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ABSTRACT 

Artificial intelligence (AI) is one of the fields in science and engineering and encompasses a wide 

variety of subfields, ranging from general areas (learning and perception) to specific topics, such 

as mathematical theorems. AI and, specifically, multi-objective genetic algorithms (MOGAs) for 

risk-based life cycle cost (LCC) analysis should be performed to estimate the optimal replacement 

time of tunnel fan systems, with a view towards reducing the ownership cost and the risk cost 

and increasing company profitability from an economic point of view. MOGA can create systems 

that are capable of solving problems that AI or LCC analyses cannot accomplish alone. 

The purpose of this thesis is to develop a two-level MOGA method for optimizing the 

replacement time of reparable system. MOGA should be useful for machinery in general and 

specifically for reparable system. This objective will be achieved by developing a system that 

includes a smart combination of techniques by integrating MOGA to yield the optimized 

replacement time. Another measure to achieve this purpose is implementing MOGA in 

clustering and imputing missing data to obtain cost data, which could help to provide proper 

data to forecast cost data for optimization and to identify the optimal replacement time. 

In the first stage, a two-level MOGA is proposed to optimize clustering to reduce and impute 

missing cost data. Level one uses a MOGA based on fuzzy c-means to cluster cost data objects 

based on three main indices. The first is cluster centre outliers; the second is the compactness 

and separation (𝑣𝑘) of the data points and cluster centres; the third is the intensity of data points 

belonging to the derived clusters. Level two uses MOGA to impute the missing cost data by 

using a valid data period from that are reduced data in size. In the second stage, a two-level 

MOGA is proposed to optimize time series forecasting. Level one implements MOGA based on 

either an autoregressive integrated moving average (ARIMA) model or a dynamic regression 

(DR) model. Level two utilizes a MOGA based on different forecasting error rates to identify 

proper forecasting. These models are applied to simulated data for evaluation since there is no 

control of the influenced parameters in all of the real cost data. In the final stage, a two-level 

MOGA is employed to optimize risk-based LCC analysis to find the optimal replacement time 

for reparable system. Level one uses a MOGA based on a risk model to provide a variation of 

risk percentages, while level two uses a MOGA based on an LCC model to estimate the optimal 

reparable system replacement time. 

The results of the first stage show the best cluster centre optimization for data clustering with 

low 𝑣𝑘 and high intensity. Three cluster centres were selected because these centres have a 

geometry that is suitable for the highest data reduction of 27%. The best optimized interval is 

used for imputing missing data. The results of the second stage show the drawbacks of time series 

forecasting using a MOGA based on the DR model. The MOGA based on the ARIMA model 

yields better forecasting results. The results of the final stage show the drawbacks of the MOGA 

based on a risk-based LCC model regarding its estimation. However, the risk-based LCC model 

offers the possibility of optimizing the replacement schedule. 

However, MOGA is highly promising for allowing optimization compared with other methods 

that were investigated in the present thesis. 
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SAMMANFATTNING  

Artificiell intelligens (AI) är en av de nyaste områdena inom vetenskap och teknik. Det innefattar 

ett stort antal forskningsområden, allt från det allmänna lärandet och mekanismer bakom 

uppfattningsförmåga till mer väldefinierade områden såsom matematisk. AI och specifikt multi-

objective genetic algorithms (MOGA) för riskbaserad livscykelkostnadsanalys (LCC) kan 

användas för att uppskatta optimala ersättningstiden för tunnelfläktar med mål att minska kostnad 

och minimera risk. MOGA kan generera optimala lösningar som är svåra att ta fram manuellt. 

Syftet med denna avhandling är att utveckla en två-nivå MOGA-metod för 

ersättningstidsoptimering av tunnelfläktsturbinsystemet. MOGA bör vara användbart för 

maskiner i allmänhet och speciellt för turbinanläggning. Detta ska uppnås genom att utveckla ett 

system som ger en smart kombination genom att integrera MOGA för att få bästa möjliga 

optimeringstid. En annat applikationsområde för MOGA är att använda resulterande kluster till 

imputera saknad data. Detta möjliggör prediktion av kostnadsdata och för att hitta den optimala 

ersättningstiden där det inte annars skulle vara möjligt. 

I det första steget erbjuder en tvånivå MOGA optimering av klustring för att minska och 

imputera saknad kostnadsdata. I nivå 1 använder en MOGA baserad på fuzzy c-medel för att 

klustra kostnadsdataobjekt baserad på tre huvudindex. Den första är utjämnare för klustercentra; 

den andra är kompaktheten och separationen (𝑣𝑘) av datapunkterna och klustercentra; den tredje 

är intensiteten av datapunkter som tillhör de härledda klustren. I nivå 2 använder MOGA för att 

påföra den saknade kostnadsreduceringsdatan inom en giltig dataperiod. I andra etappen 

optimerar en tvånivå MOGA prognoser för tidsserier. I nivå 1 implementerar MOGA antingen 

baserat på en autoregressiv integrerad rörlig genomsnitts (ARIMA) modell eller dynamisk 

regression (DR) modell. I nivå 2 använder en MOGA baserad på olika prognosfelpriser för att 

identifiera en korrekt prognos. I det sista steget föreslår en tvånivå MOGA att optimera en 

riskbaserad LCC-analys för att hitta den optimala underhållsutbytetiden för vägtankersystem. I 

nivå 1 använder en MOGA baserad på en riskmodell för att ge en variation av riskprocenter, 

medan nivå 2 använder en MOGA baserad på en LCC-modell för att uppskatta den optimala 

fläktutbytetiden. 

Resultaten från första etappen visar att den bästa optimering av klustercentren ger låg 𝑣𝑘 och 

hög intensitet. Tre klustercentraler har valts eftersom de har en lämplig geometri med den högsta 

datareduktionen på 27%. Det bästa optimeringsintervallet används för att fördröja saknad data. 

Resultaten från det andra steget visar nackdelarna med prognoser i tidsserier med användning av 

en MOGA baserad på DR-modellen. En MOGA baserad på ARIMA-modellen ger bättre 

prognosresultat. Resultatet av slutskedet visar nackdelen med MOGA baserat på en riskbaserad 

LCC-modell avseende dess uppskattning. Samtidigt erbjuder riskbaserad LCC-modell 

möjligheten att optimera ersättningsplanen. 

MOGA visar emellertid möjligheten att optimera jämfört med andra metoder som den har 

undersökts i denna avhandling p.g.a. av dess förmåga att lösa problem där andra metoder inte är 

applicerbara. 

Keywords: Artificial intelligence (AI), Life cycle cost (LCC), Machine learning (ML), Multi-

objective genetic algorithm (MOGA), Risk-based life cycle cost (LCC), Tunnel fans, Two-level 

system. 
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NOTATIONS 

𝛾 positive random number between 0 and 1 

𝑧𝑐 cost of the 𝑧𝑡ℎ values in the current population of the object 

𝑚 number of objects; in this case, m = 2 

𝑧𝑘𝑗 object’s data points 

𝐶 number of cluster centres 

𝑁 number of data points belonging to cluster centres 

‖𝑣𝑖 −  �̅�‖2
 average distance between 𝐶 cluster centres 

𝑚𝑖𝑛𝑖≠𝑗‖𝑣𝑖 −  𝑣𝑗‖
2
 minimum distance between 𝐶 clusters 

𝑌𝑖 actual value of 𝑖th training 

𝑃𝑖 generated value of 𝑖th training 

𝑦𝑡 the actual data over time 

𝜇 the mean value of the time series data 

𝑝 the number of autoregressive lags 

𝑑 the number of differences calculated with the equation ∆𝑦𝑡 =  𝑦𝑡 −
 𝑦𝑡−1 

𝑞 the number of lags of the moving average process 

𝜎 autoregressive coefficients (AR) 

𝜃 moving average coefficients (MA) 

𝜖 the white noise of the time series data 

𝑥𝑡 the actual data over time 

𝛼 constant estimated value of the time series data 

𝐻1 the hypothesis is either 𝐻1 = 1 or 𝐻1 < 1 

𝑡 time {𝟏, … , 𝒌} 

𝐹𝑡 the forecasted data over time 

𝑥 constant value calculated with the normal equation, where 𝑋𝑇𝑋𝐴 =

 𝑋𝑇𝑏 

𝑏1 𝑎𝑛𝑑 𝑏2 calculated with the normal equation, where 𝑋𝑇𝑋𝐴 =  𝑋𝑇𝑏 

𝑌𝑡 related to 𝑌𝑡−1 and 𝑌𝑡−2 

CM corrective maintenance cost (cu) 

PM preventive maintenance cost (cu) 

𝑆𝑃𝑐 spare part cost for corrective maintenance (cu) 

𝐿𝐶𝑐 labor cost for corrective maintenance (cu) 
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𝑆𝑡 resale value (cu) 

BV1 booking value on first day of operation (cu) 

Dr depreciation rate 

t fan’s lifetime (months) 

RT replacement time (months) {1,…, t} 

𝑟 interest rate 

M number of fan replacement cycles 

𝐸𝑐𝑡
 the expected risk cost over 𝑡 monthly time scale {0, … , 𝑡} 

𝑅𝑓𝑖
 the failure monthly rate, which is the rate of the interval times of two 

regular repairable failures 

𝐶𝑓𝑖
 the failure cost (labor and material cost) associated with the occurrence 

of each limit over the number of failures 𝑀 
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INTRODUCTION 

1.1. Background 

Fundamental questions have surrounded the field of Artificial Intelligence (AI) since its inception 

regarding what intelligence means and how to measure it. The underlying issues of defining 

intelligence and how to formally measure intelligence are sensitive topics in human culture, both 

with respect to humans and, more so, with respect to machines. Several attempts have been 

made to generalize the definition of universal intelligence and to derive formal benchmark tests 

from such definitions (Turing 1995, Mishra 2016). Researchers have been striving to instil such 

computers capabilities for learning and solving complex problems. Machine Learning (ML) has 

been acquired over time call for automated methods of data analysis (Michalski, Carbonell et al. 

2013). In the present thesis, the researchers will review the definition of AI and aggregate the 

mathematically formalized tests (ML) proposed for AI thus far. 

 

1.1.1. AI and machine learning (ML) 

“Artificial intelligence (AI) started as a field whose goal was to replicate human-level intelligence 

in a machine” (Brooks 1991). This goal was further appreciated even when early hopes 

diminished in light of difficulty. Slow progress has been made over the previous twenty years in 

demonstrating the aspects of intelligence. Recent research has tended to concentrate on 

commercial sable aspects of "intelligence" for human workers or decisions (Brooks 1991). 

AI can be used in machines to solve problems in a manner that, as done by humans, requires 

intelligence. AI is one of the newest fields in science and engineering, encompassing a wide 

variety of subfields that range from general (learning and perception) to specific, such as 

mathematical theorems. This definition concerns processing and reasoning, whereas another 

proposed definition addresses behaviour against rationality (Russell, Norvig 2016). 

For AI to be successful, two things are needed: intelligence and an artefact. The computer has 

been the artefact of choice for intelligence development based on hardware and software (Louie 

2000, Russell, Norvig 2016). The goal of the present thesis is to evaluate the possibility of using 

an artificial intelligent system to facilitate a complex industrial system or real-world system. 

Research in this area tends to focus on discovering and applying new models for representing 

and using knowledge and assembling systems that can explain various types of intelligence. 

AI models create systems that are capable of solving problems that individual techniques alone 

cannot accomplish. Once the appropriate techniques have been chosen, comparisons should be 

made to determine which techniques are most suitable to solve the problem. AI has evolved to 

the point where it is now being used in many facets of technology. The success of these and 

other intelligent systems has led to increased interest in incorporating AI techniques into more 

complex systems (Louie 2000). 

Learning is the phenomenon for achieving artificial intelligence. Learning processes include the 

acquisition of new declarative knowledge, the development of machines through instruction or 

practice, the new knowledge of organization, effective representations, and the discovery of new 

facts and theories through observation and experimentation. Researchers have been striving to 
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instil such capabilities in computers for learning and solving complex problems. The study and 

computer modelling of learning processes in their multiple manifestations comprise the subject 

matter of Machine Learning (ML) (Michalski, Carbonell et al. 2013). 

The variety and complexity of data that have been acquired over time call for automated methods 

of data analysis, which can be provided by ML. In particular, ML defines a set of methods that 

can automatically detect patterns in data; these uncovered patterns can then be used to analyse 

and predict future data or to perform other types of decision making associated with uncertainty, 

such as planning how to collect more data (Goldberg, Holland 1988, Murphy, Kevin P. 2012). 

Currently, the field of ML is organized around three primary objectives (Michalski, Carbonell 

et al. 2013): 

• Task-oriented studies: in engineering approaches, analysis of the system can improve 

performance in a predetermined set of tasks. 

• Cognitive simulation: the computer simulation of human learning processes. 

• Theoretical analysis: the theoretical exploration of the possible learning methods and 

algorithms independent of the engineering application domain. 

These objectives are connected, and although many research efforts strive primarily to address 

one of these objectives, progress towards one objective often leads to progress towards another. 

Research in ML has revealed the possibility of instructing computers in new manners and thereby 

offers the promise to ease the burden of manually programming growing volumes of increasingly 

complex information in future computers (Michalski, Carbonell et al. 2013). 

Figure 1.1 shows the relation between AI and ML. AI is any technique that enables computers 

to interact as human intelligence, using logic, if-then rules, and decision making. ML is a subset 

of AI that includes abstruse statistical techniques that enable machines to improve and execute 

tasks based on historical experience. The combination of AI and ML makes possible efficient and 

intelligent systems for decision making (Michalski, Carbonell et al. 2013). 

 

Figure 1.1: The relation between AI and ML (Michalski, Carbonell et al. 2013) 
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1.1.2. Multi-objective genetic algorithm (MOGA) 

Currently, existing models and methods must be improved. Such models could be capable of 

many different phenomena and could be used to solve a wide variety of real-life problems. 

Evolutionary computing was introduced in the 1960s by Ingo Rechenberg in his work on 

evolutionary algorithms (EAs) (Rechenberg 1989), and this idea was later developed in other 

studies. Genetic algorithms (GAs) were first invented, proposed and developed by John Holland 

in his book “Adaptation in natural and artificial systems” in 1975 (Holland 1975). Holland 

proposed GAs as a heuristic method based on “Survival of the fittest” and discovered GAs as a 

useful tool for search and optimization problems (Holland 1975, Sivanandam, Deepa 2007). 

The science of genetics helps us differentiate between heredity and variations and can account 

for resemblances and differences based on the concepts of EAs. EAs are directly derived from 

natural heredity data structures and problem-sensitivity. Specifically, the concepts of GAs are 

directly derived from EAs. The main terminologies involved in the biological background of 

species are as follows (Sivanandam, Deepa 2007): 

• The cell: Every human cell is a complex of many “small” factories that work together, 

and the centre of the cell is the cell nucleus. Inherited genetic information is contained 

in the cell nucleus. 

• Chromosomes: Genetic information is stored in chromosomes, and the chromosome is 

composed of deoxyribonucleic acid (DNA). In humans, chromosomes exist in pairs (23 

pairs), and chromosomes can be divided into many parts, known as genes. The different 

possibilities for a property contained in the gene are called alleles, and a gene can comprise 

different alleles. 

• Genetics: The entire combination of genes is called the genotype, and the phenotype 

describes the physical aspect of decoding a genotype. An interesting point of the 

evolution process is that selection is performed according to the phenotype, whereas 

reproduction leads to different combinations of the genotype. 

• Natural selection: The species origin is based on the preservation of favourable variations 

and the avoidance of unfavourable variations. Variation comprises the differences shown 

by individuals of different species and by offspring of the same parents. Considering 

variation, there are more individuals born than can survive. Individuals with an advantage 

have a greater chance to survive and for their variance to be retained, i.e., survival of the 

fittest. 

GAs are an example of mathematical technology transfer simulating evolution that can solve 

optimization problems for a variety of data sources. Today, GAs are used to solve complicated 

optimization problems such as timetabling, scheduling, and game playing (Sivanandam, Deepa 

2007, Jayalal, Riyas et al. 2019). From 1993–1995, many different EAs were suggested to solve 

multi-objective optimization problems (Deb, Pratap et al. 2002). Fonseca and Fleming proposed 

a MOGA (Fonseca, Fleming 1993). Srinivas and Deb also suggested a Non-Dominated Sorted 

GA (NSGA) (Srinivas, Deb 1994), and Horn et al. described the Niched Pareto GA (NPGA) 

(Horn, Nafpliotis et al. 1994). These algorithms demonstrated the necessary additional operators 

for converting a simple EA to a multi-objective EA. 

Two common features of all three types of algorithms are the following: 1) assigning fitness to 

population members based on non-dominated sorting and 2) preserving diversity among 

solutions of the same non-dominated front. Multiple non-dominated solutions have been shown 

on many test problems and engineering problems. Researchers have acknowledged the must 
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introduce more useful operators into single-objective GAs to solve multi-objective optimization 

problems (Deb, Pratap et al. 2002). 

There are two characteristic features of a MOGA. The first is its selection procedure. In the 

selection procedure, a MOGA uses a weighted sum of multiple objective functions that are 

combined into a scalar fitness function. The weights attached to the multiple objective functions 

are not constant but rather randomly specified for each selection. Therefore, the direction of the 

search in a MOGA is not constant. The second characteristic feature of a MOGA is its elite 

preservation strategy. A MOGA with various search directions is shown in Figure 1.2. The 

performance of a MOGA is examined by maximizing the total objectives while minimizing the 

number of directions searched by the MOGA (Murata, Ishibuchi et al. 1996). 

