Data-Driven Maintenance Prioritisation
and Scheduling for Industrial Equipment

Degree project report in Production Engineering

Akshay Bhat
Vishwas Aravind

DEPARTMENT OF INDUSTRIAL AND MATERIALS SCIENCE

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2025
www.chalmers.se


www.chalmers.se




DEGREE PROJECT REPORT 2025

Data-Driven Maintenance Prioritisation and
Scheduling for Industrial Equipment

Akshay Bhat
Vishwas Aravind

CHALMERS

UNIVERSITY OF TECHNOLOGY

Department of Industrial and Materials Science
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2025



Data-Driven Maintenance Prioritisation and Scheduling for Industrial Equipment

Akshay Bhat,
Vishwas Aravind

© Akshay Bhat, Vishwas Aravind, 2025.

Supervisor: Mohan Rajashekarappa, Chalmers University of Technology
Industrial Supervisor: Alice Namutebi
Examiner: Ebru Turanoglu Bekar , Chalmers University of Technology

Degree project report 2025

Department of Some Subject or Technology
Chalmers University of Technology

SE-412 96 Gothenburg

Sweden

Telephone +46 31 772 1000

Cover: Visualisation of a smart manufacturing environment with real-time mainte-
nance data and robotic automation.

Typeset in BTEX
Gothenburg, Sweden 2025

v



Data Driven Maintenance Prioritisation and Scheduling for Industrial Equipments

Akshay Bhat

Vishwas Aravind

Department of Industrial and Materials Science
Chalmers University of Technology

Abstract

Effective maintenance planning is essential for sustaining productivity, improving
equipment reliability, and maintaining cost-efficiency in modern manufacturing en-
vironments. As production systems grow in complexity, the reliance on data has
become more crucial for informed, timely, and scalable maintenance decisions. Tra-
ditional rule-based approaches often fail to account for the dynamic nature of oper-
ational data such as technician availability, machine utilisation, failure history, and
cost trends, which limits their effectiveness in real-world industrial settings.. This
thesis responds to these challenges by developing a tailored decision support system,
integrating a hybrid multi-criteria decision-making model with constraint program-
ming.

The proposed Decision Support System combines the Analytic Hierarchy Process
and the Technique for Order Preference by Similarity to Ideal Solution to prioritise
maintenance tasks based on costs, estimated downtime and risk priorities. These
maintenance tasks are ranked and subsequently fed into a Constraint Programming
model that generates an optimised maintenance schedule that accounts for techni-
cian availability, shift structures, and other production constraints. The complete
system is implemented within an interactive dashboard, replacing traditional manual
planning methods with a scalable, data-driven solution. This research demonstrates
how hybrid decision-making techniques, when coupled with constraint-aware op-
timisation, can bridge the gap between expert-driven maintenance strategies and
real-time operational planning. The resulting approach provides a replicable and
adaptable methodology for proactive, optimised maintenance scheduling in indus-
trial settings. Unlike the existing literature addressing Multi Criteria Decision Mak-
ing and optimisation techniques individually, this thesis addresses combines a hybrid
framework, through AHP and TOPSIS, with Constraint Programming into a unified
and deployable framework designed to handle real world constraints in a dynamic
manufacturing environment.

Keywords: Maintenance, Maintenance prioritisation, Maintenance Scheduling, MCDM,
AHP, TOPSIS, Constraint Programming
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

AHP and TOPSIS Variables

Diagonal elements of the AHP pairwise matrix, always equal to
1

Reciprocal property of the AHP pairwise matrix when i # j
Priority vector of criteria derived from normalized AHP matrix
Principal eigenvalue of the pairwise comparison matrix
Consistency Index in AHP

Random Index based on matrix size
Consistency Ratio, computed as CR = %

Decision matrix with m tasks and n criteria

Normalized value for task ¢ under criterion j

Weighted normalized value for task ¢ under criterion j

Ideal and negative-ideal solution vectors in TOPSIS

Distances of alternative ¢ from ideal and negative-ideal solutions

Relative closeness of alternative 7 to the ideal solution

Weighted Average Formula

Downtime or cost value

Assigned weight based on event severity

X1



Cost and Penalty Parameters

Rot
min(H;, 8),

max(0, H; — 8)

v 5j€Peak

A - max(0,w; — d;)

5 ' 5j€Early

Binary variable: 1 if task ¢ is assigned to shift j, else 0

Total number of tasks and shifts respectively

Base cost associated with performing task i (e.g., part/labour

cost)

Estimated downtime duration (in hours) for task 4
Downtime penalty based on duration

Hourly rate for shift j (regular or night/weekend)
Overtime rate applied to hours beyond 8

Splits total hours into regular and overtime portions

Penalty for assigning tasks during high-production shifts
Escalating penalty for exceeding task deadline d; in week w;

Incentive (bonus) for scheduling task early in the week

Scheduling and Model Parameters

5c0ndition

Wy,

M. E

M;, E;

Ag
Machine(7)

xii

Total number of maintenance tasks

Number of criteria

Scheduled shift index of task ¢

Deadline (target week) for task i

Calendar week of shift j

Indicator function (1 if true, 0 if false)

Set of all shifts in week w

Sets of tasks requiring Mechanical or Electrical technicians
Technician capacity (Mechanical, Electrical) in shift j
Maximum allowed shift gap for grouping

Machine to which task ¢ belongs
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1

Introduction

This section provides a brief background and motivation for the thesis, and outlines
its aim, research questions, as well as its scope and limitations.

1.1 Background

Efficient maintenance management has become increasingly critical in the current
manufacturing landscape. With industries moving towards becoming more sustain-
able and efficient, the demand placed on machines and equipment continues to grow.
As a result, traditional maintenance strategies often fall short in meeting the evolv-
ing needs of modern manufacturing. Increasing digitalisation and complexity in
industrial operations are pushing companies to adopt smarter and more analytical
approaches to maintenance management and planning. Maintenance departments
are striving to adopt digital technologies to increase equipment availability, reduce
downtime, and improve cost-effectiveness, while also investing in new technologies
and upskilling their workforce [4]. Despite these efforts, machine failures remain
inevitable, and effective maintenance remains essential to ensure reliability and min-
imise disruptions [12].

Maintenance plays a vital role in sustaining productivity in any manufacturing com-
pany that produces components. As the push for sustainability increases and be-
comes a regulatory requirement, the demand for high-performing machinery in-
creases, putting additional strain on existing systems. Traditional maintenance
practices are no longer efficient for supporting this shift. Production systems have
become more complex and data-driven, requiring industries to adapt accordingly.

Manufacturing industries have become highly competitive, forcing organisations to
digitally transform their operations to stay competitive. Maintenance functions
have responded by enhancing equipment availability, increasing productivity, and
investing in skill development and advanced tools [4]. However, failures are still un-
avoidable, regardless of technological advancements [12]. Maintenance is therefore
critical in ensuring that systems remain operable, reliable, and profitable. Poorly
executed or deferred maintenance can result in costly disruptions, delayed product
delivery, and increased production expenses [18]. At the same time, manufacturers
seek stable and predictable production flows, yet are confronted with highly volatile
market demands. These demands, particularly for high-volume and mixed-product
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outputs, lead to complex scheduling scenarios [16]. As such, maintenance and pro-
duction scheduling, often treated as separate processes, tend to compete with one
another [28]. Nonetheless, consistent production cannot be achieved without reli-
able maintenance. With increasing demand and product variety, more companies
are now turning to automation and integrated planning systems to align mainte-
nance strategies with operational goals.

At the moment, maintenance is currently managed through two ways: Preventive
Maintenance (PM) and Corrective Maintenance (CM). PM is scheduled at regular
intervals based on the OEM recommendations. For example, the machines undergo
PM tasks after every 2,000 operating hours to prevent failures and maintain optimal
functionality.

CM, on the other hand, is performed reactively, triggered by equipment breakdowns
or any issues on the shop floor. In such cases, work orders are generated, and main-
tenance tasks are planned up to three weeks in advance. This lead time allows
the production team to align operational activities and minimise disruptions. One
thing to note, most machines within the partner company are flexible and can han-
dle similar operations with minor parameter adjustments. This flexibility enables
production continuity even when individual machines fail. However, as production
volumes increase in the future, this buffer will shrink, and the need for proactive,
well-planned maintenance will become significantly more important.

Despite having access to work order logs and breakdown histories, current task
prioritisation is carried out manually, relying heavily on technician experience and
recent failure patterns. Maintenance and production are managed in traditional
systems. These challenges underline the need for a structured, centralised, and
data-driven maintenance planning framework, one that integrates operational con-
straints, failure risk indicators, and resource availability into a coordinated strategy.
The framework proposed in this thesis is designed to address precisely this gap.
By combining expert judgement with data-driven methods, it offers a tailored solu-
tion that reflects the industry’s specific operational conditions and future scalability
needs.

Our study addresses this gap by proposing an analytical framework for mainte-
nance prioritisation and scheduling tailored for industrial equipment planning. The
solution is specifically tailored to the industry’s maintenance environment. The
proposed framework incorporates various Multi-Criteria Decision Method (MCDM)
techniques alongside constraint programming (CP) to improve transparency, respon-
siveness, and planning efficiency in maintenance operations.

1.2 Motivation

Modern manufacturing environments face increasing complexity, tighter production
deadlines, more product variants, and less resource availability. As companies move



1. Introduction

toward higher levels of automation and demand responsiveness, maintenance be-
comes a critical enabler of operational stability. Traditionally seen as a cost centre,
maintenance is now recognised as a strategic function that directly impacts pro-
ductivity and profitability. Dunn [10], estimates that maintenance costs account
for 15-40% of total production expenditure, emphasising the importance of mak-
ing maintenance both effective and efficient. Without structured prioritisation and
dynamic scheduling, maintenance tasks tend to be delayed, poorly aligned with pro-
duction cycles, or inadequately tracked. This reactive approach leads to inefficien-
cies, escalated costs, and risks of unplanned downtime, especially in environments
where equipment is shared or reconfigurable.

This thesis is motivated by the need for:

o A systematic, multi-criteria method to prioritise maintenance tasks based on ob-
jective factors such as risk, downtime impact, and cost.

o An interactive decision-support system that dynamically schedules tasks based
on technician availability, machine utilisation, and production demands.

« By addressing these challenges, the proposed approach contributes to transform
maintenance from a reactive function to a proactive and strategic component of
production planning.

1.3 Aim

This thesis aims to establish a framework that, through a combination of frame-
works, enables the integration of a Decision Support System (DSS) into its existing
system to prioritise industrial machine components and plan maintenance operations
accordingly. This study also discusses and provides practical insights and solutions
for maintenance task prioritising and scheduling.

1.4 Objectives

To achieve this, the research focuses on three key objectives:

1. Develop a prioritisation model using the Analytical Hierarchy Process (AHP) —
Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) hybrid
MCDM approach to rank maintenance tasks based on multiple risk and operational
factors.

