4.8: Action frequencies for SARSOP’s policy for the degradation state of the
aggregate failure mode and the failure state for the three location scenarios.

s4 = 1 s4 = 2 s4 = 3 F

CF = 75,000

no intervention 0.9051 0.8319 0.5358 0
inspect 0 0.0402 0.0667 0

maintenance 0.0949 0.1280 0.1498 0
PR 0 0 0.2476 0
CR 0 0 0 1

CF = 250,000

no intervention 0.8318 0.6512 0.2116 0
inspect 0.0150 0.1754 0.1867 0

maintenance 0.1532 0.1611 0.1310 0
PR 0 0.0123 0.4707 0
CR 0 0 0 1

CF = 2,500,000

no intervention 0.5692 0.0261 0.0090 0
inspect 0.1304 0.6557 0.0241 0

maintenance 0.3004 0.2806 0.0008 0
PR 0 0.0376 0.9661 0
CR 0 0 0 1

We conclude that increasing failure costs lead to SARSOP’s policy putting more ef-

fort into identifying the current state with inspections and avoiding failure through

maintenance and PR.

Inspection frequency

To measure how inspection frequency varies for the three location scenarios, we

consider the observed time between inspections. We call a sequence of actions

an inspection interval if it starts with an inspection, is followed by a number of no

intervention actions, and is then followed by an inspection again. Table 4.9 shows

the occurrences of different inspection intervals observed during 10,000 simulations

of 300 periods for the three location scenarios. For all three scenarios, only two

different inspection interval lengths occur. The table shows that as failure costs

increase, inspection intervals become shorter.

Table 4.9 does not show the relation between the system’s degradation state and the

inspection interval length. To study this, we consider sample paths starting from

system belief states, where the system is in a known degradation state. Maillart and

Zheltova (2007) show that policies can be described on non-branching sample paths
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Table 4.9: Observed inspection intervals. The rows Occurrences indicate the number
of times the inspection interval length has been observed. Interval lengths with a
non-zero number of occurrences are not reported.

CF = 75,000 CF = 250,000 CF = 2,500,000

Inspection interval length 7 yrs. 3 yrs. 1 yrs.
Occurrences 26,642 149,663 371,512

Inspection interval length 8 yrs. 10 yrs. 4 yrs.
Occurrences 18 7,549 217,290

for POMDPs with actions that give no information. A non-branching sample path

starts in a belief state and is obtained by iteratively applying the system’s one-step

transition matrix to that starting point. If there are multiple possible observations,

sample paths branch out. This is the case for our model as we have two possible

opportunity state observations at the end of the period. In our case, the second

opportunity state does not occur often. So, we can get some insight into how many

periods until an inspection is performed after starting in a post-inspection state by

looking at degradation sample paths. Post-inspection states are belief states where

the system’s state (s1, s2, s3, s4, o) is known.

This leads to the definition of a degradation sample path. Consider a system

degradation state (s1, s2, s3, s4, o). A degradation sample path starting in (s1, s2, s3, s4, o)

is a sequence (e5
s1 , e5

s2 , e5
s3 , e3

s4 , o), (e5
s1 P1, e5

s2 P2, e5
s3 P3, e3

s4 P4, o),

(e5
s1(P1)2, e5

s2(P2)2, e5
s3(P3)2, e3

s4(P4)2, o), . . . obtained by repeated application of the

degradation matrices to the original belief state while keeping the opportunity state

fixed.

For our considered scenarios, opportunity state transitions are infrequent. Hence,

degradation sample paths can provide insight into the number of periods between

inspections. In Appendix 4.A.6, it is shown which starting post-inspection states

are followed by a number of no intervention actions before another inspection is

performed for the case with CF = 250,000 euros.

For example, if the system starts in state (1, 1, 1, 1, 1) and there is no opportunity in

the meantime, an inspection is performed after 10 periods. As the system degrades,

inspection frequencies get shorter; for instance, for the state (1, 1, 2, 2, 1) after 3

periods, an inspection is performed. This shows that as the degradation state

increases the inspection frequency goes up for SARSOP’s policy in the considered
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Table 4.10: Comparison of the fraction of PR performed between no opportunity
(o = 1) and opportunity (o = 2) states.

Oppr. state CF = 75,000 CF = 250,000 CF = 2,500,000

o = 1 0.9621 0.5395 0.2994
o = 2 0.0379 0.4605 0.7006

scenario. Table 4.9 shows that for the scenario with CF = 2,500,000 euros condition-

based inspections are also likely to be beneficial. However, in the scenario with

CF = 250,000 euros, almost all inspection intervals are 7 periods long. This indicates

that a periodic inspection policy may be applicable here.

4.5.3 A closer look at opportunities

One of the questions put forth by the company is: “Should replacement opportu-

nities be utilized, and if so, when?” Table 4.10 shows the fraction of PR performed

when there is no opportunity, o = 1, and the fraction performed when there is an

opportunity, o = 2.

For the scenario with CF = 75,000 euros, SARSOP’s policy does not seem to consider

opportunities when planning replacements. The distribution of PR and CR actions

equals the stationary distribution of the opportunity matrix PO for the first two

decimals. The stationary distribution of PO equals (25/26, 1/26) ≈ (0.9615, 0.0385).

For the cases CF = 250,000 euros and CF = 2,500,000 euros, preventive maintenance

is performed more often while in opportunity state o = 1. To gain further insight

on how to use opportunities, we show the action frequencies per opportunity states

for CF = 2,500,000 euros in Table 4.11. We see that PR actions are performed when

o = 1 and s4 = 2. However, the frequency of PR actions is roughly similar for o = 1

and o = 2 when s4 = 3. This shows that SARSOP’s policy takes advantage of the

aggregate state s4 = 2 to avoid reaching the aggregate state s4 = 3 with a high

failure probability. This means that early signs of degradation in a location scenario

with high failure costs could be a trigger to use a replacement opportunity for a

real-world policy.

We conclude that for location scenarios with low failure costs the operator should

not perform extra replacements when given the opportunity. However, for the

location scenarios with high failure costs, smart usage of replacement opportunities

may lead to lower total inspection, maintenance, and replacement costs.
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Table 4.11: Action frequencies per action for the setting with failure cost CF =
2,500,000 euros for both opportunity states. For the actions no intervention and
maintenance, we use the abbreviation no int. and maint., respectively.

s4 = 1 s4 = 2 s4 = 3 F

o = 1

no intervention 0.5665 0.0257 0.0089 0
inspect 0.1328 0.6824 0.0244 0

maintenance 0.3007 0.2919 0.0008 0
PR 0 0 0.9659 0
CR 0 0 0 1

o = 2

no intervention 0.6389 0.0359 0.0127 0
inspect 0.0686 0.0126 0.0163 0

maintenance 0.2925 0.0081 0 0
PR 0 0.9435 0.9711 0
CR 0 0 0 1

4.6. Conclusion

We have studied sewer pipe inspection, maintenance, and replacement optimization

under incomplete information based on data from the Dutch city of Breda. We

formulated the inspection, maintenance, and replacement decision-making process

as a POMDP. For a case study, we compared two policies used in practice to those

suggested by a POMDP solver and looked at the solver’s policy in more detail.

From the case study we obtain the following managerial insights:

1. Inspection planning should depend on the cost associated with a sewer pipe’s failure

cost. This relates to the first question raised by the company: “How to plan

inspections smartly?” The results in Section 4.5.2 show that in a scenario with

low replacement and failure cost, inspections are performed roughly every 7

years, while for a scenario with high replacement and failure cost, sewer pipe

inspection intervals should be 4 years or shorter.

2. Inspection planning should be condition-based in certain scenarios. This relates

to the question: “How to plan inspections smartly?” Section 4.5.2 indicates

that it is cost-effective to inspect new pipes less often than older pipes in

some scenarios, i.e., to implement a condition-based inspection policy in these

scenarios.
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3. Replacement planning should be condition-based. Section 4.5.2 shows replace-

ments become more frequent as the aggregate degradation state increases,

i.e., condition-based replacements are performed.

4. Maintenance is preferred to replacement when possible. Section 4.5.2 shows that

SARSOP’s policy relies on maintenance to lower failure probability for the

three location scenarios when the aggregate failure mode’s degradation state

is low. This is due to maintenance being cheaper than replacement for sewer

pipes. As non-maintainable damages accumulate, the aggregate degradation

state increases, and replacement becomes necessary to remove these damages.

5. For sewer pipes with high failure cost, replacement opportunities should be utilized.

The company asked: “Should replacement opportunities be utilized, and if

so, when?” Replacement opportunities are not used for the low replacement

and failure cost scenario. However, replacement opportunities can be used

to lower total replacement costs for the scenarios with medium and high

replacement and failure cost.

Concerning managerial insights 2 and 3: Condition-based inspection and replace-

ments are contrary to what we see in practice. The heuristic policies discussed in

Section 4.4.2 have fixed inspection and replacement intervals. These policies only

perform maintenance based on the system’s condition.
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4.A. Appendix

4.A.1 Damage code and class explanation

Table 4.12 describes failure mode and damage class combinations. For each failure

mode, the damage severities are described in EN13508-2. Different failure modes

have different numbers of severities. Failure modes fissure, surface damage, and

infiltration have, respectively, three, eleven, and four severity levels, excluding no

damage established. Each severity level is translated into a damage class, also called

a degradation state. The damage class is a number from 1 to 5, where 1 corresponds

to no damage established, and 5 corresponds to the failure mode being in one of the

highest severity class(es). In Table 4.12, the descriptions for fissure and infiltration

are taken from EN13508-2. For failure mode fissure, there are only three severity

levels, so no severity level directly corresponds to damage class 3. We use damage

class 3, for this failure mode, as a transition state to damage class 4. The labels of

failure mode surface damage cannot be put on a scale from 1 to 5 as it has more than

five severity levels. The descriptions for damages classes 2, 3, and 4 are from the

EN13508-2, and the fifth damage class combines several severity levels described in

the EN13508-2.

4.A.2 SARSOP

SARSOP is an approximate solver for discounted POMDPs. It approximates the

value function for starting in some belief state to a desired accuracy and outputs

the policy corresponding to that value. We briefly discuss the algorithm here. For

a detailed explanation, we refer to Kurniawati et al. (2008). The implementation

of SARSOP we use aims to maximize discounted long-term reward, instead of

minimizing discounted long-term cost. To translate our cost-based problem to a

reward-based problem, we negate all costs and maximize this setting. This ap-

pendix deviates from the notation introduced earlier in the chapter in that we

now consider a general POMDP, i.e., the algorithm is not restricted to the POMPD

discussed in Section 4.3.

SARSOP takes as input POMDPs in a certain form. We refer to this form as a

standard POMDP. A standard POMDP is given by a tuple

(S ,A,O, {P(a)}a∈A, {Ψ(a)}a∈A, {r(a)}a∈A, γ).
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Table 4.12: Brief description of failure mode and class combinations. The
descriptions are quoted from EN13508-2. Labels i = 1, 2, 3 correspond, respectively,
to fissure, surface damage and infiltration. A missing entry indicates the damage
class is not specified.

i Damage Description
class

1 1 Not established.
1 2 Surface crack – a crack only in the surface.
1 3
1 4 Crack – crack lines visible on the pipe wall, pieces still in place.
1 5 Fracture – crack visibly open in a pipe wall, pieces still in place.
2 1 Not established.
2 2 Increased wall roughness.
2 3 Aggregate projects the surface.
2 4 Missing aggregate.
2 5 Damaged reinforcement.
3 1 Not established.
3 2 Sweating – slow ingress of water - no visible drips.
3 3 Dripping – dripping in - not continuous flow.
3 4 Flowing – a continuous flow.
3 5 Gushing – entering under pressure.

The elements of this tuple are a set of states S , a set of actions A, a set of ob-

servations O, for each action a ∈ A a transition matrix P(a), for each a ∈ A an

observation matrix Ψ(a), for each a ∈ A a reward matrix r(a), and a discount factor

0 < γ < 1 (Krishnamurthy, 2016, Chapter 7.1). In a POMDP, the state information

is described by belief states. We denote these by π ∈ Π = {π ∈ R
|S| | ∑

|S|
i=1 πi}. A

policy is a prespecified sequence of actions.

SARSOP aims to approximate the optimal policy and value when starting in some

belief state π0. To this end, SARSOP estimates both an upper bound V(π) and

lower bound V(π) of the value function V(π) such that the absolute difference

between these at π0 is less than some desired precision ϵ, i.e., |V(π0)−V(π0)| < ϵ.

Once this precision is reached the desired policy is also known.

The upper and lower bounds are expressed as the maximum over a set of vectors

as follows V(π) = maxα∈V α · π and V(π) = maxα∈V α · π with V and V set of

vectors. To determine these sets of vectors, SARSOP repeatedly performs a sample,

backup, and prune operation. It repeats this process until the desired precision is

reached.
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Table 4.13: SARSOP’s estimated lower and upper bound, the precision SARSOP
reached, and the value obtained by simulating SARSOP’s output policy with the
95% confidence interval. LB and UB are, respectively, the lower and upper bound
obtained by the solver.

SARSOP Simulation

CF LB UB Precision Cost (e)

75,000 42,583 43,002 420 43,386± 600
250,000 74,869 75,611 742 74,754± 1,218

2,500,000 344,520 347,938 3,418 343,203± 7,265

The sample operation determines a set of belief states on which to perform the

backup and prune operations. Most POMDP solution algorithms, including SAR-

SOP, perform the backup and prune operations over the belief space. By restricting

the belief space, SARSOP greatly enhances computation speed. The backup opera-

tion improves the upper bound V(π) and lower bound V(π) at the cost of adding

many vectors to respectively V and V . The prune step removes vectors that do not

contribute to the value function’s description, i.e., the vector is dominated by all

other vectors at the considered belief states obtained via the sample algorithm.

SARSOP differentiates itself from similar algorithms by modifying the sampling

step. It aims to only sample points B ⊂ R∗(π0) that are reachable under the optimal

policy when starting in belief state π0. The search for a set B is guided by the upper

bound V(π0) and lower bound V(π0). This avoids unnecessary computation by

focusing on points that are likely to be in R∗(π0). However, as a result, obtained

V(π0) and V(π0) are approximations of the true upper and lower bound in the

algorithm. This leads to SARSOP being an approximate solver.

To assess SARSOP’s accuracy for the three location scenarios analyzed in Section

4.4, Table 4.13 shows SARSOP’s estimated upper and lower bound at π0, the

precision that SARSOP reached, and the simulated value when starting at π0 with

its 95% confidence bound. The simulated mean value for the case CF = 75,000

euros is lower than the lower bound established by SARSOP, but its upper bound is

within the bounds found by SARSOP. For the other two cases, the estimated value

is within the range estimated by SARSOP.
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4.A.3 Dataset structure

The dataset we use contains sewer pipe inspection data from the city of Breda. A

cleaned version of this dataset is presented by Jimenez-Roa et al. (2022). They only

present a part of the data set due to confidentiality reasons.

The confidential dataset we use is presented in an SQLite database. The data

consists of tables. Each table contains rows and columns, where the rows are

instances, and the columns indicate shared properties. The most important ta-

bles for us are inspection_descriptions and sewer_inspection_observations. Table

inspection_descriptions contains damage codes with explanations for each damage

class. Table sewer_inspection_observations contains damages recorded during in-

spections with the corresponding damage code and damage class. We mention the

most important columns.

• Column id is the unique identifier for each entry.

• Column sewer_inspection_id is an identifier that matches all entries for one

inspection moment.

• Column sewer_pipe_id is the identifier of the sewer pipe.

• Column inspection_year is self-explanatory.

• Column code gives the damage code.

• Column damage class specifies the state of a failure mode.

Damages are either recorded per occurrence or damage per meter of pipe.

4.A.4 Degradation process

Jimenez-Roa et al. (2022) model yearly degradation using discrete-time Markov

processes for six cohorts. Each cohort considers three failure modes: fissure, sur-

face damage, and infiltration. They assume degradation for each damage class is

independent. We restrict our analysis to cohort CMW, concrete pipes that dispose

of mixed and waste content. The vectors and matrices below are obtained by

averaging the results of Jimenez-Roa et al. (2022). Their code and data are at

https://doi.org/10.5281/zenodo.6535853. In particular, their post-replacement

vectors and degradation matrices are found in the folder cohort_analysis.

https://doi.org/10.5281/zenodo.6535853
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Jimenez-Roa et al. (2022) introduce single and multi-topology degradation matrices.

Let S = {1, . . . , S} be a set of degradation states. Single-topology degradation

matrices only allow for transitions from a state s < S to itself or s + 1. Multi-

topology degradation matrices allow a state s to transition to all s′ ∈ S such as s′ ≥
s. We only consider the degradation models with the single topology as Jimenez-

Roa et al. (2022) conclude that the single topology degradation matrices perform

similarly to the multi-topology model.

Below are the degradation processes for the failure modes fissure, surface damage,

and infiltration for the cohort CMW. The failure modes are labeled by i = 1, 2, 3,

respectively. The vector πi,ini gives the post-replacement vector for failure mode

i. The initialization vector gives the probability that a pipe asset of a given cohort

will be in a state just after replacement. The matrix Pi gives the one-step transition

matrix for a cohort and failure mode i.

Failure mode fissure

π1,ini =
(

0.81058 0.02979 0.03106 0.04495 0.08361
)

P1 =



















0.99003 0.00997 0.00000 0.00000 0.00000

0.00000 0.43014 0.56986 0.00000 0.00000

0.00000 0.00000 0.00000 1.00000 0.00000

0.00000 0.00000 0.00000 0.89265 0.10735

0.00000 0.00000 0.00000 0.00000 1.00000



















Failure mode surface damage

π2,ini =
(

0.99602 0.00058 0.00195 0.00145 0.00000
)

P2 =



















0.93601 0.06399 0.00000 0.00000 0.00000

0.00000 0.96383 0.03617 0.00000 0.00000

0.00000 0.00000 0.96369 0.03631 0.00000

0.00000 0.00000 0.00000 0.88093 0.11907

0.00000 0.00000 0.00000 0.00000 1.00000


















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Failure mode infiltration

π3,ini =
(

0.70406 0.25405 0.03945 0.00243 0.00000
)

P3 =



















0.94813 0.05187 0.00000 0.00000 0.00000

0.00000 0.95838 0.04162 0.00000 0.00000

0.00000 0.00000 0.92756 0.07244 0.00000

0.00000 0.00000 0.00000 0.96484 0.03516

0.00000 0.00000 0.00000 0.00000 1.00000



















4.A.5 Establishing cost parameters

This section discusses how inspection, maintenance, replacement costs are estab-

lished by combining expert information with data analysis.

Inspection cost

The partner company estimates the costs for an inspection to be 4 euros per meter of

pipe plus a setup cost of 1,500 euros. For a 40-meter pipe, this leads to an inspection

cost of 1,660 euros.

Maintenance cost

To perform maintenance for the failure modes we consider, the partner company

estimates a fixed setup cost of 500 euros and a variable maintenance cost of 700

euros for each damage is removed. In Section 4.1, we explained that for each failure

mode, damages are labeled from 1 to 5. This label is referred to as the damage

class. The degradation state for each failure mode is the highest observed damage

class in the pipe of that failure mode. In practice, damage classes 4 and 5 trigger

a maintenance intervention for that failure mode. If a maintenance intervention

is performed for a failure mode, all the pipe’s damages of class 3 and lower are

removed.

For example, consider a pipe with two class 2, one class 3, and one class 4 damages

of failure mode fissure. This pipe is in degradation state 4 for failure mode fissure

in the degradation model. Maintaining this pipe will cost 500 + 700 + 700 = 1,900

euros.
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Table 4.14: Example variable maintenance cost calculation for damage class 4 based
on three hypothetical inspections.

Damage class
3 4 Cost (e)

Inspection #1 0 1 700

Inspection #2 2 1 2100

Inspection #3 1 1 1400

Average cost: 1400

The degradation model we use only considers the highest damage class in defining

the degradation state. Hence, in the model, there is no information on all damages

that occur within a pipe. For a given damage code and class, we obtain a rep-

resentative value for the variable maintenance cost. First, we obtain all entries in

the inspection database corresponding to that damage code and class. Second, we

determine the variable maintenance cost for each inspection. Lastly, we average all

these values to obtain the representative value for maintenance in that degradation

state. Table 4.14 shows an example calculation for damage class 4 with three

hypothetical inspection results. In this example, the maintenance cost for damage

class 4 is found by averaging the costs associated with the three inspection results.

Replacement cost

The cost of pipe replacement, excluding failure cost, is the sum of the pipe’s material

and excavation costs. For a corrective replacement, the failure cost is also added.

The material cost is the cost of a new sewer pipe. The partner company established

the following formula for the material cost

(450 + 0.66 · d + 0.0008 · d2) · L euros,

with d the pipe’s diameter in millimeters, and L its length in meters. The excavation

cost is the cost of removing the ground covering the sewer pipe and any costs

associated with blocking the sewer pipe’s location. The excavation cost is dependent

on the location of the pipe. It is cheaper to excavate a pipe below an unused piece

of land than a pipe under a highway. Excavation costs for different locations are

discussed in Section 4.4.1.

The cost for corrective replacement is the preventive replacement costs plus the cost
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of failure introduced in Section 4.4.2.

4.A.6 Sample paths to inspection

This Section shows how the system’s degradation state and inspection frequency re-

late. Table 4.15 shows all non-branching sample paths, starting from post-inspection

states, for the location scenario CF = 250,000 euros. We refer to 4.5.2 for the

definition of non-branching sample paths and post-inspection states.