 

Figure 1.2: Directions of the search by the MOGA (Murata, Ishibuchi et al. 1996) 

MOGAs have several features that make this type of algorithm efficient and popular. The features 

are as follows (Deb, Pratap et al. 2002): 

• Fast non-dominated sorting: given a population of size 𝑁, each solution can be compared 

with every other solution in the population to find if it is dominated. This requires 

𝑂(𝑀𝑁) comparisons for each solution, where 𝑀 is the number of objectives. When this 

process is continued to find all members of the first non-dominated level in the 

population, the total complexity is 𝑂(𝑀𝑁2). At this stage, all possible individuals in the 

first non-dominated front are found. However, to find the possible individuals in the 

next non-dominated front, the solutions of the first front are discounted temporarily, and 

the above procedure is repeated (Deb, Pratap et al. 2002). 

• Diversity preservation holds that the GA maintains a good spread of solutions among the 

obtained set of solutions (Deb, Pratap et al. 2002). 

• The main loop initially describes the creation of a random parent population 𝑃0. The 

population is sorted based on the non-domination. Each solution is assigned a fitness (or 

rank) incrementally equal to its non-domination level. Thus, minimization of the fitness 

is assumed, and the usual binary tournament selection, recombination, and mutation 
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operators are used to create a new offspring population 𝑄0 of size 𝑁 (Deb, Pratap et al. 

2002). 

The step-by-step procedure in Figure 1.3 shows that the MOGA is simple and straightforward. 

First, the combined population has the size 𝑁. Then, the population is sorted according to non-

domination to obtain ensured elitism. The solutions belonging to the best non-dominated set 

are among the best solutions in the combined population and must be emphasized more than 

other solutions in the combined population. The procedure is continued until no more sets can 

be accommodated. The new population is now used for selection, crossover, and mutation to 

create a new population (Deb, Pratap et al. 2002, Vu, Probst et al. 2019). 

 

Figure 1.3: Outline of a MOGA (Murata, Ishibuchi et al. 1996) 

The following genetic operations are employed to generate and handle a population in a MOGA 

(Murata, Ishibuchi et al. 1996): 

Step 0 (Initialisation): Generate an initial population containing 𝑁 number of values. 

Step 1 (Evaluation): Calculate the values of the objective functions for the generated 𝑁 values. 

Step 2 (Selection): Calculate the fitness function 𝑓(𝑥) of each value. The selection step is 

repeated a different number of times to produce different offspring for steps (3) and (4). 

Step 3 (Crossover): Apply a crossover operation for each selected pair to generate offspring with 

the crossover probability, as shown in Figure 1.4. 

Step 0: Initialization 

Step 1: Evaluation 

Step 2: Selection 

Step 3: Crossover 

Step 4: Mutation 

Step 6: Termination Test 

Step 7: User Selection 

Step 5: Elitist Strategy 
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Figure 1.4: Crossover operator 

Step 4 (Mutation): For each string generated by the crossover operation, apply a mutation 

operation with a pre-specified mutation probability, as shown in Figure 1.5. 

 

Figure 1.5: Mutation operator 

Step 5 (Elitist strategy): Randomly remove values from 𝑁 generated by the above operations 

and add the same number of values from a proposed solution to the current population. 

Step 6: (Termination test): If a pre-specified stopping condition is not satisfied, return to step 1. 

Step 7 (User selection): The MOGA returns a final set of optimal solutions to the decision maker. 

A single solution (i.e., the final solution) is selected according to the decision maker's preference. 

These steps offer the possibility to adapt MOGAs to any research problem and to optimize the 

possible solutions. MOGAs to solve multi-objective optimization problems can be used for 

industrial applications, such as optimizing maintenance costs and decreasing failure risk costs. 

A       B        C         D       E         F         G         H 

1       2         3       4         5         6         7       8 

A       B        C         D        E         6         7         8 

1       2        3         4       5         F         G         H 

A       B        C         D       E         F         G         H 

A       B        H         D       E         F        G          C 
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1.1.3. Risk-based life cycle cost (LCC) 

The LCC is defined as the sum of all the acquisition and ownership costs incurred during the 

useful life span of a system. These costs include direct, indirect, recurring, and nonrecurring costs 

of design, research and development, investment, operations, maintenance and other support of 

the system, and retirement of the system. The ownership costs represent the total of all costs 

other than the acquisition or initial cost during the life time of a system. The LCC term was 

used for the first time in 1965 in a report entitled "Life Cycle Costing in Equipment 

Procurement" (Dhillon 2009). This report was prepared by the Logistics Management Institute, 

Washington, D.C. for the Assistant Secretary of Defense for Installations and Logistics, the U.S. 

Department of Defense, Washington, D.C. According to many studies, the system ownership 

cost (i.e., operating and logistic cost) can vary considerably and amount to 10-100 times the 

original acquisition cost (Ryan 1968). Determining the system’s life cycle cost is an important 

issue because the acquisition is a small part in relation to the total costs associated with owning 

and operating the system (Ahmed 1995). 

The specific goals of life cycle costing in product acquisition management are to estimate the 

total ownership cost (TOC) of the system and to decide the optimal replacement time. Reducing 

the TOC by using LCC analysis is an important issue in the development process of the system, 

and understanding TOC implications is necessary to decide whether to continue to the next 

development phase and to assist in procurement decisions. The economical estimation technique 

of LCC analysis determines the total cost of owning, operating, maintaining and disposing of a 

system over the system life (Farr 2011). 

“A LCC analysis that does not include risk analysis is incomplete at the best and can be incorrect 

and misleading at worst” (Craig 1998). LCC analysis combined with risk analysis provides 

different decision scenarios, and there are different consequences of these decisions. Some of 

these analyses might not be applicable because of different operational and environmental 

situations (Markeset, Kumar 2001). However, the goal is to estimate and compare the likelihood 

of success or failure for all optimizations of the LCC with different levels of reliability. The 

reliability can be defined as the probability that the system can perform continuously and without 

failure over a period of time when operated under the stated conditions (Markeset, Kumar 2001). 

The introduction of risk assessment and risk analysis ensures that the consequences of risks are 

understood and considered throughout the product life cycle (Edmonds 2000). One of the most 

important benefits of using risk assessment is to generate a range of costs, i.e., to move away 

from single point estimating because a range of costs is much more efficient to estimate than a 

single cost (Roy, Forsberg et al. 2000). Furthermore, once a risk analysis has been conducted, 

the analyst can consider ways to reduce the risk, e.g., by avoidance, deflection or contingency, 

and then plan accordingly to control the reduction process (Rush, Roy 2000). 

There are several methods for estimating cost. Traditional cost estimating includes two main 

estimates: a first sight estimate performed early in the cost stage and a detailed estimate made to 

precisely calculate cost. AI can be applied with a GA to estimate system cost by which the 

computer can learn the effects on system/related parameters based on historical cost data. The 

GA approximates the functional relationship among the cost parameters that are input during 

the training phase and applies the approximated function in the testing phase to obtain a predicted 

cost (Rush, Roy 2000). 
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1.1.4. Reliability assessment 

Reliability assessment is directly associated with studying the failures of a system. Failure is 

defined as the termination of an item’s ability to perform a required function, although reliability 

is the probability of that the item performs a required functionality under given conditions and 

a defined time interval (IEC 1990). A system can be repairable or non-repairable. Repairable 

systems can be restored, although non-repairable systems are replaced when they fail (Louit, 

Pascual et al. 2009a). 

Various models can be applied for reliability assessment depending on the type of failure data and 

the repairability of the system. If the repair or substitution of the failed part in a complex system 

does not involve a significant modification of the system reliability, then the non-homogeneous 

Poisson process (NHPP) is able to correctly describe the failure-repair process (Coetzee 1997, 

Louit, Pascual et al. 2009a). Other authors prefer the homogeneous Poisson process (HPP) 

because of its simplicity in calculations (Murphy, K. E., Carter et al. 2002, Panja, Ray 2007), 

even though some risks must be taken into account when assuming a constant failure rate 

(Littlewood 1985). A common idea is to assume that certain failure data are independent and 

identically distributed (iid), but this can lead to incorrect model selection for the time between 

failures and wrong conclusions and decisions (Louit, Pascual et al. 2009a). 

Several authors have studied the power of the different trend tests for repairable systems 

(Garmabaki, Ahmadi et al. 2015, Kvaløy, Lindqvist et al. 2001, Viertävä, Vaurio 2009). The 

trend and independence of the data must be checked to find the best model that fits the data. 

Different trend tests can be used depending on whether the data are monotonic. A trend in the 

pattern of failures can be monotonic or non-monotonic. If there is no trend shown in the data, 

the failure rate is identically distributed. Non-monotonic trends occur when trends change with 

time or when they repeat themselves in cycles. If there is a monotonic trend, the system is 

improving (deteriorating) in cases in which the time between arrivals tends to increase (decrease). 

In addition, different tests have different null hypotheses; for example, if a trend test for the null 

hypothesis H0 being NHPP is rejected, the hypothesis accepted (Barabady, Kumar 2008, Morant 

Estevan 2015). 

There are different tests to check whether data present a parametric or graphic trend. Graphical 

tests can be used to determine the data trend, to identify possible outliers in the data, and to 

indicate whether the trend is monotonic or non-monotonic. The plot of cumulative number of 

failures vs. cumulative operating time can be used to check the data homogeneity and the type 

of data trend (monotonic or non-monotonic) (Asher, Feingold 1984, Crowder 2017). The 

results of the plot can provide an initial answer regarding whether the null hypothesis should be 

rejected; this outcome should later be validated by the results of parametric tests. However, 

graphical techniques do not provide statistical evidence to reject the null hypothesis (Tsang 

2012). 

Parametric tests, such as the Laplace test and the Anderson-Darling test, help to determine 

whether an observed trend is statistically significant or only accidental, (Asher, Feingold 1984, 

Tsang 2012). Laplace tests check the null hypothesis that data come from an NHPP; rejection 

of the null hypothesis means the process is not an NHPP but could still have no trend (Asher, 

Feingold 1984, Lindqvist 1999). Trend tests for evaluating the null hypothesis are based on the 

limits of each trend test considering a confidence interval of 95%. 
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After calculating the parameters for the different possible distributions, it is necessary to perform 

a statistical test for goodness of fit (Ebeling 2004). Goodness-of-fit tests indicate that the proper 

distribution fits the failure data by comparing the p-value (the probability of obtaining a value 

from the corresponding distribution equal to or more extreme than the one computed from the 

data for the parametric test), which is a measure of the level of significance (Vaurio 1999). 

The Anderson-Darling test for goodness of fit is a modification of the Kolmogorov-Smirnov (K-

S) test. The Anderson-Darling test can be used to test various distributions, such as normal, 

exponential, Weibull, lognormal, and uniform distributions. The Anderson-Darling test is an 

alternative to the Chi-square and Kolmogorov-Smirnov goodness-of-fit tests (Stephens 1974). 

 

1.1.5. Two-level multi-objective optimization theory 

The literature shows that both single-level and two-level single-objective optimization have 

several advantages, but single-level optimization has a high computational cost for composite 

maintenance replacement. However, both single-level and two-level single-objective 

optimization must be improved for three reasons. First, in real-world planning problems, 

parameters can be represented as fuzzy sets or non-linear given human-induced imprecision in 

acquiring modelling parameters. Second, improving the accuracy of the input data through 

further investigation could assist in enhancing the reliability of the solutions. Third, limitations 

can be further addressed by taking more uncertainties into consideration and improving practical 

applications (Liu, Y., Li et al. 2017). 

Many real-world decision-making problems must achieve several objectives: minimizing risks, 

maximizing reliability, minimizing deviations of the desired result, and minimizing cost. The 

goal of single-level or two-level single-objective optimization is to find the “best” solution, 

which corresponds to the minimum or maximum value of an objective function that covers all 

different objectives. This type of optimization is useful as a tool that can provide decision makers 

with insights into the nature of the problem but usually cannot provide a set of alternative 

solutions that address or compare different objectives (Savic 2002). 

Two-level multi-objective optimization can offer many optimal solutions. The interaction 

among different objectives over two levels gives rise to a set of compromised solutions, largely 

known as the trade-off, non-dominated, non-inferior solutions. The consideration of many 

objectives in the design or planning stages provides three major improvements to the procedure 

that supports decision making (Cohon 2004): 

1. A wider range of alternative solutions is usually identified when a two-level and multi-

objective methodology is employed. 

2. The consideration of multiple objectives offers more appropriate roles for the participants 

in the planning and decision-making processes, allowing the analyst to make informed 

decisions and choose the appropriate solution. 

3. Models of a problem will be even more realistic if many objectives are considered. 

A multi-level approach, such as a two-level approach, is needed to decompose the entire system 

problem using different levels into several sub-problems and considering various coupling effects. 

The two-level approach allows individual system components to be optimized, which will 

significantly reduce the time consumed for the computation and the design cycle. Various 
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conceptual approaches have been proposed in the literature and in various application areas to 

decompose large optimization problems into sub-problems (Ghanmi, Guedri et al. 2011). 

The use of multi-level, such as two-level, multi-objective optimization usually has the following 

problems: 

• The multi-objective optimization problem is transformed into a single-objective problem 

that requires a priori knowledge of the weight of each cost function in relation to others. 

In practice, this transformation is not always easy because of a lack of experience or 

information or because the cost functions are not compatible (Ghanmi, Guedri et al. 

2011). 

• The design space is not convex; the weighting method will ignore the convex part, 

although this is the part of the solution where a compromise can be found. Many studies 

have not considered uncertainties in the design parameter during optimization. A 

solution that is suboptimal but stable with regard to the uncertainty will be of much 

greater use to the designer (Ghanmi, Guedri et al. 2011). 

• Investigations of finding solutions for real problems are limited by the required amount 

of calculation time and by the need for automated mesh generators (Hansen, Horst 2008). 

 

1.2. Problem statement 

Increasing demands for improving the availability of fans system associated with reducing the 

ownership costs and risk costs have forced the Swedish Transport Administration (Trafikverket) 

to implement a cost-cutting strategy for maintenance to achieve their goals. There are many 

reasons why Trafikverket is being increasingly compelled to use life cycle costing to make 

different types of decisions that indirectly or directly concern tunnel fans. These reasons include 

increasing operation and maintenance costs, budget limitations, competition, and the high cost 

of investment. The overall goal of Trafikverket is to increase company profit by decreasing the 

costs of failure. 

The financial department at Trafikverket has a goal of reducing the cost associated with the 

ownership of their systems. To achieve this financial goal, financial experts asked the following 

question: what is the best time to replace the fan and buy a new one from an economic point of 

view, with the aim of reducing the TOC and considering the risk cost of the fan system? A 

MOGA for risk-based LCC analysis of the fans system can be proposed to estimate the optimal 

replacement time, with the aims of reducing the ownership cost and the risk cost and increasing 

company profitability. Another measure that would help Trafikverket to determine the optimal 

replacement time would be to perform a MOGA using clustering and to impute missing data to 

serve as cost data, which could help provide proper data for forecasting cost. Thus, MOGA could 

be used to obtain optimal forecasting and to identify the optimal replacement time. 

The main reason for an increased use of the life cycle costing concept for fan systems is that at 

some point of the life span of fans, the operating, maintenance and risk costs will exceed the 

acquisition costs. To this end, one should consider focusing on optimization models as 

techniques and tools that can help decision makers at Trafikverket optimize their fan system 

lifetime. 
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1.3. Research purpose, questions and objectives 

The purpose of this study is to use AI to develop a two-level MOGA for optimizing replacement 

time of reparable system. 

 

To achieve the purpose, three main questions were raised: 

 

Research questions (RQs) 

RQ1: How can AI be used to find the suitable method to address data problems such as missing 

and redundancy and provide solutions? 

RQ2: How can AI be used for optimal time series forecasting of maintenance cost data? 

RQ3: How can AI be used for risk-based LCC model optimization? 

 

Table 1.1 Links between the published research papers appended to the thesis and the research 

questions 

 Paper I Paper II Paper III 

RQ1 X   

RQ2  X  

RQ3   X 

 

To answer these research questions, three main objectives have been achieved through a smart 

combination by integrating a MOGA with different statistical and stochastic analysis methods to 

obtain the optimal result and solution. 

 

Research objectives 

• Develop a MOGA based on fuzzy c-means (FCM) for data clustering and imputing, and 

compare the result with the K-means algorithm. 

• Develop a MOGA based on autoregressive integrated moving average (ARIMA) and a 

MOGA based on dynamic regression (DR) for time series forecasting, and compare the 

results of the latter with those of the ARIMA model. Different scenarios have been 

proposed, such as long-term forecasting or modifying the data, to provide different time 

series forecasting evaluations. 

• Develop a risk-based MOGA for LCC optimization, and compare with the risk based 

on the LCC model. 
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1.4. Limitations 

The limitations of this thesis can be described as follows. First, fault detection, such as fault 

diagnosis, fault prognosis and action recommendations, is not studied, as this topic would require 

additional separate research. Second, the studied data are limited to numerical data; i.e., 

categorical and ordinal data are not considered. Third, the synthetic data used in this research to 

validate the proposed models are modified due to quality issues; thus, they may not fully reveal 

the merits and shortcomings of the models. Fourth, the case study in all the papers appended to 

this thesis is limited to the labor and material costs of a 121-fan system as one unit, with the 

primary aim of verifying the proposed models. 

 

1.5. Distribution of work 

The contributions of each author of the papers included in this thesis can be divided into the 

following main activities (see Table 1.2): 

1. Study conception and design 

2. Data collection 

3. Data analysis and interpretation 

4. Manuscript drafting 

5. Manuscript critical revision 

 

Table 1.2: Contributions of each author to the appended papers 

 Paper I Paper II Paper III 

Yamur K. Al-Douri 1,3,4,5 1,3,4,5 1,3,4,5 

Hussan Al-Chalabi 1,2,3,5 1,2,3,5 1,2,3,5 

Jan Lundberg 1,3,5 1,3,5 1,3,5 

Levis Zhang 3 - - 
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STATE OF THE ART AND RESEARCH GAPS 

In this section, the results of a comprehensive literature review are presented in three main parts. 