2. Optimise the scheduling of maintenance tasks by applying constraint program-
ming techniques that consider labour personnel, skills and production planning.
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3. Design and build a DSS in the form of an interactive dashboard, thereby enabling
real-time maintenance planning and enhanced user interaction.

1.5 Research Questions
The research is guided by the following questions:

1. How can industrial maintenance task be prioritised based on multiple conflicting
criteria?

2. How can prioritised maintenance tasks be integrated into a decision support sys-
tem to enable tracking, visualisation, and scheduling of maintenance tasks?

This research will provide both theoretical and practical contributions, offering valu-
able insights into optimising maintenance scheduling along with designing the dash-
board for data driven decision making.

1.6 Scope and Limitations

This research is conducted within the context a real world production environment,
focusing on a manufacturing cell consisting of eight machines to develop a DSS for
prioritising and scheduling maintenance tasks. The proposed hybrid approach com-
bines both AHP-TOPSIS and CP to align maintenance decisions with production
demands. The DSS developed was based on historical data and expert judegments
rather than real-time data. This was due to a lack of data availability for this partic-
ular manufacturing cell. The model assumes the availability of expert judgements at
the component level for AHP comparisons to make pairwise comparisons, as well as
complete datasets for downtime, cost, and technician categories per subcomponent.
The model also assumes that, except for specified holiday weeks, the scheduling logic
is designed to represent a set three-shift work schedule during the week and a single
shift on the weekends.

The boundaries were defined to keep the scope narrow and ensure feasibility within
the thesis time frame, operational constraints and current data maturity. Real-
time machine data, inventory level intergration and system-wide automation were
excluded as they require different data sets, infrastructure and logic. This thesis
makes a notable contribution despite these limitations by showing how constraint-
based scheduling and structured prioritisation logic may be used together in a real
industrial context. The resulting DSS fills the gap between maintenance decision-
making and operational planning by providing a transparent, scalable, and adaptive
framework that may grow with future digitalisation initiatives like and Predictive
Maintenance (PdM).

4
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1.7 Thesis Structure

This thesis is organised into five chapters:

Chapter 1 provides an introduction to the research, including its context, motiva-
tion, objectives, and research questions.

Chapter 2 presents the theoretical framework and reviews relevant literature on
maintenance prioritisation, MCDM methods, and constraint-based scheduling ap-
proaches.

Chapter 3 details the research methodology, covering data collection procedures,
the AHP-TOPSIS prioritisation framework, and the integration of constraint pro-
gramming for scheduling.

Chapter 4 showcases the results obtained from the implemented decision-support
system and provides an in-depth discussion of its performance.

Chapter 5 reflects on the findings, discusses limitations, and outlines directions for
future research.

Chapter 6 concludes the thesis by summarising key contributions and implications
of the study.
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Theoretical Background

This chapter provides the framework for the research through studying fundamental
concepts in decision making, prioritisation, and maintenance scheduling. It begins
by reviewing the role of maintenance in various factories and sectors before discussing
the theoretical foundations of the prioritisation and scheduling methodologies em-
ployed in this research. Together, these topics provide the context for understanding
how the suggested framework enables improved planning and decision-making in a
manufacturing environment.

2.1 Maintenance in Industrial Context

Maintenance is an important aspect of keeping any industrial operation functioning
smoothly. It ensures that equipment and systems continue to be safe, effective, and
operational throughout time. Maintenance is now viewed as a strategic function
rather than merely a technical task in modern manufacturing environments, where
even a short interruption can result in large costs. Maintenance must be proactive,
carefully thought out, and in line with production targets and resource availability,
as manufacturing becomes increasingly automated and interconnected.

2.1.1 Definition and Types of Maintenance

Maintenance is defined as the "combination of all technical, administrative, and
managerial actions during the life cycle of an item intended to retain it in, or restore
it to, a state in which it can perform the required function', according to European
standard EN 13306. [34]. Maintenance is the set of tasks/activities performed to
restore the functional state of equipment, machinery and systems [20]. Maintenance
activities play a critical role in any industrial environment that directly influences
factors like operational efficiency, safety, product quality and overall throughput.

Maintenance strategies can broadly be categorised into:
1. CM: This type of maintenance is carried out when a failure has already oc-
curred and the machine is being restored to operational condition. Since it’s
reactive in nature, it is also known as reactive maintenance.

2. PM: Scheduled at regular intervals in order to extend asset life and prevent

7
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failures. These predefined intervals can be time- or usage-based.

3. Condition-Based Maintenance (CBM): CBM involves monitoring the
condition of machinery to determine the requirement for maintenance inter-
ventions.

4. PdM and Total Predictive Maintenance (TPdM): PdM is an advanced
strategy that addresses shortcomings of time-based preventive maintenance by
leveraging real-time data to forecast equipment failure. TPdM extends PdM
further by incorporating operational data, production dynamics, and organisa-
tional constraints to make maintenance decisions more intelligent and aligned
with business objectives [22]. TPdM not only predicts failure but also decides
when and which maintenance tasks should be prioritised, considering factors
such as maintenance history, resource availability, cost and downtime risks,
equipment criticality, and production schedule constraints.

There is a noticeable shift from CM to data-driven methods, such PdM and Total
Preventive Maintenance (TPM). The advancement in technologies, such as the use
of sensors, digital twins, and artificial intelligence leading to use shift in maintenance
paradigms [39].

2.1.2 Strategic Importance of Maintenance in Manufactur-
ing

In recent years maintenance is recognised as in today’s manufacturing world as a
strategic enabler of operational efficiency rather than just mere a cost centre or
support function. The influence of maintenance is across aspects such as safety,
productivity, cost-effectiveness and Overall Equipment Effectiveness (OEE). In the
literature Muchiri et al. 2011 [21] mentions that maintenance directly contributes
to company strategy by having noticeable effects on key performance measures such
as availability, reliability, and product quality.

A comprehensive maintenance plan can provide noticeable benefits by:

o Improving machine availability and reducing unplanned downtime.

o Lowering energy consumption and increase in throughput.

o Increasing equipment lifespan and thereby deferring new investment of new
machinery.

o Increase safety and minimise environmental risks.

This strategic integration has become increasingly important in the context of Just
in Time (JIT) production and complex system interdependencies, where any slight
disruptions will result in significant delays, quality difficulties, and financial losses
[18].

The conceptual model in the below 2.1 illustrates the link between maintenance

8
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objectives and corporate strategies. In line with business and production objec-
tives, this figure highlights how maintenance supports important areas such plant
operation, safety, and cost-effectiveness.

Business Strategy

Production Strategy

Maintenance
Goals

Safety and

Equipment lifespan Compliance

Cost optimisation

Resource utilisation and ROI

Operational Excellence
- Reliability/uptime
- Production Capacity
» Quality Standards

Figure 2.1: A summary of maintenance objectives for a maintenance department
adopted from [21].

2.1.3 Maintenance Maturity Models and Best Practices

Different maintenance maturity models have been researched to facilitate planned
and structured improvements. These models evaluate the level of complexity of
maintenance tasks in various areas such as strategic integration, planning, execu-
tion, and monitoring. Notably, the multi-criteria hierarchical performance model
developed by Parida and Chattopadhyay [25] divides performance indicators into
strategic, tactical, and operational levels, making it easier to match maintenance
choices with organisational objectives [21].

The following are considered best practices in maintenance management:

1. Adoption of Computerised Maintenance Management System (CMMS) to sys-
tematically track work orders, tasks, failures, and the logistics of replacement
parts.

2. Inclusion of KPIs such as OEE, Mean Time to Repair (MTTR), Mean Time
to Failure (MTTF), and Mean Time to Between Failure (MTBF) [27].



2. Theoretical Background

3. Implementation of TPM and Lean approaches, including autonomous mainte-
nance and specialised improvement projects.

To facilitate these approaches, numerous technologies integrated with maintenance
platforms are often linked to Internet of Things (IoT) and Enterprise Resource
Planning (ERP) systems. This enables for real-time tracking and decision-making,
historical data analysis, resource optimisation and collaboration between various
departments [27].

In general, lagging performance indicators are used to assess the efficiency of main-
tenance. These metrics track factors like maintenance costs, failure rates, and down-
time. Figure 2.2 shows a summary of the important lagging indicators that are vital
to assessing performance and continuous improvement [21].

Equipment Maintenance Key Performance Indicators

CATEGORY METRICS / INDICATORS UNITS DESCRIPTION

Failures classified by consequence:

Number of Failures Count Operational, Non-operational

Number of failures per unit time

Failure/Breakdown Frequency No./Unit Time (A measure of Reliability)
MTBF Hours Mean Time Between Failure (A measure of Reliability)
. Availabilit % MTBF/(MTBF + MTTR) = Uptime/(Uptime + Downtime;
Equipment vaiiability o ( ) = Uptime/(Up )
Performance I §
OEE % Availability x Performance Rate x Quality Rate
Measures
Direct Maintenance Cost $ Total Corrective and Preventive Maintenance Cost
Breakdown Severity $ Breakdown Cost / Direct Maintenance Cost
o ) )
Maintenance Intensity $/Unit Production % of Maintenance COS' per unit of
products produced in a period
% Maintenance Cost . .
over Manufacturing Cost % % Maintenance Cost / Total Manufacturing Cost
ERV (Equipment . -
Replacfan?en? Value) % Maintenance Cost / New Condition Value
Cost
Performance Maintenance Stock Turnover Ratio Ratio of cost of materials used from
stock within a period
Measures
Percentage Cost of Personnel % Staff Cost / Total Maintenance Cost
Percentage Cost of Supplies % Cost of Supplies / Total Maintenance Cost

Figure 2.2: A summary of lagging maintenance Key Performance Indicators (KPI),
adopted from [21].

2.1.4 Challenges in Maintenance Planning and Execution

Even though we understand the need of maintenance, several challenges hinder it
from being planned and carried out effectively. A few of the factors are listed below.

1. Complex Machine Designs: Modern industrial machines are highly com-
plex, requiring coordinated scheduling, since failure in one subsystem can affect
others [38].

2. Unknown Failure Modes and Lack of Data Collection: Legacy systems

10
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often lack documented failure patterns, making PM less reliable [41].

3. Resource Constraints: Limited spare parts, skilled personnel, and access
windows complicate scheduling [21].

4. Non-alignment with Business Goals: Maintenance metrics often overlook
strategic KPIs such as cost per unit [40].

5. Change Resistance and Organisational Culture: Moving to predictive
models demands cultural and procedural changes [40].

6. Dynamic Operating Conditions: Fluctuating production demands neces-
sitate flexible planning strategies [21].

The OEE framework is widely regarded as one of the most effective methods for vi-
sualising the performance impact of maintenance. Equipment performance is broken
down into three categories: availability, performance rate, and quality rate. And all
of these are impacted by maintenance strategies. Figure 2.3 shows the various met-
rics such as MTTR, MTTF, planned and unplanned downtimes are directly related
to maintenance performance [21].