Table 4.9 shows that only inspection intervals of lengths 10 and 3 are observed

in the simulations. However, in Table 4.15, there are also inspection intervals of

length 2. These are not observed in the simulation as these cannot occur with the

opportunity transition matrix specified in Section 4.4.1 as this matrix does not allow

for the opportunity state o = 2 to follow itself.

Table 4.15: Post-inspection states followed by the number of no inter-

vention actions until another inspect action is performed

for the scenario with CF = 250,000 euros.

(1, 1, 1, 1, 1) 10 inspect (1, 1, 1, 2, 1) 3 inspect

(1, 2, 1, 2, 1) 3 inspect (1, 3, 1, 2, 1) 3 inspect

(1, 1, 2, 2, 1) 3 inspect (1, 2, 2, 2, 1) 3 inspect

(1, 3, 2, 2, 1) 3 inspect (1, 1, 1, 1, 2) 2 inspect

(2, 1, 1, 1, 2) 2 inspect (3, 1, 1, 1, 2) 2 inspect

(4, 1, 1, 1, 2) 2 inspect (1, 2, 1, 1, 2) 2 inspect

(2, 2, 1, 1, 2) 2 inspect (3, 2, 1, 1, 2) 2 inspect

(4, 2, 1, 1, 2) 2 inspect (1, 3, 1, 1, 2) 2 inspect

(2, 3, 1, 1, 2) 2 inspect (3, 3, 1, 1, 2) 2 inspect

(4, 3, 1, 1, 2) 2 inspect (1, 1, 2, 1, 2) 2 inspect

(2, 1, 2, 1, 2) 2 inspect (3, 1, 2, 1, 2) 2 inspect

(4, 1, 2, 1, 2) 2 inspect (1, 2, 2, 1, 2) 2 inspect

state periods action state periods action

Continued on next page
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Table 4.15: Post-inspection states followed by the number of no inter-

vention actions until another inspect action is performed

for the scenario with CF = 250,000 euros. (Continued)

(2, 2, 2, 1, 2) 2 inspect (3, 2, 2, 1, 2) 2 inspect

(4, 2, 2, 1, 2) 2 inspect (1, 3, 2, 1, 2) 2 inspect

(2, 3, 2, 1, 2) 2 inspect (3, 3, 2, 1, 2) 2 inspect

(4, 3, 2, 1, 2) 2 inspect (1, 1, 3, 1, 2) 2 inspect

(2, 1, 3, 1, 2) 2 inspect (3, 1, 3, 1, 2) 2 inspect

(4, 1, 3, 1, 2) 2 inspect (1, 2, 3, 1, 2) 2 inspect

(2, 2, 3, 1, 2) 2 inspect (3, 2, 3, 1, 2) 2 inspect

(4, 2, 3, 1, 2) 2 inspect (1, 3, 3, 1, 2) 2 inspect

(2, 3, 3, 1, 2) 2 inspect (3, 3, 3, 1, 2) 2 inspect

(4, 3, 3, 1, 2) 2 inspect (2, 1, 4, 1, 2) 2 inspect

(3, 1, 4, 1, 2) 2 inspect (2, 2, 4, 1, 2) 2 inspect

(3, 2, 4, 1, 2) 2 inspect (2, 3, 4, 1, 2) 2 inspect

(3, 3, 4, 1, 2) 2 inspect (1, 1, 1, 2, 2) 2 inspect

(1, 2, 1, 2, 2) 2 inspect (1, 3, 1, 2, 2) 2 inspect

(1, 1, 2, 2, 2) 2 inspect (1, 2, 2, 2, 2) 2 inspect

(1, 3, 2, 2, 2) 2 inspect (1, 1, 3, 2, 2) 2 inspect

(1, 2, 3, 2, 2) 2 inspect (1, 3, 3, 2, 2) 2 inspect

(1, 1, 4, 2, 2) 2 inspect (1, 2, 4, 2, 2) 2 inspect

(1, 3, 4, 2, 2) 2 inspect

state periods action state periods action

4.A.7 Robustness of results

We perform a robustness check on the results in Section 4.5 by using a slower

transitioning aggregate degradation state. The aggregate degradation state repre-

sents non-maintainable damages, i.e., a replacement is the only way to lower the

aggregate degradation state. We show that the original and modified case study



Appendix

4

145

results are similar, and the managerial insights discussed in Section 4.6 hold for the

modified case.

We consider a modification of the case study presented in Section 4.4 with matrix

P4 given by

P4 =









0.99 0.01 0

0 0.99 0.01

0 0 1









.

This changes the expected time to reach s4 = 3 from 100 to 200 years. Compared

to the case study introduced in Section 4.4, this represents a pipe accumulating

non-maintainable damages slower.

We now compare the main results of the modified case to the case presented in

Section 4.5 and the managerial insights discussed in Section 4.6. We first show

that, for the modified case study, SARSOP’s policy outperforms the EL and the

standard policy. This matches with the findings presented in Section 4.5.1. Table

4.16 shows the long-term discounted value of SARSOP’s policy and compares it

to the EL and the standard policy. Comparing this to Table 4.6 shows that the

relative improvement SARSOP is larger for the modified case than the original case

presented in Section 4.5.1. This is likely because the EL and the standard policy

perform replacements too often.

Table 4.16: The long-term discounted value of SARSOP’s policy, the EL policy, and
the standard policy for the modified case study. The EL and the standard policy
values are relative to SARSOP’s policy.

SARSOP EL policy Std. policy
Cost (euros) Cost (%) Cost (%)

CF = 75,000 29,987± 479 165.5± 1.8 147.4± 1.9
CF = 250,000 48,626± 944 209± 3.1 204.1± 3.3

CF = 2,500,000 185,484± 5,461 404.7± 7.5 432.5± 8.1

We look at the relation between SARSOP’s action selection and the aggregate degra-

dation state. The simulation results are shown in Table 4.17. This table shows that

insights obtained in Section 4.5.2 still hold in this case. Furthermore, it shows that

the following managerial insights presented in Section 4.6 still hold. Inspections
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become more frequent for location scenarios with higher failure costs, replacement

planning should be condition-based, and maintenance is preferred to replacements

when possible.

Table 4.17: Action frequencies (column freq.) and discounted costs (d. cost) per
policy for the three location scenarios of the modified case study. For the actions
no intervention and maintenance, we use the abbreviations no int. and maint.,
respectively.

s4 = 1 s4 = 2 s4 = 3 F

CF = 75,000

no intervention 0.8941 0.8465 0.5674 0

inspect 0 0.0278 0.0523 0
maintenance 0.1059 0.1257 0.1501 0

PR 0 0 0.2302 0
CR 0 0 0 1

CF = 250,000

no intervention 0.8235 0.7385 0.3386 0
inspect 0 0.1057 0.1348 0

maintenance 0.1765 0.1434 0.1524 0
PR 0 0.0125 0.3742 0
CR 0 0 0 1

CF = 2,500,000

no intervention 0.5644 0.0193 0.0152 0
inspect 0.0168 0.7236 0.0037 0

maintenance 0.4188 0.2423 0.0129 0
PR 0 0.0148 0.9683 0
CR 0 0 0 1

In Sections 4.5.3 and 4.6, we mentioned opportunities that should be included for

location scenarios with higher failure cost. Table 4.18 shows this also holds for the

modified case study.

Table 4.18: Comparison of the frequency of PR and CR for the location scenarios of
the modified case study.

Oppr. state CF = 75,000 CF = 250,000 CF = 2,500,000

o = 0 0.9627 0.3554 0.3607
o = 1 0.0373 0.6446 0.6393

Our conclusion that condition-based inspections are sensible in certain scenarios

also holds in this case. This can be checked by generating Tables 4.9 and 4.15 for the

modified scenarios presented in this section. We do not present these tables here.
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Hence, all managerial insights presented in Section 4.6 also hold for the modified

scenario presented in this section.





Chapter 5

Technology paths through the energy
transition: How not to get stuck?

Governments are setting targets to achieve carbon-free energy sectors in the short term to

avert the accumulation of greenhouse gases in the atmosphere; many believe greenhouse

gases cause global warming. The move from carbon-emitting to carbon-free energy is called

the energy transition. Power producers need to navigate this decision by smartly com-

missioning and decommissioning resources. We introduce a model to aid power producers

and governments in navigating the energy transition. Our model uses operational power

plant characteristics and high-granularity price processes to optimize power plant renewal,

retrofitting, and upgrading decisions. Retrofitting uses existing power plant infrastructure

to switch technologies, lowering the cost of changing between technologies; it is a promising

method to move to less carbon-emitting resources. However, retrofitting can also lead power

producers to commission technologies that are carbon-emitting but more immediately cost-

effective than carbon-free technologies. These may be difficult to phase out. This is referred

to as technology trapping. In a case study, we consider retrofitting decisions for coal-fired,

natural gas-fired, and nuclear power plants at an existing site with the option to abandon

the site and build a wind farm elsewhere. We obtain policy recommendations concerning the

relationship between carbon pricing and technology trapping.
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5.1. Introduction

The world faces a climate crisis, which research shows to be driven by human

greenhouse gas (GHG) emissions. On average, the world is now 1 ◦C warmer than

in pre-industrial times (Masson-Delmotte et al., 2021, Chapter 3). Furthermore,

Masson-Delmotte et al. (2021, p. 197) state “This observed warming has already

led to increases in the frequency and intensity of climate and weather extremes

in many regions and seasons, including heat waves in most land regions (high

confidence), increased droughts in some regions (medium confidence), and in-

creases in the intensity of heavy precipitation events at the global scale (medium

confidence).” If governments stick with currently implemented policy measures,

global temperatures are expected to rise 2.5 ◦C by 2100 [compared to pre-industrial

times] (International Energy Agency, 2022). This would likely further increase the

occurrence and intensity of droughts, floods, hurricanes, and other extreme weather

events (Masson-Delmotte et al., 2021, Chapter 11).

Governments have set carbon emission targets to curb GHG emissions in the hope of

avoiding worst-case scenarios. The United States of America (US) and the European

Union (EU) have pledged to have net-zero economies by 2050 (the White House,

2023; European Commission, 2019), meaning they will absorb as many GHGs as

they emit. As the electricity sector is responsible for over one-third of energy-related

CO2 emissions (International Energy Agency, 2022, p. 278), the White House (2023)

has a separate goal for this sector: “Reaching 100% carbon pollution-free electricity

by 2035.” This transition from carbon-emitting energy sources, such as coal, oil, and

natural gas, towards carbon-free energy sources, such as solar, wind, and nuclear

power, is called the energy transition.

Power producers (PPs) – the entities responsible for large-scale electricity generation

– face the challenge of navigating the energy transition through upgrading and

replacing their energy-generating resources. If the energy transition is to be success-

ful, they need to move from carbon-emitting to carbon-free electricity generation.

Many factors influence PPs’ production and transition decisions, such as production

costs, penalties for carbon-emitting energy resources, electricity prices (including

negative prices), and lengthening grid connection request queues.

Methods of pricing carbon-emitting energy resources include carbon emission al-

lowances (CEAs) in the EU and renewable energy certificates (RECs) in the US. CEAs

put a direct price on carbon emissions; each ton of emitted CO2 needs to be covered



Introduction

5

151

by a tradable allowance. Similarly, state-level US regulation can demand that each

PP covers a percentage of its total energy production by renewable energy sources.

This is realized by owning renewable energy certificates, obtained either by produc-

ing renewable energy or by buying RECs from a PP with excess renewable energy

certificates. The technologies classified as renewable differ between US states. Of-

ten, these technologies include solar, wind, geothermal, biomass, biogas, and low-

impact hydropower plants. (United States Environmental Protection Agency, 2024).

RECs lead to a price on operating non-renewable energy sources since they need

to buy RECs while providing an income stream for renewable energy sources by

allowing them to trade the excess RECs they generate.

Both CEA and REC prices are determined by supply and demand. Governments

influence CEA prices by controlling the total allowed carbon emissions in a year; this

determines the total number of CEAs in circulation. REC prices are influenced by

modifying the percentage of total power output that each power producer needs to

cover with RECs. We include both carbon pricing via CEAs and RECs in our model

introduced in Section 5.3. We will refer to carbon pricing via RECs as REC pricing.

In a case study, we study the effect of REC pricing on power plant retrofitting and

abandonment decisions.

Negative electricity prices can complicate PP’s decisions – as they may need to pay

for the privilege of operating. Some US regions have negative electricity prices over

25% of the time (Seel et al., 2021). Many factors contribute to negative electricity

prices, including the rapid increase in intermittent energy sources on the grid. There

are also periods with very high electricity prices. This reflects periods of power

shortage. For PPs, both very high and negative electricity prices translate to a need

for flexible energy resources. One type of flexibility we consider is dispatchability.

A power plant is said to be dispatchable if its output is primarily determined by the

operator. Examples are coal-fired, natural gas-fired and nuclear power plants. A

power plant is said to be non-dispatchable if its power output is largely dependent on

an exogenous process. Examples are photovoltaic panels and wind turbines. Non-

dispatchable resources can only increase output as far as the environment allows;

this might not be enough in times of electricity shortage.

Even when PPs decide to change their energy-generating resources, they still face

challenges: Lengthening grid connection request queues delay the start of energy

projects. In the US, if a PP wants to build an energy resource at a new location, it
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submits a grid connection request. These requests now, on average, take 3.5 years

to be granted, and their length is increasing (Rand et al., 2022). For current owners

of power plants, this final challenge presents an opportunity: Their existing grid

infrastructure can be used to connect a new plant to the grid. Furthermore, the

existing power plant’s infrastructure, such as the cooling tower and surrounding

buildings, can likewise potentially be used to lower the cost of installing a new

power plant at the location. This is called retrofitting. Examples of this are coal-to-

gas and coal-to-nuclear retrofitting, in which case a coal-fired plant is modified to

become a natural gas-fired or nuclear plant, respectively (Shahnazari et al., 2014;

Aramayo, 2020; Qvist et al., 2021; Hansen et al., 2022).

Despite governments pushing to incentivize PPs to build energy resources the

government desires, sometimes geopolitical events can overshadow national energy

transition plans. An example was the reaction to Russia’s invasion of Ukraine,

which led to gas supplies to the EU becoming very uncertain. Consequently,

electricity prices soared, and along with them came a return to coal-based elec-

tricity production. In effect, the EU took a step back in their energy transition

(International Energy Agency, 2022). Our model provides for the inclusion of these

events in the decision-making process.

Specifically, we introduce a model to aid PPs and governments in navigating the

energy transition, incorporating negative electricity prices, world-state transitions,

and multiple competing technologies. PPs can use our model to understand opti-

mal power plant retrofitting and technology switch decisions. Our model can aid

governments by giving insights into how a government policy affects PP’s decision-

making. In particular, we focus on how policy can encourage or avoid technology

trapping, i.e., getting stuck with a carbon-emitting bridge technology. Figure 5.1

shows observed energy resource transitions. Currently, some coal-fired plants are

retrofitted to natural gas-fired plants since these are more profitable (Aramayo, 2020;

Potomac Economics, 2021). Might this lead to technology trapping and hinder the

energy transition as operators are less likely to abandon natural gas-fired plants

for renewables than coal-fired plants? We return to this question in Section 5.4,

where we study how REC pricing affects power plant retrofitting and abandonment

decisions.

The specific PP retrofitting decision-making problem we study is a single-asset

generation expansion problem (GEP) with competing technologies and sequential
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Figure 5.1: Observed energy resource transitions and a transition from natural
gas-fired power plants that can be enabled through REC pricing (Aramayo, 2020;
International Energy Agency, 2022).

investment timing. We consider uncertainty in electricity, carbon, and fuel prices,

potentially arising from government regulations or geopolitical events. Our model

makes renewal, retrofitting, and upgrading decisions based on the operational

characteristics of the current and potential future power plants. In our case study,

we specifically study the effect of retrofitting and REC pricing on PP’s decisions

concerning power plant switching.

To understand a PP’s decision-making, an accurate assessment of the potential

yearly profits of power plants is needed. We include high data granularity and

operating characteristics such as operating flexibility and minimum generating ca-

pacity to estimate power plants’ profits (Thompson et al., 2004; Hu et al., 2015).

Figure 5.2 shows a profit and loss graph for a combined cycle gas turbine (CCGT)

and a wind farm for a 72-hour period. The gray area indicates when a combined

cycle gas turbine uses operating flexibility to ramp down energy output while

electricity prices are low. The figure shows that a power plant’s profits and losses

vary significantly on an hourly basis, stressing the need for high granularity when

calculating profits.

The contributions of this chapter are:

• We are the first to evaluate retrofit timing with competing technologies, such

as coal-to-gas and coal-to-nuclear (see Section 5.2). This enables us to obtain

novel insights regarding the role of retrofitting within the energy transition.

• We are the first to consider dynamic technology paths over time, such as
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(a) Combined cycle gas turbine hourly profits and losses.

(b) Wind farm hourly profits and losses.

Figure 5.2: Profit and cost components for a 72-hour period starting on midnight at
January 5, 2015 for a combined cycle gas turbine and a wind farm. The components
are derived from the data introduced in Section 5.4.1 with a fixed REC price of 1

dollar per MWh.

a coal-to-gas retrofit followed by a gas-to-wind resource switch (see Section

5.2). This enables us to obtain novel insights regarding the role of retrofitting

within the energy transition.

• We use a state-of-the-art methodology to include high granularity and opera-

tional flexibility in strategic decision-making (see Section 5.2).

• We study how PPs make renewal, retrofitting, and upgrading decisions in a

thorough case study based on a hypothetical power plant located in Texas.

In this case study, we estimate marginal profit from multiple stochastic price
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processes that we fit to real-world data.

• We offer insights and policy recommendations concerning the effect of REC

pricing on the transition to renewables and its relation to technology trapping.

We obtain one insight concerning REC pricing and two insights concerning REC

pricing to avoid technology trapping:

• REC pricing should be sufficient to encourage transitioning to renewables, but not too

extreme. REC pricing needs to be set high enough to ensure that a PP switching

from carbon-emitting to renewable energy sources can recover the cost of this

transition. However, REC pricing should not be so high it disrupts electricity

supply to consumers by triggering the shut-down of all non-renewable power

plants.

• Different REC price trajectories lead to different transition trajectories. Introducing

a REC price that is too low to encourage the transition to a renewable energy

source but that puts some carbon-emitting resources out of the money may

lead to a transition to cost-competitive carbon-emitting technologies. En-

couraging the switch from these more efficient carbon-emitting technologies

to renewables requires an even higher REC price than the price needed to

encourage the switch from the less cost-competitive carbon-emitting technolo-

gies. Hence, policymakers should tailor their REC pricing over time to match

their desired energy transition trajectory.

• Policymakers should tailor switching cost to achieve the desired transition trajectories.

If transitioning to a renewable technology is expensive, while switching to

a cost-competitive carbon-emitting power plant is relatively cheap, PPs may

switch to the carbon-emitting power plant. Retrofitting makes this more likely

as this leads to a cheap transition from coal to natural gas-fired power plants.

This can be avoided by subsidizing the commissioning of renewable resources

or penalizing the commissioning of non-renewable resources.

The rest of the chapter is structured as follows. Section 5.2 highlights our contri-

bution to the literature. Section 5.3 introduces the novel GEP model. Section 5.4

presents our case study. Section 5.5 discusses policy recommendations based on

the case study. Section 5.6 concludes with a discussion on policy recommendations

and future research.
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5.2. Literature review

Our work in this chapter is part of the research streams on sustainable operations

and capacity management. For reviews of these areas that mainly focus on the

journal Manufacturing & Service Operations Management, we refer the reader to Atasu

et al. (2020) and Song et al. (2020), respectively. For an introduction to sustainable

operations management, we refer the reader to Bouchery et al. (2024).

We study a generation expansion problem (GEP) with competing technologies and

sequential investment timing. GEPs concern how and when to install generation

capacity subject to economic and technical constraints (Oree et al., 2017). We in-

clude competing technologies, meaning that the PP can choose between multiple

technologies for power generation. Using our model, we perform a power plant

retrofitting case study in Section 5.4. Our model and case study are the first in

the literature on GEPs that includes sequential investment timing, meaning that

the PP can switch the technology it operates as often as it wants over the decision

horizon. Hence, we model technology paths. For example, a PP can retrofit a coal-

fired power plant to a gas-fired power plant, followed by a retrofit from the natural

gas-fired power plant to a nuclear power plant. Our case study, in Section 5.4,

shows the importance of considering technology paths when implementing carbon

pricing policies: Certain pricing methods can lead to technology trapping, i.e., the

PP upgrades to a carbon-emitting technology that is hard to phase out with policy

measures.

We start our literature review by discussing relevant literature on competing tech-

nologies. These are problems in which a decision-maker needs to select the best

option from a range of technologies. Then, we move to the literature on GEPs. An

important component of GEPs is accurately valuing different power plants, so we

also consider relevant valuation papers. Our discussion on GEPs starts with liter-

ature that concerns operating flexibility. Next, we discuss GEP based on financial

incentives; these study optimal investment in energy capacity. Within this literature,

we distinguish between one-time investments and investment timing. Lastly,

we discuss literature that considers retrofitting and abandonment decisions and

sequential timing of investment decisions. Our research lies on the intersection of

the latter two research streams.

Competing technologies. Within the capacity management literature, our work in

this chapter concerns the choice between competing technologies. It differs from
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the papers in this stream as these model one-time choices, and we consider a

sequence of choices over an extended, dynamic horizon. Loch et al. (2001) apply a

mathematical model to R&D project selection at BMW and review the literature on

R&D project selection. Drake et al. (2016) consider the setting in which a company

can choose between two technologies, of which one has lower emissions than the

other. They show that pricing emissions with a cap-and-trade mechanism leads to a

higher expected profit for the company than an emission tax. Drake (2018) studies

the choice between onshore and offshore production with technology choice and

carbon tariffs. He shows that carbon tariffs do not eliminate carbon leakage but

that when carbon leakage occurs under carbon tariffs, total emissions are lower.