The first part focuses on data clustering and imputing, the second part focuses on time series 

forecasting, and the third part focuses on risk-based LCC analysis. 

 

2.1. Data clustering and imputing 

Many studies have used MOGAs for data clustering in terms of different aspects and in different 

application areas. This section presents the different literature studies with practical comparisons 

with the proposed model of clustering in this thesis. The comparison aims to show the novelty 

of this thesis model by highlighting the advantages and the weaknesses. 

Rothwell et al. (Rothwell 1991) proposed a two-level system with two objectives to maximize 

the total structural strain energy and to minimize the total structural weight. The two levels are 

the entire structure and the element level for each structural member. The proposed system is 

useful for obtaining a proper solution to the optimized problem. The authors argued that multi-

objective multi-level optimization techniques are suitable for this type of real-world engineering 

problem. 

Q.S. Li et al. (Li, Liu et al. 2000) studied the design problem of optimizing the number of 

actuators to be integrated in a system using a multi-objective solution for strong wind force. A 

multi-level GA was proposed to optimize the location of actuators, and the control algorithms 

in buildings with active control under wind excitation were studied. The authors argued that 

the algorithm (Li, Liu et al. 2000) solves multi-objective problems with non-linear, non-

continuous, discrete and multi-modal objective functions. 

Bo Yuan et al. (Yuan, Klir et al. 1995) proposed a new approach to fuzzy clustering. The 

approach is based on the application of an evolutionary strategy to a fuzzy c-means (FCM) 

clustering algorithm. This approach determines the “best” distance for given data, where the 

goodness criterion is defined in terms of the performance of the FCM algorithm. The authors 

apply their approach based on the relationship between distance functions and structures implied 

in a given dataset. An EA is suggested to find the appropriate weight for the weighed FCM 

algorithm in a real application. However, my opinion that a limitation of FCM is the number 

of proper cluster centres that fit the data. The authors used default weight values for fuzzy 

partitioning data, which should reflect the data weight. 

Julia Handl and Joshua Knowles (Handl, Knowles 2004) proposed a new data clustering approach 

in which two or more measures of cluster quality are simultaneously optimized using a multi-

objective EA. The authors adapted a Pareto envelope-based selection method for the clustering 

problem by incorporating specialized mutation and initialisation optimization procedures for a 

number of objectives. The authors found that this clustering approach yields high-quality 

solutions for data clustering and a greater understanding of the data structure. However, my 

opinion that the approach may incorporate feature selection, outlier removal, and fixed cluster 

numbers. 
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Hesam Izakian and Ajith Abraham (Izakian, Abraham 2011) proposed a hybrid fuzzy clustering 

method based on FCM and fuzzy particle swarm optimization (FPSO) to take advantage of the 

merits of both algorithms. FCM is sensitive to the data and may become trapped in local optima, 

while FPSO can optimize the problem. The experimental results show that the proposed method 

is efficient and can reveal encouraging results for optimal clustering. However, the authors 

argued that particle swarm optimization (PSO) can fall into a particular optimum, which results 

in less precision in finding the optimal clustering. In addition, my opinion that the method was 

not tested on a real-world problem to evaluate the optimal clustering performance. 

Siripen Wikaisuksakul (Wikaisuksakul 2014) proposed a multi-objective GA for automatic 

clustering in an n-dimensional database. The database is assigned a number of fuzzy groups in 

different dimensions using an FCM algorithm. The authors tried to exploit the advantage of 

fuzzy properties, which provide the capability to handle the drawbacks of fuzzy overlapping 

clusters. The authors argued that the method can address overlap in automatic clusters by 

exploiting the advantages of fuzzy properties. However, my opinion that the model requires 

more computation time due to the one level of data processing to process unlabelled data without 

prior knowledge. 

Chao-Lung Yang et al. (Yang, Kuo et al. 2015) proposed a combination of a fuzzy genetic 

algorithm and multi-objective optimization based on the K-mode method, named the non-

dominated sorting genetic algorithm-fuzzy membership chromosome (NSGA-FMC). The 

compactness and the operations are the main two factors that are used to optimize the clustering 

quality. The experimental results showed that the authors’ method can obtain better clustering 

quality simultaneously with shorter computation time. However, my opinion that this model 

has not been implemented on a real-life dataset to verify and validate its accuracy and stability. 

In addition, the clustered data intensity was not investigated in this study via a deep study for 

every cluster. 

M. Anusha and JGR Sathiaseelan (Anusha, Sathiaseelan 2016) proposed an evolutionary 

clustering algorithm for multi-objective optimization to identify more relevant features based on 

knowledge from the given data. Neighbourhood learning is adopted to improve the diversity 

and efficacy of the algorithm. The results reveal the closest feature subset from the selected 

features of the data that minimizes the cost while maintaining the solution quality, and the results 

are efficient and robust. The evolutionary clustering algorithm proposed by M. Anusha and JGR 

Sathiaseelan addresses the clustering problem of high-dimensional and low-dimensional data. 

However, my opinion that a weakness of the algorithm is that knowledge of the test problem, 

the search complexity, computation cost and time performance is required. 

Alava Parraga et al. (Parraga-Alava, Dorn et al. 2018) proposed a multi-objective clustering 

algorithm guided by a priori biological knowledge (MOC-GaPBK) to find and improve clusters 

of genes with high levels of co-expression, biological coherence, and good compactness and 

separation. The effectiveness of the authors’ algorithm is demonstrated on four publicly available 

datasets using statistical, visual and biological significance tests, revealing that the algorithm yields 

higher quality solutions than other clustering algorithms. However, my opinion that the multi-

objective GA proposes different solutions that might not be useful for the research problem. A 

single solution may be more appropriate for clustering genes. 

Different authors have studied clustering from different perspectives and evaluated clustering 

using different indices. Most of these studies used clustering to more deeply understand the data. 

However, clustering can be used to study data quality and impute data for future analysis. The 



35 
 

clustering and imputing methodology presented in this thesis aims to avoid the weaknesses of 

previous studies and has the ability to address poor-quality data. MOGA operations provide great 

possibilities to optimize clustering and imputing. My opinion that the variant operations offer 

the possibility to avoid the weaknesses of other algorithms reported in the literature and give the 

presented method the capability to be implemented for different systems. 

Table 2.1 summarizes the important conclusions and/or claims made by authors who have 

conducted research relating to data clustering and imputing. 

Table 2.1: Summary of the state of the art 

Conclusions References 

• MOGA is a suitable model for world engineering problems. 

• MOGA must be simplified to fit engineering problems. 

(Rothwell 1991) 

• MOGA solves problems with non-linearity, non-continuity, 
discreteness and multi-objective functions. 

• MOGA can effectively solve complicated problems. 

• MOGA and its multi-objective function must be presented 
naturally in the design phase. 

(Li, Liu et al. 2000) 

• A genetic algorithm is suggested to determine the “best” 
distance for given data in real applications. 

• The authors used default weight values for fuzzy partitioning 

data, which should be reflected in the data weights. 

• FCM is limited to a number of proper cluster centres that fit the 
data. 

(Yuan, Klir et al. 
1995) 

• Clustering approaches allow a greater understanding of the data 
structure. 

• This approach may incorporate different angles, such as feature 
selection, outlier removal, and fixed cluster numbers. 

(Handl, Knowles 
2004) 

• PSO can provide different solutions, but it could fall into a 
particular optimum. This could cause less precise identification 
of the optimal clustering. 

• The proposed method is not applicable to real engineering 
problems for finding the best clustering performance. 

(Izakian, Abraham 
2011) 

• FCM has the problem of overlapping clusters. 

• The authors’ method can handle overlapping in automatic 
clusters by exploiting the advantages of fuzzy properties. 

(Wikaisuksakul 2014) 
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• Their model requires more computation time to process 

unlabelled data without prior knowledge. 

• The authors focus on the compactness and separation of the 
proposed clustering method. 

• This authors model has not been implemented in a real-life 
dataset to verify and validate the accuracy and stability. 

• Clustering intensity was not considered in the study with a deep 
study of every cluster. 

(Yang, Kuo et al. 
2015) 

• MOGA can be used for clustering one or multiple data 
dimensions. 

• MOGA should have knowledge of the specific problem and 

considering all the objectives. 

• MOGA limitations include computational cost and time 
consumption. 

(Anusha, Sathiaseelan 
2016) 

• The authors demonstrated on different data types that MOGA 
provides a higher quality clustering solution rather than one 
clustering method. 

• In some cases, one clustering method can provide a solution for 
describing the data. 

(Parraga-Alava, Dorn 
et al. 2018) 

 

Research gaps in data clustering and imputing 

There are a number of additional research gaps that should be investigated with respect to 
clustering and imputing data, which are listed below. 

• Different criteria’s in studying clustering or imputing to obtain a confident solution to 

the problem. 

• Automatic clustering generated based on the data geometry or dimensions to 

automatically evolve the appropriate partitioning data with clusters of any shape, size, or 

convexity, as long as they possess some point symmetry property. 

• Simplifying the data points are through normalizing the huge values. 

• Calculating the cluster centre outliers to select the best pool of cluster centres. 

• Clustering evaluations are based on three main indices: compactness, separation and 

intensity. Each one of these indices will help define the best clustering over different 

populations and possible solutions. 

• These criteria are intended to evaluate and optimize the cluster centres and find the 

best cluster centres in the population. 

• Overlapping clusters. 

• Data outliers and missing data must be highlighted regarding the clustering decision. 

• The error imputing rate must be calculated to evaluate the imputing. 
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• The system should have the capability to address data problems with many missing values. 

 

2.2. Time series forecasting 

Many studies have used MOGAs in time series forecasting using different forecasting techniques 

and within different application areas. This section presents literature studies with practical 

comparisons with the proposed model in this thesis in time series forecasting. The comparison 

aims to show the novelty of this thesis model by highlighting the advantages and weaknesses. 

Daijin Kim and Chulhyun Kim (Kim, Kim 1997) proposed a novel automatic genetic fuzzy 

predictor ensemble (GFPE) method for accurately predicting future points in chaotic or non-

stationary time series. The GFPE method comprises two stages; the first stage generates a fuzzy 

rule base that covers many training examples. The second stage builds fine-tuned membership 

functions that make the prediction error as small as possible. The root mean squared error 

(RMSE) was used in their method to evaluate the forecasting. The GFPE exhibits great 

improvements in predictions relative to those made by a single fuzzy predictor. However, my 

opinion that the proposed method still requires a large amount of learning time because the 

algorithm must learn a number of fuzzy predictors independently. 

Iason Hatzakis and David Wallace (Hatzakis, Wallace 2006) proposed a method that combines a 

forecasting technique with an EA. The EA is used to optimize the dynamics of the forecasting 

technique estimation. The forecasting technique is an autoregressive (AR) model with two 

different options for the prediction of an individual’s location: (1) a multivariate vector 

autoregressive (VAR) model and (2) a univariate autoregressive model. The results indicate that 

the Iason Hatzakis et al. method has improved optimization, performance, and forecasting 

accuracy. In addition, the model can be used with single and multiple objectives. However, my 

opinion that this model has not been tested on real-world problems and/or with actual data, and 

it is used only for short-term forecasting. 

Lars U. Hansen and Peter Horst (Hansen, Horst 2008) presented an efficient method to solve 

the structural optimization task by dividing the complete task into two separate optimization 

problems. Multi-level algorithms represent a certain type of optimization strategy based on the 

first and second levels, in which the first level optimizes the principle layout through the creation 

of multiple sub-tasks that are optimized and evaluated using the second level. The authors argued 

that their model achieves efficient optimization by combining different parameters over the two 

levels. 

Wen-Chuan Wang et al. (Wang, W., Chau et al. 2009) developed a hydrological forecasting 

model based on past records that are crucial for effective hydropower reservoir management and 

scheduling. AR-moving-average (ARMA) models, artificial neural networks (ANNs), adaptive 

neural-based fuzzy inference system (ANFIS) techniques, genetic programming (GP) models and 

support vector machines (SVMs) were examined using long-term forecasting. The forecasting 

was evaluated using the standard statistical performance coefficient of correlation (R), the Nash–

Sutcliffe efficiency coefficient (E), the RMSE, and the mean absolute percentage error (MAPE). 

The results showed that the best performance can be obtained using ANFIS, GP and SVM for 

different evaluation criteria during the training and validation phases. However, my opinion that 

these models must be evaluated using other standard statistical performance metrics that have 
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more sensitivity for data forecasting. In addition, these models must be improved by reducing 

the training time. 

Abdollah Kavousi-Fard and Farzaneh Kavousi-Fard (Kavousi-Fard, Kavousi-Fard 2013) 

proposed a new hybrid correction method based on the ARIMA model, support vector 

regression (SVR) and a cuckoo search algorithm (CSA) to achieve a reliable forecasting model. 

This combination performs successful optimization by relying on the CSA to find the optimal 

SVR parameters through automotive searching. The forecasting results were effective compared 

with the results obtained using well-known forecasting models, such as ARIMA, ANN, SVR 

and SVR-PSO. However, my opinion that the authors’ model is applicable only to short-term 

forecasting and must be further evaluated for long-term forecasting. 

Paulo S. G. de Mattos Neto et al. (de Mattos Neto, Paulo SG, Cavalcanti et al. 2015) proposed 

an approach to improve the performance of particulate matter (PM) forecasters by modelling 

residuals. The approach is a hybrid system (HS) that is composed of a GA and an ANN for 

modelling residuals using the two methods. The results of their proposed approach show that 

the system improves the accuracy of forecasting in terms of the fitness function for all cases 

compared with the method without correction. However, my opinion that this approach must 

be implemented using other data to validate the forecasting accuracy. In addition, the approach 

should be applicable for analysing poor-quality data that have missing values. 

Zhen-Yao Chen and RJ Kuo (Chen, Z., Kuo 2017) proposed a hybrid of a GA and an artificial 

immune system (HGAI) algorithm with a radial basis function neural network learning for 

function approximation and further performed a personal computer sales forecasting exercise. 

The statistical forecasting evaluation models (mean absolute error (MAE), MAPE, and RMSE) 

indicate that the HGAI algorithm has the best performance results in terms of forecasting 

accuracy among other relevant algorithms, such as the ARMA model. However, my opinion 

that the proposed model must be compared with the dynamic forecasting algorithms to show its 

improvement in forecasting and to study the statistical forecasting evaluation models. 

Huei-Tau Ouyang (Ouyang 2018) proposed a novel methodology to overcome this difficulty 

by integrating ANFIS and MOGA. The combinations of data inputs for ANFIS models are 

searched for by a MOGA, and the three indices of the coefficient of efficiency (CE), relative 

peak error (RPE) and relative time shift error (RTS) with the best performances for each index 

are selected. The results show that the model series exhibits significant improvements for various 

predictions and, thus, effectively improves the accuracy of predictions. However, my opinion 

that the model exhibited biases in long-term forecasting and thus must be improved. 

Time series forecasting has been studied in the literature from different perspectives, and 
forecasting has been evaluated using different forecasting error rates. Most previous studies have 
used different methods to accurately predict forecasting. However, forecasting data can be used 
to estimate LCC by providing the necessary data. The time series forecasting methodology 

presented in this thesis aims to avoid the weaknesses of data forecasting and to address different 
data types. MOGA operations provide a great possibility for optimizing data forecasting. The 
authors argued that the variant operations offer the possibility to avoid the weaknesses reported 
in the literature and gives the method presented in this thesis the capability to be implemented 
in different systems. 

Table 2.2 summarizes the important conclusions and/or claims made by authors who have 
conducted research relating to time series forecasting. 
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Table 2.2: Summary of the state of the art 

Conclusions References 

• The GFPE method provides accurate forecasting. 

• The model training phase requires huge computation cost and 
is time consuming. 

(Kim, Kim 1997) 

• The authors’ model can improve the forecasting accuracy with 
a single objective or multiple objectives. 

• Forecasting applies only to the short term. 

• There is no application in real-world problems or using real 

data. 

(Hatzakis, Wallace 
2006) 

• Multi-level and multi-objective optimization is used to improve 
the optimization performance and to select the optimal 
optimization. 

• Multi-level optimization decreases the computational cost and 
is time consuming. 

(Hansen, Horst 2008) 

• A hydrological forecasting model yields accurate forecasting 
using different evaluation criteria. 

• A forecasting error model is used to evaluate the forecasting, 
but other forecasting error models must be studied. These 

models have different evaluation equations for the forecasted 
data. 

(Wang, W., Chau et 
al. 2009) 

• A new hybrid correction method based on ARIMA model, 
SVR and CSA performs better forecasting than each individual 
method. 

• The new model is capable of only short-term forecasting. 

(Kavousi-Fard, 
Kavousi-Fard 2013) 

• A hybrid system of a GA and an ANN improves the accuracy 
of the forecasting method in terms of the fitness function. 

• This model can deal with poor-quality data that have a large 
amount of missing content.  

(de Mattos Neto, 
Paulo SG, Cavalcanti 

et al. 2015) 

• A hybrid model with a neural network and a GA yielded highly 
accurate forecasting and the best performance. 

• This model must be compared with other existed methods to 
show the strength of the proposed model. 

(Chen, Z., Kuo 2017) 
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• A novel model integrating ANFIS and MOGA yields accurate 
forecasting and can be used in LCC models. 

• The proposed model works well with short-term forecasting 
but has bias in long-term forecasting. 

(Ouyang 2018) 

 

Research gaps in time series forecasting 

There are a number of additional research gaps that should be investigated with respect to time 
series data forecasting, which are listed below. 