Preventive Maintenance
A Frequency
Scheduled Schedule |
= Scheduled Maintenance Downtime Adherence
= Duration
(]
=
Q
=]
Q
(]
> No. of Unplanned Maintenance
i Unscheduled Asset
< MTBEF / Failure Frequency Downtime Availability
Z > OEE
()
v
Mean Time To Resolve
(MTTR)
Performance Loss Performance
Micro-stoppages Efficiency
Quality Issues Quality
Yield Reduction Index I

Figure 2.3: Important maintenance performance indicators in the OEE metric,
adopted from [21].

2.2 Maintenance Task Prioritisation
In today’s industrial environments, it is difficult to balance maintenance tasks in
any dynamic manufacturing environment. Resolving every possible problem at once

is not practical, given the restricted resources of time, money, and manpower. This
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is where prioritising comes into play; by identifying the most important tasks first,
businesses can control risk, reduce downtime, and make better use of their resources.
The subsections that follow aim to discuss why prioritising is important and how
various strategies are used to support it.

2.2.1 The Need for Prioritisation in Maintenance Manage-
ment

In any manufacturing industry, regular and timely maintenance operations are criti-
cal for reducing production downtime, increasing machine availability, and ensuring
safe working conditions. In most cases, with limited resources and complex produc-
tion schedules, it may not be possible to address every potential issue right away.
As a result, the ability to identify and prioritise maintenance tasks becomes criti-
cal, ensuring that the most critical and urgent maintenance tasks are completed first.

According to Chong et al. [6], organisations are often constrained by old and ageing
infrastructure, limited budgets, increasing production costs, and the requirement of
higher production efficiency standards, which are limiting many businesses. Priori-
tising maintenance becomes a critical for decision-making process in these situations,
organisations often allocating limited resources to the most important projects. Ad-
ditionally, organisations that lack a prioritisation approach risk allocating funds to
low-impact maintenance tasks while ignoring parts that pose a serious threat to
equipment operationality and safety.

Maintenance issues are the most common reason for production stoppages in any
manufacturing industry. According to Soares Ito et al. [33], many organisations en-
counter hundreds of disruptions per day. This makes it nearly impossible to address
all these issues solely through root cause analysis or CM. As a result, proper priori-
tisation is required to determine which maintenance tasks would benefit the whole
system when accomplished within tight deadlines.

Furthermore, modern maintenance techniques such as TPM and PdM rely on real-
time data to detect possible breakdowns. Even though it detects, it does not au-
tomatically provide decision logic for which components should be addressed first,
especially when multiple warnings are generated at the same time. This reinforces
the need for structured prioritisation frameworks that convert unstructured diagnos-
tic data into useful judgements. Unplanned downtime has a ripple effect throughout
the value chain in high-mix, high-volume manufacturing environments. Prioritisa-
tion frameworks in these conditions must consider operational, financial, and human
factors in addition to technical urgency. Considering multi-faceted nature required
in maintenance decision-making, MCDM frameworks are ideal for prioritising in
these circumstances [25].
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2.2.2 Key Factors Influencing Maintenance Prioritisation

Maintenance prioritisation is based on:

» Severity (S): Severity measures the potential impact of a failure of safety,
production, or quality. A safety risk is caused by a complete halt in production
or poses a safety risk that is rated higher than minor consequences. Severity
drives urgency in a risk assessment model [17].

e Occurrence (O): Refers to the likelihood that a particular failure event is
expected to occur. Higher scores are given to the components that fail more
frequently. [6].

« Detection (D): Refers to the likelihood of how easily a failure event can be
identified before it poses significant risks or downtime. The easier it is to de-
tect a failure, the lower the risk [6].

e Cost: This includes the direct costs of labour, resources such as spare parts
and materials and any tools that may be required for the task as well as in-
direct overhead costs associated with production, downtime or quality loss
through rework. Costs are a critical parameter in MCDM frameworks [37].

o Downtime: Expected machine downtimes during maintenance tasks. Activ-
ities that may take more time or are more complex can be scheduled with a
higher priority [42].

« MTTR and MTTF: Refers to the average operational time for a component
that is likely to fail, and the average time taken to repair the equipment. The
more complex the tasks are, the longer they need to repair and justify priori-
tising components for PM [1].

Task priority evaluation is influenced by severity, occurrence, detection, cost, down-
time, and reliability measures like MTTR and MTTF, as shown in Table 2.1. The
overall impact and necessity of the maintenance action are influenced differently by
each of these factors.

Table 2.1: Summary Table: Key Factors Influencing Maintenance Prioritisation

Category Examples of Key Factors

Technical Severity, Occurrence, Detectability, Criticality
Operational Downtime impact, Maintenance windows, Utilisation
Economic Maintenance cost, Failure cost, Resource constraints
Organisational | Safety, Strategic value, Past data, Compliance

13
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2.2.3 MCDM in Maintenance

In many cases, maintenance planning requires considering multiple conflicting cri-
teria, such as cost, downtime, safety, failure risk and resource availability. To in-
corporate all these different criteria into decision-making, researchers and industries
have used MCDM approaches. MCDM models provide maintenance planners with
structured methods to evaluate these multifaceted complex scenarios using both
qualitative and quantitative data, allowing them to make informed decisions [13, 24].

2.2.3.1 Overview of MCDM Approaches in Maintenance

In maintenance decision-making, selecting the most appropriate tasks to prioritise or
the best strategy to follow is rarely straightforward. With multiple factors involved
- such as cost, risk, downtime, and resource availability, organisations increasingly
turn MCDM methods to structure their choices. Over the years, several MCDM
techniques have gained traction in maintenance research and industrial applications.
Each method offers its own benefits and drawbacks, depending on the context, the
type of data available, and the level of subjectivity involved.

One of the most widely used methods is the AHP. AHP is particularly useful when
expert judgement plays a significant role, as it allows decision-makers to express
their preferences through pairwise comparisons. These comparisons are then used
to calculate relative weights for each criterion. AHP is simple to apply and easy
to understand, which makes it especially popular in industry-focused studies. For
instance, Maletic et al. [18], used AHP in a Slovenian paper mill to assess different
maintenance policies, while other researchers have applied it for ranking machine
criticality or allocating resources under budget constraints [24].

However, AHP does come with limitations. It assumes that all criteria are indepen-
dent of one another, which is not always the case in complex systems. Additionally,
when the number of criteria increases, the number of pairwise comparisons grows
rapidly, making the process more time-consuming and prone to inconsistency in
judgement. Despite these challenges, AHP remains a valuable tool for structuring
expert opinions in a systematic way.

Another well-regarded method is the TOPSIS. Unlike AHP, TOPSIS does not rely
on pairwise comparisons. Instead, it evaluates each alternative based on its distance
from an ideal solution (one that performs best on all criteria) and a negative-ideal
solution (one that performs worst). The alternative closest to the ideal and furthest
from the negative ideal is considered the most favourable. This approach is intuitive
and easy to compute, especially when the criteria weights are already known, which
is why it is often used in combination with AHP.

TOPSIS has been successfully applied in maintenance prioritisation problems, in-
cluding spare parts ranking, equipment criticality assessment, and even the selection
of vendors or contractors. Its main drawback lies in its sensitivity to how the data
is normalised, and in some cases, results can be skewed if the scales of input values
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are inconsistent or poorly defined. Nonetheless, its clarity and ability to produce a
full ranking of alternatives make it highly attractive for real-world use [31, 36].

Case-Based Reasoning (CBR) is another MCDM technique that has been used in
maintenance, but to a lesser extent. The principle behind CBR is simple: past de-
cisions and cases are stored and reused to inform future problems. For instance, if a
similar component previously failed and required urgent maintenance under specific
operating conditions, that case can guide the current prioritisation decision. CBR
is especially useful when historical maintenance data is rich and well-documented.
It supports learning over time and can adapt as more cases are added. However, its
effectiveness is heavily dependent on the quality and completeness of the case base.
Moreover, it may not perform well in entirely new scenarios where no similar case
exists, making it more of a complementary tool than a standalone method in many
settings [6, 8].

PROMETHEE, which stands for Preference Ranking Organisation Method for En-
richment of Evaluations, is an important method to be aware of. PROMETHEE is
based on the concept of outranking, where each alternative is compared to the oth-
ers across all criteria, and a preference index is calculated. One of PROMETHEE’s
strengths is its flexibility: it can handle both quantitative and qualitative data and
can incorporate preference functions that reflect decision-maker behaviour more re-
alistically. This makes it especially useful in stakeholder-heavy environments, such
as in large public infrastructure projects or multi-site maintenance strategy selec-
tion. However, PROMETHEE is computationally intensive and may be harder to
explain to non-technical stakeholders. Its use in industrial maintenance is promising
but still limited due to these barriers [24].

Lastly, Fuzzy MCDM approaches have become increasingly popular for dealing with
uncertainty and vagueness in decision-making. In practice, not all criteria can be
expressed in precise numerical terms. For example, “likelihood of failure” might be
better described as “high”, “medium”, or “low”. Fuzzy logic allows for these kinds of
linguistic inputs to be translated into mathematical models. Techniques like Fuzzy
AHP and Fuzzy TOPSIS have been applied in maintenance environments where
data is incomplete or where expert judgement is inherently imprecise. For example,
Shyjith et al. [31], demonstrated the use of a fuzzy hybrid AHP-TOPSIS model to
select maintenance policies for thermal power plants. These approaches are highly
adaptable but do require a good understanding of fuzzy set theory, which may be a
barrier for adoption in some industrial settings.

2.2.3.2 Why AHP-TOPSIS?

When making maintenance decisions, several factors such as cost, risk, downtime,
severity, occurrence and operational impact often compete for consideration. Organ-
isations make use of these MCDM methods to manage these complexities, thereby
facilitating data-driven decision making based on quantitative, qualitative and ex-
pert judgements.
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In order to address these challenges a hybrid methodology combining both AHP and
TOPSIS was developed. This is because:

AHP: Expert knowledge is used to make pairwise comparisons and determine weights
for prediction. In addition, domain expertise makes it easier to convert subjective
evaluations into a consistent numerical scale [18].

TOPSIS: Once weights are established, TOPSIS is a very useful method for ranking
alternatives. It compares each alternative’s distance to both an ideal and a negative-
ideal solution, which is both computationally efficient and comprehensible [5].

Several studies have demonstrated the benefits of this hybrid approach.

« Maletic et al. [18] - Used AHP at a Slovenian paper mill to determine an effec-
tive maintenance approach while balancing hierarchical and conflicting criteria.

o Al-Najjar and Alsyouf [2] - Demonstrated the importance of TOPSIS in rank-
ing maintenance activities to maximise operational efficiency and cost effec-
tiveness.

« Shyjith et al. [31] - Introduced an integrated fuzzy AHP-TOPSIS model for
policy selection in thermal power plants, which produced more consistent and
logical results than independent methods.

» Maletic et al. [18] - found that AHP-TOPSIS is more effective than traditional
ranking methods for maintenance prioritisation due to improved traceability
and justifiability of outcomes.

o« Ozcan et al. [24] used a mixed Goal Programming—AHP model with TOPSIS to
identify the best maintenance plans for hydroelectric power facilities, showing
how hybrid approaches improve operational efficiency and strategic alignment.