We refer to his paper for a review of the literature on technology choice under

environmental policy.

Generation expansion problems. The literature on GEPs is reviewed by Oree et al.

(2017); Sadeghi et al. (2017); Gacitua et al. (2018) and Koltsaklis and Dagoumas

(2018). In particular, Gacitua et al. (2018) look at how policy instruments have

been considered in the GEP literature. Nadarajah and Secomandi (2023) review

the use of real options for energy decision-making. Parker et al. (2019) thoroughly

review the MS/OR literature on energy. A literature stream closely related to GEPs

and relevant to this chapter considers the valuation of energy projects; before an

investment decision can be made, the potential profit of the venture needs to be

assessed.

When valuing energy projects, the level of operating flexibility is important. Op-

erating flexibility is the ability of power plants to adjust energy output quickly.

This is particularly valuable when the power plant is only profitable during certain

periods, since it can avoid operating during unprofitable periods. As negative elec-

tricity prices become more common, operating flexibility becomes more important

(Seel et al., 2021). Hence, we include it in our model. We discuss papers that

include operating flexibility when valuing power plants without competing technolo-

gies. Abadie (2015) studies how operating flexibility affects power plant valuation.

Thompson et al. (2004) introduce a dynamic control framework based on the real

options approach to operating hydro and thermal power plants. They include many

operational features, such as minimum generation temperature, heat curves, and

stochastic electricity prices. Zhou et al. (2019) study real-time joint wind turbine

and storage operations in a Markov decision process framework. In their setting,

the PP benefits from additional operating flexibility provided by the storage facility.
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In our model, we include both mothballing and operating flexibility as introduced

by Abadie (2015). We extend the operating flexibility in Abadie (2015) by setting

a minimum production threshold for power plants that are not mothballed. In

our model, the operating flexibility in the model by Abadie (2015) is obtained by

setting the minimum production threshold to 0. This non-zero threshold can lead

to significant costs for plants, potentially affecting technology paths.

We discuss GEPs based on financial incentives. Within this research stream, we

distinguish between the substreams on one-time investment and investment timing

decisions. In the first substream, a here-and-now choice is made based on the

net present value (NPV) of the investment opportunity. In the second substream,

PPs adopt a wait-and-see approach to investment, waiting for the moment when

the option value of investing in the technology is the highest. Linnerud et al. (2014)

show that retail investors, when assessing investment opportunities, are more likely

to follow an NPV approach, while institutional investors are more likely to follow

a wait-and-see approach.

One-time investment decision-making. We first discuss relevant papers making

investment decisions based on the NPV of the project. Electricity prices are usually

settled at relatively short time frames, such as on 5 minute or hourly intervals.

The importance of using high data granularity to model operations for power plant

valuation is shown by Hu et al. (2015), who study a setting with two competing

technologies: one renewable technology and one flexible technology. Kök et al.

(2020) consider a firm’s choice between inflexible, flexible, and intermittent energy

production technologies. They show that intermittent and flexible resources are

complementary in certain situations, i.e., an investment in either one leads to an

investment in the other. A setting with many competing technologies is considered

by Hach et al. (2016). They show, using a model that makes continuous investment

decisions based on the NPV of a range of projects, that for Great Britain’s electricity

market, adding a capacity market can lower the total bill of generation by reducing

loss of load events. A weakness of the NPV approach is that it does not allow the PP

to optimally time the investment of a new power plant (Dixit and Pindyck, 1994):

By investing at the right time, the PP can benefit from market volatility.

Investment timing. In the investment timing literature, the choice to invest is made

once and is irreversible; this literature concerns timing when to invest in a new

plant, divest from an old plant, or when to replace an existing plant. Papers in this
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last category are closest to this chapter. Our work in this chapter differs from the

literature in this research stream since we allow for repeated technology switching.

Aflaki and Netessine (2017) consider investment problems with multiple competing

technologies. They show, using game theoretic methods, that high carbon pricing

and market liberalization could lead to less investment in renewable energy sources.

Abadie et al. (2011) study coal-fired power plant abandonment in the EU under

stochastic carbon emission prices. They conclude that high carbon price uncertainty

leads to more coal-fired power plants being mothballed as opposed to abandoned

due to the option of producing when the carbon price is low. They suggest a

stable carbon pricing mechanism at a sufficient price point is needed for a coal-

fired power plant to be abandoned. Min et al. (2012) consider both entry and exit

decisions for renewable technologies, motivated by sites with renewables that have

been abandoned. Boomsma et al. (2012) study the effect of feed-in tariffs and RECs

on investment in renewable energy sources. They include regime switches in their

model, i.e., government policy changes stochastically.

Retrofitting and abandonment decisions. We start by discussing three papers

that consider retrofitting carbon-emitting power plants with carbon capture and

sequestration (CSS) technology. Szolgayova et al. (2008) and Fuss et al. (2008) use

the same base power plant model; it includes uncertain electricity and carbon prices

and, after installation, allows for the CSS model to be activated and deactivated.

Szolgayova et al. (2008) extends the base model by allowing the power plant to be

retrofitted to burn biomass (classified as renewable by the authors) and study the

effect of price caps on the retrofitting decision. Price caps have been suggested as

a safety measure against high carbon prices but may deter PPs from retrofitting

to lower carbon output. Fuss et al. (2008) extend the base model to include the

effect of regime switches in the carbon price process to model policy uncertainty.

They model these regime switches as bifurcating price trajectories. Heydari et al.

(2012) distinguish between full and partial CSS technology and conclude that, under

current market conditions, retrofitting to CSS is not cost-effective.

Three more articles consider power plant retrofitting: Brauneis et al. (2013) consider

a firm that currently operates a power plant with high carbon-emissions and has

the options to build a new power plant with lower carbon-emissions or to aban-

don the location. They ignore the benefits of utilizing existing infrastructure for

retrofitting. Shahnazari et al. (2014) study the effect of different government policies

on retrofitting coal-fired power plants to gas-fired power plants under uncertain
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electricity and emission prices; they also include the option of site abandonment.

Our model differs because we can have multiple plants to switch to, our operational

decisions are modeled at a higher granularity, and we include uncertain fuel prices.

Flora and Vargiolu (2020) model the setting in which a PP owns a carbon-emitting

power plant and can switch to a renewable energy resource. They study how

CEA prices motivate the PP to switch from the carbon-emitting to the renewable

energy resource. They include technological improvement of the renewable energy

resource and show the variance gamma process is a good fit for the EU’s CEA

prices. Compared to our work in this chapter, they consider the evolution of the

price of the emerging technology, photovoltaic panels, in greater detail. They do not

include hour-to-hour electricity operations, power plant flexibility, or the option to

choose from multiple competing technologies.

Sequential timing of investment decisions. Our work in this chapter concerns the

sequential timing of investment decisions. After a power plant has been commis-

sioned and built, the PP is free to decommission the plant and commission a plant

of a new technology later on. In relation to this, we mention the work by Siddiqui

and Fleten (2010), who study a firm’s choice to either deploy a renewable energy

resource or develop a novel resource and deploy it after a period of development.

If the firm chooses to deploy the renewable energy resource without further devel-

opment, the firm also has the option to research and deploy the new technology

later on. Their work focuses on deploying the technology from the perspective of

the technology’s producer. We consider the perspective of the technology’s owner

and operator. Thus, we consider factors they do not, such as the profit obtained

from a deployed technology, how operating flexibility affects this profit, and how

the profitability of the current technology affects technology switching.

5.3. Model

We model how a PP makes strategic decisions for a single power plant. Our model

includes a strategic and operational stage. The strategic stage concerns decisions made

over a long time horizon, such as years. At this stage the PP can choose to switch

between different power plants by either upgrading the current power plant or de-

commissioning the power plant and commissioning a new one at the same location

or elsewhere. The operational stage concerns ramping decisions; these are made over

short time horizons, such as hours. At this stage, the PP chooses the output of
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its power plant. The operational stage is used to calculate the expected profit for

operating both dispatchable and non-dispatchable power plants. These expected

profits inform decisions made at the strategic stage. This two-stage approach to

strategic decision-making is common in the literature on GEPs (Hu et al., 2015;

Hach et al., 2016; Kök et al., 2020).

In Section 5.3.1, we discuss our periodic dynamics and exogenous processes. In

Section 5.3.2, we introduce the strategic model concerning decisions such as decom-

missioning and retrofitting. In Section 5.3.3, we introduce the operational model. In

Section 5.3.4, we discuss how to formulate the model as a Markov decision process

(MDP). Appendix 5.A.1 provides an overview of the variables introduced in this

section.

In our modeling decisions, we assume the PP operates a power plant in a competi-

tive and centralized electricity market (Ahlqvist et al., 2022). An example of such a

market is the one operated by ERCOT; ERCOT is the regional system operator that

manages the grid and electricity markets for Texas. Competitive here means that

electricity prices are established through a bidding process that aims to identify

the generators with the lowest operating cost. We assume that the power plant we

consider has either one or several identical generators, which provide electricity for

the same price. We also assume these generators offer electricity at or below the

market clearing price and obtain the right and obligation to produce it for the PP’s

desired percentage of total output. This may lead to a profit or loss depending on

the electricity price. Centralized means that each PP provides detailed information

and bids for each of its generators to the market operator – ERCOT. Our model

is suited for decision-making in similar markets, i.e., real-time electricity prices

established in a competitive market are the primary driver of strategic power plant

decisions.

Our choice to focus on a single power plant is motivated by Thompson et al. (2004,

p. 546), who state: “Theoretically, the existence of a market allows the operating

decisions of individual generators to be decoupled of that from the collective mar-

ket.”

Furthermore, we assume the power plant’s profits are determined by the real-time

electricity price; we do not include day-ahead, imbalance or other markets. In

some regions, power plants are required to bid in the day-ahead market (PJM Day-

Ahead and Real-Time Market Operations, 2023); real-time electricity prices in this
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setting are often close to the day-ahead electricity prices (Potomac Economics, 2023,

section IV), and our assumption is thus consistent with this case. In addition, the

imbalance and ancillary markets are typically small compared to real-time and day-

ahead markets (Potomac Economics, 2023, Figure 3).

5.3.1 Periods and exogenous processes

This section introduces the high-level model structure by introducing the decision

periods and the exogenous stochastic processes that influence a PP’s strategic deci-

sions.

In each period, a PP chooses to deploy energy resources depending on exogenous

conditions, such as current electricity, fuel, and carbon emission prices. More

impactful decisions, such as renewing, upgrading, or mothballing a plant, are made

only occasionally. We distinguish between strategic periods n ∈ N = {1, . . . , N} and

operational periods t ∈ T = {1, . . . , T}; each strategic period consists of T operational

periods. Strategic periods can be years or longer, while operational periods can be

hours or shorter. The set of all periods is N × T and the state (n, T) ∈ N × T is

followed by (n + 1, 1) for n ∈ N\{N}. At the start of each strategic period, the PP

can choose some or all of the following actions: operate, renew, (immediate) switch,

or mothball.

Operational periods t, during a strategic period n, are time frames, each with a

fixed electricity price. We assume that during each of these periods, the operator

maintains a fixed energy output. The length of an operational period depends

on the setting being modeled. For instance, some PPs enter power purchasing

agreements for their entire production capacity; then, the operational periods equal

the contract length. In the case study, we consider operational periods of one

hour. This allows us to obtain enough granularity to include the effect of operating

flexibility in our analysis while still keeping the model computationally tractable.

We include the possibility of system behavior being affected by a world process. The

world process transitions through the world states ω ∈ Ω. A change in world state

can affect many other variables. Examples of world state changes our model could

incorporate are: a change in average oil prices due to an OPEC decision to cut

back on production, a man-made or natural disaster disrupting energy markets, or

a technological breakthrough. We assume the world process is a Markov chain,

which transitions at the end of every strategic period.
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We include several exogenous stochastic processes influencing a technology’s profit

in our model. The price processes we consider are the electricity price, fuel prices, a

carbon price on the amount of produced electricity, and a carbon price on the amount of

GHG emissions. Different technologies use different fuel types, these are indexed

by i ∈ I = {1, . . . , I} with I ≥ 1. We denote the stochastic processes for electricity

price, fuel prices, a carbon price on the amount of produced electricity, and a carbon

price on the amount of GHG emissions by {En,t}(n,t)∈N×T , {Fi
n,t}(n,t)∈N×T indexed

by i ∈ I = {1, . . . , I} with I ≥ 1, {Hn,t}(n,t)∈N×T , and {Gn,t}(n,t)∈N×T , respectively.

We make no specific assumptions on these stochastic processes. They can, for in-

stance, be correlated. However, to translate our model to an MDP, we will discretize

them as is explained in Section 5.3.4. We denote realizations of these processes by

lowercase letters en,t, f i
n,t, hn,t, and gn,t. In a market at a single location, there is

usually a single wholesale electricity price. Sometimes, there are also representative

wholesale electricity prices for entire regions (Electric Reliability Council of Texas,

2024). We allow multiple fuel price processes for multiple fuel types, such as oil

and natural gas. We distinguish between the two mentioned carbon prices since

both types occur, and together, they cover a broad range of pricing methods. The

US puts a carbon price on the amount of produced electricity through renewable

portfolio standards (RPSs). An RPS prices the amount of produced electricity with

renewable energy certificates (RECs): Each PP must cover a percentage ρ of its total

output by RECs. If a power plant produces renewable energy, it can profit by selling

a percentage (1− ρ) of excess RECs at liquid markets. On the other hand, if a power

plant does not produce renewable energy, it needs to cover the output percentage

ρ by buying RECs at liquid markets. The latter type of carbon pricing, i.e., the one

based on the amount of GHG emissions, is implemented in practice in two ways:

via a cap-and-trade system or a carbon tax. Both of these fit within our framework.

We are concerned with price processes relevant to operational periods only. For

example, we do not explicitly model the effect of the silicon price on the commis-

sioning of solar panels or carbon price on the construction of a new nuclear plant.

This cost can be implicitly added through the dependence of the commissioning

costs on the world state.

Another factor influencing power plant operations are weather processes

{W j
n,t}(n,t)∈N×T with j ∈ J = {1, . . . , J}. We include multiple weather processes

that are possibly correlated since different weather processes determine the output

for different energy generators; solar penetration determines the power output
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for photovoltaic panels, and wind speeds determine the power output for wind

turbines. We denote instances of the process by lowercase letters w
j
n,t with j ∈ J .

We denote the combination of the above stochastic processes by

Υn,t := (En,t, F1
n,t, . . . , FI

n,t, Hn,t, Gn,t, W1
n,t, . . . , W J

n,t).

We denote realizations by

υn,t := (en,t, f 1
n,t, . . . , f I

n,t, hn,t, gn,t, w1
n,t, . . . , wJ

n,t).

The world state ω can implicitly influence these processes by changing the param-

eters that define the process.

5.3.2 The strategic stage

We now discuss the strategic decision-making stage. At the start of this section, the

variables relevant to this stage are introduced. Then, we introduce the decisions

that are associated with this stage. The most important decisions made at this stage

are strategic: renew or switch technologies. These decisions affect operations over

a long horizon. At this stage, the PP can also mothball the power plant. This is a

tactical decision as this is easily reverted after a year.

The PP can choose from various technologies θ ∈ Θ to operate. The technology

θ could be a coal-fired plant, a gas-fired plant, a wind farm, etc. We also use

different θ to distinguish between different types of plants using the same resource

or upgraded variants of plants (e.g. solar panels and solar panels with trackers

installed). The PP is limited to operating one technology θ at a time in our model.

Denote by z the maximum power plant output in MW, also known as the nameplate

capacity. We assume this to be the same for all power plants since we consider a

retrofitting and abandonment problem. The location where the initial power plant is

built has a grid connection with a maximum energy output suited for the nameplate

capacity of the currently installed plant. Hence, if the plant is retrofitted, it is

impossible to build a plant with a higher nameplate capacity without upgrading the

grid connection. We do not allow a plant with a smaller nameplate capacity to be

built at the location so that the location’s grid connection capacity is fully utilized. If

the current location is abandoned, a power plant with the same nameplate capacity

will be built elsewhere.
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We introduce the remaining power plant characteristics considered in our strategic

decision-making model. The effective age of a power plant is how long it has been

in operation without renewal (see below). This excludes years it was mothballed.

We denote ages by a ∈ A(θ), where A(θ) = {1, . . . , Lmax(θ)} are the allowed ages

for a power plant with technology θ ∈ Θ; when reaching age Lmax(θ) renewal is

required for the power plant to stay in operation (Trinomics, 2020, Annex A). If a

plant reaches age a = Lmax(θ), it becomes inoperable and stops aging. Some plants

become less efficient with age. This is especially noticeable with wind turbines that

can become 1.6% less efficient per year (Staffell and Green, 2014). We denote the

efficiency of a power plant with technology θ and effective age a by 0 ≤ α(θ, a) ≤ 1.

So, for a power plant with technology θ, effective age a, and nameplate capacity z,

the maximum power output is z · α(θ, a). Some power plants can be mothballed.

Mothballing a power plant is the act of deactivating a plant while preserving it for

future use. Denote the set of technologies that can be mothballed by M ⊆ Θ. For

power plants with technology θ ∈ M, let m ∈ {0, 1} be 1 if the plant is operating

and 0 if it is mothballed. If a power plant cannot be mothballed, the value of m is

restricted to 1.

The above variables together define a power plant P = (θ, m, a) with technology

θ ∈ Θ, variable m indicating if it is mothballed, and effective age a. We denote the

set of all allowed power plants by P. If we wish to refer to the technology or effective

age of power plant P ∈ P , we write Q(P), or A(P), respectively. Furthermore, we

express efficiency as a function of P, i.e., α(P) = α(Q(P), A(P)). If we wish to refer

to the power plant the PP operates in strategic period n, we write Pn. We assume

that the PP starts the decision-making horizon with a power plant P1 = (θ1, m1, a1).

We now introduce costs directly related to strategic power plant switching decisions

at a grid connection. These actions capture the option to either replace a power

plant, i.e., decommission the old power plant and commission a new one, retrofit

an old plant with new technology, or upgrade an existing plant. The difference

between retrofitting and upgrading is that retrofitting returns the plant to an as-

good-as-new state, and with upgrading, the plant retains its current age. We explain

these further below.

For each plant P ∈ P we have commissioning cost Ccom(P, ω) and decommission-

ing cost Cdecom(P, ω) where ω ∈ Ω is the world state. The commissioning cost is

the cost to build the power plant from scratch, and the decommissioning cost is the
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cost to remove the power plant and return it to a greyfield so that a new power

plant can be built at that location. This may include abatement costs. Furthermore,

we have a commissioning time lcom(P, ω) and decommissioning time ldecom(P, ω).

Through a renewal action, plants can return to the same technology plant with

age 0. Renewal costs are indicated by Crenew(P, ω). We denote the renewal time

by lrenew(P, ω) > 0. Alternatively, the choice can be made to replace the aging

power plant by another power plant. Let Cswitch(P, P′, ω) be the cost to switch from

power plant P to P′, where P, P′ ∈ P with P ̸= P′ and A(P′) = 0. The latter

condition implies that the newly installed power plant has not aged, yet. When a

full replacement is performed this cost is

Cswitch(P, P′, ω) = Ccom(P′, ω) + Cdecom(P, ω).

However, if existing material can be used to retrofit the old plant, the switching

cost satisfies the inequality

Cswitch(P, P′, ω) < Ccom(P, ω) + Cdecom(P′, ω).

For some power plants, there is also the possibility to upgrade it by adding addi-

tional features through new technology. For instance, Szolgayova et al. (2008) allow

for upgrading an existing power plant with a carbon capture and sequestration

(CSS) module, and Moore and Apt (2013) consider the case where solar panels

are added to a coal plant. Denote by Θimmediate ⊆ Θ × Θ, the set of plants to

which an immediate upgrade can be performed. If (θ, θ′) ∈ Θimmediate, then an

immediate upgrade is possible with cost Cimm(Pθ,m,a, Pθ′ ,m,a, ω). We assume all

upgrading actions are immediate and the power plant retains the same effective

age after upgrading. This is reasonable as only (small) upgrades will be performed

without also renewing the other equipment.

If (Q(P), Q(P′)) /∈ Θimmediate, P ̸= P′, and A(P′) = 0, denote the time for switching

from power plant P to P′ by lswitch(P, P′, ω). We assume lswitch(P, P′) > 0 for

all P, P′ ∈ P . For a full replacement it holds that lswitch(P, P′, ω) = lcom(P, ω) +

ldecom(P, ω). For retrofitting and renewal actions it holds that lswitch(P, P′, ω) <

lcom(P, ω) + ldecom(P, ω). We assume the switching time is expressed as a discrete

number of strategic periods. This makes sense as retrofitting and plant extension

with novel technologies may take several years to perform.
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For power plants P, such that Q(P) ∈ M ⊆ Θ. The cost for mothballing, i.e.,

deactivating, a plant is Mdea(P), the cost for unmothballing, i.e., activating, a

mothballed plant is Mact(P), and the cost of staying in a mothballed state for each

strategic period is Msta(P).

Below, we introduce actions that can change the technology θ, effective age a, and

variable m that indicates if a power plant is mothballed or not. We are considering

a retrofitting and abandonment problem where all power plants have the same

nameplate capacity. It is straightforward to change the switching action to modify

nameplate capacity for other types of problems.