• Automatic estimation of ARIMA parameters based on the data geometry or dimensions 

for automatically achieving the appropriate estimation of ARIMA parameters is needed, 

as long as the parameters possess some point symmetry property. Autoregression for 

parameter estimation is incorporated, and a moving average (MA) is estimated at each 

time point based on the prepared data for the processed generation. In this case, the 

estimated parameters will depend on the data rather than on assumed values, as in the 

literature. 

• The evaluation of every forecast with different ARIMA parameter estimations for each 

generation should be based on different forecasting error rates. Five popular functions are 

used to evaluate the selected forecasting data from the previous stage. 

• Every forecasting error function has a different sensitivity to the data. These functions 

allow the best forecasting and confidentiality. 

• Normalization is needed in the forecasting model to decrease the computation 

complexity because the cost values are huge. 

• The DR model differs from the ordinary regression model in that it can treat both 

contemporaneous and time-lagged  relationships. 

• Optimization is needed to provide the possible the forecasting solutions. 

 

2.3. Risk-based LCC analysis 

Many studies have used MOGAs in optimizing risk-based LCC considering only risks or LCC 

aspects and in different application areas. This section presents practical comparisons of different 

literature studies with the model proposed in this thesis for risk-based LCC optimization. The 

comparisons aim to show the novelty of the proposed model by highlighting the advantages and 

weaknesses. 

Min Liu and Dan M Frangopol (Liu, M., Frangopol 2005) formulated life-cycle maintenance 

planning of deteriorating bridges using a multi-objective optimization problem that treats the 

lifetime condition and safety levels as well as life-cycle maintenance cost as separate objective 

functions. The model proposed by the authors improved the ability of bridge managers to 

actively select the final maintenance scenario that most desirably balances the life-cycle 

maintenance cost, condition, and safety levels of deteriorating bridges. Through the authors’ 

explicit analysis, bridge managers are able to actively choose a final, desirable maintenance 

solution considering safety levels and balanced life-cycle maintenance costs, rather than passively 
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accepting performance levels implied by a single solution from traditional long-term cost 

minimization. However, my opinion that the proposed model has limited ability to satisfactorily 

predict the long-term performance of the entire network. 

Nader M. Okasha and Dan M. Frangopol (Okasha, Frangopol 2009) presented a framework for 

automated multi-objective optimization of structural maintenance strategies considering system 

reliability, system redundancy and LLC. GAs are used to solve the optimization problems; a 

book-keeping database and an algorithm are added to the NSGA-II programme. The results 

show a difference in the LLC that requires improvement. The worst value of a performance 

indicator is not always proportional to the improvement achieved. This emphasizes the 

importance of the present results as a maintenance strategy that can be employed by decision 

makers. The greatest advantage of the proposed approach by the authors is its ability to avoid 

the application of maintenance interventions to structural components that are shown to provide 

more economy and prove its efficiency. However, my opinion that other cost parameters and 

risk costs must be considered in future studies. 

Jamie E. Padgett et al. (Padgett, Dennemann et al. 2010) used a risk-based life cycle cost–benefit 

model to support decision making regarding the effective upgrade of bridge infrastructure in 

seismic zones. The authors illustrate a method for evaluating the best retrofits for non-seismically 

designed bridges based on seismic LLCs and cost–benefit analysis. An application of the seismic 

life cycle cost–benefit analysis is conducted for four representative bridges of different classes and 

seven different retrofit options. The results show that the magnitude of the expected losses and 

the resulting retrofit cost–benefit differ by location and that most of the cost-effective retrofit for 

a particular bridge may vary due to local seismic hazard characteristics and the effect of retrofitting 

at different damage levels. However, my opinion that this model must be optimized using an 

advanced intelligence method, such as a GA, for comparison with the current results. 

Rodolfo Dufo-López et al. (Dufo-López, Bernal-Agustín et al. 2011) described an application 

of the Strength Pareto Evolutionary Algorithm in the multi-objective optimization of a stand-

alone photovoltaic (PV) wind-diesel system with battery storage to minimize the levelized cost 

of energy (LCOE) and the equivalent carbon dioxide (CO2) life cycle emission. One finding is 

that the PV generator is an important source of electrical energy for environmentally friendly 

and economical stand-alone systems in Spain and Southern Europe. In some cases, PV generators 

are essentially the only source of energy considered in the Pareto front method; the method does 

not include wind, and diesel generators run only a few hours during the year. However, my 

opinion that the authors used MOGA software based on the Pareto front method, which is not 

compared or evaluated with other methods. Future research and investigations of MOGA in this 

application are needed. 

Abdolsaeid Ganjeh Kaviri et al. (Kaviri, Jaafar et al. 2012) used multi-objective optimization to 

optimize different objectives and to study comprehensive thermodynamic modelling of a dual 

pressure combined cycle power plant. Part of the investigation was devoted to optimizing the 

plant by optimizing the objective function to obtain a better understanding and an optimal design 

of the system. The first objective function compares a set of four cost parameters, while the 

second objective function considers cycle energy efficiency. The results show that any changes 

in these design parameters, such as manipulation of the gas turbine temperature, the compressor 

pressure ratio or the pinch point temperature, lead to drastic changes in the objective functions. 

However, my opinion that the failure risk costs are important in estimating the LCC of a dual 

pressure combined cycle power plant but were not considered in this study. 
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André Teófilo Beck et al. (Beck, de Santana Gomes, Wellison José 2012) investigated the 

influence of uncertainty and expected costs of failure on optimum structural design by comparing 

three distinct formulations of structural optimization problems: deterministic design optimization 

(DDO), reliability-based design optimization (RBDO) and risk optimization (RO). The results 

show that the conversion of RO into RBDO or DDO problems is not possible. In consideration 

of uncertainty and the monetary consequences of failure, the optimum structure can be found 

only by an RO formulation. It is also noted that the absolute difference in total expected costs 

is not very large. However, my opinion that such differences are expected to be much greater 

for real engineering problems and using multi-objective optimization for better problem 

optimization. 

Jiangfeng Wang et al. (Wang, J., Yan et al. 2013) conducted multi-objective optimization of the 

organic Rankine cycle (ORC) to achieve a system optimization design from both 

thermodynamic and economic aspects using NSGA-II. The exergy efficiency and overall capital 

cost are selected as two objective functions to maximize the exergy and minimize the overall 

capital cost. The results show that an increase in exergy efficiency can increase the overall capital 

cost of the ORC system. A Pareto optimal point curve is obtained, which means that an 

improvement in one objective function causes a decrease in the other accordingly. However, 

my opinion that it is important to include other parameter costs, such as second-hand cost, to 

yield a proper cost estimation. In addition, risk costs are important for estimating the efficiency 

of ORC systems. 

Bo Wang et al. (Wang, B., Xia et al. 2014) presented a multi-objective optimization model for 

LLC analysis and for building retrofitting planning. The main objective is to maximize the energy 

savings and the economic benefits of the project. The model introduces a building investment 

analysis method associated with LLC analysis to evaluate the overall cost-effectiveness of the 

solution within a specific time frame. The results show that the new model is able to find the 

most cost-effective long-term solution that includes LCC analysis and multiple options for 

retrofitting measures, and the model is adopted to solve the proposed optimization problem. 

However, my opinion that other requirements such as limitations or risks within the proposed 

case study can be introduced for future optimization. 

M. S. Osman et al. (Osman, Emam et al. 2018) proposed an interactive approach for solving 

multi-level multi-objective fractional programming (ML-MOFP) problems with fuzzy 

parameters. In the first phase, a numerical crisp model of the ML-MOFP problem is developed, 

and then a linear model for the ML-MOFP problem is formulated. In the second phase, the 

interactive approach simplifies the linear model (multi-level multi-objective) by converting it 

into separate multi-objective programming problems. The authors argued that The multi-level 

multi-objective model simplifies their model by transforming it into separate multi-objective 

decision-making problems, and the model can then be transferred to practical applications. 

Table 2.3 summarizes the important conclusions and/or claims made by authors who have 

conducted research relating to time series forecasting. 
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Table 2.3: Summary of the state of the art 

Conclusions References 

• The authors’ model is applied to achieve a single solution 
through a compromise among a desirable maintenance solution, 
safety levels and balanced life-cycle maintenance cost. 

• The model is not capable of long-term performance. 

(Liu, M., Frangopol 
2005) 

• The model provides more efficient maintenance interventions. 

• Risks and cost parameters such as second-hand costs or purchase 
costs must be integrated into the model to consider significant 

costs that might affect the maintenance interventions. 

(Okasha, Frangopol 
2009) 

• Hazard characteristics are integrated to study the effect of 
retrofitting at different damage levels. 

• Intelligent optimization method must be integrated to optimize 
the hazard levels. 

(Padgett, Dennemann 
et al. 2010) 

• Risk optimization must be integrated into the LCC model to 
study the failure consequences. 

• A multi-objective model is important for studying risk-based 
LCC to practice real engineering problems. 

(Beck, de Santana 
Gomes, Wellison José 

2012) 

• The Pareto optimal point curve is obtained to improve the 
single objective function. 

• Other objectives must be added to study real problems. 

(Wang, J., Yan et al. 
2013) 

• The GA shows the ability to optimize the cost efficiency for 
long-term solutions. 

• It is important to add risks factors to the optimization to study 
the hazard consequences. 

(Wang, B., Xia et al. 
2014) 

• MOGA helps transform the model into a multi-objective 
decision-making problem for practical applications. 

• Multi-levels decrease the calculation complexity and can adapt 
the problem to obtain an in-depth solution. 

(Osman, Emam et al. 
2018) 
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Research gaps in risk-based LCC analysis 

There are a number of additional research gaps regarding risk-based LCC analysis that must be 
investigated; these are listed below. 

• Increasing the risk cost percentage by 1% for each LCC model calculation can be 

performed to study the effect of risk on calculating the optimal replacement time. 

• A risk-based LCC model can provide a proper estimation of the ORT by considering 

the failure risk costs. 

• Multiple objectives for LCC optimization might yield estimation for the problem based 

on different possible solution risks or cost parameters. 

• Different cost parameters must be integrated together, including the fan’s purchase price 

(PP), operating cost (OC), maintenance cost (MC), resale value 𝑆𝑡, and risk cost over the 

optimization time horizon, with replacements occurring at intervals of n periods. 

• The output of the first level will be added to the second level, and the LCC will be 

recalculated based on different risk percentages to obtain the final results with the risk 

consequence.  
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RESEARCH METHODOLOGY 

3.1. Research methodology 

A schema of the research methodology is shown in Figure 3.1. Briefly stated, an exploratory 

analysis looks for possible areas of improvement in maintenance cost data using a MOGA based 

on an FCM algorithm (Papers I). The data from (Paper I) is forecasted using a MOGA based on 

the ARIMA model (Paper II). The complete and forecasted data from (Paper I) and (Paper II) 

are used to optimize the risk-based LCC analysis with and without the MOGA (Paper III). 
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Figure 3.1: Schema of the research methodology 
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3.2. Data collection 

The cost data concern tunnel fans installed in Stockholm, Sweden. The data were collected over 

ten years from 2005 to 2015 by Trafikverket and were stored in the MAXIMO computerized 

maintenance management system (CMMS). In the CMMS, cost data are recorded based on 

work orders for the maintenance of tunnel fans. Every work order contains corrective 

maintenance data, a component description, the reporting date, a problem description, and a 

description of the actions performed. Also included are the repair time and the labor, material 

and tool cost of each work order. 

In this study, we considered the two cost objects of labor and materials based on the work orders 

input into the CMMS for the ten-year period mentioned above. The tool cost data were not 

selected because 3% of the data were available and thus they could not be used for forecasting. 

The selected data were clustered, filtered and imputed for the present study using a MOGA 

based on an FCM algorithm. In this stage, the data are evaluated, and problems within each cost 

parameter are fixed. The MOGA allows the data to be clustered into proper parts, and problems 

in the data can be isolated for fixing missing values and outliers. The cost objects of and materials 

costs corresponded to missing data percentages of 57% and 81%, respectively. Missing data cause 

a substantial amount of bias, make the data analysis more arduous, and reduce the analysis 

efficiency. 

The current data cover only ten years, although we must forecast data for 20 and 30 years for 

better LCC optimization. Twenty years of data are needed to optimize the LCC model, and 

thirty years of data are needed to increase the probability of optimization using MOGA based 

on LCC. Therefore, these two forecasting periods were used in this thesis. It is important to 

mention that all the cost data used in this study are actual costs without any adjustment for 

inflation. Due to company regulations, all the cost data have been encoded and are expressed as 

currency units (cu). 

Operating cost data of the fans are generated each month based on the energy price, the fans’ 

working hours, and the required power. Table 3.1 presents a sample of the generated operating 

cost data from April 2005 to December 2015. The data were generated based on information 

from the experts at Trafikverket who were involved in this study. They provided the following 

information: 

• fan power: 25-80 kW, 

• fan operating time per day: 6-8 hours, 

• fixed energy price: 2.88 (SEK)/kWh. 
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Table 3.1: Sample of generated operating cost data (Al-Chalabi 2018) 

Fan number Fan’s power (kW) Working hours (h) Energy price 
(SEK/kWh) 

Operating 
cost/fan.day (SEK) 

1 70 7.9 2.88 1593 

2 75 6 2.88 1295 

3 32 7.5 2.88 695 

4 75 7.6 2.88 1654 

5 60 7.7 2.88 1332 

6 30 6.2 2.88 539 

7 40 6.8 2.88 790 

8 55 6.52 2.88 1034 

9 78 7.56 2.88 1700 

No. of days OC/day (SEK) Months-year No. of months OC/month (SEK) 

1 128621 Apr-05 1 3856485 
2 129322 Maj-05 2 3931435 

3 129725 Jun-05 3 3855434 

4 120832 Jul-05 4 3793487 

5 132193 Aug-05 5 3870663 

6 134786 Sep-05 6 3846868 

7 122774 Okt-05 7 3828002 

8 131767 Nov-05 8 3839732 

9 13307 Dec-05 9 3822851 

The failure data used in this study were collected over ten years for 121 fans operated in one 

tunnel in Sweden. The time between failures (TBF) is estimated by calculating the differences 

between work orders reporting times of corrective maintenance. The labor and material cost 

considers the cost of the consequence of a corrective failure. Failure cost data were forecasted 

using a GA based on ARIMA for 20 and 30 years. 

Simulated data have been used to evaluate the proposed models. Six different trends with 

different fluctuations have been simulated based on the proposed equation. These six trends will 

be used to evaluate time-series forecasting algorithms. The evaluation of the algorithm is 

performed against our case study. 

 

3.3. Data clustering 

 

3.3.1. K-means clustering 

Among the most well-known algorithms in partitioning, the most popular and the simplest 
algorithm is K-means. Partitioned algorithms are preferred in pattern recognition due to the 
nature of available data. K-means has a diverse history, as it was independently discovered in 
different scientific fields by Steinhaus (1956), Lloyd (proposed in 1957, published in 1982), Ball 
and Hall (1965), and MacQueen (1967). Even though K-means was first proposed more than 
50 years ago, it is still one of the most widely used algorithms. Its ease of implementation, 

simplicity, efficiency, and empirical success are the main reasons for its popularity (Jain 2010). 

The K-means algorithm divides N points in M dimensions into 𝑣𝑖 clusters such that data points 

within the same cluster have a minimum sum of squares. The general procedure is to search for 
a K-partition with a local optimum within the cluster by moving points from one cluster to 
another. The number of points in cluster C is denoted by the Euclidean distance between the 
data point and the cluster itself (Hartigan, Wong 1979). 
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The data set consists of 𝑁 = {1, 2, … , 𝑁} data points. The three clusters 𝑣𝑖 = {1, 2, … , 𝐶} selected 

from the work orders of cost data aim to portion the data into M disjoint subsets (clusters). The 

sum of the squared Euclidean distance used to calculate the distance between data point 𝑁 and 

cluster 𝑣𝑖, as given in the formula below (Likas, Vlassis et al. 2003). 

𝐸(𝑣𝑖) =  ∑ ∑‖𝑁𝑖 − 𝑣𝑘‖2

𝐶

𝑘=1

𝑁

𝑖=1

 

 

3.3.2. Two-level MOGA system  

In this study, a two-level MOGA was developed, as shown in Figure 3.2. The GA consists of 
(1) a MOGA based on FCM to cluster cost data and (2) a MOGA to impute missing data. In 
level one, the MOGA is applied to the cost data objects (labor, material) at six different times 

(six populations) to cluster and reduce the data for the next level. The second level longitudinally 
imputes the missing data of the two cost objects. Using two levels allows us to reduce noisy data 
and computational time cost (Thomassey, Happiette 2007) because the MOGA consumes a large 
amount of time for implementation to reach an effective and reasonable solution (Ding, Cheng 
et al. 2007). 
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Figure 3.2: Two-level MOGA 
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et al. 2001) using the FCM algorithm. The membership function gives cluster centre 

chromosomes a possible solution to the generational problem of adapting (Wikaisuksakul 2014). 

The FCM algorithm is a broad-spectrum algorithm that tries to subdivide a dataset 𝑁 into 𝐶 

pairwise disjoint subsets (cluster centres) (Bezdek, James C., Ehrlich et al. 1984). This algorithm 
can assign data to multiple clusters. The degree of membership in the fuzzy cluster centres 
depends on the closeness of a given data point to a cluster centre (Izakian, Abraham 2011). The 
FCM estimates the fuzzy partitions of the data and the locations of cluster centres (Hathaway, 
Bezdek 2001). Random selection in FCM cluster centres is an iterative process that yields optimal 
local solutions. The MOGA can process the clustering by optimizing the search for local 
optimum data points (Jain, Murty et al. 1999). 

This section describes a MOGA based on FCM that is implemented six different times using a 
cross-validation randomization technique. The technique aims to find the optimal cluster centre 
geometry with respect to the shaping of data points around cluster centres. The process is as 
follows: a random number of cluster centres is generated in each of the six populations; the 

modified cluster centres are generated 25 times. The modifications are used to find the geometry 
of cluster centres in the cost data and to determine the optimal centres. Twenty-five generations 
are sufficient to obtain valid results in this study. The following steps explain the use of the 
MOGA. 