Using the TOPSIS method, maintenance planners can also evaluate rankings in re-
lation to an ideal distance from the solution while taking into account the combined
impact of RPN score, cost, and downtime. These characteristics make it appropri-
ate for complex industrial problems in which no trade-off between these factors is
possible and no single solution exists that fulfils all criteria.

2.2.4 AHP

The AHP is a structured MCDM method developed by Saaty [29] in the 1970s.
This method is often employed when both quantitative data and subjective expert
judgements are involved. It enables decision-makers to model complex problems
using a hierarchy and derive ratio-scale weights through pairwise comparisons. In
this thesis, AHP is employed to determine the weights of criteria for cost, downtime
and risk, which are subsequently used in the TOPSIS analysis [24].
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Hierarchy Structure: AHP breaks down a complex decision problem into a hier-
archy consisting of:

o Goal (Top level) — the primary objective of the decision problem. - The pri-
oritisation of maintenance tasks.

o Criteria (Middle level) — the parameters or factors to evaluate alternatives, in
our case, it is risk, cost and downtime.

 Alternatives (Bottom level) — the individual machine components that require
maintenance.

Pairwise Comparison Matrix: To create a pairwise comparison matrix, each

criterion is compared to the others using Saaty’s fundamental 1-9 scale (see table
Table 2.2 [29]:

Table 2.2: Scale of relative preference for pair-wise comparison [18]

Value | Interpretation

1 Equal importance

Moderate importance

Strong importance

3
5
7 Very strong importance
9

Extreme importance

2,4,6,8 | Intermediate values

The comparisons are recorded in a reciprocal matrix:
« For all diagonal elements: a; =1 Vi€ {1,2,...,n}

This equation expresses every criterion equally when compared with itself.
o Reciprocal Properties:

1
(Ijz:; for aHZ#]
]

Calculation of Priority Vector: The weights (priority vector) are computed us-
ing matrix normalisation:

e Fach column of the matrix is summed.

o Each entry is divided by the sum of its respective columns.
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The average of each row determines the relative weight W;, of each criterion.

To obtain more precise results, consider computing the principal right eigen-
vector of matrix A.

Consistency Ratio (CR): To ensure consistency in expert judgments, the CR is

computed:
CI
CR = Vi
where \
max — 1
Ch= (n—1)-RI

Acceptable if CR < 0.1

RI from standard table

n - Number of criteria

RI - Random Index (depends on n, typically from a table)
A CR < 0.10 indicates acceptable consistency.

2.2.4.1 Steps Involved in AHP

1.

Define the Hierarchical Structure: The hierarchy is constructed with the
goal at the top (e.g. optimal maintenance prioritisation), followed by the crite-
ria and sub-criteria levels, and finally the alternatives at the bottom for policy
selection.

Pairwise Comparison of Criteria: Each pair of criteria is compared with
respect to their relative importance using a 1-9 scale.

. Normalise the Comparison Matrix: Each element is divided by the sum

of its column, and the average of the rows is calculated to get the priority
vector w, representing the weights of the criteria.

Check CR: AHP includes a consistency check to ensure logical consistency
in judgments using
Y

CR—ﬁ

. Finalise Criteria Weights: If the CR is within an acceptable range, the

derived priority vector is used as the criteria weights for TOPSIS. Otherwise,
the comparisons must be revised.

Strengths of AHP: First is transparency. This method clearly shows how weights
are determined, making it easy to understand. The second is flexibility, as it accom-
modates both qualitative and quantitative factors with ease. Lastly, consistency is
ensured through the built-in CR computation, which verifies the logical coherence
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of expert inputs.

2.2.4.2 Applications in Maintenance Context

Due to its structured approach to handling complex multi-criteria decision prob-
lems, AHP has often been applied in the field of maintenance engineering. It enables
high-level maintenance goals to be broken down into measurable criteria, allowing
decision-makers to incorporate both expert judgement and quantitative data [18].
A primary application is in equipment criticality assessment. When planning main-
tenance, it is often necessary to prioritise certain machines during periods of higher
operational risk, limited resource availability, or when specific components signifi-
cantly impact downtime and throughput. In such cases, AHP supports quantitative
prioritisation using criteria such as failure risk, cost, and expected downtime to en-
sure that critical equipment is proactively maintained [31].

Another important application of AHP is in resource allocation, especially in envi-
ronments with constrained budgets, limited technician availability, or short main-
tenance windows. Through pairwise comparisons, it allows planners to assess the
relative urgency and impact of competing tasks, ensuring justifiable and auditable
maintenance decisions [6]. When AHP is used in combination with other methods
like TOPSIS, it enhances the robustness of maintenance task evaluation. This hy-
brid approach simplifies complex prioritisation decisions by transforming them into a
structured set of pairwise comparisons, improving transparency and interpretability.

2.2.5 TOPSIS

TOPSIS, introduced by Tzeng and Huang [36], is a widely used MCDM method that
resolves trade-offs between conflicting objectives by measuring geometric distances
to ideal solutions. Its adoption for maintenance scheduling is justified by three fac-
tors [24]:

« Robustness to Scale: Normalisation ensures fair comparison of criteria with
distinctive units (e.g., RPN vs. repair costs).

o Transparency: Provides a clear ranking mechanism, critical for justifying
maintenance decisions to stakeholders.

« Adaptability: Accommodates dynamic changes in constraints (e.g., sudden
resource shortages) through real-time matrix updates.

Key Assumptions: TOPSIS is based on three key assumptions. First, it assumes
monotonicity, where all criteria must be either strictly increasing (benefit-type) or
strictly decreasing (cost-type). Second, it relies on linear compensation, meaning
that poor performance in one criterion can be offset by strong performance in an-
other. Third, the method assumes independence among criteria, implying that each
criterion influences the decision independently and does not interact with others.
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2.2.5.1 Steps Involved in TOPSIS

Step 1: Construct the Decision Matrix

Purpose: Capture quantitative performance of maintenance tasks across all criteria.

D = [%ij]mxn, where:

e« m: Number of maintenance tasks
e n: Criteria
e x;;: Score of task 7 for criterion j

Step 2: Construct a normalised decision matrix.

J7ij
m .2
\/ >icq Lij

Step 3: Calculate the weighted decision matrix.

Tij:

n
v;; = Ty - w;  where ij =1
=1

Step 4: Determine Ideal and Negative-Ideal Solutions

vt = (maxvy), v~ = (minv;)

Step 5: Calculate the separation distance of each competitive alternative
from the ideal and negative ideal solution

57 =[Sl — PR 5= Sl -

Step 6: Calculate Relative Closeness
S
=2
ST+
Step 7: Ranking the alternatives

Tasks are ranked by C}
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2.2.5.2 Advantages of TOPSIS

TOPSIS offers several advantages that make it well-suited for industrial decision-
making scenarios. It is easy to interpret, as alternatives are ranked based on their
relative closeness to an ideal solution, providing intuitive and actionable results.
The method also provides a complete ranking, offering a clear numerical order
of alternatives rather than grouped or binary outcomes. Additionally, TOPSIS
is computationally efficient, making it suitable for real-time decision environments
and dashboard implementations where rapid evaluation is required. Its compen-
satory framework allows trade-offs between criteria, which is particularly important
in maintenance planning where decisions must often balance cost, risk, and resource
limitations [6].

2.2.5.3 Relevance in Maintenance Decision-Making

In the context of this study, TOPSIS is used to support the ranking and prioritisa-
tion of maintenance tasks. It enables the evaluation of equipment and components
based on criticality, integrating various decision factors such as cost, downtime,
and FMEA-derived risk scores. By applying AHP-derived weights to these crite-
ria, TOPSIS produces a structured and transparent prioritisation of maintenance
actions. This ranked output helps planners focus on tasks that have the greatest
operational impact, ensuring that limited resources are allocated effectively and that
decisions are aligned with production objectives.

2.3 Maintenance Scheduling in Industrial Settings

Maintenance scheduling is the structured planning and scheduling of maintenance
activities to ensure they are executed at the right time to reduce machine downtime
and any disruption, An effective maintenance strategy is essential in maintaining
equipment reliability.

Maintenance prioritisation is a method in which maintenance tasks are prioritised
based on factors such as risks and urgency, determining the circumstances under
which each maintenance task should be executed ideally. Whereas in scheduling, the
maintenance tasks are not only prioritised but are strategically planned to depend
on resource availability, conditions and other priorities all while ensuring there is
no decline in throughput [25]. To setup an ideal maintenance schedule, industries
must first understand their constraints and priorities, such as costs, downtime, risks,
resources and other predetermined factors, while continuing to push for reliability
and efficiency in their operations [37].

2.3.1 Importance of Efficient Scheduling in Maintenance

In the real world, maintenance scheduling is executed under the complex network
of constraints. These constraints can broadly be classified into:
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1. Human resource constraints (Technician availability and skill sets):

A major limitation in maintenance scheduling is the availability of human
resources, i.e. technicians, operators and other maintenance personnel often
trained and skilled that are available.

Technician availability: Scheduling must account for work shifts, leave pe-
riods and overtime policies.

Skills: Specific maintenance tasks require skills and personnel to be trained,
particularly or who have certifications to perform those tasks. Allocating
unskilled or underqualified personnel to maintenance activities would simply
increase repair time or cause concerns for safety.

Task restrictions: A technician cannot perform multiple tasks simultane-
ously and thus cannot have overlapped schedules.

A larger organisation may have a dedicated maintenance team that is shared
across departments, which may further increase complexity in scheduling main-
tenance tasks across the organisation [20].

. Machine availability and production cycles: Maintenance activities de-

pend heavily on machine availability, which is often constrained by produc-
tion schedules and operating cycles. In most industrial settings, maintenance
cannot be performed while machines are active, unless prompted by an un-
expected failure, leading to unplanned downtime and disrupted production
targets. Peak production periods leave little to no room for maintenance in-
terventions. Whereas downtime for machines can be planned along with the
production schedule to conduct PM or CM tasks. Scheduling these mainte-
nance tasks is aimed at reducing unnecessary machine downtime and keeping
throughput at maximum [32].

. Shift patterns and downtime windows: Industries often deploy various

shift patterns that are designed to meet their specific production demands.
Heavier industries, such as the steel manufacturing industry, are required to
keep their machines constantly functioning, reducing the maintenance window
unless required for urgent maintenance.

Additionally, labour regulations mandate working hours, overtime and manda-
tory rest periods for the employees, restricting the technician’s availability to
perform maintenance if the need arises outside their shift. Failure to align
maintenance efforts with established patterns and downtime periods resulted
in higher labour costs and resource conflicts. In some cases, it even led to
forced shutdowns due to machine or equipment failure, affecting both produc-
tion efficiency and overall equipment availability. Various industries employ
different shift schedules that suit their production demands best. For example,
chemical and steel industries generally have their machines active for longer
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durations, hence reducing the maintenance window. Strict labour regulations
imply limited working hours for the employees, including the maintenance per-
sonnel, complicating maintenance tasks [19].