For ease of notation, we denote power plants by Pθ,m,a = P = (θ, m, a), with

technology θ ∈ Θ, variable m ∈ {0, 1} indicating if the plant is mothballed, and

effective age a ∈ A(θ).
At every strategic period, n ∈ N , the PP can choose actions for the power plant

to perform. Recall that the power plant the PP operates in strategic period n is

denoted by Pn and Pθ,m,a
n . If the plant is not currently mothballed, these actions

are operate, renew, switch, and mothball, i.e., deactivate. For each pair P, P′ ∈ P , such

that (Q(P), Q(P′)) ∈ Θimmediate the action immediate switch is also possible for power

plant P. The action mothball can be chosen for power plant P ∈ P if Q(P) ∈ M.

If the plant is currently mothballed, the plant can be activated, renewed, or switched.

For the latter two actions, the plant is assumed to be operative after the action is

performed.

Below, we introduce the revenue functions for each action. These functions give the

profit or loss the PP earns based on the choice. We denote by V(Pθ,m,a, ω, υ) the

expected finite horizon profit if currently plant Pθ,m,a is installed, the world state is

ω ∈ Ω, and the external processes are currently in state υ ∈ Υ. We discount future

profit over strategic periods by 0 < γ < 1.

We first define the long-term profit under the action operate. If m = 1 and a <

Lmax(θ), then the action operate is allowed. The action is defined as

ΓoprV(Pθ,1,a
n , ωn, υn,0) =R(Pθ,1,a

n , ωn, υn,0)

+ γEωn+1,υn+1,0

[

V(Pθ,1,a+1
n+1 , ωn+1, υn+1,0) | ωn, υn,0

]

.

Here R(Pθ,m,a
n , ω, υ) is the profit function. It maps a triple (Pθ,m,a

n , ω, υ) to the

expected profit during a strategic period. This is further explained in Section 5.3.3.
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If a plant is mothballed, i.e., m = 0, then the plant can continue mothballing. This

action is given by

ΓmthV(Pθ,0,a
n , ωn, υn,0) =−Msta(Pθ,0,a

n , ωn)

+ γEωn+1,υn+1,0

[

V(Pθ,0,a
n+1 , ωn+1, υn+1,0) | ωn, υn,0

]

.

The action renew returns the power plant to an as-good-as-new state. This is viewed

as a transition to the same technology. The long-term profit under the action renew

is given by

ΓθV(Pθ,m,a
n , ωn, υn,0) =− Crenew(Pθ,m,a

n , ωn, υn,0)

+ γl′
Eωn+l′ ,υn+l′ ,0

[

V(Pθ,1,0
n+l′ , ωn+l′ , υn+l′ ,0) | ωn, υn,0

]

.

where l′ = lrenew(P, ω) > 0. The action switch allows for replacing a technology θ

by a technology θ′ such that θ ̸= θ′. The long-term profit obtained by switching to

technology θ′ is given by

Γθ′V(Pθ,m,a
n , ωn, υn,0) =− Cswitch(Pθ,m,a

n , Pθ′ ,1,0
n+l′ , ωn, υn,0)

+ γl′
Eωn+l′ ,υn+l′ ,0

[

V(Pθ′ ,1,0
n+l′ , ωn+l′ , υn+l′ ,0) | ωn, υn,0

]

,

where l′ = lswitch(Pθ,m,a, Pθ′ ,m,0). In addition to the switching action above for

certain technologies, it is possible to perform an immediate switch. This action

is possible for technologies θ, θ′ ∈ Θ if θ ̸= θ′, (θ, θ′) ∈ Θimmediate and a <

max(Lmax(θ), Lmax(θ′)). The finite horizon profit under this action is given by

Γθ′ ,immV(Pθ,m,a
n , ωn, υn,0) =− Cimm(Pθ,m,a

n , Pθ′ ,m,a
n , ωn, υn,0) + R(Pθ′ ,1,a

n , ωn, υn,0)

+ γEωn+1,υn+1,0

[

V(Pθ′ ,1,a+1
n+1 , ωn+1, υn+1,0) | ωn, υn,0

]

.

We assume the power plant operates immediately after upgrading and is not re-

newed.

If θ ∈ M and m = 0, then the action deactivate can be chosen to deactivate a plant.

The long-term profit corresponding to this action is

ΓdeaV(Pθ,m,a
n , ωn, υn,0) =−Mdea(Pθ,m,a

n , υn,0)
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+ γEωn+1,υn+1,0

[

V(Pθ′ ,0,a
n+1 , ωn+1, υn+1,0) | ωn, υn,0

]

If θ ∈ M, m = 1 and a < Lmax(θ), then the action activate can be chosen to reactivate

a mothballed plant. The long-term profit corresponding to this action is

ΓactV(Pθ,m,a
n , ωn, υn,0) =−Mact(Pθ,m,a

n , ωn) + R(Pθ,1,a
n , ωn, υn,0)

+ γEωn+1,υn+1,0

[

V(Pθ,1,a+1
n+1 , ωn+1, υn+1,0) | ωn, υn,0

]

.

Combining the above actions leads to the value function

Vn+1(Pθ,m,a
n+1 , ωn, υn,0) = max

Γ∈G(Pθ,m,a
n ,ωn ,υn,0)

ΓVn(Pθ,m,a
n , ωn, υn,0), (5.1)

where G(Pθ,m,a
n , ωn, υn,0) are the feasible actions in state (Pθ,m,a

n , ωn, υn,0).

5.3.3 The operational stage

This section discusses how we model the operational stage; specifically, we discuss

how to model this stage for dispatchable and non-dispatchable power plants. Some

power plants, such as hydro power plants, fall somewhere between dispatchable

and non-dispatchable power plants, as water can be stored and used for electricity

generation when necessary. However, the amount of rainfall differs per season and

year, so it cannot always be dispatched when needed. For these types of plants, the

state space could be augmented to track water levels.

We start this section by introducing the variables related to this stage. Then we

discuss how to calculate the expected reward R(Pθ,m,a, ω, υ) over a strategic period

from the operational variables.

The PP incurs costs by operating a power plant P. We denote the fixed cost by

Cfix(P) and the variable operating cost by Cvar(P). The fixed cost is incurred every

operating period, independent of the quantity of energy that is produced. The

variable operating costs are incurred depending on how intensively the power plant

is used. For dispatchable plants, we express this in terms of units of fuel used. For

non-dispatchable plants, we express this in terms of the amount of electricity that is

produced, in MWh. This eases the notational burden when defining the marginal

rewards for both types of plants.

We consider a plant operating in a competitive wholesale market. This means

that current market prices determine the plant’s profit. This section builds the
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profit function based on this premise. To model different settings, for instance,

with government incentives like feed-in tariffs, the operating reward can easily be

modified.

The function R(Pθ,m,a, ω, υ) maps a power plant with technology θ, mothballed

state m, and age a to the expected profit it makes over a year in world state ω with

starting values for the stochastic processes υ = υn,0 = ( f 1
n,0, . . . , f I

n,0, en,0, hn,0, gn,0).

Recall f 1
n,0, . . . , f I

n,0, en,0, hn,0, and gn,0 denote the value at the start of the nth strategic

period of the fuel prices, electricity price, carbon price per MWh of produced

electricity and the carbon price per unit of GHG emitted, respectively. We denote

the period of the stochastic process υn,t by a pair (n, t) representing the t-th oper-

ational period of the n-th strategic period. Let r(Pθ,m,a
n , ωn, υn,t) be the profit over

operational period t. The expected profit during a strategic period is

R(Pθ,m,a
n , ωn, υn,0) =

T

∑
t=1

Evn,t

[

r(Pθ,m,a
n , ωn, υn,t) | υn,0

]

,

where Eυn,t

[

r(Pθ,m,a
n , ωn, υn,t) | υn,0

]

is the expectation of the profit during an strate-

gic period conditional on the period’s initial stochastic variable υn,0.

Dispatchable plants

Dispatchable power plants convert fuel into electricity. Denote by E(Pθ,m,a, Y) the

amount of electricity power plant Pθ,m,a produces by using fuel amount Y. For

thermal power plants, this corresponds to the heat rate curve. Some power plants,

for instance, coal-fired plants, have minimum generation levels (Thompson et al.,

2004). The nameplate capacity and minimum operating capacity together give

a minimum fuel use Ymin and maximum fuel use Ymax. Furthermore, for each

thermal plant, C(Pθ,m,a) is the amount of CO2 emitted per use of a unit of fuel.

We distinguish between power plants that can follow load, i.e., ramp-up and ramp-

down quickly to adjust to market prices, and power plants that cannot. In practice,

ramping speed depends on the power plant and is often not instantaneous. How-

ever, we assume this ramping is immediate between operational periods for all

load-following power plants. This allows operational flexibility to be included in

the model in a straightforward manner (Abadie, 2015). We set LF(P) = 1 if power

plant P can follow load, and LF(P) = 0 otherwise.

We calculate the expected marginal profit over an operational period (n, t) based on
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the real-time electricity prices.

Let Yn,t be the total fuel usage for operational period (n, t). The marginal profit for

using 1 unit of fuel is

rmar(Pθ,m,a
n , Yn,t, ωn, υn,t) =(En,t − ρGn,t)α(Pθ,m,a

n )E(Pθ,m,a
n , Yn,t)/Yn,t − Fn,t

− Hn,tC(Pθ,m,a
n )− Cvar(Pθ,m,a

n ).

The first term is the profit obtained by producing electricity. It considers the

electricity price with the potential carbon price per MWh subtracted. The second

term is fuel costs. The third term is the incurred carbon emission costs due to fuel

costs. The last term is the variable operating costs.

Load-following plants P, i.e., FL(P) = 1, can switch between full fuel usage and

minimal fuel usage between periods. If rmar(Pθ,m,a
n , ωn, υn,t) is positive, the plant

wishes to maximize output. Hence the profit over one operational period (n, t) ∈
N × T becomes

r(Pθ,m,a
n , ωn, υn,t) = rmar(Pθ,m,a

n , Ymax, ωn, υn,t)Y
max + Cfix(Pθ,m,a

n ). (5.2)

Otherwise,

r(Pθ,m,a
n , ωn, υn,t) = rmar(Pθ,m,a

n , Ymin, ωn, υn,t)Y
min + Cfix(Pθ,m,a

n ). (5.3)

Figure 5.2a, in this chapter’s introduction, shows the different components of the

above formula multiplied by the power plant’s nameplate capacity for a CCGT.

The profit and loss components are calculated based on the CCGT parameters and

stochastic processes that are introduced in Section 5.4.1.

Power plants usually do not operate at full capacity throughout the year (U.S.

Energy Information Administration, 2023). We capture this in our model for load-

following power plants by allowing them to ramp up and down. For non-load

following plants, i.e., FL(P) = 1, we assume the power plant operates at a fixed

fuel output Yfix such that Ymin(P) ≤ Yfix ≤ Ymax(P). This gives an operating profit

per period of

r(Pθ,m,a
n , ωn, υn,t) = rmar(Pθ,m,a

n , Yfix, ωn, υn,t)Y
fix + Cfix(Pθ,m,a

n ).
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Non-dispatchable plants

We now define the marginal profit for non-dispatchable plants: The amount of

profit per unit of the resource (e.g., wind or solar) that powers the non-dispatchable

plant. For a given type of wind turbine, this unit is approximated by multiplying

the average wind speed by the passed time, i.e., an hour. Let β(Pθ,m,a
n , ωn, υn,t) =

β(Pθ,m,a
n , Wn,t) be the power output of power plant Pθ,m,a

n with weather state Wn,t.

This is called the production curve (Zhou et al., 2019). The marginal profit for a unit

of energy output is

rmar(Pθ,m,a
n , ωn, υn,t) =(En,tα(Pθ,m,a

n )

+ (1− ρ)Gn,t)β(Pθ,m,a
n , Wn,t)/ min(Wn,t, Wmax(Pθ,m,a

n , ωn))

− Cvar(Pθ,m,a
n )β(Pθ,m,a

n , Wn,t), (5.4)

where Wmax is the highest weather state for which energy is produced, i.e., for wind

turbines, this is the highest wind speed for which the wind turbine can produce

electricity.

The final term in Equation (5.4) is the variable maintenance cost at a certain output

percentage. This also shows why it is beneficial to express the variable maintenance

in $/MWh; this avoids using an equation for the variable maintenance costs that

maps the weather state to variable maintenance costs.

The common non-dispatchable resources in use are solar panels and wind farms.

These can usually be curtailed. Under the assumption that this is possible, the

reward over one operational period becomes

r(Pθ,m,a
n , ωn, υn,t) = max(rmar(Pθ,m,a

n , ωn, υn,t), 0)Wn,t + Cfix(Pθ,m,a
n ). (5.5)

The first term ensures differentiation between the scenarios where power is pro-

duced and curtailed. Curtailment happens when the marginal reward

rmar(Pθ,m,a
n , ωn, υn,t) is negative.

Figure 5.2b, in this chapter’s introduction, shows the different components of the

above formula multiplied by the power plant’s nameplate capacity for a wind farm.

The profit and loss components are calculated based on the wind farm parameters

and stochastic processes that are introduced in Section 5.4.1.
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5.3.4 Markov decision process formulation

The strategic decision model in Section 5.3.2 describes a Markov decision process

(MDP) under the assumption that the transitions from υn,0 to υn+1,0 for n ∈ T , and

from ωn to ωn+1 are Markovian. This assumption holds for the stochastic processes

we consider. The stochastic processes υn,0 take continuous values. This leads to a

challenge in solving the MDP. In Appendix 5.A.8, we describe how we discretize

the MDP to solve it.

5.4. Case study

We study how a PP makes power plant retrofitting and abandonment decisions that

are influenced by carbon pricing per MWh via RECs; as these are used in the US to

price carbon. We will refer to this as REC pricing. The goal of introducing RECs is to

motivate a switch to renewable resources from carbon-emitting resources. Hence,

our policy recommendations assume the government wishes to encourage such a

switch. Our case study considers a PP that owns a power plant. At the location

of this power plant, a coal-fired, natural gas-fired, and nuclear power plant can be

constructed. The PP can switch between these plants by retrofitting. Additionally,

the PP has the option to abandon the location and build a wind farm elsewhere.

In Section 5.4.1, we describe the case study. In Section 5.4.2, we compare how our

numerical results compare to what is observed in practice. In Section 5.4.3, we

study the effect of REC pricing on power plant retrofitting and abandonment. In

Section 5.4.4, we study the effect of delaying REC pricing.

5.4.1 Case description

The four power plants we consider are each assumed to have a nameplate capacity

of 1000 MW. This size is representative of a larger power plant. The wind farm is

viewed as the abandonment option, i.e., leaving the current location and generating

the same amount of electricity (i.e., 1000 MW) elsewhere.

The power plant we consider operates in the region managed by the Electric Re-

liability Council of Texas (ERCOT). ERCOT is responsible for most of Texas’s grid

operations and electricity markets. The power plant bids in ERCOT’s wholesale

electricity market. If its bid is accepted, it must produce this electricity and is

rewarded at the market clearing price. ERCOT has made trading hub electricity
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price data available (Electric Reliability Council of Texas, 2024, Section 3.5). This

is the aggregate electricity price for a region and can be viewed as representative

of the electricity price in that region. We use data from the Houston trading hub.

These prices are provided on a 15-minute interval basis. We transform these to

hourly prices by averaging. In Appendix 5.A.4, we discuss how we fit the hourly

electricity prices to a stochastic process.

In Texas, different types of power plants operate in different locations. Coal-fired,

natural gas-fired, and nuclear plants are often built closer to more densely popu-

lated areas in the east, while wind farms are built to the west where there is higher

elevation and wind speeds. The preference for building power plants closer to

more densely populated areas arises because less grid infrastructure is needed for

electricity transportation. We assume the coal-fired plant, CCGT, and nuclear power

plant operate in east Texas, and the wind farm operates in west Texas. We use the

same electricity price process for all plants. This allows for the profitability of all

power plants to be compared fairly under the influence of RECs.

The parameters of the power plants we consider are given in Table 5.1. Some

parameters are given in non-SI units as these are commonly used in the energy

sector. In Appendix 5.A.2, we provide the conversion factors between these and SI

units.

These variables are transformed to the units we use, i.e., when relevant, they are

expressed in the amount of consumed fuel, while often, the sources express the

variable in terms of MWh. For all power plants, decommissioning times are ex-

cluded as these are set to 0. The renewal time is set to half of the commissioning

time. It is difficult to find sources for decommissioning cost; we set these to 10% of

the commissioning cost for each plant. Based on TenneT (2019) we set the mothball

initiation cost to 0.25% of the commissioning cost, the mothball end cost to 1.0%

of the commissioning cost, and the mothball continuation cost to 0.05% of the

commissioning cost. We assume the plants are all capable of following load.

In practice, it is observed that commissioning time for power plants is increasing

due to grid request queues lengthening (Rand et al., 2022). However, in our case,

we do not consider this as we assume the connection request can be filed before

decommissioning the power plant.
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Table 5.1: Power plant parameters

CCGT Coal-fired plant Nuclear plant Wind farm

Energy source Gas Coal Uranium Wind
Lifetime (years)a 30 40 60 25

Commissioning cost ($)b 1,000,000,000 2,100,000,000 5,000,000,000 1,390,000,000
Decommissioning cost ($)∗ 100,000,000 210,000,000 500,000,000 139,000,000

Renewal cost ($)∗ 300,000,000 630,000,000 1,500,000,000 417,000,000
Commissioning time (years)c 4 4 4 2

Renewal time (years)† 2 2 2 1
Fixed O&M cost ($)a 3,424.66 4,794.52 17,123.29 4,760.27
Variable O&M costa 0.36 $/MMBtu 9.68 $/T 35,898.91 $/lb 10.00 $/MWh

MWh per unite,f 0.156 MWh/MMBtu 2.715 MWh/T 1,196.630 MWh/lb -
Minimal fuel usageg 1,929.00 MMBtu 147.33 T 0.42 lb -
Maximal fuel usageg 6,430.00 MMBtu 368.33 T 0.84 lb -

Efficiency loss (%/year)h,i 0.0 0.0 0.0 1.6
Mothball initiation cost ($)j 2,500,000 5,250,000 12,500,000 -

Mothball end cost ($)j 10,000,000 21,000,000 50,000,000 -
Mothball continuation cost ($)j 500,000 1,050,000 2,500,000 -

Sources: aTrinomics (2020), bInternational Energy Agency (2020), ∗these costs are set to fractions of the commissioning cost, †is set to 50% of the
commissioning time, cInternational Energy Agency (2019), dRand et al. (2022), efor the heat rate for the CCGT and coal-fired plant see Abadie
(2015), ffor the heat rate of a nuclear plant (2020 data) see U.S. Energy Information Administration (2024), gSustainable Nuclear Energy Technology
Platform (2024), hfor the efficiency loss per year of a CCGT, coal-fired plant, and nuclear plant see Grubert (2020), ifor the efficiency loss per year of
a wind turbine see Staffell and Green (2014), iSustainable Nuclear Energy Technology Platform (2024), ‡determined from nameplate capacity, and
jTenneT (2019).
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Table 5.2: Production curve for the GE 1.5-77 Turbine (Zhou et al., 2019).

Wind speed (m/s) 0-3 4 5 6 7 8 9

Fraction 0.000 0.029 0.087 0.167 0.277 0.427 0.616

Wind speed (m/s) 10 11 12 13 14 15-25 26

Fraction 0.787 0.906 0.957 0.987 0.996 1.000 0.000

To determine the amount of electricity produced by the wind farm, we consider the

GE 1.5-77 Turbine (Zhou et al., 2019). We modify the production curve as presented

by Zhou et al. (2019) to give the percentage of maximal output depending on the

wind speed. This production curve is given in Table 5.2.

The coal-fired plant, CCGT, and nuclear power plant use fuels. In Appendix 5.A.3,

we argue that for nuclear power plants, fuel is only a small contribution to the

marginal profit. However, for natural gas-fired plants, such as CCGTs, and coal-

fired plants, fuel price is an important contributor to the marginal profit; PPs need

to consider coal and natural gas price volatility when operating these plants. Hence,

we fit reference price coal and natural gas price data to stochastic processes to

capture the uncertainty PPs have to contend with. In Appendix 5.A.5, we discuss

how we fit daily natural gas and coal prices.

Table 5.3 shows the cost and time of switching between power plants. We distin-

guish between non-immediate (no.) and immediate (im.) switches. The former

starts with the new plant in an as-good-as-new state, while with an immediate

switch, the power plant retains its age after the switch. The cost of switching

the plant to itself is the renewal cost for each plant. This is set to 30% of the

commissioning cost. For the immediate switch action from the CCGT to the coal-

fired power plant and the coal-fired power plant to the CCGT, we set the cost to

50% of the commissioning cost of the new power plant. For the non-immediate

switch actions between the coal-fired power plant, natural gas-fired power plant,

and nuclear plant, we set the switch cost to 70% of the sum of the decommissioning

cost of the existing power plant and the commissioning cost of the new power

plant. For the remaining transition actions, we set the switching cost to the sum of

the decommissioning cost of the existing power plant and the commissioning cost

of the new power plant.

We consider world states with a very low, low, medium, and high REC prices
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Table 5.3: Non-immediate (no.) and immediate (im.) switching costs for power
plants. The starting power plant is given on each row and the target power plant in
each column.