Step 1: Initial population 

The cost data are a sequence of maintenance work orders; each work order is described as a 
chromosome and consists of a description of the work order with two cost objects: labor and 

material (𝑍𝑙𝑎𝑏𝑜𝑢𝑟, 𝑍𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙). The description is useful to understand the relevant data points 
belonging to the cluster centres. 

Step 2: First MOGA generation 

In the first generation, the weights of each cost object are calculated in sets of 𝑁 = {1, 2, … , 𝑁} 
data points using the modified adaptive weight approach (MAWA). MAWA is selected because 
it can simplify data points with very large values and efficiently execute the MOGA. To calculate 

the weights of each cost object, we find the minimum and maximum values for both 𝑍𝑙𝑎𝑏𝑜𝑟 =

{𝑍𝑚𝑖𝑛
𝑙𝑎𝑏𝑜𝑟 , 𝑍𝑚𝑎𝑥

𝑙𝑎𝑏𝑜𝑟} and 𝑍𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙 = {𝑍𝑚𝑖𝑛
𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙, 𝑍𝑚𝑎𝑥

𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙}. The minimum and maximum values 

determine the relevant MAWA formula. Then, each data point in the cost object is calculated 
based on the conditions, as shown in the equations below. The formulas are modified from 
Zheng, Ng et al. (Zheng, Ng et al. 2004) to accommodate different conditions. 

MAWA (z) =  
𝑍𝑚𝑖𝑛 (𝑍𝑚𝑎𝑥 −  𝑧𝑐) +  𝛾

(𝑍𝑚𝑎𝑥 −  𝑍𝑚𝑖𝑛) +  𝛾
, 𝑤ℎ𝑒𝑛 𝑍𝑚𝑎𝑥  ≠  𝑍𝑚𝑖𝑛 

MAWA (z) =  0.1 ×
(𝑍𝑚𝑎𝑥 −  𝑧𝑐) +  𝛾

(𝑍𝑚𝑎𝑥 − 𝑍𝑚𝑖𝑛) +  𝛾
, 𝑤ℎ𝑒𝑛 𝑍𝑚𝑖𝑛 = 0 

MAWA (z) =  0.9 ×
(𝑍𝑚𝑎𝑥 −  𝑧𝑐) +  𝛾

(𝑍𝑚𝑎𝑥 − 𝑍𝑚𝑖𝑛) +  𝛾
, 𝑤ℎ𝑒𝑛 𝑍𝑚𝑎𝑥 =  𝑍𝑚𝑖𝑛 

𝛾: a positive random number between 0 and 1 

𝑧𝑐: cost of the 𝑧𝑡ℎ values in the current population of the object 
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MAWA represents three different conditions to guide the MOGA and widen the search scope. 

In the first condition, wherein the maximum equals the minimum of the object, the weight 
should be multiplied by 0.9. In the second condition, wherein the minimum equals zero, the 
weight is multiplied by 0.1. In the third condition, wherein the minimum does not equal the 
maximum, the weight depends on the current values (Zheng, Ng et al. 2004). In the latter cases, 
weights can be calculated with different data maximums and minimums for each individual 
object. The overall weights, as seen in the equation below, are the summation of the MAWAs 
of each different object. This summation will decrease the time required to calculate the 
membership function, as the evaluation will have one object instead of three. 

MAWA𝑜𝑣𝑒𝑟𝑎𝑙𝑙 =  ∑ 𝑀𝐴𝑊𝐴(𝑧)

𝑚

𝑥=1

 

𝑚: number of objects, in this case, m = 2 

Step 3: Selection 

The selection of cluster centres (chromosomes) uses the chromosome pool and is directed by the 

concept of natural genetic systems. A random number of cluster centres, 𝑣𝑖 , between 2 and √𝑁 
is generated. This enables the proposed clustering technique to automatically evolve the 
appropriate partitioning data with clusters of any shape, size, or convexity as long as they possess 

some point symmetry property (Saha, Bandyopadhyay 2010). 𝑁 is the number of data points in 

the cost object. Cluster centres 𝑣𝑖 = {𝑣1, 𝑣2, 𝑣3, … , 𝐶} are selected and removed from 𝑁 data. 

The selected chromosomes contain MAWA for each cost object and MAWA𝑜𝑣𝑒𝑟𝑎𝑙𝑙. Noise is a 

random number between 0 and 1 and is added to MAWA𝑜𝑣𝑒𝑟𝑎𝑙𝑙 to avoid zero distance and to 

find the relations between data points and cluster centres. The calculated fitness function defines 
the membership of a data point in the cluster centre. To calculate the fitness function, we must 

calculate the square of the Euclidean distance (𝑑𝑖𝑘
2 ) between data points 𝑧𝑖 and 𝑣𝑖 (Bezdek, James 

C., Ehrlich et al. 1984). 

𝑑𝑖𝑘
2 =  ∑(𝑧𝑘𝑗 −  𝑣𝑖𝑗)2

𝑁

𝑗=1

, 1 ≤ 𝑘 ≤ 𝑁, 1 ≤ 𝑖 ≤ 𝐶  

𝑧𝑘𝑗: an object’s data points 

Fitness function membership, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑧𝑖𝑘), is the degree of belonging of 𝑧𝑖 to 𝑣𝑖 (Wikaisuksakul 

2014) and is expressed as follows: 

fitness(𝑧𝑖𝑘) =  
1

∑ (
𝑑𝑖𝑘

𝑑𝑗𝑘
)

2 / (𝑚−1)
𝐶
𝑗=1

, 1 ≤ 𝑘 ≤ 𝑁, 1 ≤ 𝑖 ≤ 𝐶  

The highest 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑧𝑖𝑘) for a data point will indicate that the data point belongs to cluster 

centre 𝑣𝑖. 

The first objective is to calculate cluster centre outliers to select the best pool of cluster centres. 
Given the same fitness function of each data point to the selected cluster centres, 

{𝑣1, 𝑣2, 𝑣3, … , 𝐶}, the number of outliers should be small. In this case, the cluster outlier 
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problem, or the error of the membership degree function 𝐽(𝑧, 𝑣), is expressed as equal distance 

between data point 𝑧𝑖 and cluster centres 𝑣𝑖 (Bezdek, James Christian 1973). 

J(𝑧, 𝑣) =  ∑ ∑(𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑧𝑖𝑘)) 𝑑𝑖𝑘
2

𝑁

𝑘=1

𝐶

𝑖=1

 

𝐶: number of cluster centres 

𝑁: number of data points belonging to cluster centres 

The second objective is to select the best cluster centres based on compactness and separation 

percentages, 𝑣𝑘(𝑧, 𝑣; 𝑁). The compactness measures the variation in data within a cluster or 
between data and cluster centroids; this variation should be kept small. The separation considers 
the variation among cluster centroids; this variation should be large. To obtain the best cluster 
centres over GA generations and to find the optimal number of clusters, we must find the 

minimum percentage of 𝑣𝑘 (S.H. Kwon 1998). 

𝑣𝑘(𝑧, 𝑣; 𝑁) =  
∑ ∑ (𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑧𝑖𝑘))𝑑𝑖𝑘

2𝑁
𝑘=1

𝐶
𝑖=1 + (

1
𝐶) ∑ ‖𝑣𝑖 −  �̅�‖2

 +  𝛾𝐶
𝑖=1

𝑚𝑖𝑛𝑖≠𝑗‖𝑣𝑖 −  𝑣𝑗‖
2

+  𝛾
 

‖𝑣𝑖 −  �̅�‖2
: average distance between 𝐶 cluster centres 

𝑚𝑖𝑛𝑖≠𝑗‖𝑣𝑖 −  𝑣𝑗‖
2
: minimum distance between 𝐶 clusters 

The average distance is used to eliminate the monotonically decreasing tendency when there are 

large numbers of clusters; 𝛾 is a random value between 0 and 1 to avoid division by zero. 

The third objective is to measure the intensity, that is, the number of data points 𝑧𝑖  belonging 

to cluster centres 𝑣𝑖. The intensity will depict the geometry of cluster centres. 

Overall, these objectives are intended to facilitate the measurement of the aggregation of fuzzy 
membership degrees such that we may evaluate and optimize the cluster centres and find the 
best cluster centres in the population. 

Step 4: Crossover and mutation. 

Crossover is a probabilistic process that exchanges information between two parent cluster 
centres (chromosomes) to generate two new child cluster centres (chromosomes). In this study, 
single-point crossover with a fixed crossover probability is used to generate new cluster centre 

values because we use only two data objects. For cluster chromosomes of length 𝑙, a crossover 

point is generated in the range [1, 𝑙 - 2]. The chromosomes to the right of the crossover point 
are exchanged to produce two cluster centre offspring. The objects are connected by weight, 

and the value of the weight should move with new cluster generation. 

Fifty percent of the collected cluster centres randomly experience mutations. As the 
representation of data point values is considered in this study, we swap between cost values for 
each selected work order of chromosomes after crossover. 

Step 5: New generation 
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The new generation of cluster centres will repeat steps 3 to 4 continuously for 25 generations. 

At this point, the best fit GA generation of the cluster centres will be selected to cluster and 
reduce the data. Twenty-five generations are sufficient for these data because the fitness function 
value is repeated after the fifth generation. The new reduced data will not contain noise or 
redundant content. The reduced data will primarily contain relevant and significant data points 
belonging to cluster centres and should differ according to cost data description. The resulting 
data will be ready for the second level, imputing the missing data. 

 

Level two: MOGA for data imputing 

At this level, a MOGA is applied longitudinally to the data. Forty percent of each cost object is 
selected randomly at two different times. MOGA operates on the selected population over 
different generations to find the appropriate cost range to impute missing data for each object. 
MOGA is used to fill in the zero-value data from an appropriate cost range based on the best 

fitness function over different generations. The following steps constitute level two. 

Step 1: Initial population 

A longitudinal study of each cost object (𝑍𝑙𝑎𝑏𝑜𝑢𝑟, 𝑍𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙) is used to impute missing data using 

the MOGA for the two objects in parallel. 

Step 2: First MOGA generation and selection 

The first generation is performed by randomly selecting 40% of the initial population of cost 
objects at two different times so that 80% of the data comprise different chromosomes. We select 
two chromosomes to validate the GA operators. We select 80% of the data because the data have 
a high range of missing data, which requires us to find an appropriate range of values to impute 
missing data. 

We find the minimum and maximum for 40% of the population and for each cost object. We 

generate a random number 𝑃𝑖  between the minimum and maximum of each cost object 𝑧𝑖. The 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑧𝑖) for each selection in each object is calculated based on the formula below 

(Hadavandi, Shavandi et al. 2011). Then, the chromosome pairs for each object are summed. 

fitness(𝑧𝑖) = √
1

𝑁
 ∑(𝑌𝑖 − 𝑃𝑖)2

𝑁

𝑡=1

  

𝑁: number of training data 

𝑌𝑖: actual value of the 𝑖th training sample 

𝑃𝑖: generated value of the 𝑖th training sample 

The fitness function is a statistical method that finds the root mean absolute percentage error of 
the correlated imputed data. The lowest fitness function is selected to transform data to the next 
generation after the MOGA is applied. 

Step 3: The crossover and mutation operators are the same procedures as performed at the first 
level. 

Step 4: New generation 
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The new generation repeats steps 2 to 3 continuously for 25 generations. Twenty-five 

generations are sufficient for these data because the fitness function increases after the fourth 
generation. The best fit generation will have the lowest fitness function. The selected generation 
is used to randomly impute new values between the selected ranges for the missing data for each 
cost object. This step will yield fully correlated data that can be used for better estimation of the 
forecasting model. 

After this step, R-squared regression analysis is used to validate the imputed cost objects. The 
R-squared value provides information about the correlation between the cost values for each 
cost object before and after imputing. 

 

3.4. Time series forecasting 

 

3.4.1. Data simulation method 

The cost data have been simulated using the assumption of a theoretical function below: 

𝑦(𝑡) = 𝑎 + 𝑏 ×  sin(𝑐 × 𝑡) + 𝑑 × 𝑡𝑒 

𝑎, 𝑏, 𝑐, 𝑑 : constant variables 

In addition, the equation has been modified to obtain degraded curves with some harsh trends 
through changing the summation to subtraction as below. 

𝑦(𝑡) = 𝑎 − 𝑏 ×  sin(𝑐 × 𝑡) − 𝑑 × 𝑡𝑒 

𝑎, 𝑏, 𝑐, 𝑑 : constant variables 

These constant variables are assumed to simulate different curves of the data. Seven different 
curves might help to understand the forecasting models and compare them with our case study 
results. The simulated cost parameters with different trends are shown in the figures below Figure 
3.3, Figure 3.4, Figure 3.5, Figure 3.6, Figure 3.7, Figure 3.8, Figure 3.9. 
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Figure 3.3: First simulated cost parameter 

 

Figure 3.4: Second simulated cost parameter 
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Figure 3.5: Third simulated cost parameter 

 

Figure 3.6: Fourth simulated cost parameter 
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Figure 3.7: Fifth simulated cost parameter 

 

Figure 3.8: Sixth simulated cost parameter 
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Figure 3.9: Seventh simulated cost parameter with noise 

 

3.4.2. ARIMA model 

Traditional models for time series forecasting, such as the Box–Jenkins or ARIMA model (Box, 
Jenkins et al. 2015), assume that the studied time series are generated from linear processes. 
ARIMA is one of the most important and widely used time series models that is used across 
different subjects. The popularity of the ARIMA model is due to its statistical properties in the 
model building process. In addition, various exponential smoothing models can be implemented 
using ARIMA (McKenzie 1984). Although ARIMA models can represent several different types 
of time series, i.e., pure AR, pure MA and combined ARMA series, the major limitation is the 

pre-assumed linear form of the model. A linear correlation structure is assumed among the time 
series values; therefore, no non-linear patterns can be captured using ARIMA. The 
approximation of linear models to complex real-world problems cannot always be satisfied 
(Zhang 2003). Many studies have used ARIMA in economical predictions in different research 
areas; such studies include Javier Contreras et al. (Contreras, Espinola et al. 2003), Mitchell 
Chamlin and John K. Cochra (Chamlin, Cochran 1994), Peiyuan Chen et al. (Chen, P., 

Pedersen et al. 2010), and Ping-Feng Pai and Chih-Sheng Lin (Pai, Lin 2005). 

ARIMA is defined by three parameters (p, d, q). p represents the order of the autoregressive 
AR(p) process, d represents the order of integration (needed for the transformation into a 
stationary stochastic process), and q represents the order of the moving average AR(q) process 
(Herbst, Huber et al. 2014). Stationary stochasticity means that the data properties have the same 
variance and autocorrelation over time (Kwiatkowski, Phillips et al. 1992). 

The main part of the ARIMA model concerns the combination of AR and MA polynomials 
into a complex polynomial, as shown by the equation below (Vantuch, Zelinka 2015). The 
ARIMA model is applied to all the data points for each cost data object (labor and material). 

𝑦𝑡 =  𝜇 +  ∑(𝜎𝑖𝑦𝑡−1) +  ∑(𝜃𝑗𝜖𝑡−1) + 𝜖𝑡

𝑞

𝑗−1

𝑝

𝑖=1
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with the following notation: 

𝑦𝑡: the actual data over time; 

𝜇: the mean value of the time series data; 

𝑝: the number of autoregressive lags; 

𝑑: the number of differences calculated with the equation ∆𝑦𝑡 =  𝑦𝑡 −  𝑦𝑡−1; 

𝑞: the number of lags of the moving average process; 

𝜎: AR coefficients; 

𝜃: MA coefficients; 

𝜖: the white noise of the time series data. 

The values of the ARIMA parameters (𝑝, 𝑑, 𝑞) for AR and MA can be obtained from the 

behaviour of the autocorrelation function (ACF) and the partial autocorrelation function (PACF) 

(Box, Jenkins et al. 2015). These functions help in estimating parameters that can be used to 

forecast data by using the ARIMA model. 

 

3.4.3. Two-level system of MOGA based on the ARIMA model 

MOGAs are often compatible with non-linear systems and use a particular optimization from 
the principle of natural selection of the optimal solution on a wide range of forecasting 
populations (Hatzakis, Wallace 2006). 

The proposed MOGA optimizes a particular function based on the ARIMA model. The 
ARIMA model is a stochastic process modelling framework (Box, Jenkins et al. 2015) that is 
defined by three parameters (p, d, q). A stationary stochastic process is a process for which the 
data properties have the same variance and autocorrelation (Kwiatkowski, Phillips et al. 1992). 
A weakness of the ARIMA model is the difficulty estimating the parameters. To address this 

problem, a process for automated model selection must be implemented in the automated 
optimization to achieve accurate forecasting (Hyndman, Khandakar 2007). 

In this study, a two-level MOGA was developed, as shown in Figure 3.10. The levels of the 
MOGA are as follows: (1) a MOGA based on the ARIMA model for optimizing the forecasting 
cost data using ARIMA and (2) a MOGA based on multiple functions for measuring the 
forecasting error for validation of the forecasted data. Level one of the MOGA is applied to the 
cost data objects (labor and material) at four different times (four populations) to forecast data for 
the next level and for 15 different generations. The second level validates the forecasted data for 
the two cost objects. Using two levels allows us to reduce the computational cost (Thomassey, 
Happiette 2007) while reaching an effective and reasonable solution (Ding, Cheng et al. 2007). 
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Figure 3.10: Two-level system of MOGAs 
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Level one: MOGA based on the ARIMA model 

The first level utilizes a MOGA that is based on the ARIMA model and is implemented four 

different times using a cross-validation randomization technique. The technique aims to select 

the best time series data for forecasting. The process is as follows: a random number of cost data 

are selected based on encoding in each of the four implementations; the modified random cost 

data are generated 15 times. The modifications are used to find the optimal cost data for 

forecasting. The following steps are implemented when applying the MOGA in level one. 