4. Spare parts and tooling limitations: Spare parts are a necessary con-
sideration in scheduling maintenance tasks, despite all other resources being
available. It simply would not be effective if the waiting period for parts to
arrive is long and the machine is idle for that duration, the industry would be
losing considerable value in machine downtime and at the same time increase
stress on the remaining machines.

Factors such as inventory levels, lead times, tool sharing and other factors must
be integrated to allow for an ideal maintenance scheduling solution, avoiding
last-minute delays due to unavailability of spare parts [30].

2.3.1 Traditional vs. Optimised Scheduling

Scheduling strategies have evolved considerable over the years in industries to intel-
ligent data-driven systems from manual rule-based heuristic approaches. Tradition-
ally, scheduling has often been dependent on expertise on when maintenance must
be performed. As straightforward as it may seem, it reflects reactive maintenance
and is inefficient and cannot be deployed in a dynamic environment [20].

Optimised scheduling employs automation and data-driven techniques along with
decision support tools to plan maintenance activities effectively. Algorithmic ap-
proaches like Genetic algorithms and CP allow dynamic changes to be made in
scheduling maintenance tasks based on real-time data like machine conditions, re-
source availability and production requirements [7, 11]. Modern techniques such as
these algorithms enable organisations to respond more effectively to changing con-
ditions and resource availability, integrating PAM insights for pre-emptive action.

The objectives of scheduling maintenance tasks are to remain consistent, extend
tool life and ensure work is distributed evenly among the resources available [14].
These goals are achieved through optimised methods which are better equipped,
particularly in systems with complex interdependencies and stringent resource con-
straints. A scheduling framework can outperform a traditional scheduling system by
integrating factors such as throughput, resource availability, and failure risk, among
others. By incorporating these techniques, industries can significantly reduce the
total downtime and improve equipment and tool reliability and lifespan, especially
when combined with predictive analysis and real-time data monitoring [35].

23



2. Theoretical Background

2.4 Constraint Programming for Maintenance
Scheduling

As industrial systems become more complex and resource-intensive, traditional rule-
based scheduling methods fall short unable to deal with the dynamically changing
operational constraints. In such contexts, algorithms such as CP is an ideal model
that can solve combinations of scheduling issues. CP is a declarative algorithm,
constraints are expressed as the relationship between variables and the objective it
to find feasible solutions that satisfy all specified conditions [11].

CP excels at scheduling maintenance in highly dynamic environments in indus-
tries where multiple variables interact under operational limits. CP enables data
driven decision making by explicitly defining the relation between constraints, such
as resource availability and operational limits, before identifying feasible solutions
through the algorithm. In contrast to heuristic approaches, before approaching
maintenance tasks, CP provides the decision makers with the options of a feasible
solution with increased flexibility in adapting to the dynamic nature of manufactur-
ing settings [7].

2.4.1 Key benefits using CP algorithms

Using CP has several advantages in maintenance scheduling. It allows for the in-
tegration of a wide variety of constraints within a single framework, enabling the
model to replicate complex real-world scenarios. The constraints in this algorithm
are flexible and can be dynamically adjusted based on changing operational condi-
tions. Furthermore, the model can be tailored to focus on specific objectives, such as
minimising cost, reducing downtime, or addressing high-risk components, depending
on the organisations priorities. Finally, CP supports proactive planning by integrat-
ing with PdM indicators, making it a suitable approach for dynamic maintenance
environments.

2.4.2 Possible constraints in maintenance

In an industrial environment, typical constraints that should be considered are:

e Schedule window: Maintenance tasks can ideally be performed when the
machine or tool is idle, leaving us with specific windows of downtime in the
production schedule to perform these tasks [23].

« Resource availability: The availability of spare parts, technicians, tools and
other resources could often be limited and must be considered during planning
a maintenance schedule and does not exceed the available capacity during any
given period [14].

o Interdependencies: Some tasks may sometimes depend on other tasks to be
performed beforehand, and the duration of these tasks may also vary depend-
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ing on other constraints and increasing complexity.

» Distribution of work: Distributing maintenance tasks across available time-
frames ensures that technicians or shifts are overworked, reducing stress on
technicians and improving resource utilisation.

2.4.3 Popular tools and solvers for CP

To run CP algorithms effectively in industrial solutions, there exists a plethora of
powerful tools and environments, such as:

o Google OR-Tools: An open-source suite by Google that supports CP, linear
programming and other algorithms. It is widely used for production mainte-
nance scheduling problems due its scalability and flexibility [26].

« IBM CP Optimiser: A commercial-grade solver that offers powerful fea-
tures for modelling time-based constraints and optimising complex scheduling
scenarios [15].

e Microsoft Z3 Theorem Solver (Z3): Developed by Microsoft Research,
it is a high-performance theorem solver used for comparatively more formal
verification tasks but adaptable for scheduling problems in specialised scenarios

[9].
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Methods

This chapter outlines the methodological framework adopted to develop a DSS for
maintenance task prioritisation and scheduling. The methodology is built upon
a hybrid approach, integrating MCDM techniques with constraint programming
to address the multifaceted challenges of maintenance planning. Specifically, the
AHP and the TOPSIS are employed to rank maintenance tasks based on criticality
[3, 31]. These rankings are then utilised within a constraint-based scheduling model
developed using the Z3 solver. By blending expert judgement with quantitative
analysis, the proposed methodology ensures that the maintenance planning process
is structured, scalable, and aligned with the operational constraints. Figure 3.1,
represents the framework and working of the DSS that was developed.
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Figure 3.1: Methodological framework of the developed DSS

Output

3.1 Data Collection and Assumptions

Data were collected directly from the case company’s operations in order to develop
a realistic and context-specific framework. This section outlines the information
sources that underpin the scheduling logic and the prioritisation model, as well as
the basic assumptions that impacted the framework’s design and functionality.

3.1.1 Data Sources

The study focused on a single manufacturing cell comprising eight interdependent
machines. To ensure that the prioritisation and scheduling models reflected the ac-
tual operational context [21], data were collected from multiple sources:

Firstly, interviews were conducted with maintenance engineers. These sessions pro-
vided valuable insights into machine functionality, failure modes, and the significance

of various components within the production- flow. Follow-up meetings were held
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weekly to clarify operational procedures and validate preliminary findings.

Secondly, historical work orders and maintenance logs were examined. These doc-
uments offered detailed records of past maintenance activities, including part re-
placements,downtime, task frequencies, and downtime durations. Analysing this
data allowed for the estimation of average downtime associated with specific com-
ponent failures.

Thirdly, component-level cost data were obtained from the company’s procurement
and inventory systems. These included the cost of spare parts and, in some cases,
estimated labour requirements. The cost information was essential in assessing the
economic implications of maintenance scheduling decisions.

3.1.2 Manual Inputs

Although many input parameters were derived from historical records, certain risk-
related values, specifically the S, O and D scores used in RPN calculations were left
to be entered manually by the user. These fields are editable within the dashboard,
allowing maintenance experts to apply their professional judgement in real-time.
This flexibility ensures that the risk evaluation remains dynamic and responsive to
situational nuances that static data may overlook.

3.1.3 Modelling Assumptions

Several assumptions were made to simplify the modelling process while preserving
practical relevance:

o Task durations were considered fixed for each component, irrespective of the
technician assigned or the shift timing.

o Technicians were categorised into two skill groups: Electrical and Mechanical.
Each maintenance task required a match with at least one of these groups.

» Labour costs were assumed to be different across different shift timings. Specif-
ically, night and weekend shifts incurred higher rates to reflect overtime and
extra hours.

o The production calendar was assumed to be predefined, with designated peak
and off-peak periods affecting scheduling preferences.

o It was also assumed that only one maintenance task could be executed at a
given time to reflect technician and machine availability constraints.

These assumptions were validated and approved by the internal maintenance team
at the partner company, although there is scope for refinement in future iterations

of the DSS.
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3.1.4 Component Hierarchy and Subcomponent Grouping

To enable structured and scalable prioritisation, all subcomponents were mapped
and categorised to a high level component category. This grouping was necessary to
simplify and aggregate the sub-components while maintaining clarity in the main-
tenance plan.

The classification was based on several factors, including the terminology in part
descriptions, the functional role of the subcomponent, and common industry ref-
erences. Subcomponents sharing similar roles or failure behaviours were grouped
under the same functional category. Table 3.1 illustrates an example of this ap-
proach.

Table 3.1: Keyword Mapping of Subcomponents to L2 Categories

Keyword or Model | Mapped to Component Category | Reason

“Filter", “Air" Filters & Pneumatics Air/oil filter mainte-
nance class

“RKP", “pump" Hydraulic System Known hydraulic
components

“MGB-H-AATA1" Safety & Locking Hardware Safety lock module
from Euchner

“ZB4-BZ101" Control & Interface System Schneider control
switch

“ET 200S" Control & Interface System Siemens 1/O or inter-
face module

“minicoder" Sensing & Feedback Devices Position /rotation sen-
sor

“Bus module" Connector & Cable System Industrial communi-

cation hardware

3.1.5 Downtime and Cost Aggregation Strategy

Given that downtime was the primary factor influencing task prioritisation in this
study, a structured categorisation of downtime events was essential. The categori-
sation was performed inductively based on historical logs, followed by validation
through internal expert discussions. The aim was to convert qualitative downtime
severity into a weighted numerical format suitable for prioritisation in the DSS.

Weighted Average =
(- wy)
> W
Where:

e 1x,: downtime or cost value
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o w;: assigned weight based on event severity
Downtime categories and weights:

» Minor stoppage (< 2 hours): weight = 3

o Major downtime (2-5 hours): weight = 6

o Critical downtime (> 5 hours): weight = 8
The weights 3,6,8 were chosen based on the following criteria:

o Fairness: To ensure that each severity category contributes properly to the to-
tal priority score, avoiding overemphasis on uncommon but severe occurrences.

e Interpretability: Is consistent with how technicians and planners immedi-
ately understand the severity of downtime.

» Responsiveness: Keeps the scale from becoming too complicated while giv-
ing the model enough refinement to differentiate between tasks of varying
degrees of complexity.

During expert evaluations, alternate schemes such 1-4-7 and 3—-6—-12 were discussed.
However, they were either excessively aggressive, which caused rare critical events
to be overprioritized, or too flat, which made mid-severity events unreliable. Using
component failure reports from the past, the selected 3—6-8 model provided a work-
able compromise.

Cost aggregation was conducted using the available part-level data, applying a simi-
lar structured approach as with downtime classification. COst was treated as a sup-
porting factor and separate or additional weights were assigned. It is recommended
that future DSS iterations further refine the cost modelling to reflect dynamic pric-
ing, criticality, or stock availability where applicable.