CCGT Coal plant Nuclear plant Wind farm

CCGT
no. (·106 $) 300 (2) 1,540 (2) 3,647 (2) 1,490 (2)
im. (·106 $) 1,050 (0)

Coal plant
no. (·106 $) 847 (2) 630 (2) 3,570 (2) 1,600 (2)
im. (·106 $) 500 (0)

Nuclear plant
no. (·106 $) 1,820 (2) 1,050 (2) 1,500 (2) 1,890 (2)
im. (·106 $)

Wind farm
no. (·106 $) 1,139 (4) 2,239 (4) 5,139 (4) 417 (1)
im. (·106 $)

REC price scenario

Very low Low Medium High

Lower bound ($) η 0 1 5 10

Upper bound ($) η 1 5 10 15

Table 5.4: Bounds of the REC price scenarios.

with an RPS of ρ = 0.5. Very low REC prices are currently observed in Texas

(OShaughnessy et al., 2021). We consider REC pricing, as this is customary in the

US. We use a variance Gamma process to simulate REC prices. How we set the

parameters and simulate this process is explained in Appendix 5.A.7. We introduce

reflecting bounds to this process to study what effect a certain REC price range has

on power plant retrofitting and abandonment. We denote the lower bound by η and

the upper bound by η. The parameters we consider are given in table 5.4.

We consider two types of scenarios: In the first scenario type there is a single world

state with corresponding REC prices over the entire decision horizon. In the second

scenario type, we start with a lower REC price, and there is a probability of 0.02

every strategic period to switch to a higher REC price. This is modeled by a change

in world state, and the transition probability matrix is given by Equation (5.6). Once

the higher REC price is reached the world state remains the same for the rest of the
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planning horizon.

MΩ =





0.98 0.02

0 1



 (5.6)

Texas’s electricity prices are quite low compared to other states (Berkley Lab, 2024),

so we also consider an electricity price scenario with increased electricity prices.

The average electricity price for the parameters fitting on Texas’s electricity prices is

24.55 $/MWh. For the modified electricity price process, this value is 48.10 $/MWh.

How this modified electricity price process is obtained is explained in Section 5.A.7.

To each electricity and REC price scenario pair, we assign a label. We use n to

indicate the unmodified electricity price and m to indicate the modified electricity

price. We label the REC pricing scenarios very low, low, medium, and high by vl, l,

m, and h, respectively. Each scenario pair is labeled by first indicating the electricity

price scenario and then the REC price scenario in parenthesis, e.g. (m,h) is the

modified electricity price scenario with high carbon pricing. We also consider a

scenario where transitioning between technologies is cost-prohibitive. This scenario

is indicated by adding a b to the scenario label, i.e., (n,vl,b) is the scenario with

unmodified electricity pricing, very low REC pricing, and very high switching cost.

5.4.2 Comparison to practice

We compare our results for the case with electricity and REC prices resembling the

current situation observed in Texas with and without switching, i.e., scenarios (n,vl)

and (n,vl,b) with Texas’ PP behavior.

We visualize PP switch decisions obtained by simulating our model in Figures 5.3a,

5.3b, 5.3c, and 5.3d. Figures 5.3a and 5.3c shows how power plants transition

between technologies. The bars, separated by white lines, show different states

for each power plant. Each power plant has a construction (pastel blue), operable

(pastel yellow), and end-of-life (pastel red) bar. As the plant ages, it moves down.

If a plant is mothballable (pastel green), there is also a bar to indicate that it is

mothballed. The red lines indicate independent sample paths through time. For

each technology, we generate 25 sample paths, each starting at a fourth of the plant’s

maximum age. Each sample path has an opacity of 20%. This means thicker lines

are traversed by more sample paths. The sample paths are generated by simulat-
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ing the optimal policy for the MDP obtained after performing the discretization

procedure in Appendix 5.A.8.

We refer to the type of diagram presented in Figures 5.3a and 5.3c as a transition

diagram. All transition diagrams in this section have the starting technology and

age pairs as Figure 5.3a.

All sample paths in Figure 5.3a transition to wind farms. This conclusion is sup-

ported by Figure 5.3b. It shows for 1,000 sample paths, with 250 random starting

states for each technology, what fraction of the sample paths is at a certain tech-

nology. We will refer to these types of plots as distribution diagrams. This plot does

not show if plants are mothballed or not. We plot distribution diagrams over a

longer horizon than transition diagrams since we want to study individual power

plant behavior with transition diagrams. Distribution diagrams are used to see the

long-term switching behavior of a larger population.

Figures 5.3a and 5.3b confer that all technologies transition quickly to wind farms,

indicating that this is the most profitable technology. Figure 5.3c confers that if

transitioning is not allowed, our model suggests that wind farms and CCGT keep

operating, i.e., are profitable, while coal-fired and nuclear plants are mothballed.

The distribution diagram in Figure 5.3d verifies that no technology switching occurs

in this scenario.

We compare our observations from Figure 5.3 to a yearly market report ERCOT

commissions from a consultancy. These market reports are by Potomac Economics

(2016, 2017, 2018, 2019, 2020).

Potomac Economics suggest coal and nuclear were likely out of the money in

2015, 2016, and 2017 and were likely able to cover expenses during 2018 and 2019.

During the same period, major additions of wind energy were observed. Potomac

Economics (2020, p. 23) mentions “. . . wind has been the primary technology for

new capacity since 2006.” This is similar to what is observed in Figures 5.3a and

5.3b. What is not observed in practice is a full transition to wind farms from all

other technologies. This may have to do with market inertia and it may be that

flexible technologies become more valuable as their total market share decreases.

5.4.3 The effect of REC pricing

In this section, we consider the effect of REC pricing on power plant transitioning

behavior. We assume a single REC pricing scenario for the entire decision hori-
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Figure 5.3: Simulated power plant transitions for scenarios (n,vl) and (n,vl,b).

zon. In Section 5.5, we translate the insights obtained in this section into policy

recommendations.

For the scenario with Texas’s electricity pricing, higher REC pricing does not change

the observed behavior compared to Figure 5.3, as wind farms are already profitable

enough compared to the other technologies to warrant a direct switch in our case

study.

Figure 5.4 shows transition and distribution diagrams for the modified electric-

ity price case with varying REC prices. In the very low REC pricing scenario,

see Figures 5.4a and 5.4b, we observe that both nuclear and coal-fired plants are

retrofitted to CCGT, while CCGT and wind farms keep operating. However, there

is no switching between these latter two technologies because the switching cost

is too high. We refer to this as technology trapping, or trapping, i.e., a switch to

the long-term most profitable (and potentially lowest carbon) technology does not

occur because the switching cost is too high.
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Figure 5.4: Transition and distribution diagrams for different REC pricing scenarios.
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The results of the low REC pricing scenario are shown in Figure 5.4c and 5.4d. We

observe that, in this case, the PP abandons nuclear plants in favor of wind farms

in the transition diagram. Figure 5.4d, which also considers nuclear power plants

with different ages, shows some nuclear plants are retrofitted to CCGT.

The results of the medium REC pricing scenario are shown in Figure 5.4e and 5.4f.

Here, we see that coal-fired and nuclear plants are abandoned in favor of wind

farms at the start of the horizon. CCGTs are used until the end of life and then

abandoned to build wind farms. We refer to this as lifetime trapping. This can be a

problem as the time until a power plant’s end-of-life may exceed the government

targets for carbon-free energy: In the introduction, we mentioned the White House’s

target of carbon-free energy by 2035. This poses an issue since more than 100 coal-

fired plants have been replaced by natural gas-fired plants between 2011 and 2019

(Aramayo, 2020). However, a natural gas-fired plant’s lifetime is expected to be 30

years. Hence, most of these plants will operate after 2035.

The results of the high REC pricing scenario are shown in Figure 5.4g and 5.4h.

Here all technologies switch to wind farms without trapping. In the transition

diagram some sample paths with starting technology CCGT have a slight delay

before switching. This is likely due to continued low natural gas prices for these

sample paths. The switch to wind farms shows that the high REC price scenario is

sufficient to trigger a switch to wind farms.

5.4.4 The effect of transitions in REC pricing

We study the effect of transitions in REC pricing on (lifetime) trapping. In Section

5.5, we translate the insights obtained from this section to policy recommendations.

We assume we start in a very low REC price scenario, as this is currently observed

in ERCOT’s region, and switch to a higher REC price. The transition probability

that determines the delay in implementing REC pricing is given by Equation (5.6).

Figure 5.5 shows the modified electricity scenario with a transition from very low

to low, very low to medium, and very low to high REC pricing. In the transition

diagrams (Figures 5.5a, 5.5c, and 5.5e), red lines indicate a sample path is in world

state 1 and a dashed blue line indicates the sample path is in world state 2. In the

diagrams, we label a switch between world states with →, i.e., vl→l indicates a

switch from the world state with very low REC pricing to low REC pricing.

For the scenario with a transition from very low to low REC pricing, Figures 5.5a

and 5.5b, we observe that nuclear plants transition to CCGTs and stay there even
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Figure 5.5: Transition diagrams with a probabilistic transition to another REC price
scenario.
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after transitioning to the higher REC price. Contrasting this to Figure 5.4c, we see

that the delayed implementation of higher REC pricing leads to nuclear also trapped

in CCGT. For a policymaker that wishes to ensure a transition to renewable energy

sources this can be problematic; delayed REC pricing has led certain resources

to move to technologies for which a higher REC price is necessary to encourage

switching to renewable resources.

Figures 5.5c and 5.5d show the scenario with delayed switching from very low to

medium REC pricing. This leads to lifetime trapping in CCGT technology for coal

plants and CCGTs. Coal-fired plants switch to CCGTs, and CCGT stays operating

until a higher REC price is implemented. After introducing higher REC pricing, the

CCGT operates until its end-of-life and then switches to a wind farm.

Figures 5.5e and 5.5f show the scenario with delayed switching from very low to

high REC pricing. Here, first, a switch of coal-fired plants to CCGTs is observed,

and nuclear plants are abandoned for wind farms. Wind farms and CCGTs do not

switch to each other without a REC price increase. After a REC pricing policy is

implemented power plants switch to wind technology as Figure 5.5f shows.

5.5. Policy recommendations

Technology trapping, even temporarily until a plant’s end-of-life, may lead to car-

bon targets being missed. From our case study, we obtain one policy recommen-

dation for encouraging the transition to renewable energy sources and two policy

recommendations to avoid trapping:

• REC pricing should be sufficient to encourage transitioning to renewables, but not

too extreme. In Section 5.4.3, we see that as REC prices are increased, a

larger set of technologies is abandoned for wind farms. Practical limitations

should be considered when increasing REC prices: Increasing REC prices can

only lead to a technology switch to renewables if there is enough grid and

production capacity to facilitate this transition. Otherwise, high REC pricing

may lead to higher costs to consumers through increased operating costs for

non-renewable plants.

• Different REC price trajectories lead to different transition trajectories. In Section

5.4.4, we see that if the implementation of REC pricing is delayed, coal-fired
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plants may retrofit to CCGTs. After this transition to CCGTs, a higher REC

price is needed to transition the retrofitted plants to renewables than before.

Policymakers should tailor REC pricing over time in relation to the energy

transition trajectory they wish to achieve.

• Policymakers should tailor switching cost to achieve the desired transition trajectories.

We have seen from the case study that a technology switch to a renewable

resource depends on the profitability of the existing resource compared to

the new resource and on the cost necessary to switch resources. Sometimes

the new resource may be more profitable, but the switch does not occur or is

delayed (for an example, see Figure 5.4e). Policymakers may subsidize switch-

ing technologies to aid the transition to renewables. Conversely, trapping

may be avoided in some cases by penalizing the transition to non-renewable

resources, potentially again through costs.

5.6. Conclusion

We have introduced a model and algorithmic framework to study PP renewal,

retrofitting, and upgrading decisions over long-term horizons. The model utilizes

operational periods to estimate the reward related to strategic decisions. This allows

the model to incorporate granular hour-to-hour price processes and detailed power

plant features to optimize strategic decisions.

In a case study we have studied renewal, retrofitting, and upgrading decisions.

The case study uses Texas’s electricity price data for the standard electricity price

scenario. In this scenario, we see a trend to acquire wind farms regardless of the

level of REC pricing. We then modify the electricity price to reflect that different

regions have different, typically higher, electricity prices. For scenarios with the

modified electricity price, we study under what REC price scenarios technology

trapping occurs.

We discuss some features not explicitly considered in our analysis. There is a large

variation between power plant project costs. The parameters in our analysis are

based on values obtained by aggregating data. If more project-specific data is

obtained, our model can be used to understand the relation between PP strategic

decisions and specific project details. We only consider scenarios with REC pricing,

which penalizes all carbon-emitting technologies equally. CEAs penalize power
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plants based on the amount of emitted carbon. In our case study, nuclear did not

perform well compared to gas and coal-fired power plants. However, if carbon

emissions are priced via CEAs, nuclear plants are not penalized, while coal and

gas-fired plants are. Hence, different PP behavior is expected in this setting.

As mentioned in Section 5.4.1, we did not consider delays in commissioning due

to grid connection request queues. We have argued that this is not an issue for the

power plant retrofitting and abandonment case study we are considering. However,

queues may influence investment decisions when going to a completely new site

without abandoning an old site. Further research could use our model to study this

setting.

We suggest further research into generation expansion problems (GEPs) that studies

in more detail how technology trapping can occur. Technology trapping can lead to

a delay in the achievement of carbon targets. An understanding of the conditions

that lead to trapping occurs aids policymakers in ensuring a smooth transition to

carbon-free energy production.

Our literature review has shown that the extant literature on investment timing

for power plants focuses on a single switch between technologies. However, our

research has shown that technology paths over time can occur when existing grind

connections are combined with retrofitting. Further research can use our model

to study what other conditions lead to technology paths that hinder the energy

transition.
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5.A. Appendix

5.A.1 Variables

Table 5.5 provides an overview of the chapter’s variables.

Table 5.5: Variables used in the chapter, excluding those introduced in the
appendices

Name : Symbol

strategic periods : n ∈ N = {1, . . . , N} with N > 0
Operational periods (within each strategic period): t ∈ T = {1, . . . , T} with T > 0
Set of all periods : N × T
World states : ω ∈ Ω
Electricity price process : {En,t}(n,t)∈N×T
Fuel price processes : {Fi

n,t}(n,t)∈N×T where i ∈ {1, . . . , I}
Carbon price per MWh process : {Hn,t}(n,t)∈N×T
Carbon price per emitted tonne of GHGs process : {Gn,t}(n,t)∈N×T
Realizations of prices processes : en,t, f i

n,t, hn,t, and gn,t
Weather process index set : j ∈ J = {1, . . . , J}
Weather process : {W j

n,t}(n,t)∈N×T
Weather process realization : w

j
n,t

Joint stochastic process : Υn,t = (En,t, F1
n,t, . . . , FI

n,t, Hn,t, Gn,t, W1
n,t, . . . , W J

n,t)

Joint stochastic process realization : υn,t = (en,t, f 1
n,t, . . . , f I

n,t, hn,t, gn,t, w1
n,t, . . . , wJ

n,t)
Technology set : θ ∈ Θ
Technology of power plant P : Q(P)
Boolean mothball parameter : m
Power plant : P ∈ P , Pθ,m,a

Effective age : A(P)
Power plant ages : a ∈ A(P) = {1, . . . , Lmax(P)}
Power plant efficiency : α(P)
Commissioning cost : Ccom(P, ω)
Decommissioning cost : Cdecom(P, ω)
Commissioning time : lcom(P, ω)
Decommissioning time : ldecom(P, ω)
Renewal cost : Crenew(P, ω)
Switching cost : Cswitch(P, P′, ω)
Immediate switch set : Θimmediate ⊂ Θ×Θ

Upgrading cost : Cimm(Pθ,m,a, Pθ′ ,m,a, ω)
Switching time : lswitch(P, P′, ω)
Renewal time : lrenew(P, ω)
Mothballable plants : M⊆ P
Activation cost : Mdea

Deactivation cost : Mact
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Table 5.5: Variables used in the chapter, excluding those introduced in the
appendices

Name : Symbol

Per-year mothballing cost : Msta

Discount factor : γ
strategic period profit function : R(Pθ,m,a, ω, υ)
Fixed operating cost : Cfix(P)
Variable operating cost : Cvar(P)
Fuel amount : Y
Electricity produced for a fuel amount: E(Pθ,m,a, Y)
Minimal fuel usage : Ymin

Maximal fuel usage : Ymax

CO2 emitted per unit of fuel : C(Pθ,m,a)
Boolean load following parameter : LF(P)
Operational period marginal profit : rmar(Pθ,m,a, ω, υ)
Operational period profit function : r(Pθ,m,a, ω, υ)
Fixed fuel output : Yfix

Power output : β(Pθ,m,a, W)
RPS target : ρ

5.A.2 Non-SI units

Non-SI units commonly used for commodities:

• a pound (lb) equals 0.453 kg,

• a tonne, also known as a metric ton, (T) equals 1000 kg, and

• a British thermal unit (Btu) is 1,055 J.

5.A.3 Fuel price comparison

Table 5.6: Comparison of maximum fuel costs per generated MWh for representa-
tive coal, natural (nat.) gas, and uranium fueled power plants.

Fuel Max price Btu per Heat rate Fuel cost
fuel unit per MWh

Coal 119.9 $/T 24 · 106 Btu/T 8,840,000 Btu/MWh 44.16 $/MWh
Nat. gas 4.837 $/MMBtu 1 · 106 Btu/MMBtu 6,430,000 Btu/MWh 31.10 $/MWh
Uranium 40.15 $/lb 1,250 · 106 Btu/lb 10,453,000 Btu/MWh 0.3358 $/MWh
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This section compares the fuel cost of generating one MWh for the coal, natural

gas, and uranium-fired power plants considered in Section 5.4. Table 5.6 shows

this comparison. Not all variables in Table 5.6 are SI units. In Appendix 5.A.2, we

provide the conversion factors between the used non-SI and SI units. The column

max price shows the highest closing price for the coal, natural gas, and uranium

reference prices between 1/1/2015 and 12/31/2019. We consider the closing price

since we also use this as reference data to fit the coal and natural gas price processes

in Appendix 5.A.5. The column $/MWh is derived from the other columns; it shows

how much is spent on fuel to generate one MWh. The reference price for uranium

is roughly 1% or less compared to the other two fuel types; the uranium price is

negligible compared to the O&M cost per MWh, which is 30 $/MWh in the US

(International Energy Agency, 2022, Table B.4a). Hence, the uranium price can be

excluded when calculating a nuclear power plant’s profit.

The price data was obtained from Trading Economics (2023a,b,c).

5.A.4 Fitting electricity prices

This section describes the stochastic process and fitting method we use to model

electricity prices. The fitting method we use was developed by Zhou et al. (2019).

Their method captures spikes, mean-reversion, and negative prices. All are common

phenomena in electricity prices. We refer to their paper for an explanation of

the fitting method. We describe their electricity price process, mention where we

deviate from their method, and report the parameters we obtain for the data set we

consider.

We fit the electricity price model by Zhou et al. (2019) to electricity prices in the

Houston hub of the ERCOT region from 1/1/2015 to 12/31/2019. This data was ob-

tained through ERCOT and can be accessed at https://www.ercot.com/mktinfo/

prices.

The method by Zhou et al. (2019) is changed in two ways to fit to our data. The

first change is not tuning a scaling parameter l, introduced below, but fixing it.

The second change is using multi-period spikes instead of single-period spikes, as

ERCOT’s real-time electricity prices in the Houston hub contain price spikes that

last several periods. We remove these price spikes similarly to Zhou et al. (2019).

However, when simulating the price processes, we sample the price spike clusters,

which can take multiple periods. We explain both changes in more detail when

describing the electricity price process.

https://www.ercot.com/mktinfo/prices
https://www.ercot.com/mktinfo/prices
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We outline the electricity price process following Zhou et al. (2019). The electricity

price process E(ξt, St) is a function of an AR(1) process ξt and a spike process St

both defined on operational periods t ∈ T = {1, . . . , T}, so that

Et(ξt, St) = E′t(ξt) + St,

where E′t(ξt) is the despiked electricity price and St is the spike process. The spike

process St is described by a spike arrival probability p and set of spike clusters S .

The set S contains vectors (S′1, . . . , S′k) ∈ S , with k > 0, representing spikes.

The spike process evolves as follows. Every period t′ ∈ T without a spike has a

probability p of a spike cluster starting. If a spike cluster starts during period t′,
then a random spike cluster (S′1, . . . , S′k) is drawn from S and St′+i−1 = S′i with

1 ≤ i ≤ k. We assume two spikes cannot occur simultaneously. The method by

Zhou et al. (2019) differs since they assume all spikes in S′ ∈ S have a duration of

one period.

The despiked electricity prices are expressed as

E′t(ξt) = l sinh(ξt + f (t)), (5.7)

with l a scaling parameter, ξt an AR(1) process and f (t) a seasonality function. For

t ∈ T the AR(1) process ξt is described by

ξt = (1− κ)ξt−1 + σϵt,

with ξ0 the initialization value of the process, κ a constant determining the amount

of autocorrelation, and σ the standard deviation of the normally distributed error

term ϵt. All error terms ϵt are assumed to be identically and independently dis-

tributed.

The seasonality function is given by

f (t) = γ0 +
11

∑
i=1

γ1iD1i +
6

∑
j=1

γ2jD2j +
23

∑
h=1

, γ3hD3h,

where γ0, γ1i for i = 1, . . . , 11, γ2j for j = 1, . . . , 6, and γ3h for h = 1, . . . , 23 are the

parameters that need to be tuned and D1i, for i = 1, . . . , 11, D2j, for j = 1, . . . , 6, and

D3h for h = 1, . . . , 23 are dummy variables. The dummy variable D1i is 1 if it is the
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i + 1th month of the year, and 0 otherwise. The dummy variable D2j is 1 if it is the

j + 1th day of the week, and 0 otherwise. The dummy variable D3h is 1 if it is the

h + 1th hour of the day, and 0 otherwise.