Step 1: Initial population 

A longitudinal study of each cost object (𝑍𝑙𝑎𝑏𝑜𝑢𝑟, 𝑍𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙) is used to forecast data using the 

MOGA for the two objects in parallel. 

Step 2: First GA generation and selection 

The first generation is performed by selecting each cost object and checking whether the data 

are stationary (i.e., trend-stationary) or non-stationary using a Dickey-Fuller test (Leybourne, 

Mills et al. 1998). To apply the ARIMA model, the data should be stationary, i.e., the null 

hypothesis of stationarity should not be rejected. When applying the Dickey-Fuller test equation, 

hypothesis p = 1 means that the data are non-stationary, and p < 1 means that the data are 

stationary (Leybourne, Mills et al. 1998). 

The Dickey-Fuller test equation is as follows: 

Dickey − Fuller test (𝑥𝑡) =  𝛼 + 𝑝𝑥𝑡−𝑘 + 𝜀𝑡, 

in which the notation is as follows: 

𝒙𝒕: the actual data over time; 

𝜶: constant estimated value of the time series data; 

𝑯𝟏: the hypothesis is either 𝑯𝟏 = 1 or 𝑯𝟏 < 1; 

𝒕: time {𝟏, … , 𝒌}; 
𝜺: the white noise of the time series data. 
 
Step 3: Encoding 

Random values, either ones or zeros, are generated for each cost data object. Encoding is the 

process of transforming from the phenotype to the genotype space before proceeding with 

MOGA operators and finding the local optima. 

Step 4: Fitness function 

The fitness function is based on the ARIMA model for the forecasting of time series cost data 

objects individually, as can be observed in the equation below. The fitness function consists of 

an AR part and an MA part (Box, Jenkins et al. 2015). The ARIMA model uses AR and MA 

polynomials to estimate (𝑝) and (𝑞) (Vantuch, Zelinka 2015). 

The fitness function is formulated as follows: 
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𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑝, 𝑑, 𝑞) =  𝜇 +  ∑ (𝜎𝑦𝑡−1) +  ∑ (𝜃𝑖𝜖𝑡−1) + 𝜖𝑡
𝑞
𝑖−1

𝑝
𝑖=1 , 

in which the following notation is used: 

𝜇: the mean value of the time series data; 

𝑝: the number of autoregressive lags; 

𝑑: the number of differences calculated with the equation ∆𝑦𝑡 =  𝑦𝑡 −  𝑦𝑡−1; 

𝑞: the number of lags of the moving average process; 

𝜎: AR coefficients; 

𝜃: MA coefficients; 

𝜖: the white noise of the time series data. 

The parameters (𝑝, 𝑞) are estimated using an ACF and a PACF (Box, Jenkins et al. 2015). The 

estimated values produced by the previous equation are then used to create a forecast for 20 

months (𝑚) using the equation below (Huang, Huang et al. 2012). These forecasted values are 

then evaluated using the second level of the MOGA to find the optimal forecast with minimum 

error. 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑡 + 𝑚) =  𝜇 +  ∑ (𝜎𝑦𝑡−1) + ∑ (𝜃𝑖𝜖𝑡−1) +  𝜖𝑡
𝑞
𝑖−1

𝑝
𝑖=1 , 

where 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑡 + 𝑚) is the time series forecasting at time (𝑡 + 𝑚) and 

𝑚: months {1, 2, 3,…, 𝑚}. 

Step 5: Crossover and mutation 

In this study, a one-point crossover with a fixed crossover probability is used. This probability 

decreases the bias of the results over different generations caused by very large data values. For 

chromosomes of length 𝑙, crossover points are generated in the ranges [1, 1/2 𝑙] and [1/2 𝑙, 𝑙]. 

The values of objects are connected and should be exchanged to produce two new offspring. 

Two points are selected to create more value ranges and find the best fit. 

Randomly, ten percent of the selected chromosomes undergo mutation with the arrival of new 

chromosomes. For the cost object values, we swap two opposite data values. The purpose of this 

small mutation percentage is to keep the forecasting changes steady over different generations. 

Step 6: New generation 

The new generation step repeats steps 3 to 5 continuously for 15 generations. Fifteen generations 

are sufficient for these data because the curves of the fitness functions are repeated after fifteen 

generations. The selected fifteen generations are used individually for the second level to validate 

the forecasting error for each object and population. This step yields fully correlated data for the 

next step. 

 

Level two: MOGA for measuring the forecasting error 

At this level, the MOGA is applied longitudinally to the data. The MOGA is used to evaluate 

the forecasting error for each generation of the first level. Level two utilizes a MOGA that is 
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based on different forecasting error rates and is implemented for each generation from the first 

level and for four different populations using a cross-validation randomization technique. This 

technique aims to select the best evaluation of the time series data forecasting, and the process is 

as follows. A random number of cost data points are selected based on the encoding in each 

generation of the four populations, and five modified random cost datasets are generated. The 

modifications are then used to find the optimal cost data forecasting. In this study, due to the 

size of the training data, five generations are sufficient to obtain valid results. The following steps 

are implemented when applying the MOGA in level two. 

Step 1: Initial population 

A longitudinal study is performed for each generation and each cost object (𝑍𝑙𝑎𝑏𝑜𝑢𝑟, 𝑍𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙) 

with its forecasted data using the MOGA in parallel. 

Step 2: First GA generation, encoding and selection 

The first generation is performed by selecting each cost object and encoding by generating 

random values, either ones or zeros, for each cost data object. The selection for each cost data 

object is based on encodings with a value of 1. This selection is used to evaluate the forecasted 

data using the multi-objective fitness function. 

Step 3: Fitness function 

The multi-objective fitness function is based on multiple functions for measuring the forecasting 

error. The MAPE, the median absolute percentage error (MdAPE), the root mean square 

percentage error (RMSPE), the root median square percentage error (RMdSPE), and the mean 

absolute scaled error (MASE) are different fitness functions used to evaluate the selected 

forecasting data from step 2 (Hyndman, Koehler 2006). The fitness functions are formulated as 

follows: 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(MAPE) =  𝑚𝑒𝑎𝑛 (|𝑝𝑡|), where 𝑝𝑡 =
100𝑒𝑡

𝑌𝑖
 𝑎𝑛𝑑 𝑒𝑡 =  𝑌𝑡 −  𝐹𝑡 , 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(MdAPE) =  𝑚𝑒𝑑𝑖𝑎𝑛 (|𝑝𝑡|), where 𝑝𝑡 =
100𝑒𝑡

𝑌𝑖
 𝑎𝑛𝑑 𝑒𝑡 =  𝑌𝑡 − 𝐹𝑡, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(RMSPE) = √ 𝑚𝑒𝑎𝑛(𝑝𝑡
2), where 𝑝𝑡 =

100𝑒𝑡

𝑌𝑖
 𝑎𝑛𝑑 𝑒𝑡 =  𝑌𝑡 −  𝐹𝑡, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(RMdSPE) =  √𝑚𝑒𝑑𝑖𝑎𝑛 (𝑝𝑡
2), where 𝑝𝑡 =

100𝑒𝑡

𝑌𝑖
 𝑎𝑛𝑑 𝑒𝑡 =  𝑌𝑡 −  𝐹𝑡 , 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(MASE) =  𝑚𝑒𝑎𝑛(|𝑞𝑡|), where 𝑞𝑡 =
𝑒𝑡

1

𝑛−1
∑ |𝑌𝑖− 𝑌𝑖−1|𝑛

𝑖=2

, where 𝑒𝑡 =  𝑌𝑡 − 𝐹𝑡; 

in the above equations, the following notation is used: 

𝑡: time {1, … , 𝑘}; 

𝑌𝑡: the actual data over time; 

𝐹𝑡: the forecasted data over time. 
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The MAPE is often substantially larger than the MdAPE when the data involve small counts. In 

this study, it was impossible to use these measures because zero values of 𝑌𝑡 frequently occurred. 

The RMSPE and RMdSPE are more sensitive to the data. These methods are examples of 

random walks and measure the error based on the last adjusted observation of forecasted 

seasonality. The MASE is a scaled measure based on relative errors. This module tries to remove 

the scale of the data by comparing the forecasted data with data obtained from some benchmark 

forecast method (Hyndman, Koehler 2006). 

Step 4: The crossover and mutation operators are the same procedures as in the first level. 

Step 5: New generation 

The new generation step repeats steps 2 to 4 for five generations. Five generations are sufficient 

for these data because the fitness function is repeated after the fifth generation. The selected 

generation is used for the second level to validate the forecasting error for each object. This step 

yields fully correlated data that can be used for forecasts covering several months. 

 

3.4.4. Two levels of MOGA based on the DR model 

This study developed a MOGA based on the DR model. The DR model differs from the 

ordinary regression model in that it can treat both contemporaneous and time-lagged 

relationships (Hwang 2009). The developed MOGA consists of the following levels: (1) a 

MOGA based on the DR model, which is used to optimize the forecasting cost data using DR, 

and (2) a MOGA based on multiple functions for measuring the forecasting error for the purpose 

of validating the forecasted data. The MOGA is applied to cost data objects (labor and material) 

for 15 different generations for four different populations to forecast data for the next level. 

Then, the forecasted data for the two cost objects are validated. 

The same steps 1 to 2 as applied in the first level of the GA based on the ARIMA model are 

used again, and these steps are applied on the same data with the same method for every step. 

However, the fitness function step is based on the regression model, as clarified below. 

Step 3: Fitness function 

The multi-objective fitness function is based on the DR model function, as expressed in the 

fitness equation below (Hwang 2009). The fitness function is applied to a 20-month forecast. 

The data were normalized before calculating the fitness function. The purpose of the 

normalization is to decrease the computation complexity because the cost data values are very 

large. The equation used for the normalization �̅� is as follows: 

�̅� =  (𝑌𝑡 − 𝑚𝑖𝑛𝑌𝑡
) / (𝑚𝑎𝑥𝑌𝑡

−  𝑚𝑖𝑛𝑌𝑡
). 

The fitness equation is as follows: 

fitness(𝑌𝑡) =  𝑥 +  𝑏1𝑌𝑡−1 +  𝑏2𝑌𝑡−2 + 𝑊𝑁, 

where the notation is as follows: 
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𝑥: constant value calculated with the normal equation, where 𝑋𝑇𝑋𝐴 =  𝑋𝑇𝑏; 

𝑏1 𝑎𝑛𝑑 𝑏2: calculated with the normal equation, where 𝑋𝑇𝑋𝐴 =  𝑋𝑇𝑏; 

𝑌𝑡: related to 𝑌𝑡−1 and 𝑌𝑡−2; 

𝑊𝑁: white noise. 

The results of the fitness function for the 20-month forecast are denormalized to the original 

data using the equation below. The denormalized values are used to evaluate the forecasting 

error using the second level. 

𝑌𝑡 =  �̅� ∗ (𝑚𝑎𝑥𝑌𝑡
−  𝑚𝑖𝑛𝑌𝑡

) +  𝑚𝑖𝑛𝑌𝑡
. 

The forecasting error for each generation for all populations is validated using the MOGA based 

on multiple functions for measuring the forecasting error. The MAPE, MdAPE, RMSPE, 

RMdSPE, and MASE are different fitness functions used to evaluate the selected forecasting data 

from the previous step (Hyndman, Koehler 2006). The method used for validating the 

forecasting error of the GA based on the ARIMA model is used to validate the forecasting error 

of the GA based on the DR model. 

 

3.4.5. Model evaluation method 

A comparison of the three methods described above is performed based on the average value of 

the historical data used for training, the historical data used for testing and the additional trend 

data. Additional trend data have been used in many applications and were used in this study to 

compare the models. The deviation average value of 𝑌𝑡 is calculated based on two different 

functions for each method. This provides a means of comparing the different methods and 

finding a proper forecast, i.e., a forecast in which the deviation average value is close to zero. 

This step confirms our judgement regarding the best forecasting method for the data. 

For each method and cost data object, the average value is calculated for the historical data that 

are used for training, the historical data that are used for testing, the forecasted data, and the 

additional trend data. The average value of the historical data used for training (𝐴) is the average 

value of the data before the vertical dashed line. The average value of the historical data used for 

testing (𝐵) is the average value of the data after the vertical dashed line. The average value of the 

forecasted data (𝐶) is the average value of the forecasted data after the vertical dashed line. The 

average value of the additional trend data (𝐷) is the average value of the additional trend data 

after the vertical dashed line. The following equations express the deviation average value for 

each cost object: 

 

 

deviation average DV1 (𝑌𝑡) =   (𝐵 − 𝐶)/ 𝐴,  

deviation average DV2 (𝑌𝑡) =   (𝐵 − 𝐷)/ 𝐴; 
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𝑌𝑡 is the cost data object over 𝑡 time. 

 

3.5. Model optimization 

 

3.5.1. Risk-based LCC model 

In the present study, the failure data were tested and validated, and the data were evaluated for 

trends and for serial correlation using the Laplace trend test and serial correlation test (Ansell, 

Phillips 1994). When these tests are used, depending on the results, classical statistical techniques 

for reliability modelling may be appropriate (Ascher 2008, Modarres 2016, Ghosh, Majumdar 

2011). The Kolmogorov-Smirnov (K-S) test is traditionally used for the selection and validation 

of probability distribution models (Louit, Pascual et al. 2009b). The basic methodology of 

reliability modelling of repairable systems involves analysing the failure data and identifying the 

failure data with significant consequences. The TBF data are tested concerning the assumption 

that they are independent and identically distributed (iid). If the assumption that the data are iid 

is not valid, then classical statistical techniques for reliability analysis may not be appropriate. 

Therefore, a non-stationary model such as the NHPP must be fitted. The proportionality 

constant of the NHPP is assumed to be uncertain due to the lack of knowledge of the true 

expected number of defects (Barabady, Kumar 2008, Kuniewski, van der Weide, Johannes AM 

et al. 2009). 

Since maintenance cost limitations invariably exist, risk assessment must be integrated into the 

LCC to create a useful and complementary decision-making tool (Stewart 2001). Risk 

assessment clearly defines reliability and provides a measure of cost-effectiveness because 

reliability is the probability of failures that will necessitate maintenance. The initial stage of risk 

assessment is to estimate the reliability by fitting the proper distribution. Note that reliability is 

not simply the probability of failure. The risk of failure or damage entails direct repair and 

maintenance costs. The risk of disruption of functional use is very real, and therefore one must 

aim to eliminate this risk as much as is practicable, but the risk of failure also causes problems, 

and these problems entail costs. However, a more meaningful risk assessment measure is the 

expected cost of failure, defined by the following equation (Stewart 2001, Furuta, Kameda et al. 

2004). 

𝐸𝑐𝑡
=  ∑ 𝑅𝑓𝑖

𝐶𝑓𝑖

𝑀
𝑖=1        

where 𝐸𝑐𝑡
 is the expected risk cost over the monthly time scale 𝑡 {0, … , 𝑡}; 𝑅𝑓𝑖

 is the monthly 

failure rate, which is the rate of the interval times of two regular repairable failures; and 𝐶𝑓𝑖
 is 

the failure cost (labor and material cost) associated with the occurrence of each limit over the 

number of failures 𝑀. The risk costs were forecasted using a GA based on the ARIMA model 

for 20 years. The failure rate was increased manually stepwise by 1% to be, in total, a risk value 

ranging from 1% to 250% to study the variation of the risk percentage and the association with 

the LCC. Stepwise increases by 1% are implemented by multiplying the original failure rate 

values by the required risk percentage over the original risk percentage and then multiplying the 
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result failure rate with the cost. Then, the risk cost is integrated in the LCC optimization model 

to find the minimum cost against the system benefits. 

Since the minimum value of the cost is required to obtain the ORT, the following optimization 

model was developed to find the replacement time (RT) that minimizes the total cost value 

(𝑇𝐶𝑣𝑎𝑙𝑢𝑒), as shown in the equations below. The term “total cost value” is defined as the 

summation of the fan’s purchase price (PP), operating cost (OC), maintenance cost (MC), risk 

cost 𝐸𝑐𝑡
 and resale value 𝑆𝑡 over the optimization time horizon, with replacements occurring at 

intervals of n periods (Eschenbach 2003, Al-Chalabi, Ahmadzadeh et al. 2014). 

𝑀𝐶 = 𝐶𝑀 + 𝑃𝑀       

𝐶𝑀 = 𝑆𝑃𝑐 + 𝐿𝐶𝑐       

𝑃𝑀 = 𝑆𝑃𝑝 + 𝐿𝐶𝑝       

𝑆𝑡 = 𝐵𝑉1  × (1 − 𝐷𝑟)𝑡        𝑡 = 1,2,3, … , 240 (𝑚𝑜𝑛𝑡ℎ𝑠)  

in which the following notation is used: 

MC: maintenance cost (cu) 

CM: corrective maintenance cost (cu) 

PM: preventive maintenance cost (cu) 

𝑆𝑃𝑐: spare part cost for corrective maintenance (cu) 

𝐿𝐶𝑐: labor cost for corrective maintenance (cu) 

𝑆𝑃𝑝: spare part cost for preventive maintenance (cu) 

𝐿𝐶𝑝: labor cost for preventive maintenance (cu) 

𝑆𝑡: resale value (cu) 

BV1: booking value on the first day of operation (cu) 

Dr: depreciation rate 

t: fan’s lifetime (months). 

 

The depreciation rate, which allows for full depreciation by the end of the planned lifetime of 

the fan, is modelled via the following equation (Luderer, Nollau et al. 2009, Al-Chalabi, 

Ahmadzadeh et al. 2014). 