3.2 Prioritisation Framework: AHP-TOPSIS

To facilitate data-driven maintenance task prioritisation, a hybrid MCDM frame-
work that combines TOPSIS and AHP was developed. AHP was utilised to generate
consistent criteria weights using expert-driven pairwise comparisons, ensuring that
failure risk, downtime, and cost were all proportionally reflected. Using vector nor-
malisation and FEuclidean distance metrics, these weights were then used in the
TOPSIS model to evaluate each maintenance component to an ideal solution. This
integration ensures that task rankings are both analytically sound and practically
understandable.

31



3. Methods

3.2.1 AHP

AHP was utilised to generate consistent criteria weights using expert-driven pairwise
comparisons, ensuring that failure risk, downtime, and cost were all proportionally
reflected. Using vector normalisation and Euclidean distance metrics, these weights
were then used in the TOPSIS model to evaluate each maintenance component
against an ideal solution. This integration ensures that task rankings are both an-
alytically sound and practically understandable [24].

o Failure Risk, quantified through the RPN, which incorporates estimates of oc-
currence, severity, and detection. incorporating severity, occurrence, detection.

o Production Impact, assessed through the anticipated downtime in hours if a
specific component were to fail.

e Maintenance Cost, evaluated by considering the cost of necessary spare parts
and labour effort.

Experts were prompted to provide pairwise comparisons of these criteria using a
structured matrix within the dashboard. The geometric mean method was used
to compute weights, and a CR was automatically calculated to ensure logical con-
sistency. The system was designed to enforce a CR below 0.1, in accordance with
Saaty’s guidelines [18]. The implementation logic was robust enough to prevent the
entry of inconsistently weighted judgements, thereby removing the need for manual
correction.

3.2.2 TOPSIS Ranking

The TOPSIS method was then employed to translate these weighted criteria into a
ranked list of maintenance components. This involved several computational steps
[24, 31] :

First, the raw decision matrix was normalised using vector normalisation. This step
ensured that the values across different units (e.g. hours, SEK, RPN) were rendered
comparable. Next, the normalised values were multiplied by the respective AHP-
derived weights, generating a weighted matrix.

For each alternative, the Euclidean distance to both the ideal solution (representing
the lowest values for all criteria) and the anti-ideal solution (the highest values) was
calculated. A closeness coefficient was then computed, indicating how near each
component was to the ideal point. Components with higher coefficients were ranked
as higher priority.

All criteria were treated as cost-type, meaning lower values were deemed preferable.

This approach ensured that components contributing most to risk, cost, or disrup-
tion were addressed with higher urgency.
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3.3 Constraint-Based Scheduling Using Z3

To translate prioritisation into schedules, a constraint programming model was de-
veloped using the Z3 solver [7, 11]. The objective is to generate optimal mainte-
nance plans that simultaneously respect resource limitations, production throughput
requirements and cost-minimisation goals.Table 3.2 lists the set of real-world con-
straints encoded in our model, based on the available data.

Table 3.2: Scheduling Constraints

Constraint Description

Task Concurrency Only one maintenance task can start at a time.

Task Limit per Week A maximum of 4 tasks are allowed per week.

Skill Matching Technician skills must match the task requirement.

Shift Costing Night and weekend shifts incur higher cost.

Production Penalty Maintenance during production peaks is penalised.

Grouping Preference Tasks on the same machine or close in rank are
grouped.

Deadline Penalties Missed deadlines incur escalating costs.

Fairness Tasks are spread evenly to avoid workload cluster-
ing.

Mathematical Constraints

Below are the key scheduling constraints implemented in the model:

Constraint 1: Task Concurrency

Each task must be scheduled exactly once.

T
Zl’ij:l VZG{L,N}
j=1

Constraint 2: Weekly Task Limit

No more than 4 maintenance tasks can be scheduled in any calendar week.

N

SN ;<4 Vwe{l,...,52}

i=1jeW,,
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Constraint 3: Technician Skill Matching

The number of Mechanical or Electrical tasks in a shift must not exceed available
technicians.

Zﬂﬁz‘jSMj ; Z$ij§Ej vy

ieM S

Constraint 4: Rank-Based Ordering

Tasks with a higher priority rank (lower rank number) must be scheduled no later
than lower-priority tasks.

r,<rp=8 <S8, Vik

Constraint 5: Grouping Preference

Tasks on the same machine (or similar in rank) should be scheduled close together.

|si —si| < A, if Machine(i) = Machine(k)

Together, these constraints ensure that the maintenance scheduling model remains
practical, cost-efficient, and implementable in real industrial settings. They account
for resource availability, technician expertise, workload balancing, and operational
requirements such as production peaks and incentive policies. By enforcing these
rules, the model aims to generate a schedule that is both feasible and aligned with
the strategic maintenance goals of the case company. While the current model uses
a fixed cost framework, future enhancements could incorporate variables such as
technician fatigue, skill-based wage tiers, or stochastic task durations.

3.4 Objective Function

The optimisation objective was to minimise the total maintenance cost [23]. This
cost function aggregated various elements:

o Technician labour cost per assigned shift.

Penalties for performing maintenance during high-production periods.
o Overtime charges for weekend and night work.

Escalation costs for tasks that exceeded their deadlines.

The below is the mathematical representation of the objective function:

N T
mmZwa . (C,L +a- HZ -+ Rj . min(Hl-, 8) + Rot : max((], H,L - 8)

i=1j=1
+ v 5jEPeak + A maX(O, Wy — dz) - B : 5jEEarly)
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Where:
« C;, H;, R, and R, represent the base cost, downtime duration, regular shift
cost, and overtime penalty respectively.
e v, A\, and [ are cost multipliers for peak shifts, missed deadlines, and early-
week incentives.
* jcpeaks Ojemarly are indicator functions (1 if condition true, else 0).

(Refer to the Nomenclature section for the complete list of symbols.)

3.5 Output Format

The output of the scheduling model was a structured maintenance plan specifying
the machine name, component, week, day, and shift during which each task should
be performed. This output was formatted as a table and directly visualised within
the dashboard. Users could export the data for reporting or integration into existing
planning systems.

3.5.1 Trial - 1

This trial was conducted to demonstrate the practical application and how the dash-
board functioned as a DSS. For this run, we used the Frech DAK 720 Die Casting
Machine and the Reis SEP 10-30 Dialogue IIT Shaving Press. These machines were
chosen because they had the largest dataset of spare-part, downtime, and cost data.
These machines also have a number of similar components, which were chosen to
demonstrate the model’s ability to handle them. The goal was to assess the entire
system using our AHP-TOPSIS-CP prioritisation and scheduling framework. They
were chosen to mimic real-world scenarios based on the available data.

The first step was to make a pairwise comparison to evaluate the relative compari-
son across three criteria: i.e. downtime, cost and risk. The data for AHP pairwise
was manually filled, and downtime was chosen as primary in this experiment. A
score of 8 was given for downtime vs risk and 4 was given for downtime vs cost.The
third value for CR was automatically calculated from the code to ensure CR will
remain less than 0.1, thereby giving consistent pairwise comparisons. The system
automatically calculated the geometric mean, normalised the weights, and checked
the consistency of the input. In this case the CR was 0.0462 and was acceptable
according to the literature[24].

Gathering expert input at the component level was the second phase. For each
of the selected machines Severity, Occurrence and Detection score were manually
entered into the dashboard. In the die casting machine, for instance, the connec-
tor and cable system was classified as "Rare" for occurrence, "High" for severity,
and "Unlikely" for detection. Because of the manual input, the framework was able
to incorporate latent risk and current operational problems that might not have
been included in prior data. Using these expert-driven S, O, D scores, a total of five
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shaving press components and nine die casting machine components were configured.

Once the weights were assigned, TOPSIS was applied for priori station to give the
final ranks. The model calculated each component’s Euclidean distance from the
ideal and negative-ideal solutions using the normalised and weighted criteria. As a
result, each component was assigned a closeness coefficient that represented its rel-
ative importance. Because of its higher cost, downtime, and criticality, components
like the electrical modules and hydraulic system were placed higher. The results
were displayed as a dynamic ranking table on the dashboard, making them easily
interpretable for maintenance planners.

The simulated experiments are closely related to the maintenance environment,
where maintenance tasks must be scheduled ahead of time while taking into ac-
count the urgency of each component and task, technician availability, and financial
constraints. This trial demonstrates how the system can convert theoretical models
into workable plans by combining real component data, expert-configured scores,
and flexible scheduling rules.

The output ranks from AHP-TOPSIS was then passed into Z3 constraint solver for
scheduling. The 52-week planning horizon was used for scheduling, excluding the c
holiday weeks (Weeks 1, 28-31, and 52). On weekdays, the scheduling model sup-
ported a typical three shift arrangement, on weekends and holidays, it supported
a single shift. For morning and afternoon hours, there were eight mechanical and
seven electrical technicians available, and for night shifts, weekends, and holidays,
there were two technicians.

To guide the Z3 solver in making optimal scheduling decisions, a cost focused ob-
jective function was defined as mentioned in section 3.4. This function included
various penalties reflecting the operational preferences as described in section 3.3.
Shift-related rates were set and additional penalty weights included: 50 points for
scheduling during night or holiday shifts, a rank penalty of 5 to discourage delay of
high-priority tasks, and a group penalty of 10 to incentivise scheduling tasks from
the same machine within close proximity. These penalty values were chosen based
on a balance between operational reality and model responsiveness. Higher night
and holiday rates were set to reflect overtime wages and reduced staff availability.
The rank penalty prioritises urgency, while the group penalty improves scheduling
efficiency by clustering similar tasks, reducing changeover and technician setup time.

This trial scenario closely reflects the industry’s maintenance context, where tasks
must be planned in advance while balancing technician availability, cost constraints,
and the urgency of each task. By using real component data, expert-configured
scores, and flexible scheduling rules, the trial offers a comprehensive demonstration
of how the system can translate theoretical models into actionable plans.

The full list of scheduled tasks, along with their assigned machine, component, week,
day, and shift, was generated as a final output. These outputs were reviewed for
validity and cross-checked against expectations set by maintenance engineers.
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3.6 Decision Support Dashboard

A user-friendly dashboard was developed using the Streamlit framework in Visual
Studio Code. This dashboard served as the central interface through which mainte-
nance engineers and planners could interact with the prioritisation and scheduling
models.

3.6.1 Key Features

The decision-support dashboard developed in this study integrates all analytical
components into a cohesive user interface. Its primary function is to serve as a
bridge between the technical logic underpinning prioritisation and scheduling and
the real-world decisions made by maintenance planners. The dashboard includes a
pairwise comparison interface for AHP inputs [6], allowing users to enter their judge-
ments directly into a matrix. This interface instantly computes priority weights and
checks for consistency using Saaty’s CR metric [24], providing feedback if the inputs
deviate from acceptable thresholds. This ensures that users maintain logical co-
herence in their decision-making without needing to recalculate manually. Another
notable feature is the risk input interface, which lets users manually enter S, O and
D values that contribute to the overall RPN score. By doing so, the system accom-
modates expert judgement and context-specific insights, enabling risk evaluations
to reflect current operational realities rather than static historical data.