The terms of f (t) can be understood as follows. The first term γ0 is the average de-

spiked electricity price throughout the year. The second term ∑
11
i=1 γ1iD1i captures

monthly seasonality. The third term ∑
6
j=1 γ2jD2j captures intra-weekly seasonality.

The fourth term ∑
23
h=1, γ3hD3h captures hourly seasonality.

We now describe how to identify spikes assuming a (despiked) electricity process

has been fitted. On the first iteration, the (despiked) electricity process E′t(ξt)

is fitted to data with spikes. Then, this is used to determine where the data

contains spikes. These spikes are then removed, and the despiked process is refit.

By repeatedly fitting and despiking electricity prices, the process converges, and

spikes are identified. Specifically, let Ẽ = {Ẽt | t ∈ T̃} be the set of observed

electricity prices, with T̃ the moments of observation. Transform the electricity

prices by inverting Equation (5.7) to obtain the Ξ̃ = {ξ̃t | t ∈ T̃}, where ξ̃t =

sinh−1(Ẽt/l)− f (t).

The conditional expected value of the process for (despiked) electricity prices is

(Zhou et al., 2019)

E[E′t+1(ξ
′
t+1) | ξ̃t] = −l exp[0.5σ2] sinh[−ξ̃t(1− κ)− f (t + 1)] with t ∈ T̃.

For all t ∈ T̃ check sequentially, starting with the lowest value, if for a period t it

holds that |Et+1 − E[Et+1(ξ
′
t+1) | ξt]| > b, with b a cut-off value. Then, the price

during period t + 1 is flagged as a spike. The spike E′t+1 − E[E′t+1(ξ
′
t+1) | ξ̃t] is

added to the spike clusters and we set E′t+1 = E[E′t+1(ξ
′
t+1) | ξ̃t]. For a detailed

discussion we refer the reader to Zhou et al. (2019, Section 6.2.2.).

We now discuss the parameters we obtained via the fitting procedure with the cut-

off value set to b = 200 and l = 30 (as obtained by Zhou et al., 2019). In contrast

to Zhou et al. (2019) we do not calibrate l. When we apply the calibrating step of

l to our data repeatedly, it does not converge. The spike process has the following

statistical properties. The arrival probability of a spike cluster is p = 0.0039. The

electricity price data contains 172 spike clusters with an average value of 706.14

$ and an average length of 1.79 periods. Concerning the spikes’ values over each

period, the minimum is 200.23 $, the maximum is 8961.60 $, and the median is
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Table 5.7: Parameters for the seasonality function f (t) of the electricity price
process.

γ̂0 0.528

i
0 1 2 3 4 5 6 7

γ̂1,i(·10−3) 0.0 −77.7 −51.6 −25.0 2.3 43.3 83.0 84.5
i
8 9 10 11

γ̂1,i(·10−3) 53.3 1.0 −13.7 −44.5
j
0 1 2 3 4 5 6

γ̂2,j(·10−3) 0.0 7.7 −4.9 −13.8 −26.7 −59.4 −11.3
h
0 1 2 3 4 5 6 7

γ̂3,h(·10−3) 0.0 −23.3 −28.7 −5.8 42.5 124.5 109.5 137.4
h
8 9 10 11 12 13 14 15

γ̂3,h(·10−3) 169.2 196.0 229.9 270.0 321.3 321.9 357.0 349.5
h

16 17 18 19 20 21 22 23
γ̂3,h(·10−3) 364.0 288.3 257.5 238.2 176.0 140.6 78.8 41.9

390.89 $.

The estimated parameters for the despiked electricity price process are as follows.

Fitting the AR(1) process gives the parameters κ̂ = 0.451 and σ̂ = 0.207. Table 5.7

reports the values of the seasonality function.

Figure 5.6 shows a side-by-side comparison of the real and simulated electricity

price data.

In Section 5.4, we consider two electricity price scenarios. One is based on the

introduced parameters. The other one has the same parameters, except for the

value γ̂0, which we increase by 0.5. In the first scenario, the average electricity

price is 24.55 $/MWh, while in the second case, the average electricity price is 48.10

$/MWh. We introduce this higher electricity price scenario since the first case has

a relatively low electricity price, while higher prices are also observed in practice

(Berkley Lab, 2024).

5.A.5 Fitting the coal and natural gas price processes

We fit and model the coal and gas price processes using Itô processes. The fit-

ting and model selection method is explained in four steps. First, we define Itô

processes. Second, we discretize these processes. Third, we explain how for a
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Figure 5.6: Comparison of simulated and real electricity prices.

given process, we use maximum likelihood estimates for the process’s parameters.

Fourth, we discuss the Akaike information criterion (AIC) and the Bayesian infor-

mation criterion (BIC) that we use to evaluate the candidate models for each data

set. In appendices 5.A.5 and 5.A.5, we provide information on the data used for

the coal and gas price processes, and we analyze different candidate Itô processes

to find a good fit for both price processes.

Itô processes are stochastic differential equations driven by a Brownian motion; the

infinitesimal increments of the process are determined by transformed infinitesimal

normally distributed increments. They are commonly used to model commodity

prices (Dixit and Pindyck, 1994; Abadie, 2015). For each price process we wish

to have a random variable that takes as input time and outputs a representative

price value. Hence, the Itô processes we consider a 1-dimensional. These have the

following form (Dixit and Pindyck, 1994):

dX(t) = ϱ(X, t | θ)dt + φ(X, t | θ)dz. (5.8)

The process’s value at time t ∈ R is the random variable X(t). We denote the

parameters to be estimated by θ. The function ϱ(X, t | θ) is called the drift term. It

precedes the standard differential dt. The function φ(X, t | θ) is called the diffusion

term. It precedes the Brownian term dz that represents an infinitesimal normal
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jump. For a further discussion on Itô processes, we refer the reader to Dixit and

Pindyck (1994, Chapter 3).

Equation (5.8) describes a continuous process. However, our data is not continuous,

but obtained at most once a day. To reflect the discrete nature of the data points,

we discretize the Itô process. Denote the shortest time interval in the data set by

∆t, i.e., a day. Let t0 be the time of the first data point and tN the time of the last

data point with N such that tN = t0 + N∆t. The process we consider is defined on

T = {t0 + i∆t | 0 ≤ i ≤ N}. We discretize Equation (5.8) by substituting

dt→ ∆t, and

dz→ ∆z = ϵt

√
∆t,

where ϵt is a random variable drawn from a normal distribution with mean 0 and

variance 1 for time t. This gives

∆Xt = ϱ(Xt, t | θ)∆t + φ(Xt, t | θ)ϵt

√
∆t. (5.9)

In sections 5.A.5 and 5.A.5, we vary the functions ϱ(·) and φ(·) to obtain several

candidate models. For each of these discretized Itô processes, we estimate the

parameters θ by using the Euler method for parametric estimation of stochastic

differential equations as described by Iacus et al. (2008, Chapter 3.2). We outline

this method. For a discretized Itô process, estimate the likelihood of each transition

between two subsequent data points. Take the logarithm of the product of all these

likelihoods. This gives the log-likelihood. Maximize the log-likelihood to obtain an

estimation of the process’s parameters.

We now derive an expression for the likelihood of two subsequent observations for

a candidate discretized Itô process. The expression considers that some data points

are not equally spaced for the coal and gas price data. For instance, most markets

are closed during weekends. The prices can fluctuate during these periods due to

supply and demand changes. Hence we include the prices of these moments in our

simulation. Gaps in the data last at most two periods. Denote the periods with data

points, excluding the final data point, by T ′ ⊂ T . Denote the number of periods

between t ∈ T ′ and the next data point by nt.

For t ∈ T ′ and a process with drift ϱ(Xt, t | θ) and diffusion φ(Xt, t | θ), the
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probability density function for an increment of size x over a period nt∆t is

ft(x|µt, σt, θ) =
1

σt

√
2π

e
− (x−µt)

2

2σ2
t ,

where

µt = ϱ(Xt, t | θ)nt∆t, and

σt = φ(Xt, t | θ)
√

nt∆t.

So the likelihood is

L(θ) =
N

∏
t=1

ft(x|µt, σt, θ). (5.10)

It is often easier to maximize a sum than a product. Hence, we take the logarithm

of Equation (5.10) to obtain the log-likelihood

log(L(θ)) =
N

∑
t=1

log( ft(x|µt, σt, θ)) =
N

∑
t=1

log





1

σt

√
2π

e
− (x−µt)

2

2σ2
t





=
N

∑
t=1
− (x− µt)2

2σ2
t

−
N

∑
t=1

log
(

σt

√
2π
)

.

We denote the maximized value of log(L(θ)) by log(L̂max). To maximize log(L(θ))

and estimate the parameters θ we use the Nelder-Mead algorithm. We initialize

the procedure with 0.1 for all parameters with the exception for processes that have

a drift factor ϱ(X, t | θ) = κ(µ − X), where κ is the reversion factor and µ the

reversion value. Here we initialize κ to 0.1 and µ to the average of the data points.

The Nelder-Mead algorithm finds local maxima, and if µ is not initialized to the

average, it might not detect mean reversion.

To select a fitting process among the candidate discretized Itô processes, we use

both empirical arguments and two information criteria. We consider the Akaike

information criterion (AIC) and the Bayesian information criterion (BIC). Both are

common methods to select a model from a range of candidate models (Fabozzi et al.,

2014, Appendix E). For each discretized Itô process, these values are calculated and

the candidate process with the lowest value is preferred by that criterion. Let ζ
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be the number of data points and let ϕ be the number of model parameters. The

formulas for the criteria are

AIC = 2ϕ− 2 log(L̂max),

BIC = log(ζ)ϕ− 2 log(L̂max).

The AIC and BIC are only meaningful when comparing models. Fabozzi et al.

(2014, Appendix E) suggest that models have similar performance, with respect to

either criterion, if their difference is at most 2. One model should be likely rejected

in favor of the other if the difference is 10 or more. For a more detailed discussion

we refer the reader to Fabozzi et al. (2014, Appendix E).

Model selection can also be aided by empirical arguments. An example of this is

that we assume that in a business-as-usual setting, price processes do not drift off

to infinity and eventually revert to a mean. Hence, unless there is clear evidence of

the contrary, we assume price processes are mean reverting.

Coal price analysis

To estimate model parameters for coal prices, we use the closing prices provided

by Trading Economics from 01/01/2015 to 12/31/2019 (Trading Economics, 2023a).

Trading Economics (2023a) states: “Coal prices displayed in Trading Economics

are based on over-the-counter (OTC) and contract for difference (CFD) financial

instruments.” The coal prices on Trading Economics are reference prices for actual

coal prices. These prices can be used for our goal as we do not make assumptions

on a specific method of buying coal, but need reference prices as an indicator for

the current coal price.

To see if there is seasonality in the coal price data, we present a seasonal plot

in Figure 5.7. A seasonal plot overlays multiple data sets over the same period to

visualize seasonality in the data (Hyndman and Athanasopoulos, 2018). If there is

seasonality in the data during the visualized period, the plotted data should rise

and fall together over the seasons. This is not the case for the coal price data we

use. We refer those interested in processes that include seasonality for natural gas

and coal prices to Abadie (2015).

We compare the fit of seven Itô processes, of which four are mean-reverting. The

formulas for these are given in Table 5.8. The non-mean reverting Itô processes we
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Figure 5.7: Seasonal plot for reference coal prices.

consider are the Brownian motion (BM), geometric Brownian motion (GBM), and

modified geometric Brownian motion (mGBM).

The mean reverting Itô processes have a drift term ϱ(X | κ, µ) = κ(µ − X). This

ensures that the process tends to return to µ. Although these processes are called

mean reverting, µ does not need to coincide with the average of the data set’s

values. The diffusion term may have some dependency on the process’s value.

In our case, we consider processes that become more volatile for higher process

values. This leads to price increases being larger than price decreases. Hence, the

average tends to be above µ. The mean reverting processes we consider are the

Ornstein-Uhlenbeck model (OU), Cox, Ingersol and Ross model (CIR), Brennan-

Schwartz model (BS), and a general process (GP). The general process generalizes

the other mean reverting processes by allowing a ι to be estimated that determines

the dependence of the variance of the diffusion term on the process’s value.

Table 5.8 shows the estimated parameters, BIC, and AIC for the considered Itô

processes. The processes have non-zero estimated reversion factors κ for the mean

revering processes, except for the BS process where the reversion factor is zero. For

both mGBM and GP, the estimated parameter for ι is roughly 1.6. This indicates

that as the reference coal prices rise, they become exponentially more volatile. This

dependency of the volatility on the current price is stronger than for the GP and

mGBM processes fitted to the reference coal prices.

The discretized Itô process with the lowest AIC and BIC is mGBM. The process with

the second lowest AIC and BIC is GP. The difference in AIC is 2, and the difference

in BIC is 7. However, we expect the coal price to be mean-reverting as the non-mean
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Table 5.8: Parameter estimation for discretized Itô processes fitted to coal price data.

Name Formula µ̂ κ̂ σ̂ ι̂ BIC AIC

BM µdt + σdW 0.003 0.909 3537 3547
GBM µXdt + σXdW 0.000 0.011 3284 3294

mGBM µXιdt + σXιdW 0.000 0.001 1.596 3242 3257
OU κ(µ− X)dt + σdW 81.896 0.001 0.909 3538 3553
CIR κ(µ− X)dt + σ

√
XdW 82.402 0.001 0.098 3385 3401

BS κ(µ− X)dt + σXdW 0.000 0.000 0.011 3286 3301
GP κ(µ− X)dt + σXιdW 67.252 0.001 0.001 1.608 3244 3264
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Figure 5.8: Visualization of the reference gas prices and three simulated coal prices.

reverting processes tend to go to infinity, which is not observed in practice. Hence,

to simulate coal prices, we use GP. Figure 5.8 shows the reference coal prices and

three simulated coal price instances starting at the same value as the reference coal

price plot.

Natural gas price analysis

To estimate model parameters for natural gas price simulation, we use reference

closing prices obtained from Trading Economics that range from 01/01/2015 to

12/31/2019 Trading Economics (2023b). Similar to the coal price data from Trading

Economics (2023a), this data is based on OTC and CFD financial instruments. The

steps taken to determine a discretized Itô process to represent natural gas prices are

the same as in the previous section. We also consider the same Itô processes.

Figure 5.9 shows a seasonal plot of the considered data range. There is no indication

of seasonality in the natural gas reference prices.
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Figure 5.9: Seasonal plot for reference natural gas prices.

Table 5.9: Parameter estimation for discretized Itô processes fitted to natural gas
price data.

Name Formula µ̂ κ̂ σ̂ ι̂ BIC AIC

BM µdt + σdW 0.000 0.073 −2839 −2829
GBM µXdt + σXdW 0.000 0.024 −3069 −3058

mGBM µXιdt + σXιdW 0.000 0.017 1.349 −3083 −3067
OU κ(µ− X)dt + σdW 2.724 0.012 0.072 −2847 −2831
CIR κ(µ− X)dt + σ

√
XdW 2.716 0.010 0.041 −2993 −2978

BS κ(µ− X)dt + σXdW 2.720 0.008 0.024 −3073 −3057
GP κ(µ− X)dt + σXιdW 2.726 0.008 0.017 1.351 −3087 −3066

The results of the analysis are presented in Table 5.9. The drift terms for the non-

mean reverting processes vanish and for all mean-reverting processes, a non-zero µ

and non-zero mean-reversion factor k are established. The processes with low BIC

and AIC values are again mGBM and GP. Both have roughly ι = 1.35. This indicates

that the diffusion term strongly depends on the process’s value, and higher process

values exponentially increase the process’s variance.

We see that the BIC is lowest for GP and second to lowest for mGBM, with a

difference of 4. The AIC is lowest for mGBM and second to lowest for GP, with

a difference of 1. These are small differences. Hence, we choose the mean-reverting

process GP to model gas prices; again we expect natural gas prices to be mean-

reverting since the other processes tend to drift off to infinity. Figure 5.10 shows

the reference natural gas prices and three simulations of GP with the estimated

parameters. Each of the simulations starts at the first value of the plotted natural

gas prices.
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Figure 5.10: Visualization of the reference gas prices and three simulated natural
gas prices.

5.A.6 Fitting the wind speed process

To simulate wind speeds, we fit these to an autoregressive model that considers

hourly and monthly seasonality. We use the same fitting method as Zhou et al.

(2019) with the difference that we model hourly wind speeds instead of wind speeds

at 5-minute intervals.

We fit the wind speed process to wind speeds recorded at an airport near Amar-

illo, Texas from 1/1/2015 to 12/31/2019. The wind speed data is obtained from

(National Centres for Environmental Information, 2023). The wind speeds are not

always obtained at regular intervals. To obtain hourly wind speeds, we average

the wind speeds recorded during an hour. For every hour in the considered time

horizon there is at least one measurement.

We define the autoregressive wind speed model w(ξt) for operational periods t ∈ T
representing hours. The autoregressive wind speed model

w(ξt) = max(ξt + f (t), 0),

where ξt is an AR(1) process and f (t) a seasonal function. The function is truncated

at 0 since negative wind speeds are impossible. The AR(1) process is defined for

t ∈ T = {1, . . . , T} by

ξt = κξt−1 + σϵt,

with κ, σ ∈ R and ϵt identically and independently distributed standard normal
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Table 5.10: Parameters of the wind speed process.

κ̂ σ̂ ψ̂0 ψ̂1 ψ̂2 ω̂1 ω̂2

0.144 3.145 12.93 0.100 1.626 −14.28 10.35

errors for all t ∈ T . The seasonality function is defined as

f (t) = ψ0 + ψ1 cos





(

⌈

t

24

⌉

+ ω1

)

2π

365



+ ψ2 cos
(

(

t + ω2
) 2π

24

)

,

with ψ0, ψ1ψ2, ω1, ω2 ∈ R. The seasonality function’s first term represent the

average wind speed, the second term is a yearly trend and the third term is a

daily trend.

To estimate the process’s parameters, we first fit the seasonality function. Then, the

data is detrended using the obtained parameters. Subsequently, the AR(1) process

is fitted. The obtained parameters are given in Table 5.10. The process generated by

these parameters is multiplied by 1.51 since the wind turbine is at a greater height

than the measuring instrument used to measure the wind speed (Zhou et al., 2019).

Figure 5.11 shows a side-by-side comparison of the real and simulated wind speed

data.

5.A.7 The carbon price process

We first motivate and introduce the stochastic process we use to simulate REC

prices. Then, we discuss how this REC price penalizes the utility company’s power

plant.

Companies emitting GHGs are increasingly being subject to financial penalties for

their emissions. In Section 5.1, we mentioned both CEAs and RECs as methods for

implementing a penalty for carbon-emitting power plants. The setting we consider

in Section 5.4 is located in a jurisdiction where RECs are implemented, i.e., there is

effectively a carbon price on the amount of produced electricity from non-renewable

sources. For each non-renewable power plant, the utility company operating that

plant must ensure that RECs cover a certain percentage of the total power output.

The main challenge in determining a stochastic process to simulate a carbon price

process for RECs is the limited availability of REC price data. In contrast, the
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Figure 5.11: Comparison of hourly wind speeds at Amarillo, Texas and simulated
wind speeds.

CEA prices in the EU are available from commercial sources. Flora and Vargiolu

(2020) compare the goodness-of-fit of several Lévy processes to the EU CEA prices

from 7/20/2014 until 11/01/2017. They conclude that the variance gamma (VG)

process best fits their considered processes. The VG process is a Wiener process

with drift with the time parameter substituted by a Gamma process (Korn et al.,

2010, Definition 7.3). To simulate REC prices, we modify the parameters of the VG

process to obtain a stochastic process representative of REC prices. As mentioned,

RECs and CEAs differ in how they price operating non-renewable and carbon-

emitting power plants. Our choice to model REC prices with the VG process is

motivated by the similarities between the REC and CEA markets: Both RECs and

CEAs are used to cover a certain aspect of the power plant’s output, are tradable on

liquid markets, and strongly depend on legislation and political targets.

A VG process is a pure jump process with parameters ϑ, σ > 0, and ν > 0. We

use a discretization with equidistant time intervals to simulate the VG process. Let

T = {1, . . . , T} be the periods on which the discretized VG process is defined.

Denote the value of the VG process at period t ∈ T by Xt. The discretized VG

process has differences

∆Xt =
√
Gtσϵt +Gϑ,
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where ϵt is identically and independently normally distributed with mean 0 and

variance 1 for all t ∈ T and G identically and independently gamma distributed

with (inverse) shape parameter ν and a fixed scale parameter 1 for all t ∈ T \{1}.
Let the initial value of the process be given by X1 = S ∈ R. The value of the

simulated VG process is iteratively determined by

Xt = ∆Xt + Xt−1 for t ∈ T .

We control the range of VG process by introducing a reflecting lower bound η and

a reflecting upper bound η. For details concerning the simulation of a VG process,

we refer to Korn et al. (2010, Section 7.3.3).

There is limited data for setting the parameters of the VG process. One of the

few sources of compliance REC prices is by OShaughnessy et al. (2018). Compliance

RECs are used to satisfy a jurisdiction’s targets, in contrast to voluntary RECs. Some

US states also have a specific carve-out for RECs corresponding to a certain type of

energy, either solar or wind. This means that either solar or wind RECs need to

cover part of a utility company’s electricity output. OShaughnessy et al. (2018)

show compliance REC prices (excluding solar RECs). There is no clear pattern

in the overall data from 2012 to 2017, except that the compliance REC prices are

decreasing during that period. The prices range from 0 to 60 $/MWh. Texas REC

prices have been below 1 $/MWh from 2015 until 2020 (OShaughnessy et al., 2021).