𝐷𝑟 = 1 − (
𝑆𝑉

𝐵𝑉1
)

1

𝑇
       

where SV is the scrap value (cu) and 𝑇 represents the planned lifetime of the fans, which was 

120 months in the case study. The fans were assumed to reach their scrap value after ten years. 

The next step is to calculate the TOC over each operating month. In this study, the optimal 

lifetime of the ventilation system was defined as the fan age that minimizes the fan’s TOC. The 

TOC over period t is denoted by 𝑇𝑂𝐶𝑡, 𝑡 = 1,2,3, … , 𝑛, where 𝑛 is the number of operating 

months. By definition, 

𝑇𝑂𝐶𝑡 = 𝑃𝑃 +  [∑ (𝑀𝐶𝑡 +  𝑂𝐶𝑡 + 𝐸𝑐𝑡
)𝑅𝑇

𝑡=1 ] − 𝑆𝑡,    
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We assume that the replacement fans have the same performance and cost as the existing fans 

(i.e., identical system). The number of replacement cycles during the planned time horizon is 

modelled as 

𝑀 =  [
𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝑙𝑖𝑓𝑒𝑡𝑖𝑚𝑒

𝑅𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑛𝑡 𝑡𝑖𝑚𝑒
] =  [

𝑇

𝑅𝑇
]      

The optimal replacement time is the value of RT that minimizes the TOC value, as shown in 

the following equation (Al-Chalabi, Ahmadzadeh et al. 2014). 

𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 =  [𝑃𝑃 + ∑(𝑀𝐶𝑡 +  𝑂𝐶𝑡 +  𝐸𝑐𝑡
)

𝑅𝑇

𝑡=1

− 𝑆𝑡]   ×  
𝑀

(1 + 𝑟)
𝑡

12

  

in which the following notation is used: 

𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒: TOC value (cu) 

RT: RT (months) {1,…, t} 

𝑟: interest rate (10%) 

M: number of fan replacement cycles. 

 

 

3.5.2. Two-level MOGA system 

In this study, a two-level MOGA was developed, as shown in Figure 3.11. The MOGA consists 

of the following: (1) a MOGA based on a risk model to provide the variation of risk percentages 

and (2) a MOGA based on an LCC model to estimate the optimal replacement time for tunnel 

fans. Both levels were applied to forecasted cost data and risk cost data for 30 years. Level one of 

the MOGA was applied to the risk cost data for four populations to provide variant probabilities 

of risk percentages for 15 generations. Level two of the MOGA was applied to the cost data 

objects (i.e., maintenance cost, purchase price, operation cost, and second-hand value) and the 

different generations of risk cost data of the first level for four populations to estimate the optimal 

replacement time. The first and second levels use a cross-validation technique to validate the 

optimization and estimate the system accurateness. Using two levels allows us to reduce the 

computational cost (Thomassey, Happiette 2007) while reaching an effective and reasonable 

solution (Ding, Cheng et al. 2007). 
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Figure 3.11: Two-level MOGA system  

 

Level one: MOGA based on the risk model 

The proposed MOGA method uses optimization from the principle of natural selection of the 

optimal solution on a wide range of forecasting populations. The MOGA creates populations of 

chromosomes as possible answers to estimate the optimum forecasting (Hatzakis, Wallace 2006). 

In the literature, it is reported that GAs are robust, generic and easily adaptable because they can 

be broken down into the following steps: initialisation, evaluation, selection, crossover, 
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mutation, update and completion. The evaluation (fitness function) creates the basis for a new 

population of chromosomes. The new population is formed using specific genetic operators, 

such as crossover and mutation (Cordón, Herrera et al. 2001, Shi, Cai et al. 2013). The fitness 

function is derived from a risk cost estimation model. 

MOGAs are a technique that can be used to provide variant probabilities of cost risk percentages 

for 15 generations. Fifteen generations are sufficient for these data because the curves of the 

fitness functions are repeated after fifteen generations. The GA provides non-linear solutions to 

complex non-linear problems that often lead to cases where the search space shows curvy local 

minimums. In addition, the GA offers the possibility of obtaining solutions that have different 

reliability levels. The first level utilizes a MOGA based on a risk model. The process is as follows: 

a random number of failure cost data samples is selected based on encoding in each of the four 

populations, and the modified random cost data are generated 15 times. The following steps 

explain the use of the MOGA for risk cost data. 

Step 1: Initial population 

A longitudinal study of the risk cost object (𝑍𝑟𝑖𝑠𝑘) is used to provide the risk percentage variation 

using the MOGA. 

Step 2: First GA generation and selection 

The first generation is performed by randomly selecting 80% of the risk objects to ensure that 

the model includes all possible patterns up to the edge of the modelling domain. 

Step 3: Encoding 

Random values, either ones or zeros, are generated for each selected cost data object. Encoding 

is the process of transforming from the phenotype space to the genotype space before proceeding 

with MOGA operators and finding the local optima. 

Step 4: Fitness function 

The risk of failure or damage entails direct repair and maintenance costs. The fitness function is 

based on the risk model in the following equation. 

𝐸𝑐𝑡
=  ∑ 𝑅𝑓𝑖

𝐶𝑓𝑖

𝑀

𝑖=1

 

Step 5: Crossover and mutation 

In this study, a one-point crossover with a fixed crossover probability is used. This probability 

decreases the bias of the results over different generations caused by the very large data values. 

For chromosomes of length 𝑙, two crossover points are generated in the ranges [1, 1/2 𝑙] and 

[1/2 𝑙, 𝑙]. The values of objects are connected and should be exchanged to produce two new 

offspring. We select two points to create more value ranges and to find the best fit. 
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Ten percent of the selected chromosomes randomly undergo mutation with the arrival of new 

chromosomes. For the risk cost object values, we swap two opposite data values. The purpose 

of this small mutation percentage is to keep the risk average changes steady over different 

generations. 

Step 6: New generation 

The new generation repeats steps 3 to 5 continuously for 15 generations. The selected fifteen 

generations are used individually for the second level to validate the forecasting error for each 

object and population. This step yields fully correlated data for the next step. 

 

Level two: MOGA based on LCC model 

At this level, a MOGA based on an LCC model is implemented as an optimization technique 

that can be used to estimate an accurate LCC model to find the optimal replacement time. This 

MOGA is implemented four different times using a cross-validation randomization technique. 

The process is as follows: a random number of cost data are selected based on encoding in each 

of the four populations, and the modified random cost data are generated 15 times. Fifteen 

generations are sufficient for these data because the curves of the fitness functions are repeated 

after fifteen generations. The modifications are used to find the optimal forecasting cost data. 

The following steps explain the use of the MOGA. 

Step 1: Initial population 

A longitudinal study of each cost object (𝑍𝑟𝑖𝑠𝑘, 𝑍𝑀𝐶 , 𝑍𝑂𝐶, 𝑍𝑃𝑃, 𝑍𝑆𝐻) is used to optimize the 

LCC using the MOGA. 

Step 2: First GA generation and selection 

The first generation is performed by randomly selecting 80% of the cost objects to ensure that 

the model includes all the possible patterns up to the edge of the modelling domain. The selected 

data are used to calculate the fan’s MC, OC, PP, and second-hand (SH) value. 

Step 3: Encoding  

Random values, either ones or zeros, are generated for each selected cost data object. Encoding 

is the process of transforming from the phenotype to the genotype space before proceeding with 

MOGA operators and finding the local optima. 

Step 4: Fitness function 

The fitness function is based on the ORT model for time series forecasting of cost data objects 

individually, as can be observed from the following equation. 

𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 =  [𝑃𝑃 + ∑(𝑀𝐶𝑡 +  𝑂𝐶𝑡 +  𝐸𝑐𝑡
)

𝑅𝑇

𝑡=1

− 𝑆𝑡]   ×  
𝑀

(1 + 𝑟)
𝑡

12

 

The fifth and sixth steps of the MOGA are described in the section above that details the first 

level. 
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RESULTS AND DISCUSSIONS 

4.1. Results related to data clustering and imputing 

 

4.1.1. Results of K-means data clustering 

The K-means algorithm is implemented on cost data objects to cluster data. Figure 4.1 shows 

the data points with respect to the two cost objects, labor and materials, and the clustering results 

with three clusters. Three clusters were selected according to reports in the literature that 

mentioned three clusters are more suitable with different data types. In the present study, three 

clusters are implemented as a certain number to study the effect on our data. 

These clusters divide the data points into three certain partitions. The K-means equation simply 

calculates the Euclidean distance squared between the clusters and data points sequentially to 

achieve the K-means theory of grouping and separating data sequentially. In this case, 

overlapping is not possible due to the Euclidean distance, as shown in Figure 4.1. The certain 

cluster numbers might be inaccurate, and the data may require more or fewer clusters. In 

addition, this particular clustering does not provide an understanding of the relation and 

correlation between the data points of labor and material costs. Data size reduction based on this 

clustering is not easy because the cluster geometry might not be optimal. It should be mentioned 

here that the blue cluster contains zero-valued data points as well as other values, which is an 

indicator that the clustering is not sufficient. 

 

Figure 4.1: K-means data clustering 
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4.1.2. Results of two-level MOGA 

 

Results of level one: MOGA based on the FCM algorithm 

In this study, six populations were tested individually using a MOGA based on the FCM 

algorithm and then compared to optimize the cluster centres for the two different cost objects. 

Figure 4.2 shows the number of random cluster centres proposed by the model in the selection 

stage based on the previous genetic stage of the first generation, which is an estimated cluster 

number generated for each population between 0 and √𝑁. This number of estimated clusters is 

selected and removed from 𝑁 data. The actual cluster centres are data points that are shaped after 

applying the FCM algorithm (fitness function) at the same selection stage. The random cluster 

centre number is the input for FCM, and the output is the actual cluster centres in addition to 

the clustered cost data. FCM is the degree of the Euclidean distance membership of the data 

point 𝑧𝑖 to the cluster centre 𝑣𝑖. The fitness equation is one over the Euclidean distance for one 

or more data dimensions, and this equation is used to find the membership degrees in clusters 

for the data point and to select the highest membership degree. 

The actual cluster centres (chromosomes) of the generated clusters, as shown in Figure 4.2, show 

the best actual cluster centres over twenty-five generations. The twenty-five different 

generations provide the opportunity to have twenty-five different cluster geometries along the 

data points. The first and second populations on the third and second generations have three 

actual cluster centres, created from 17 and 12 random cluster centres. The third population on 

the fourth generation corresponds to only one cluster centre, derived from 8 random cluster 

centres. The fourth, fifth and sixth populations on the seventh, sixth and ninth generations have 

between two and three cluster centres derived from 16, 17, and 14 random cluster centres. The 

number of cluster centres is not the main criterion; rather, we are more concerned with the 

optimal cluster centres. At the same selection stage of the GA, the percentage of intensity for 

each population gives a better understanding of the cluster centres’ effectiveness. 

 

Figure 4.2: Number of cluster centres for six populations 
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As Figure 4.3 shows, in the first population in the third generation, 98.80% of the data belong 

to three cluster centres. The second population in the second generation has three cluster centres, 

and 99.15% of the data are relevant. The third population in the fourth generation has the highest 

percentage, with 99.43% relevant data, but only one cluster centre. In this case, we cannot prove 

that the population is optimal because one cluster centre is not sufficient to understand the data. 

The fourth and fifth populations in the seventh and sixth generations have 98.88% and 98.8% 

relevant data, respectively. The fifth population has only two cluster centres (the fourth has 

three), and therefore it has the lowest percentage. The sixth population in the ninth generation 

has 99% of the data shaped around three cluster centres. The optimal cluster centre will have the 

most data points shaped around it. The differences between intensities are small, and in this case, 

more criteria are needed to obtain a better understanding of our judgement regarding optimal 

clustering and the number of cluster centres. 

 

Figure 4.3: Data intensity percentages for six populations 

Cluster centre roles can be represented by the percentage of data reduction for each population. 

Figure 4.4 shows the data reduction percentages for each population after choosing the best 

cluster centres. Figure 4.4 shows that the first and second populations in the third and second 

generations have 26.55% and 26.33% data reduction in size, respectively. The first and second 

populations have three cluster centres. The first has the highest data reduction percentage among 

the six populations but the lowest intensity. The third population on the fourth generation has 

a 26.11% reduction, which represents the lowest reduction percentage, but at the same time, 

corresponds to only one cluster centre, which is not sufficient to understand the data. The fourth 

and fifth populations in the seventh and sixth generations have 26.4% data reduction percentages, 

with three and two cluster centres, respectively. The sixth population in the ninth generation 

has a 26.25% data reduction percentage with three cluster centres and 99% intensity. The data 

reduction percentages are slightly different between different populations and are not sufficient 

to determine the optimal cluster centres. Consequently, studying the compactness and separation 

𝑣𝑘 is needed for the cluster centres of each population. 
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Figure 4.4: Data reduction percentages for six populations 

Figure 4.5 shows the 𝑣𝑘 percentages for each population; a lower 𝑣𝑘 indicates lower compactness 

and higher separation between cluster centres. The first population has 𝑣𝑘 of 0.09% as the lowest 

value in the third generation. This population has three cluster centres and higher data reduction, 

as shown in Figures 4.2 and 4.4. The second population in the second generation has higher 𝑣𝑘 

than the first population, at 0.25%, and three cluster centres. The third has 0.11% 𝑣𝑘, with one 

cluster centre at the fourth generation. In this case, one cluster is excluded because the separation 

in 𝑣𝑘 is zero, and therefore it cannot be compared with other populations. The fourth and fifth 

populations in the seventh and sixth generations have 1.17% and 0.09% 𝑣𝑘 with two and three 

cluster centres, respectively. However, the sixth population in the ninth generation has the 

highest 𝑣𝑘 of 3.49% among the six populations, with three cluster centres. 
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Figure 4.5: Compactness and separation (𝑣𝑘) percentages for six populations 

The optimal population with optimal cluster centres does not always mean that the population 

and the cluster centres have the lowest and highest peaks for the number of cluster centres, the 

intensity, the data reduction percentage, or 𝑣𝑘. In this study, we average the optimal cluster 

centres to discover most of the data points; specifically, we seek efficient intensity, high data 

reduction, and low 𝑣𝑘 of cluster centres. The error membership 𝐽(𝑧, 𝑣) has zero value in the 

proposed methodology over populations and with different MOGA generations because the 

MOGA population and generations avoid cluster centres overlapping in this case. 

In this study, the first population on the third generation has a low 𝑣𝑘 of 0.09%, a high percentage 

of intensity of 98.80% with three cluster centres, and the highest data reduction in size of 26.55% 

compared with the other populations. These three cluster centres have a suitable geometry in 

the data, making most of the cost data points understandable and discoverable. Figure 4.6 shows 

the data points with respect to the two cost objects, labor and materials, and the clustering results 

of the first generation with three cluster centres. 

These cluster centres are used to reduce the data into relevant parts and prepare for the second 

level of MOGA to impute the missing data. Note that Figure 4.6 has three different colours for 

the three cluster centres of the first population. The clusters are distributed over the data points 

because the cluster centre geometry is optimal. These centres yield a better understanding of the 

data points. The theory of FCM is that obtaining the best clustering through circulating the data 

points provides better clustering shaping and understanding data point relations. The data are 

compared and evaluated to reduce the original data to the most relevant contents without 

redundancy, missing values, or noise, such as outliers. 
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Figure 4.6: Data clustering of the first population 

 

Results of level two: genetic algorithm 

The outcome of the first level, specifically in the first population, indicates the amount of missing 

data in the cost objects. The labor and materials costs have 57% and 81% missing data percentages, 

respectively. Missing data cause a substantial amount of bias, make the analysis of the data more 

arduous, and reduce the analysis efficiency. The MOGA is implemented for each cost object to 

impute the missing data. The imputation helps provide complete data that can be used for better 

estimation of the ORT of the tunnel fans. 

R-squared regression analysis is used to validate the imputation process using MOGA and to 

determine the differences before and after data imputation for each cost object. Figure 4.7 shows 

that R-squared is 0.84 for the reduced accumulated labor cost data before imputation. 
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Figure 4.7: R-squared for accumulative labor cost before imputation 

The second population of MOGA in the sixth generation has the minimum imputing error that 

is used for imputing missing values. Figure 4.8 shows a better R-squared value, 0.99, after 

imputing the missing labor cost data; therefore, imputing increases the data quality. 

 

Figure 4.8: R-squared for accumulative labor cost after imputation 

Figure 4.9 shows that R-squared is 0.44 for the cumulative materials cost before data imputation. 
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Figure 4.9: R-squared for accumulative material cost before imputation 

The fourth population of MOGA in the ninth generation has the minimum imputing error, 

which is used for imputing missing values. Figure 4.10 shows a higher R-squared result, 0.99. 

The quality of the material cost data is improved after imputation. 

 

Figure 4.10: R-squared for accumulative material cost after imputation 

Figures 4.8 and 4.10 reflect the higher R-squared values due to the correlation between values 

after imputing and avoiding missing values. In this study, we assume that zeros represent missing 

values corresponding to a work order for which the maintenance costs were not recorded. 
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Using the MOGA for each level is time consuming even when it is executed on a virtual machine 

of a server with special specifications. The server used in this study has 16 processors of E5-

2690V2 (25M cash), 128 GB of RAM, and 300 GB of hard disk space running the Windows-7 

Enterprise 64-bit operating system. Table 4.1 reports the time required for clustering and 

imputation for each population. Clearly, clustering is more time consuming than the imputation 

process. 