Once the weights for AHP are calculated, the component rankings via TOPSIS are
generated and the dashboard presents a ranked list of components in a dynamic
table. This list provides full visibility into how each component scored against all
criteria, and users can explore which factors influenced a component’s prioritisation.
For scheduling, the dashboard integrates a backend call to the Z3 solver. Upon ini-
tiating the scheduling process, users receive a detailed output specifying which tasks
are scheduled in which week, day, and shift. These outputs are clearly formatted
and easy to interpret, aiding maintenance planning at the tactical level. Finally, the
dashboard features several visualisation tools, including bar charts and summary
tables. These visuals enhance user understanding of scheduling patterns, techni-
cian distribution, and overall task criticality, supporting faster and more informed
decision-making.

The dashboard is designed primarily for internal maintenance planners and opera-
tions engineers. By integrating multiple decision layers into a single tool, it enhances
transparency, reduces manual planning errors, and supports timely, data-driven de-
cisions. The entire process is displayed in an intuitive dashboard that is tailored to
partner company’s needs.
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Results

This chapter presents the outcomes of the developed DSS, focusing on its function-
ality and deployment within a real-world industrial setting. It demonstrates how
AHP-TOPSIS ranking and constraint-based scheduling were implemented through
an intuitive dashboard. Key findings from the study are presented to evaluate the
system’s practical effectiveness.

4.1 Results from the developed DSS

One of the key objectives of this thesis was the development of a web application-
based DSS in the form of a dashboard. The goal was to translate technical data
from machines to a practical interface to be used in different scopes in the industry.
Built using the Streamlit library, the dashboard is an interface where the users can
input the data for the algorithm to analyse, rank and schedule the maintenance
tasks. It was designed keeping in mind the requirements of the stakeholders. These
include management teams, repair technicians, and production staff, all of whom
can interact effectively with the dashboard despite differing technical backgrounds.

Upon launching the web application as shown in Figure 4.1, the user is greeted with
a simple dropdown menu to select a ‘Global Primary Criterion’ to choose between
‘Risk’, ‘Downtime’ and ‘Cost’ depending on the background of the user. This forms
the initial basis for how weights are assigned during the AHP pairwise comparison.
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Figure 4.1: A view of the dashboard.

In the ‘Pairwise Comparison’ section, the users input their expertise about relative
importance of these criteria Figure 4.2. The dashboard dynamically generates ad-
ditional comparison drop-downs based on the prioritisation values assigned by the
user as shown in 4.3, while ensuring the resulting ‘CR’ remains below 10% or 0.10.
Following the guidelines by Maletic et al., Saaty [18, 29], which ensure that the
expert input remains consistent. The automatic generation of comparisons removes
the burden on users to perform complex calculations to ensure CR < 0.10.

Deploy
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Selected Machine: ABB Robot M11

Figure 4.2: Selecting a Global Primary Criterion based on user input and priorities
for scheduling maintenance.

When the dashboard initially runs, it summarises relevant historical data such as
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costs, overall downtime, and failure patterns across machines and components Fig-
ure 4.4. The user can also select a particular machine to view subcomponent-level
data. This visual representation enables users to explore historical downtime and
understand maintenance history in a component-wise manner.

Deploy

Primary = Downtime
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9
delecieu vdunine: Abb KODOL IviLL

Spare Part Analysis
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Select Component Spare-Part Downtime Distribution

Figure 4.3: Pairwise comparison based on user input.

The risk scoring module is a key feature where users can customise S, O and D levels
for each machine. These values are used in RPN calculations and can be adjusted on
a scale from ‘Minor’ to ‘Critical’, enabling flexible evaluation of operational risks as
shown in Figure 4.5. Once RPN scores are finalised, users can trigger the TOPSIS
algorithm. The algorithm ranks subcomponents based on criticality and presents a
sorted list with closeness coefficients, offering transparency on how each component
performed across the criteria.
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Figure 4.4: Intuitive design consolidating quantitative data into graphs for better
insight
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Figure 4.5: Manual input of S, O, D scores.

This implementation brings the hybrid AHP-TOPSIS model into a real-time Deci-
sion Support System that encourages data-driven maintenance planning. As Chong
et al. [6] emphasise, MCDM methods act as bridges between domain knowledge
and quantitative logic. This dashboard embodies those principles through a ro-

bust, transparent, and scalable tool for modern industrial maintenance planning
Figure 4.6.
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Figure 4.6: Selecting machines to schedule for maintenance.

The dashboard integrates a backend Z3-based constraint programming algorithm
that converts prioritised tasks into a feasible maintenance schedule aligned with
production constraints. Upon clicking ‘Calculate’, the model evaluates multiple pa-
rameters, such as shifts, holiday periods, technician availability, downtime windows,
production load, and other constraints described in Section 3.3—to generate an op-
timised task schedule organised by component, day, shift, and technician as shown
in Figure 4.7.

Final AHP-TOPSIS Ranking for Machines - 1,2,4,5

Calculate Saved Machines

Machine Component Rank Assigned Week Assigned Day Assigned Shift
0 ABBRobot M11 Pneumatic Interface-A 1 Week1 Monday 1
1 Cooling Machines Valve Assembly-C 2 Weekl Monday 1
2 KMA Hood AS8726 Clamp &Hose Interface-K 3 Weekl Thursday 2
3 Cooling Machines Filtration System-C 4 Weekl Friday 3
4 Magnesium Furnace Alarm Interface-M 5 Week2 Monday 3
5 ABBRobot M11 Operator Interface & Cables-A 6 Week2 Friday 2
6 ABBRobotM1l Sensor System-C 7 Week4 Thursday 3
7 Magnesium Furnace Timing & Relay System-M 8 Week7 Sunday 1
8 ABBRobotM1l End Effector Assembly-A 9 Week16 Wednesday 2
9 Magnesium Furnace Temperature Control System-M 10 Week17 Thursday 3

Download Results as Excel

Figure 4.7: Maintenance tasks are now scheduled.
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4.2 Results from Trial-1

The model produces a complete schedule of all the prioritised tasks across the
planned window. Maintenance components are distributed from Week 2 to Week 46.
Since the objective function was cost-based, these maintenance tasks were scheduled
mainly to minimise the cost while balancing risk and priorities. In some cases, tasks
were scheduled during the 3rd shift when the model determined that the urgency
and priority of the task justified the associated penalty. For example, the Control
and Interface System for the Die Casting machine was scheduled for week 27 in the
3rd shift, while the Safety and Locking Hardware was scheduled for week 35 in the
3rd shift. This indicates that for certain high-priority tasks, the cost of delaying
maintenance further exceeded the trade-off cost of scheduling during less preferred
shifts. Such decisions highlight the model’s ability to balance operational urgency,
scheduling penalties, and maintenance priorities within an optimised framework.

In another instance, the Hydraulic System, despite being the most expensive (21,786
SEK) and having the highest downtime (4.22 hours), was scheduled in Week 46, sug-
gesting that the model considered resource availability constraints in earlier weeks.
This displays the ability of the model to balance costs, components and workloads
to make decisions enabling operational feasibility. Multiple components from the
Die Casting machine such as the electrical Modules, Safety Hardware and Motion
Guidance were all scheduled within a few weeks of each other demonstrating that
the group penalty was successful in pooling relative tasks together in the schedule,
thereby improving efficiency and reducing time taken to switch tools as shown in
Table 4.1.

Machine Component Rank | Assigned Week | Assigned Day | Assigned Shift
Die Casting Machine Frech DAK 720 Filters & Pneumatics-D 1 Week 2 Monday
Shaving press Reis SEP 10-30 Connector & Cable System-S 2 Week 4 Wednesday 2
Shaving press Reis SEP 10-30 Pneumatics & Filters-S 3 Week 7 Sunday 1
Shaving press Reis SEP 10-30 Uncategorized-S 4 Week 11 Wednesday 2
Die Casting Machine Frech DAK 720 | Sensing & Feedback Devices-D 5 Week 14 Data 3

Table 4.1: Trial 1 Output — Scheduled Maintenance Plan

(Note: Only top 5 rows shown. Full schedule includes 14 tasks)
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Discussions

The study set out to address how MCDM algorithm can be implemented through
a DSS framework at a dynamic manufacturing environment to help schedule main-
tenance tasks. The findings display a strong alignment with the goals of reducing
downtime and facilitating data-driven decision-making. A systematic and scalable
way to maximise maintenance activities is to prioritise them based on criticality,
which was made possible by the hybrid MCDM algorithm. The methodology enabled
the prioritisation of components based on failure risk, downtime impact, costs, and
labour requirements, using pairwise comparison and TOPSIS. Once the weights are
established from AHP, TOPSIS algorithm computes the closeness coefficient of each
component, maintenance task to an ideal solution. These ratings are then presented
in a ranked format that enables the user to identify critical components and areas
that require immediate attention. This demonstrates that MCDM techniques can
support structured and informed decision-making in maintenance planning. While
prior studies have individually applied and discussed AHP or TOPSIS as mainte-
nance prioritisation techniques, this thesis presents a novel integration with a CP
algorithm. This hybrid combination not only allows for a nuanced task ranking but
also translates this ranking into realistic operationally feasible scheduling, helping
in data-driven decision making, bridging the gap in existing literature.

Additionally, a user-friendly DSS framework was developed as an interactive dash-
board built using Streamlit. The dashboard integrates Z3 based constraint program-
ming algorithm that logically prioritises, and schedules maintenance tasks based on
real world constraints such as shift limits, overtime, resource availability, costs,
downtime and production schedule. The dashboard also translates historical data
into interactive graphs, allowing users to identify trends. After expert inputs are
provided, the dashboard generates an optimised schedule at the click of a button,
ensuring that user intuition is included in a structured decision-making process as
recommended by Chong et al. [6]. The model shows how a hybrid MCDM model,
along with CP scheduling [11, 18, 31], to improve both strategic and operational
aspects of scheduling maintenance activities in a dynamic environment. The future
scope for research in this field could aim to focus on automating input and data
collection process using IoT and other industry 4.0 practices and data pipelines that
would make maintenance predictions and tool/equipment monitoring real-time and
improve model responsiveness.

This outcome directly contributes to answering the two research questions by show-
ing how prioritised tasks can be optimally scheduled within a real-time, constraint-
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aware decision-support system.

5.1 Maintenance Scheduling Output

The interpretation of a Z3 based constraint programming model represents a signif-
icant improvement in creating feasible schedules from maintenance priorities. Frost
and Dechter [11], emphasised the importance of encoding real-world constraints such
as resource availability, throughput, downtime, and risks. Our model reflects these
conditions by ensuring structured and realistic planning. One of the model’s ad-
vantages is that it inherently distributes workload evenly, relieving equipment and
technicians from overburdening. It enforces shift and resource constraints while pri-
oritising high-importance maintenance tasks. Similar strengths were demonstrated
in Da Col and Teppan [7], where proactive scheduling led to a measurable reduction
in maintenance backlog and labour overtime.