We now discuss how the REC prices penalize or reward a power plant. How

much of the electricity a utility company needs to cover with RECs depends on the

jurisdiction in which the power plant is operating. In the USA, states implement

different energy-mix targets through renewable portfolio standards (RPS). An RPS

target specifies how much energy needs to come from renewable sources. This

can be a percentage of the state’s total energy output or an absolute quantity. Texas

has set an absolute hourly electricity generation target of 10,000 MW of renewable

energy, of which 500 MW should be non-wind based by 2025 (National Congres of

State Legislatures, 2021). Their nominal percentage target is 5.61% (International

Energy Agency, 2022). This is the percentage of their hourly electricity generation

they wish to cover with renewables. This means that utility companies need to cover

5.61% of their yearly electricity output with RECs. Hence, if the price for RECs is

30 $/MWh, a non-renewable plant must spend 5.61% · 30 $/MWh = 1.68 $/MWh

of produced electricity on RECs. On the other hand, a renewable power plant earns
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Figure 5.12: The four simulated instances of the VG process used to model REC
prices.

(1− 5.61)% · 30 $/MWh = 28.32 $/MWh of RECs.

To obtain a representable process for the REC prices, we set the parameters of the

VG process to ϑ = 0, σ = 0.25, and ν = 0.00005. This leads to a process without a

clear trend, as we do not know how the REC prices will develop. We control the set

the price by setting bounds as shown in Table 5.4.

Figure 5.12 shows four instances of the VG process with the parameters for the four

cases given by Table 5.4.

5.A.8 Discretizing the strategic decision problem

Section 5.3.4 discusses that the strategic decision problem has continuous state vari-

ables. We discretize these continuous state variables to transform the continuous

strategic decision problem into a discrete MDP. These can be solved using of-the-

shelf software. The discretization procedure partitions the space of continuous state

variables and views each part of the partition as a state. We will refer to each part

of the partition as a bin. By discretizing the states and determining the transition

and rewards corresponding to these states, we obtain a Markov reward process.

Appendix 5.A.8 introduces the structure of the discretized state process. Appendix

5.A.8 discusses how the discretized state structure is established. Appendix 5.A.8

discusses how the transition probabilities and rewards are estimated. Appendix

5.A.8 discusses the parameters that result from applying the discretization proce-

dure to the stochastic processes we consider.
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Discretized Markov reward process

We describe the discrete Markov reward process that results from the discretiza-

tion procedure. The strategic decision problem’s states are described by tuples

(Pθ,m,a, ω, υ). The variables Pθ,m,a and ω are discrete. However, the variable υ

is a realization of a tuple of continuous stochastic processes. We discretize this

variable by discretizing each of the individual stochastic processes it contains. Let

the random variable giving the stochastic processes during the nth strategic period

be Υn,0 = (En,0, F1
n,0, . . . , FI

n,0, Hn,0, Gn,0, W1
n,0, . . . , W J

n,0) = (U1
n, . . . , UK

n ) with n =

1, . . . , N, where we have introduced Uk
n with k ∈ K = {1, . . . , K} to denote the

stochastic processes and reduce notational burden. We will drop the subscript n for

the remainder of this discussion.

For the process Uk, denote the bins’ bounds by bi(Uk) with i = 1, . . . , Ik. The bins

partition the space that Uk takes values in as follows: All values below b1(Uk) are

the lowest bin. The values between bi(Uk) and bi+1(Uk) for i = 1, . . . , Ik − 1 each

form a bin. Lastly, all values above bIk (Uk) form a bin. If a value is exactly at

bi(Uk) for a i ∈ {1, . . . , Ik}, we assume this value to be in the bin between bi(Uk)

and bi+1(Uk). We refer to each bin with the index i of its lower bound, and we refer

to the lowest bin without lower bound as the 0th bin.

For each process k ∈ K and bin i ∈ {0, . . . , Ik}, we have a starting value si(Uk)

corresponding to that bin. A bin’s starting value is used as the initial value when

simulating the stochastic processes over a strategic period. The simulations allow

for the operational profit to be determined. In Appendix 5.A.8, we explain in more

detail how we obtain rewards for the discretized process.

For the discretized process we define the transition probabilities and the rewards

obtained when transitioning from one state to the next as follows. Denote the tran-

sition probability of transitioning from bins υ̃ = (i1, . . . , iK) to bins υ̃′ = (i′1, . . . , i′K)
be T(i′1, . . . , i′K | i1, . . . , iK) = T(υ̃′ | υ̃). Denote the reward of operating power plant

Pθ,m,a in world state ω is R(Pθ,m,a, ω, υ̃′ | υ̃) with starting state υ̃ and end state υ̃′.

In this section, we consider rewards based on the start and end state for ease of

discussion. In the model formulation in Section 5.3, we use the expected reward.

These formulations are equivalent, and optimization for both cases leads to the

same solution (Puterman, 2005, Section 2.1.3).
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Establishing bins

We describe how to determine the bounds bi+1(Uk) and starting values si(Uk) for

the stochastic processes Uk with k ∈ K. First, for each process, determine what

fraction of values should go in each bin by choosing Dk,1, Dk,2, . . . , Dk,IK+1, such

that ∑
IK+1
i=1 Dk,i = 1. The bounds bi(Uk) with i = 1, . . . , Ik are set to the ∑

i
i=1 Dk,ith

percentile of a simulation run. The starting value si(Uk) for each bin is set to the

average of all values that fall within that bin as determined by the bounds. We

consider a single run of 50 · 365 periods since this is the horizon of the strategic

decision problem we solve. The simulations are initialized with the average value

of the considered data or a fixed initial parameter. The reason for having a single

long run as opposed to multiple short ones is that we want to find a Markov reward

process that captures the longer-term behavior of the considered processes.

Establishing transitions and rewards

After determining the bin bounds bi(Uk) and starting values si(Uk) for all processes

j = 1, . . . , K and i = 1, . . . , Ik, the transitions probabilities T(υ̃′ | υ̃) from bins

υ̃ = (i1, . . . , iK) to bins υ̃ = (i′1, . . . , i′K) are determined. For every starting state υ̃ =

(i1, . . . , iK), run the simulation 1,000 times for the number of operational periods in

a strategic period (365 in our case). By counting and normalizing the number of

transitions between bins an empirical transition matrix is determined.

Rewards are determined in parallel to the transition probabilities. For each sim-

ulation over a strategic period, each operational period’s reward is determined.

Equation (5.2) and Equation (5.3) give the reward during an operational period for

dispatchable power plants. Equation (5.5) gives the reward over an operational

period for non-dispatchable power plants. The sum of all operational rewards over

a strategic period, gives that strategic period’s reward.

To lower variance and ensure the power plants under consideration are compared

fairly, we calculate the expected rewards for all technologies of all ages as the

average over the same stochastic process samples, i.e., we use common random

numbers.

Resulting Markov processes

We consider electricity, natural gas, coal, and carbon price processes as described

in Section 5.4. The other stochastic process our model includes is a wind speed
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Table 5.11: The partition (D) and obtained bin bound bounds (b) and starting values
(s) for the wind speed process, and the electricity, natural gas, coal, and carbon price
processes.

Electricity Natural gas Coal

i D (%) s ($) D (%) b ($) s ($) D (%) b ($) s ($)

1 1 23.50 0.333 2.20 0.333
2 0.334 2.44 2.65 0.334 61.62 66.13
3 0.333 2.86 3.30 0.333 75.23 91.22

Wind speed Carbon

i D (%) s ($) D (%) s ($)

1 1 12.97 1 0.50

process used to estimate a wind farm’s profit.

The chosen processes for electricity price and wind speed have a relatively strong

mean-reversion factor. We do not expect these processes to have strong year-to-year

variations, so we model each with a single bin. Similarly, we use a single bin for

the carbon price process since we have relatively tight reflecting bounds around

the process. The coal and natural gas price processes have a slower reversion to

mean. We partition the state space of these processes in three bins. We assume

the considered processes are uncorrelated. Table 5.11 shows the partitions for each

process together with the obtained values.

Equation (5.11) shows the transition matrices we obtain via the procedure explained

in Section 5.A.8. The matrix MNG gives the transition matrix for the discretized

natural gas price process, and the matrix MC gives the transition matrix for the

discretized coal price process.

For the different electricity and carbon price scenarios, the bin and matrix values

may differ slightly since, for each case, the binning procedure is repeated.

MNG =









0.352 0.341 0.307

0.352 0.332 0.317

0.321 0.350 0.328









, MC =









0.733 0.232 0.035

0.338 0.439 0.224

0.043 0.252 0.705









(5.11)





Chapter 6

Conclusions

We first revisit the research topics introduced in Section 1.3. After this, we provide

an outlook for further research on the two technological trends introduced in the

first chapter: the increasing use of technologies, such as sensors, to monitor capital assets’

conditions and the increasing adoption of sustainable technologies by companies and other

organizations.

6.1. Research topics revisited

We have studied maintenance optimization with incomplete information for capital

goods and the technology selection problem as faced by power producers. In

Chapters 2, 3, and 4, we have shown how environment-dependent incomplete

information and incomplete condition information for multiple components can be

used to optimize inspections, maintenance, and replacement optimization. These

three chapters show that correctly understanding the type of incomplete informa-

tion available and using this for optimization can lead to large cost savings for asset

owners. However, we have also seen that optimizing inspections, maintenance,

and replacements with incomplete information is computationally challenging. We

have shown in Chapter 5 that an asset owner’s choice of technology is strongly

dependent on legislation. We now revisit the four research topics.

Research topic 1: Inspection and maintenance optimization with environment-

dependent incomplete information.

We addressed this research topic in Chapter 2. It is inspired by the problem of

HVAC maintenance and inspection optimization at Dutch Railways. We consider
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maintenance optimization for a single HVAC, for which maintenance and inspec-

tions can be performed weekly. The HVAC’s degradation process is modeled

as a Markov chain (MC), where the MC’s state reflects the HVAC’s amount of

degradation. For HVAC maintenance and inspection optimization, the quality of

degradation state information depends on the environment. We include the envi-

ronment’s effect in the model as a Markov chain (MC). The state of the environment

MC determines the quality of the degradation state observations. We combine the

degradation process, environment process, and actions with associated costs in a

POMDP model to study the effect of decisions on the long-term expected cost.

For this model, we show that an environment-dependent at-most-4-region policy is

optimal under technical assumptions on the degradation and observation matrices.

In the numerical experiments, we consider a myopic policy that only considers the

next environment state and an aggregate policy that ignores the environment. Both

policies perform close to optimal in some scenarios. However, only the optimal

policy performs well in all considered scenarios. We also show that, for the scenario

described in our numerical experiments, the value of information concerning HVAC

condition information is high during and just before the period of high demand.

Research topic 2: Maintenance optimization for a multi-component system with a

sensor signaling component defects.

We addressed this research topic in Chapter 3. It arose from a maintenance problem

observed at Canon Production Printing; a temperature sensor can signal potential

defects of several printer components. The printer’s sensor combines the condition

information of several components into one signal. This differs from the setting

of research question 1, where the sensor’s signal depends on one component but

is environment-dependent. We formulate the problem observed at Canon Produc-

tion Printing as a multi-component maintenance optimization problem, where the

decision-maker can perform either no intervention or a maintenance intervention

in every period. We are the first to use the maintenance intervention action that

combines both an inspection and maintenance for a multi-component system with

sensor information that provides incomplete information. It represents traveling to

the system’s location, obtaining full condition information, and performing main-

tenance for components. The selection of which components to maintain is also

optimized.

We show that under technical conditions, the optimal policy satisfies an at-most-3-
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region policy. In two illustrative examples, we show how to visualize the optimal

policy for two settings. Visualizing policies can give insight into the optimal policy

structure and make the policies more understandable to practitioners. We also show

in the numerical analysis that the solution method we use can be sped up by using

that the maintenance intervention action provides full information.

Research topic 3: Inspection, maintenance, and replacement optimization with

incomplete information for sewer pipes.

We addressed this research topic in Chapter 4. This research topic was raised

by Rolsch Assetmanagement, which provides software for sewer pipe inspection,

maintenance, and replacement optimization. We focus on a single-sewer pipe and

consider how to schedule the interventions optimally. We include opportunistic re-

placement interventions where replacements can be performed at a lower cost. Our

case study is based on real-world data from Breda and parameters established with

Rolsch Assetmanagement. Through this, our research contributes to the limited

literature that considers case studies based on real-world data.

In our case study, we obtained managerial insights. We see that there are situations

in which condition-based inspection planning is beneficial. In the scenarios we

study, condition-based replacements are always beneficial. Currently implemented

policies often have periodic inspection and replacement policies. Especially, replace-

ment should be condition based. For more expensive pipes, it is also important

to inspect more frequently. We also see that opportunistic replacements become

more useful if the cost of replacement rises and that maintenance is preferred over

replacements when possible. In the considered scenarios, we see that the optimal

policy outperforms practice-inspired policies by 34% in low failure cost scenarios

and 251% in high failure cost scenarios. This highlights this research’s potential

for large cost savings in sewer pipe management and, hence, economic benefits for

municipalities and taxpayers.

Research topic 4: The relation between technology selection and government regu-

lation.

We addressed this research topic in Chapter 5. It studies the problem of technology

selection faced by power producers that operate in a region with a renewable

portfolio standard (RPS). To study this research topic, we formulate a single-asset

model that considers operational power plant characteristics when making strategic

power plant decisions, such as renewing, retrofitting, or switching technologies.
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This model can aid both power producers and policymakers in navigating the effect

of REC pricing. In a case study, we compare four technologies: coal-fired power

plants, nuclear power plants, combined cycle gas turbines (CCGT), and wind farms.

We allow the first three power plants to be retrofitted to each other by utilizing

existing assets and view wind farms as an abandonment option.

In the case study, we vary REC prices. The technologies that switch to each other

depend on the height of the REC price. A low or medium REC price can trigger a

switch to wind energy. However, a CCGT is more cost-competitive than coal and

nuclear technologies and hence requires a larger REC price to trigger a switch to

renewable energy. We observe that delaying an increase in REC price may lead to

coal-fired power plants retrofitting to CCGT. However, this leads to a need for a

higher REC price to switch these plants to renewable energy compared to when

this transition was not delayed. This shows technology trapping can occur and how

legislation can affect it. We translate our results from the case study to managerial

insights that advise on how policymakers can influence technology paths through

REC pricing.

6.2. Outlook for further research

We now provide an outlook for further research. We first consider further research

on maintenance optimization with incomplete information. This relates to the trend

(see Section 1.2) of an increasing increasing use of technologies, such as sensors, to

monitor capital assets’ conditions. Then, we consider further research concerning

technology selection. This relates to the trend of an increasing adoption of sustainable

technologies by companies and other organizations.

Chapters 2, 3, and 4 concern maintenance optimization with incomplete informa-

tion. In these chapters, we formulate decision-making problems as POMDPs. As

we have seen, these are hard to solve even with small problem sizes. Further-

more, for the problems we study, the number of states increases rapidly with the

problem’s complexity. This increase in states makes solving even small POMDPs

with an added environment, multiple components, or multiple failure modes time-

consuming. In Chapter 3, we have shown that for actions that provide complete

information on the degradation state, incremental pruning algorithms can be sped

up by directly calculating the vector representing the value function for that action.

Reinforcement learning can help to solve large problem instances, as it has been
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successfully applied to generate approximate solutions to large POMDPs (Papakon-

stantinou and Shinozuka, 2014; Carr et al., 2019).

The computational burden associated with maintenance optimization with incom-

plete information makes it difficult to apply in practice. To overcome this challenge,

we believe further research should focus on obtaining insights into the features

of optimal policies. These features can be used to develop heuristics that can be

applied to larger problem instances. We have seen in Chapter 4 that the inspection

intervals currently used for sewer pipes are long compared to that of a close-to-

optimal policy. Shortening inspection intervals for the heuristic policies used in

practice may lead to large cost savings due to highly degraded sewer pipes being

identified earlier.

From discussion with Dutch Railways, a direction of further research arose that

extends the HVAC maintenance optimization problem introduced in Chapter 2.

Our model suggests that HVAC maintenance should be performed just before and

during periods of peak demand. However, this ignores the fact that there is a limited

maintenance capacity for HVACs. The key challenge in studying this problem

is that much larger problem instances must be solved. Potentially, approximate

POMDP solution methods may give insights into heuristics in this setting.

For Chapter 3, we see further research opportunities in studying the optimal struc-

ture of the replacement decisions. We have looked at more than the two examples

we show in Section 3.6 and have not observed a particular structure of the optimal

policy for replacement decisions. However, maybe appropriate assumptions will

allow policy structures to be uncovered. We believe that an assumption that orders

the components from most to least important may be helpful.

In Chapter 4, real-world data and expert knowledge serve as both inspiration and

validation for a decision-making model. We rely on expert knowledge for the

model formulation, while the model fitting is partially based on real-world data. In

Chapter 5, we also relied on real-world data and the knowledge of domain experts

to make informed modeling decisions. In particular, we rely on real-world data

and empirical assumptions to see which stochastic processes fit best to describe the

coal and natural gas price processes. For further research, we stress the impor-

tance of real-world data and expert knowledge both for model validation, model

improvement, and the accurate determination of parameters.

We now turn to further research concerning investment timing and technology
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selection.

Our literature review in Chapter 5 has shown that the extant literature on invest-

ment timing for power plants focuses on a single switch between technologies.

However, our research has shown that technology paths over time can occur when

existing grid connections are combined with retrofitting. Further research can use

our model to study what other conditions lead to technology paths that hinder

the energy transition. If risks, such as technology trapping, are not identified in

time, carbon-emitting technologies may not be phased out, leading to higher global

temperatures.

We have provided directions for future research concerning maintenance optimiza-

tion with incomplete information and technology selection. We hope our research

aids practitioners in understanding technological progress and how to apply new

technologies smartly. We also hope this thesis, and in particular, our outlook for fu-

ture research inspires researchers to further research on maintenance optimization

with incomplete information and technology selection.
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İ. Kıvanç, C. Fecarotti, N. Raassens, and G. J. van Houtum. A scalable multi-

objective maintenance optimization model for systems with multiple heteroge-

neous components and a finite lifespan. European Journal of Operational Research,

2023. doi: https://doi.org/10.1016/j.ejor.2023.12.005.

K. Linnerud, A. M. Andersson, and S.-E. Fleten. Investment timing under uncertain

renewable energy policy: An empirical study of small hydropower projects.

Energy, 78:154–164, 2014. doi: https://doi.org/10.1016/j.energy.2014.09.081.

C. Loch, M. Pich, C. Terwiesch, and M. Urbschat. Selecting r&d projects at bmw:

a case study of adopting mathematical programming models. IEEE Transactions

on Engineering Management, 48(1):70–80, 2001. doi: https://doi.org/10.1109/17.

913167.

L. M. Maillart and L. Zheltova. Structured maintenance policies on interior sample

paths. Naval Research Logistics (NRL), 54(6):645–655, 2007. doi: https://doi.org/

10.1002/nav.20236.

J. Manyika, M. Chui, P. Bisson, J. Woetzel, R. Dobbs, J. Bughin, and D. Aharon. The

Internet of Things: Mapping the Value Beyond the Hype. McKinsey Global Institute,

2015.

V. Masson-Delmotte, P. Zhai, A. Pirani, S. L. Connors, C. Péan, S. Berger, N. Caud,

Y. Chen, L. Goldfarb, M. Gomis, et al. Climate change 2021: the physical

science basis. Contribution of working group I to the sixth assessment report of the

intergovernmental panel on climate change, 2, 2021.

E. Miehling and D. Teneketzis. Monotonicity properties for two-action partially

observable Markov decision processes on partially ordered spaces. European

Journal of Operational Research, 282(3):936–944, 2020. doi: https://doi.org/10.

1016/j.ejor.2019.10.003.

K. J. Min, C. Lou, and C.-H. Wang. An exit and entry study of renewable power



Bibliography 223

producers: A real options approach. The Engineering Economist, 57(1):55–75, 2012.

doi: https://doi.org/10.1080/0013791X.2011.651566.

J. Moore and J. Apt. Can hybrid solar-fossil power plants mitigate CO2 at lower

cost than PV or CSP? Environmental Science & Technology, 47(6):2487 – 2493, 2013.

doi: https://doi.org/10.1021/es3021099.

S. Nadarajah and N. Secomandi. A review of the operations literature on real

options in energy. European Journal of Operational Research, 309(2):469–487, 2023.

doi: https://doi.org/10.1016/j.ejor.2022.09.014.

National Centres for Environmental Information. National centres for environmen-

tal information. https://www.ncei.noaa.gov/, 2023. Accessed: 2023-12-18.

National Congres of State Legislatures. State renewable portfolio

standards and goals, 2021. URL https://www.ncsl.org/energy/

state-renewable-portfolio-standards-and-goals.

National University of Singapore. Approximate POMDP Planning (APPL) Toolkit.

https://github.com/personalrobotics/appl, 2014. Accessed: 2023-11-01.

NS Groep NV. NS annual report 2020. https://www.nsjaarverslag.nl/

FbContent.ashx/pub_1000/downloads/v210415102237/NS_annualreport_

2020.pdf, 7 2021.

M. Ohnishi, H. Kawai, and H. Mine. An optimal inspection and replacement policy

under incomplete state information. European Journal of Operational Research, 27

(1):117 – 128, 1986. doi: https://doi.org/10.1016/S0377-2217(86)80014-5.

M. C. Olde Keizer, R. H. Teunter, and J. Veldman. Clustering condition-based

maintenance for systems with redundancy and economic dependencies. European

Journal of Operational Research, 251(2):531–540, 2016. doi: https://doi.org/10.