Additionally, penalties for scheduling tasks during night shifts or holidays guided
the model to schedule most activities during regular shifts unless high risk justified
the trade-off. This aligns with Niu et al. [23], that constraint-based models can sim-
ulate intelligent behaviour under multi-faceted conditions, implying that our results
become more accurate as we increase the number of constraints for the algorithm

to fulfil.

5.2 Visual Interpretation

The dashboard was developed to meet the operator’s practical needs, including ease
of use, clear visual representation of data, and a simple layout. Visual tools such as
donut and bar charts to summarise the breakdowns of costs, downtime and other
information were implemented along with a simple design. Simplified input options
reduce cognitive load for operators working in dynamic environments. Recognising
that operators may come from diverse backgrounds, the input process was made
intuitive and adaptable to various user requirements. Instead of requiring standard
numeric weights for AHP, operators select from qualitative options that are inter-
nally mapped to value ranges allowing experience-based inputs without the need for
manual calculations.

As recommended by Chong et al. [6], when deploying the MCDM, it was considered
that the visuals serve as communication between the algorithm and the operators,
combining their heuristic inputs and data into reliable optimised intuitive format of
a maintenance schedule.

5.3 Reflections on Trial 1

The success of the hybrid MCDM and CP framework in a real-world industry set-
ting is illustrated by the trial. Manually adjustable S, O, D scores and weighted
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prioritisation provide the rankings that closely align with the expectations of the
maintenance teams. They acknowledged that certain components, such as the Elec-
trical Modules and Hydraulic System were ranked appropriately due to their effect
on cost and downtimes. However, certain tasks were assigned during the night shift
despite being technically optimal under the model’s function. The stakeholders at
the partner company also preferred to avoid any activities to done during the night
shift. These cases suggest revising penalties or adding hard constraints for shift
preferences.

While the resulting scheduled tasks met the maintenance team’s expectations, a
few discrepancies were noted. For example, the Control Interface System had no
historical failure data and yet was prioritised in the maintenance schedule. This
was mainly due to the grouping logic that is used by the model. The maintenance
team noted that while these components may not have a history of failure. But it
does not rule out potential failures that may occur in the future. The model doesn’t
predict failures at the part level due to data limitations, but it identifies high-risk
areas on machines. This insight is useful for planners, even if not part-specific. Yet,
the trial confirms the framework can support informed decision-making and resource
allocations under these limitations.

Furthermore, the maintenance team recognised the visual transparency and clar-
ity that the dashboard provides in the decision-making process. The component
rankings and schedule breakdowns help cross-functional teams to easily collabo-
rate, improving optimisation across departments and building confidence in the tool
by enabling optimisation in maintenance without a necessary background. Impor-
tantly, the trial displays the competing operational goals, such as minimising costs,
managing resources and risks can be handled in a transparent and traceable way.
In general, the trial displays the real-world application and operational feasibility
of expert judgement through AHP, risk and performance-based rankings through
TOPSIS, and the CP model using Z3 that schedules the tasks based on flexible
constraints. This trial is a strong validation of the DSS and sets the stage for future
scope, like real-time data integration. PM and more effective rollout across different
machines and production areas.

5.4 Deviations and Unexpected Results

The existing maintenance approach, despite being effective, is mostly informal and
reactive. Any maintenance that is scheduled is periodic and preventive type main-
tenance, whereas most of the other maintenance that is carried out is reactive, since
the partner company has a flexible production and maintenance schedule.

Comparatively, the AHP-TOPSIS based DSS developed in the project, aims to in-
tegrate a data-driven methodology for planning and maintenance. Expert opinion
is effectively captured in AHP through pairwise comparison, transparent weightage
for decision criteria such as failure risk, downtime and cost. Integrating TOPSIS
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enhanced the process by converting the weighted evaluations into a quantitative
ranking of various tasks based on a closeness score with respect to an ideal solution
calculated by the algorithm [3, 18]. The scheduling is handled by a Z3-based CP
model that simulates real-world constraints during operation, such as resource avail-
ability, shift preferences, downtimes and costs of resources and shifts. This model
generates a production schedule automatically, optimising the balance between these
constraints and operational efficiency. The approach is consistent with the findings
from Da Col and Teppan, Frost and Dechter [7, 11], which highlight the ability of
the algorithms to solve such complex resource-constrained scheduling problems ef-
fectively.

Additionally, transitioning from reactive-based maintenance to a model-based plan-
ning could further expand scope to Industry 4.0 paradigms [14, 23], supporting
predictive/proactive maintenance strategies. The model proposed in this project en-
sures traceability, consistency and supports decision making. Although the MCDM
framework performed as expected, a few deviations were observed during result in-
terpretation. These findings reveal the sensitivity of the model to specific constraints
and highlight areas of improvement for the future.

Components with low RPN scores but higher spare parts costs were ranked un-
expectedly high in the TOPSIS closeness scores. This phenomenon highlights the
significance that even the moderately rated weighted criteria can impact the final
ranking of maintenance tasks. A similar sensitivity was noticed by Maletic et al.
[18], where it was found that the hybrid model could influence the pairwise compar-
ison input quality, particularly when the relationship between costs and risk were
not defined clearly.

Furthermore, the model sometimes clustered tasks with similar priorities, causing
temporary workload spikes. Penalising clustering or enforcing strict load-balancing
could mitigate this. Overall, the model followed hard constraints and delivered
feasible solutions, indicating reliability despite areas for improvement.

5.5 Limitations

A handful of assumptions shaped the project throughout; since the maintenance
team operates within a relatively flexible production environment, certain tasks can
be performed without causing major disruptions. This creates variable constraints
that are difficult to encode. The algorithm assumes that most maintenance tasks
must be conducted during the day shift and excludes holidays. Additionally, most
PM tasks are typically carried out during the summer, when production activity is
reduced, allowing greater access to machines and equipment for maintenance.

Due to the large nature of the algorithm and current physical limitations, the com-
puting time taken by the algorithm may be longer than expected, depending on
the number of machines and schedules calculated. Optimising the algorithm and
deployment at the production systems could potentially improve performance and
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reduce the time taken to calculate.

Additionally, cost and downtime data were simplified and not necessarily accurate.
One important thing to note about this framework is that it doesn’t point out the
exact component that needs maintenance. Instead, it helps maintenance planners
identify which machines or general areas are more likely to require attention. This
gives them a clear starting point, but it doesn’t go as far as identifying the exact
component that needs to be fixed. The main reason for this limitation is the lack
of detailed historical failure data and real-time monitoring information. We don’t
have enough past records or sensor data to confidently say “this component will fail
soon.” As a result, the system highlights where risk appears higher, but leaves the
final judgement to the experience of the maintenance team.

5.6 Recommendations and Future Scope

The current system provides a strong foundation in maintenance planning, but of-
fers several areas for future research in the field. A key recommendation is to is to
integrate the framework with the TPdM initiative that allows for real-time PdM,
reducing manual data input and increasing automation capabilities. Real-time data
from machines can be leveraged by the dashboard to continuously update task pri-
orities based on actual operating conditions and performance trends.

Improving the reliability and accuracy of the data collection with CMMS is also
a major scope of improvement. The reliability of prioritisation inputs reduce with
inconsistent logging of maintenance tasks. Ensuring robust data collection would
provide a solid foundation for machine learning models in the future. Once CMMS
data can be consistently captured, it could be seamlessly integrated with machine-
learning algorithms that automate the DSS. For instance, historical patterns could
be used to automatically populate RPN scores and ratings within AHP framework,
improving responsiveness. The dashboard could potentially be transformed from a
static input interface to a more and adaptive system.

Furthermore, the existing framework could potentially be integrated with an ERP
system that could increase the operational awareness of the system. Crucial data
such as resource availability, costs and production schedules could be directly fed
to the CP algorithm to generate an operationally feasible maintenance schedule.
For instance, if there is a critical component that might be out of stock to conduct
maintenance activities, the algorithm could potentially have the ability to resched-
ule maintenance tasks automatically with minimal human interaction.

Long term scope would be for the system to be validated and stabilised in its current
state and scaled to support the entire production line, including managing main-
tenance tasks across departments and coordinating operations, enabling centralised
planning and organisation-level maintenance planning.

Combining predictive capabilities and system level integration, the proposed DSS
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can evolve into a fully autonomous, intelligent maintenance planning framework that
is capable of adapting to dynamic environments like a manufacturing industry.
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Conclusion

This thesis presents a comprehensive DSS for scheduling and prioritising mainte-
nance tasks in a real-world manufacturing environment at a Swedish manufacturing
company. The proposed framework, has been able to integrate a distinct hybrid
MCDM process by combining both AHP and TOPSIS methods with CP algorithms
to enable maintenance tasks to be scheduled as per operational feasibility. The DSS
assists in planning and scheduling maintenance tasks based on both inputs from
the user and quantitative data from the machines, enabling the maintenance team
to make informed decisions considering factors such as risk, costs, technician avail-
ability and production cycles. In moving away from predominantly reactive-based
maintenance. The system improves transparency and a prioritisation process that
reflects both technical criticality and operational feasibility. AHP enables the op-
erator to capture their knowledge and preferences through weights and structured
pairwise comparisons, while TOPSIS converts those preferences and weights to a
ranking list of tasks based on closeness to an ideal solution. The CP algorithm en-
sures that the resulting ranked maintenance priorities from TOPSIS are scheduled
into feasible actionable maintenance schedules, keeping in mind downtime windows,
technician and resource availability, costs, among other constraints.

Theoretically, this project emphasises on the importance of the unique hybrid MCDM
approach to strategic scheduling and planning. Further expanding on existing liter-
ature, the model exhibits the advantages of decision-making methods can be opera-
tionalised into daily workflows, transforming how maintenance is planned. Thereby
bridging the gap between strategy and execution that aligns with industry require-
ments. Practically, the DSS was designed for scalability and ease of use. The
real-world use in an operational production facility like a Swedish manufacturing
company demonstrates the model’s potential to be extended across the facility with
similar maintenance constraints. Furthermore, the integration of a dashboard in-
terface allows for intuitive interaction with both, technical and non-technical users,
empowering maintenance teams to make timely, data-informed decisions.

The trial results confirmed that the proposed DSS system can effectively integrates
prioritisation and scheduling in a complex industrial environment. The use of real
component data, expert inputs and configurable optimisation parameters results in
a schedule that is both cost-effective and operationally feasible. Importantly, the

model demonstrated flexibility in balancing trade-offs and adapting to stakeholder
feedback.

51



6. Conclusion

In our context, the unique hybrid MCDM framework paired with CP algorithm
results in a DSS that represents a step towards a more intelligent, proactive and
strategically aligned maintenance planning system in modern manufacturing envi-
ronments.
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Appendix 1

Declaration of Generative AI and Al-Assisted Technologies in writing
process:

During the writing of this thesis work, the authors have used various models of Ope-
nAI’s Chaptgpt to support proofreading, improve readability and assist in structring
the content. Additonaly ChaptGPT was used to generate Phyton codes for the build-
ing and developing the Decision-support dashboard. All outputs were thoroughly
verified and reviewved by authors, who take full responsibility for the final content
and implementation.
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