1016/j.ejor.2015.11.008.

M. C. Olde Keizer, S. D. P. Flapper, and R. H. Teunter. Condition-based maintenance

policies for systems with multiple dependent components: A review. European

Journal of Operational Research, 261(2):405–420, 2017a. doi: https://doi.org/10.

1016/j.ejor.2017.02.044.

M. C. Olde Keizer, R. H. Teunter, and J. Veldman. Joint condition-based

maintenance and inventory optimization for systems with multiple components.

https://www.ncei.noaa.gov/
https://www.ncsl.org/energy/state-renewable-portfolio-standards-and-goals
https://www.ncsl.org/energy/state-renewable-portfolio-standards-and-goals
https://github.com/personalrobotics/appl
https://www.nsjaarverslag.nl/FbContent.ashx/pub_1000/downloads/v210415102237/NS_annualreport_2020.pdf
https://www.nsjaarverslag.nl/FbContent.ashx/pub_1000/downloads/v210415102237/NS_annualreport_2020.pdf
https://www.nsjaarverslag.nl/FbContent.ashx/pub_1000/downloads/v210415102237/NS_annualreport_2020.pdf


224 Bibliography

European Journal of Operational Research, 257(1):209–222, 2017b. doi: https://doi.

org/10.1016/j.ejor.2016.07.047.

M. C. A. Olde Keizer, S. D. P. Flapper, and R. H. Teunter. Condition-based

maintenance policies for systems with multiple dependent components: A

review. European Journal of Operational Research, 261(2):405–420, 2017. doi:

https://doi.org/10.1016/j.ejor.2017.02.044.

K. B. Öner, R. Franssen, G. G. Kiesmüller, and G. J. Van Houtum. Life cycle

costs measurement of complex systems manufactured by an engineer-to-order

company. In R. G. Qui, D. W. Russel, W. G. Sullivan, and M. Ahmad, editors, The

17th Internat. Conf. Flexible Automation and Intelligent Manufacturing (FAIM), pages

569–589, Philadelphia, 2007.

K. B. Öner, A. Scheller-Wolf, and G. J. Van Houtum. Redundancy optimization for

critical components in high-availability technical systems. Operations Research, 61

(1):244–264, 2013. doi: https://doi.org/10.1287/opre.1120.1133.

Ons Water. Hoe werkt het riool? https://www.onswater.nl/onderwerpen/

hoe-werkt-het-riool, 2023. Accessed: 2023-09-01.

V. Oree, S. Z. Sayed Hassen, and P. J. Fleming. Generation expansion planning

optimisation with renewable energy integration: A review. Renewable and

Sustainable Energy Reviews, 69:790–803, 2017. doi: https://doi.org/10.1016/j.rser.

2016.11.120.

E. J. OShaughnessy, J. S. Heeter, and J. Sauer. Status and trends in the us voluntary

green power market (2017 data). Technical report, National Renewable Energy

Lab.(NREL), Golden, CO (United States), 2018.

E. J. OShaughnessy, J. S. Heeter, and J. Sauer. Status and trends in the us voluntary

green power market (2020 data). Technical report, National Renewable Energy

Lab.(NREL), Golden, CO (United States), 2021.

S. Özekici. Optimal maintenance policies in random environments. European

Journal of Operational Research, 82(2):283–294, 1995. doi: https://doi.org/10.1016/

0377-2217(94)00264-D. OR Models for Maintenance Management and Quality

Control.

K. G. Papakonstantinou and M. Shinozuka. Planning structural inspection and

maintenance policies via dynamic programming and Markov processes. Part II:

https://www.onswater.nl/onderwerpen/hoe-werkt-het-riool
https://www.onswater.nl/onderwerpen/hoe-werkt-het-riool


Bibliography 225

POMDP implementation. Reliability Engineering & System Safety, 130:214 – 224,

2014. doi: https://doi.org/10.1016/j.ress.2014.04.006.

G. G. Parker, B. Tan, and O. Kazan. Electric power industry: Operational and public

policy challenges and opportunities. Production and Operations Management, 28

(11):2738–2777, 2019. doi: https://doi.org/10.1111/poms.13068.

PJM Day-Ahead and Real-Time Market Operations. PJM Manual 11: Energy &

Ancillary Services Market Operations. PJM, 2023.

J. Poppe, R. N. Boute, and M. R. Lambrecht. A hybrid condition-based maintenance

policy for continuously monitored components with two degradation thresholds.

European Journal of Operational Research, 268(2):515–532, 2018. doi: https://doi.

org/10.1016/j.ejor.2018.01.039.

Potomac Economics. 2015 state of the market report for the ERCOT wholesale

electricity markets, 2016.

Potomac Economics. 2016 state of the market report for the ERCOT electricity

markets, 2017.

Potomac Economics. 2017 state of the market report for the ERCOT electricity

markets, 2018.

Potomac Economics. 2018 state of the market report for the ERCOT electricity

markets, 2019.

Potomac Economics. 2019 state of the market report for the ERCOT electricity

markets, 2020.

Potomac Economics. 2020 state of the market report for the ERCOT electricity

markets, 2021.

Potomac Economics. 2022 state of the market report for the ERCOT electricity

markets, 2023.

M. L. Puterman. Markov Decision Processes: Discrete Stochastic Dynamic Program-

ming. John Wiley & Sons, Hoboken, NJ, 2005. doi: https://doi.org/10.1002/

9780470316887.

S. Qvist, P. Gładysz, Ł. Bartela, and A. Sowiżdżał. Retrofit decarbonization of coal

power plants—a case study for poland. Energies, 14(1), 2021. doi: https://doi.



226 Bibliography

org/10.3390/en14010120.

J. Rand, R. H. Wiser, W. Gorman, D. Millstein, J. Seel, S. Jeong, and D. Robson.

Queued up: Characteristics of power plants seeking transmission interconnection

as of the end of 2021. Technical report, Lawrence Berkeley National Lab.(LBNL),

Berkeley, CA (United States), 2022.

S. I. Resnick. Adventures in Stochastic Processes. Birkhäuser, Boston, MA, 2002.

R. T. Rockafellar. Convex Analysis. Princeton University Press, second edition, 1972.

ISBN 9780691015866.

D. Rosenfield. Markovian deterioration with uncertain information. Operations

Research, 24(1):141–155, 1976. doi: https://doi.org/10.1287/opre.24.1.141.

H. Sadeghi, M. Rashidinejad, and A. Abdollahi. A comprehensive sequential review

study through the generation expansion planning. Renewable and Sustainable

Energy Reviews, 67:1369–1394, 2017. doi: https://doi.org/10.1016/j.rser.2016.09.

046.

B. Sandıkçı, L. M. Maillart, A. J. Schaefer, and M. S. Roberts. Alleviating the Patient’s

Price of Privacy Through a Partially Observable Waiting List. Management Science,

59(8):1836–1854, 2013. doi: https://doi.org/10.1287/mnsc.1120.1671.

H. Saranga and U. D. Kumar. Optimization of aircraft maintenance/support infras-

tructure using genetic algorithms – level of repair analysis. Annals of Operations

Research, 143(1):91–106, 2006. doi: https://doi.org/10.1007/s10479-006-7374-1.

J. Seel, D. Millstein, A. Mills, M. Bolinger, and R. Wiser. Plentiful electricity turns

wholesale prices negative. Advances in Applied Energy, 4:100073, 2021. doi: https:

//doi.org/10.1016/j.adapen.2021.100073.

M. Shafiee and M. Finkelstein. A proactive group maintenance policy for contin-

uously monitored deteriorating systems: Application to offshore wind turbines.

Proceedings of the Institution of Mechanical Engineers, Part O: Journal of Risk and

Reliability, 229(5):373–384, 2015. doi: https://doi.org/10.1177/1748006X15598915.

M. Shafiee, M. Finkelstein, and C. Bérenguer. An opportunistic condition-based

maintenance policy for offshore wind turbine blades subjected to degradation

and environmental shocks. Reliability Engineering & System Safety, 142:463–471,

2015a. doi: https://doi.org/10.1016/j.ress.2015.05.001.



Bibliography 227

M. Shafiee, M. Finkelstein, and C. Bérenguer. An opportunistic condition-based

maintenance policy for offshore wind turbine blades subjected to degradation

and environmental shocks. Reliability Engineering & System Safety, 142:463–471,

2015b. doi: https://doi.org/10.1016/j.ress.2015.05.001.

M. Shahnazari, A. McHugh, B. Maybee, and J. Whale. Evaluation of power

investment decisions under uncertain carbon policy: A case study for converting

coal fired steam turbine to combined cycle gas turbine plants in australia. Applied

Energy, 118:271–279, 2014. doi: https://doi.org/10.1016/j.apenergy.2013.12.050.

M. Shaked and J. Shanthikumar. Stochastic Orders. Springer, New York, NY, 2007.

doi: https://doi.org/10.1007/978-0-387-34675-5.

A. Siddiqui and S.-E. Fleten. How to proceed with competing alternative energy

technologies: A real options analysis. Energy Economics, 32(4):817–830, 2010. doi:

https://doi.org/10.1016/j.eneco.2009.12.007.

R. D. Smallwood and E. J. Sondik. The optimal control of partially observable

Markov processes over a finite horizon. Operations Research, 21(5):1071–1088, 1973.

doi: https://doi.org/10.1287/opre.21.5.1071.

J.-S. Song, G.-J. van Houtum, and J. A. van Mieghem. Capacity and inventory

management: Review, trends, and projections. Manufacturing & Service Operations

Management, 22(1):36–46, 2020. doi: https://doi.org/10.1287/msom.2019.0798.

I. Staffell and R. Green. How does wind farm performance decline with age?

Renewable Energy, 66:775–786, 2014. doi: https://doi.org/10.1016/j.renene.2013.

10.041.

Sustainable Nuclear Energy Technology Platform. Nuclear

Energy Factsheets: Load following capabilities of Nuclear

Power Plants. https://snetp.eu/wp-content/uploads/2020/05/

SNETP-Factsheet-7-Load-following-capabilities-of-nuclear-power-plants.

pdf, 2024. Accessed: 2024-03-13.

J. Szolgayova, S. Fuss, and M. Obersteiner. Assessing the effects of co2 price caps on

electricity investments—a real options analysis. Energy Policy, 36(10):3974–3981,

2008. doi: https://doi.org/10.1016/j.enpol.2008.07.006.

TenneT. Monitoring leveringszekerheid 2019, 2019.

https://snetp.eu/wp-content/uploads/2020/05/SNETP-Factsheet-7-Load-following-capabilities-of-nuclear-power-plants.pdf
https://snetp.eu/wp-content/uploads/2020/05/SNETP-Factsheet-7-Load-following-capabilities-of-nuclear-power-plants.pdf
https://snetp.eu/wp-content/uploads/2020/05/SNETP-Factsheet-7-Load-following-capabilities-of-nuclear-power-plants.pdf


228 Bibliography

the White House. National climate task force. https://www.whitehouse.gov/

climate/, 2023. Accessed: 2023-06-06.

M. Thompson, M. Davison, and H. Rasmussen. Valuation and optimal operation of

electric power plants in competitive markets. Operations Research, 52(4):546–562,

2004. doi: https://doi.org/10.1287/opre.1040.0117.

Trading Economics. Natural gas, 2023a. URL https://tradingeconomics.com/

commodity/coal.

Trading Economics. Natural gas, 2023b. URL https://tradingeconomics.com/

commodity/natural-gas.

Trading Economics. Uranium, 2023c. URL https://tradingeconomics.com/

commodity/uranium.

Trinomics. Final report cost of energy (lcoe), 2020.

M. A. Uit het Broek, R. H. Teunter, B. De Jonge, and J. Veldman. Joint condition-

based maintenance and load-sharing optimization for two-unit systems with

economic dependency. European Journal of Operational Research, 295(3):1119–1131,

2021. doi: https://doi.org/10.1016/j.ejor.2021.03.044.

M. Y. Ulukus, J. P. Kharoufeh, and L. M. Maillart. Optimal replacement

policies under environment-driven degradation. Probability in the Engineering

and Informational Sciences, 26(3):405–424, 2012. doi: https://doi.org/10.1017/

S0269964812000083.

United States Environmental Protection Agency. State renewable en-

ergy resources, 2024. URL https://www.epa.gov/statelocalenergy/

state-renewable-energy-resources.

U.S. Energy Information Administration. Electric power monthly. https://www.

eia.gov/electricity/monthly/epm_table_grapher.php?t=epmt_6_07_b, 2023.

Accessed: 2023-08-03.

U.S. Energy Information Administration. Table 8.1. average operating heat rate

for selected energy sources. https://www.eia.gov/electricity/annual/html/

epa_08_01.html, 2024. Accessed: 2024-03-13.

G. J. van Houtum and B. Kranenburg. Spare Parts Inventory Control under System

Availability Constraints, volume 227 of International Series in Operations Research &

https://www.whitehouse.gov/climate/
https://www.whitehouse.gov/climate/
https://tradingeconomics.com/commodity/coal
https://tradingeconomics.com/commodity/coal
https://tradingeconomics.com/commodity/natural-gas
https://tradingeconomics.com/commodity/natural-gas
https://tradingeconomics.com/commodity/uranium
https://tradingeconomics.com/commodity/uranium
https://www.epa.gov/statelocalenergy/state-renewable-energy-resources
https://www.epa.gov/statelocalenergy/state-renewable-energy-resources
https://www.eia.gov/electricity/monthly/epm_table_grapher.php?t=epmt_6_07_b
https://www.eia.gov/electricity/monthly/epm_table_grapher.php?t=epmt_6_07_b
https://www.eia.gov/electricity/annual/html/epa_08_01.html
https://www.eia.gov/electricity/annual/html/epa_08_01.html


Bibliography 229

Management Science. Springer, New York, NY, USA, 2015. doi: https://doi.org/

10.1007/978-1-4899-7609-3.

M. van Nuland. Sewer science. https://www.nwo.nl/en/cases/sewer-science,

2023. Accessed: 2023-09-01.

C. van Oosterom, L. M. Maillart, and J. P. Kharoufeh. Optimal maintenance policies

for a safety-critical system and its deteriorating sensor. Naval Research Logistics

(NRL), 64(5):399–417, 2017. doi: https://doi.org/10.1002/nav.21763.

H. E. van Staden and R. N. Boute. The effect of multi-sensor data on condition-

based maintenance policies. European Journal of Operational Research, 290(2):585–

600, 2021. doi: https://doi.org/10.1016/j.ejor.2020.08.035.

P. J. Vlok, J. L. Coetzee, D. Banjevic, A. K. S. Jardine, and V. Makis. Optimal com-

ponent replacement decisions using vibration monitoring and the proportional-

hazards model. Journal of the Operational Research Society, 53(2):193–202, 2002. doi:

https://doi.org/10.1057/palgrave.jors.2601261.

E. Walraven. SolvePOMDP. https://www.erwinwalraven.nl/solvepomdp/, 2021.

E. Walraven and M. Spaan. Accelerated vector pruning for optimal POMDP solvers.

Proceedings of the AAAI Conference on Artificial Intelligence, 31(1):3672–3678, 2017.

doi: https://doi.org/10.1609/aaai.v31i1.11032.

E. Wari, W. Zhu, and G. Lim. A discrete partially observable markov decision

process model for the maintenance optimization of oil and gas pipelines.

Algorithms, 16(1), 2023. doi: https://doi.org/10.3390/a16010054.

C. White. A Markov quality control process subject to partial observation. Manage-

ment Science, 23(8):843–852, 1977. doi: https://doi.org/10.1287/mnsc.23.8.843.

C. C. White. Optimal inspection and repair of a production process subject to

deterioration. Journal of the Operational Research Society, 29(3):235–243, 1978. doi:

https://doi.org/10.2307/3009450.

C. C. White. A survey of solution techniques for the partially observed markov

decision process. Annals of Operations Research, 32(1):215–230, 1991. doi: https:

//doi.org/10.1007/BF02204836.

W. Whitt. Multivariate monotone likelihood ratio and uniform conditional

stochastic order. Journal of Applied Probability, 19(3):695–701, 1982. doi: https:

https://www.nwo.nl/en/cases/sewer-science


230 Bibliography

//doi.org/10.2307/3213530.

N. L. Zhang and W. Liu. Stochastic domains: Problem characteristics and

approximations (version II). Technical report, Hong Kong University of Science

and Technology, 1996. URL http://hdl.handle.net/1783.1/85.

Y. H. Zhou, A. Scheller-Wolf, N. Secomandi, and S. Smith. Managing wind-

based electricity generation in the presence of storage and transmission capacity.

Production and Operations Management, 28(4):970–989, 2019. doi: https://doi.org/

10.1111/poms.12946.

Q. Zhu, H. Peng, and G.-J. Van Houtum. A condition-based maintenance policy for

multi-component systems with a high maintenance setup cost. OR Spectrum, 37

(4):1007–1035, 2015. doi: https://doi.org/10.1007/s00291-015-0405-z.

http://hdl.handle.net/1783.1/85


Summary
Advances in Asset Management

Maintenance Optimization under Incomplete Information and

Sustainable Technology Selection

Companies rely on smart asset management to reduce acquisition and maintenance

costs. Asset management can be viewed at an operational, tactical, and strategic

level. The operational level concerns day-to-day decisions. This includes mainte-

nance decisions for physical assets, such as what machine to maintain and what

type of maintenance to perform. An example of a tactical decision related to asset

management is what maintenance policy to follow. At the strategic level, long-term

decisions are made, such as which asset to install, and the company’s vision is

determined.

The structure of the thesis is as follows. Chapter 1 introduces asset management and

provides an outline of the thesis. Chapters 2, 3, and 4 concern how to plan mainte-

nance based on incomplete information. These decisions are at the operational and

tactical level. Information incompleteness arises when partial (Chapters 2 and 3) or

no (Chapter 4) information is obtained. Partial information can be obtained via a

condition-monitoring sensor. Sensors often provide some, but not complete, condi-

tion information. In Chapter 5, we turn to strategic decision-making. We study how

utility companies make power plant upgrading and retrofitting decisions. Chapter 6

concludes and provides an outlook for further research. We provide a more detailed

description of the research in Chapters 2, 3, 4 and 5.

Chapter 2 concerns maintenance and inspection planning for heating, ventilation,

and air-conditioning units (HVACs) used in trains. The problem is inspired by a

challenge faced by Dutch Railways: the HVACs’ condition information depends

on the environment. After modeling this problem as a partially observable Markov

decision problem, we derive theoretical results and perform numerical experiments.
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We show that, under mild conditions, the optimal policy will have a monotonic at-

most-4-region structure for each environment state. We perform three numerical

experiments in this chapter. The first numerical experiment compares two heuristic

policies to the optimal policy. This experiment shows that incorporating the envi-

ronment can lead to more than 10% cost savings compared to a model in which the

environment is ignored. The second experiment studies the value of information

for each environment state, i.e., how much is complete information worth in each

environment state? We show information is most valuable during and just before

peak system demand for the case we study. The third experiment is a sensitivity

analysis comparing how assuming a stochastic environment for a deterministic pro-

cess, such as the transition between months of the year, affects the conclusions of the

first numerical experiment. This experiment shows that, for our base instance, the

Markovian environment can be used to substitute for a deterministic environment

without changing the conclusions of the first experiment.

Chapter 3 concerns maintenance and inspection planning for a multi-component

system with a single sensor. It is inspired by a case study based on a printer pro-

duced by Canon Production Printing. The sensor provides condition information

to aid the operator with maintenance planning. We show that the optimal policy

satisfies an at-most-3-region policy under certain conditions. In two numerical

examples, we visualize the optimal policy and show that an at-most-3-region policy

emerges. The second example has a region where the policy consists of 3 regions.

This shows that under the conditions we used to derive the at-most-3-region policy,

no better results can be obtained regarding the number of regions. We also suggest

how the optimal policy can inspire faster solution methods for similar problems

with incomplete information.

Chapter 4 concerns a case study for sewer pipe inspection, maintenance, and re-

placement optimization. This work is performed with Rolsch Assetmanagement

and is based on data from the Dutch city Breda. Rolsch Assetmanagement provides

municipalities with inspections, maintenance, and replacement schedules for sewer

pipe maintenance. The company raised two questions: how to plan inspections

smartly and when to utilize replacement opportunities. We study this problem

numerically for a single underground pipe asset. The numerical analysis shows

that sewer pipe inspection, maintenance, and replacement decisions depend highly

on the pipe’s failure cost. This contrasts with what is observed in practice, where

periodic inspection and maintenance policies are often used, followed by a replace-
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ment after a pre-determined number of periods. Our main managerial insights are

that replacement decisions should be based on condition data and that maintenance

is preferred to replacements when possible.

Chapter 5 concerns power plant upgrading and retrofitting decision-making. As

input to our model, we simulate coal prices, natural gas prices, electricity prices,

carbon prices, and wind speeds. All the mentioned prices and the wind speeds are

fitted to real-world data, with the exception of the carbon prices. By including a

high granularity of operational information, we bridge the gap between operational

and strategic decision-making. We perform a numerical experiment based on Texas

electricity data to study how carbon pricing influences power plant upgrading be-

havior. This analysis shows that a carbon price increase may lead to power produc-

ers switching to cost-competitive carbon-emitting power plants, such as switching

from a coal plant to a combined cycle gas turbine (CCGT). The latter technology

is harder to phase out with carbon pricing than the former. This phenomenon

of getting stuck with an undesired technology is called technology trapping. We

advise policymakers who wish to use carbon pricing to phase out carbon-emitting

power plants, to tailor the carbon pricing and other policy measures to achieve their

desired technology transitions.
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