Table 4.1: Time required for each population 

GA populations Clustering (HH:MM:SS) Imputation (HH:MM:SS) 

1 10:00:51 00:00:16 

2 05:38:48 00:00:17 

3 02:16:58 00:00:17 

4 08:56:05 00:00:16 

5 09:15:17 00:00:17 

6 06:18:05 00:00:17 

 

Unlike imputation, the time required for clustering is dissimilar for each population; the 

clustering process has different calculations and comparisons based on a randomly generated 

number of cluster centres. The imputation process has fewer calculations and requires almost the 

same amount of time for each population, as the population size is always 80% of the cost data 

for each cost object. 
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4.2. Results related to time series forecasting 

 

4.2.1. Results of the ARIMA model for simulated data 

The ARIMA model was implemented stochastically based on the default values for the 

parameters p, d and q for the different scenarios and individually for each simulated cost object. 

The default values assumed and presented in the book by George E. P. Box (Box, Jenkins et al. 

2015) for each parameter in the scenarios are (1,1,1), (1,0,0), (1,1,1), (2,1,3), (3,1,3) and (4,1,3). 

These values were selected according to the outcomes of different experiments on different data 

types, and George E. P. Box (Box, Jenkins et al. 2015) claimed that these values are suitable for 

most cases. For every scenario, all the simulated cost data points of every object were included, 

covering a period of 97 months. 

In this section, we present forecasting of seven simulated cost objects using the ARIMA model. 

Every simulated cost object has a different trend of the data that has been simulated using 

Equations in the previous section 3.4.1 and this will be used for studying the accuracy of 

forecasting using ARIMA compared with our case study. 

Figures 4.11, 4.12, and 4.13 show the forecasting for the log of the simulated cost object with 

horizontally different harsh trends. Before the vertical dashed line, the simulated cost data used 

for training for 78 months are shown, and after the vertical dashed line, the simulated cost data 

used for testing for 20 months are shown. The forecasted data for the 20-month period seem to 

be in sync with the data used for testing. The forecasting based on the ARIMA model reflects a 

good impact on the simulated cost data. 

 

Figure 4.11: Log simulated cost data forecasting based on the ARIMA (2,1,3) model 
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Figure 4.12: Log simulated cost data forecasting based on the ARIMA (2,1,3) model 

 

Figure 4.13: Log simulated cost data forecasting based on the ARIMA (2,1,3) model 

Figures 4.14, 4.15, and 4.16 show the forecasting for the log and non-log of the simulated cost 

object with different exponents. Non-log simulated data are used to present the data 

exponentially clearly. Before the vertical dashed line, the simulated cost data used for training 

for 78 months are shown, and after the vertical dashed line, the simulated cost data used for 

testing for 20 months are shown. The forecasted data for the 20-month period seem almost to 

be in sync with the historical data used for testing. The forecasting based on the ARIMA model 

reflects a good impact on the simulated cost data. 
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Figure 4.14: Log simulated cost data forecasting based on the ARIMA (3,1,3) model 

 

Figure 4.15: Simulated cost data forecasting based on the ARIMA (3,1,3) model 
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Figure 4.16: Simulated cost data forecasting based on the ARIMA (4,1,3) model 

Figure 4.17 shows the forecasting for the exponential simulated cost object with adding noises 

to the data. The noises will be used to evaluate the ARIMA model. Before the vertical dashed 

line, the simulated cost data used for training for 78 months are shown, and after the vertical 

dashed line, the simulated cost data used for testing for 20 months are shown. The forecasted 

data for the 20-month period seem almost in sync with the historical data used for testing. The 

forecasting based on the ARIMA model reflects a good impact on the simulated cost data. 

 

Figure 4.17: Simulated cost data forecasting based on the ARIMA (4,1,3) model 

4.2.2. Results of the ARIMA model for case study 

The ARIMA model was implemented stochastically based on the default values for the 

parameters p, d and q for the different scenarios and individually for each cost object (𝑍𝑙𝑎𝑏𝑜𝑢𝑟, 

𝑍𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙). In this study, the input for the ARIMA model is limited to labor and material costs; 

therefore, the forecasting error depends on the influences of these inputs. Nevertheless, an 

assumption may be considered regarding unexpected parameters that affect the labor and material 

costs, which is not considered during the forecasting. Examples of these parameters are 
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unexpected electricity problems that might destroy some fans or problems with subcomponents 

of the fan that might stop the operation. However, if we have more inputs, it might increase the 

possibility of studying their performance in the proposed model in this thesis. 

The default values assumed and presented in the book by George E. P. Box (Box, Jenkins et al. 

2015) for each parameter in the scenarios are (1,1,1), (1,0,0), (1,0,1) and (2,0,1). These values 

were selected according the outcomes of different experiments on different data types, and 

George E. P. Box (Box, Jenkins et al. 2015) claimed that these values are suitable for most cases. 

For every scenario, all the cost data points of every object were included, covering a period of 

97 months. The scenarios do not show reasonable forecasting for a period of 20 months. 

In this section, we present the cost object forecasting of the ARIMA model (1,1,1) as the default 

input parameters. The logarithm of the data is plotted for two reasons: to respond to skewness 

(skewness is a measure of the asymmetry of the probability distribution of a real-valued random 

variable about its mean) towards large values and to show change or multiplicative factors. 

Figure 4.18 shows the forecasting for the log of the labor cost object with the polynomial trend 

of the historical data used for training to illustrate the relationship between the values over a 

timeline with monthly intervals. Before the vertical dashed line, the historical labor cost data 

used for training for 97 months are shown, and after the vertical dashed line, the historical labor 

cost data used for testing for 20 months are shown. The polynomial equation in Figure 4.18 is 

based on the historical data used for training, and it is used to predict for 20 months. This 

polynomial was selected based on the best R-squared value. The forecasted data for the 20-

month period do not seem to be in sync with the historical data used for testing and are lower 

than the data trend. The forecasting based on the ARIMA model does not reflect the real data 

for the labor cost object since the forecasted data are at the bottom of the actual data. 

 

 

Figure 4.18: Log labor cost data forecasting based on the ARIMA (1,1,1) model 

Figure 4.19 shows the forecast for the log of material cost objects with a polynomial trend to 

illustrate the relationship among the values over a timeline with monthly intervals. Before the 
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vertical dashed line, the historical material cost data for 97 months used for training are presented, 

and after the vertical dashed line, the historical material cost data for 20 months used for testing 

are presented. The polynomial equation in Figure 4.19 is based on the historical data used for 

training, and is used to predict for 20 months. This polynomial was selected based on the best 

R-squared value. The forecasted data for the 20-month period do not seem to be in sync with 

the actual data and are lower than the trend of the data. The forecasting based on the ARIMA 

model does not reflect the real data for the material cost object since the forecasted data are at 

the bottom of the actual data. 

 

Figure 4.19: Log material cost data forecasting based on the ARIMA (1,1,1) model 

The behaviour of Figures 4.18 and 4.19 will be explained mathematically as follows. The 

forecasting based on the ARIMA model does not exhibit sufficient error over the 20-month 

period. The forecasted values in Figures 4.18 and 4.19 are based on the polynomial combination 

of MA and AR. The equations below deviate and are concluded from two main references (Box, 

Jenkins et al. 2015, Montgomery, Jennings et al. 2015). Initially, and generally, for a time-

invariant, stable linear filter, a stationary input time series 𝑥𝑡 with 𝜇𝑥 = 𝐸(𝑥𝑡) and 𝛾𝑥(𝑘) =

𝐶𝑜𝑣(𝑥𝑡, 𝑥𝑡+𝑘), the output stationary time series 𝑦𝑡 is given by the equation below. 

𝐸(𝑦𝑡) =   𝜇𝑦 =  ∑ 𝜃𝑖𝜇𝑥

∞

− ∞
  

𝑦𝑡 are essentially the states of any nondeterministic stationary time series data. A time series is 

said to be stationary if there is no systematic change in the mean (no trend), if there is no 

systematic change in the variance, and if it contains no strictly periodic variations. 

𝜇 is the mean value of the time series data, which is 97 months. 

𝜃𝑖 is the moving average coefficient operator as a polynomial in the backshift operator of the 

data 𝜃(𝐵) = 1 − 𝜃1𝐵 − ⋯ −  𝜃𝑞𝐵𝑞, where the backshift operator is 𝐵𝑋𝑡 =  𝑋𝑡−1. This is a 

stationary time series that can be considered the weighted sum of the present and past random 

“disturbances” of data points, which is not set to zero. 
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Then, the 𝐶𝑜𝑣(𝑦𝑡, 𝑦𝑡+𝑘) can be estimated based on the time series input data with the 

autocovariance at lag 𝑘 with two inputs 𝑖 and 𝑗 (def. 𝑖 is the number of input data vectors, and 

𝑗 is the number of input values of each vector), as defined in the equation below. 

𝐶𝑜𝑣(𝑦𝑡, 𝑦𝑡+𝑘) =  𝛾𝑥(𝑘) =  ∑ ∑ 𝜃𝑖

∞

𝑗=−∞

∞

𝑖= −∞
𝜃𝑗𝛾𝑥(𝑖 − 𝑗 + 𝑘) 

It is easy to show that the following stable linear process with white noise time series, 𝜀𝑡 is also 

stationary and added to the 𝐸(𝑦𝑡) equation. 𝜀𝑡 represents independent random shocks with 

𝐸(𝜀𝑡) = 0 as a possibility and can be used to distinguish between non-stationary and stationary 

data, as shown below. 

𝑦𝑡 =   𝜇 =  ∑ 𝜃𝑖𝜀𝑡−𝑖

∞

𝑖=0
 

𝛾𝜀(ℎ) =  {
𝜎2  𝑖𝑓 ℎ = 0
0    𝑖𝑓 ℎ ≠ 0

, where the variance 𝜎2 is the expectation of the squared deviation of a 

random variable from its mean. 

Therefore, the autocovariance function 𝐶𝑜𝑣(𝑦𝑡, 𝑦𝑡+𝑘) of 𝑦𝑡 is given below. 

𝛾𝑦 (𝑘) =  ∑ ∑ 𝜃𝑖

∞

𝑗=0

∞

𝑖=0
𝜃𝑗𝛾𝜀(𝑖 − 𝑗 + 𝑘) =  𝜎2 ∑ 𝜃𝑖𝜃𝑖+𝑘

∞

𝑖=0
 

𝑦𝑡 can be rewritten in terms of the backshift operator 𝐵, which operates on an element of a time 

series to produce the previous element, as shown below. Calculation of 𝑦𝑡 gives the sensitivity 

for the data values. 

𝑦𝑡 =  𝜇 +  𝜃0𝜀𝑡 +  𝜃1𝜀𝑡−1 + 𝜃2𝜀𝑡−2 + ⋯ 

     =  𝜇 +  ∑ 𝜃𝑖𝐵𝑖𝜀𝑡 =  𝜇 + (∑ 𝜃𝑖𝐵𝑖
∞

𝑖=0
)

∞

𝑖=0
 𝜀𝑡 

     =  𝜇 +  𝜃 (𝐵) 𝜀𝑡 

Furthermore, 𝜀𝑡 is white noise. White noise can be defined in discrete or continuous time. White 

noise is a very simple stationary process: the value at the present time is uncorrelated with any 

values in the past or the future. The expected value of the MA(𝑞) process is given simply, as 

shown below. 

𝐸(𝑦𝑡) = 𝐸(𝜇 +  𝜀𝑡 −  𝜃1𝜀𝑡−1 − ⋯ − 𝜃𝑞𝜀𝑡−𝑞) =  𝜇, and its variance is  

𝑉𝑎𝑟(𝑦𝑡) =  𝛾𝑦(0) = 𝑉𝑎𝑟(𝜇 + 𝜀𝑡 −  𝜃1𝜀𝑡−1 − ⋯ −  𝜃𝑞𝜀𝑡−𝑞) 

                 =  𝜎2(1 + 𝜃1
2 + ⋯ +  𝜃𝑞

2) 

Similarly, the autocovariance at lag 𝑘 can be calculated by 

𝛾𝑦 (𝑘)               = 𝐶𝑜𝑣(𝑦𝑡, 𝑦𝑡+𝑘)

= 𝐸[(𝜀𝑡 − 𝜃1𝜀𝑡−1 − ⋯ −  𝜃𝑞𝜀𝑡−𝑞)(𝜀𝑡+𝑘 −  𝜃1𝜀𝑡+𝑘−1 − ⋯ −  𝜃𝑞𝜀𝑡+𝑘−𝑞)]

=  {
𝜎2  (−𝜃𝑘 +  𝜃1𝜃𝑘+1 + ⋯ + 𝜃𝑞−𝑘𝜃𝑞), 𝑘 = 1,2, … 𝑞

0                                                                               𝑘 > 𝑞
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From 𝑉𝑎𝑟(𝑦𝑡) and 𝛾𝑦 (𝑘), the MA(q) process is given below. The feature of the ACF is very 

helpful for identifying the MA model and its appropriate order, as it “cuts off” after lag 𝑞 over 𝑡 

time. After lag of 𝑞, the ACF is not always equal to zero. The finite-order moving average 

represents 𝛾𝑦 (0) to proceed MA(q) with always stationary data. It is expected to become a very 

small absolute value after lag 𝑞. Then, the 𝑞 value will be estimated using the equation to be the 

main input for the ARIMA model that affects the calculation. 

𝑝𝑦(𝑘) =  
𝛾𝑦 (𝑘)

𝛾𝑦 (0)
=  {

−𝜃𝑘 +  𝜃1𝜃𝑘+1 + ⋯ +  𝜃𝑞−𝑘𝜃𝑞

1 +  𝜃1
2 + ⋯ + 𝜃𝑞

2

0,                                        𝑘 > 𝑞

 

𝑝𝑦(𝑘) is the deviation of the autocovariance of 𝑘 lags on a finite-order moving average to obtain 

the exact moving average value MA(q). 

However, the ARIMA model depends on AR as another part, which will also be estimated to 

provide a concrete estimation of the values and proper forecasting. Since the disturbances among 

data points are iid random variables, we can simply assume a set of infinitely many weights in 

descending magnitudes reflecting the diminishing magnitude of contributions of the disturbances 

in the past. 

A simple yet intuitive set of such weights can be created following an exponential decay pattern. 

For this purpose, we will set 𝜙, where |𝜙| < 1 to guarantee exponential “decay”. 𝜙 is the 

autoregressive operator, represented as a polynomial in the backshift operator of the data 𝜃(𝐵) =

1 − 𝜃1𝐵 − ⋯ −  𝜃𝑞𝐵𝑞, where the backshift operator is 𝐵𝑋𝑡 =  𝑋𝑡−1. With this notation, the 

weights on the disturbances starting from the current disturbance and going back in the past will 

be 1, 𝜙, 𝜙2, 𝜙3, … which can be written as below. 

𝑦𝑡 =  𝜇 +  ∑ 𝜙 𝜀𝑡−𝑖

∞

𝑖=0
 

From the 𝑦𝑡 equation, we can obtain 𝑦𝑡−1 =  𝜇 +  𝜀𝑡 +  𝜙 𝜀𝑡−1 +  𝜙 𝜀𝑡−2 + ⋯. Both of these 

equations are combined to obtain the final 𝑦𝑡. 

𝑦𝑡 =  𝜇 +  𝜀𝑡 +  𝜙 𝜀𝑡−1 +  𝜙 𝜀𝑡−2, where (𝜙 𝜀𝑡−1 +  𝜙 𝜀𝑡−2) =  𝜙𝑦𝑡−1 −  𝜙𝜇. 

Then, 𝑦𝑡 becomes 𝑦𝑡 =  𝜇 −  𝜙𝜇 +  𝜙𝑦𝑡−1 +  𝜀𝑡, where (𝜇 −  𝜙𝜇) =  𝜎. 

Then, 

𝑦𝑡 =  𝜎 +  𝜙𝑦𝑡−1 +  𝜀𝑡 

The assumption of |𝜙| < 1 causes the weight to decay exponentially in time; then, the mean of 

the stationary AR process is 𝐸(𝑦𝑡) =  𝜇 =  
𝜎

1− 𝜙
. The autoconvariance function of the AR can 

be calculated using 𝑦𝑡 =  𝜇 +  ∑ 𝜙 𝜀𝑡−𝑖
∞
𝑖=0 . 

𝛾(𝑘) =  𝜎2 𝜙𝑘  
1

1 −  𝜙2
 𝑓𝑜𝑟 𝑘 = 0, 1, 2, … 

The variance is then given as 𝛾(0) =  𝜎2  
1

1− 𝜙2 
. Correspondingly, the ACF for the stationary 

AR process is given as below. 
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𝑝(𝑘) =  
𝛾(𝑘)

𝛾(0)
=  𝜙𝑘  𝑓𝑜𝑟 𝑘 = 0, 1, 2, … and 𝛾(𝑘) =  𝜙1𝛾(𝑘 − 1) +  𝜙2𝛾(𝑘 − 2), … Then, by 

dividing this equation by 𝛾(0), 

𝑝(𝑘) =  𝜙1𝑝(𝑘 − 1) +  𝜙2𝑝(𝑘 − 2),    𝑘 = 1, 2, 3 … 

          =  ∑ 𝜙 𝑝(𝑘 − 𝑖),    𝑘 − 1,2,3 …
𝑝

𝑖=1
 

The 𝑝(𝑘) equation is the pth-order linear difference equation, implying that the ACF for an 

AR(𝑝) model can be found through the 𝑝 roots of the associated polynomial. We found that the 

ACF is an excellent tool for identifying the order of an MA(q) process because it is expected to 

"cut off" after lag 𝑞. Hence, such behaviour, while indicating that the process might have an AR 

structure, fails to provide further information about the order of such structure. For that, we will 

define and employ the PACF of the time series. The PACF is the correlation between 𝑦𝑡 and 

𝑦𝑡−𝑘. Therefore, 𝑝(𝑘) becomes as below. 

𝑝(𝑘) =  ∑ 𝜙𝑖𝑘 𝑝(𝑘 − 𝑖),    𝑘 − 1,2,3 …𝑝
𝑖=1 , where 𝜙𝑖𝑘 is matrix notation. 

PACF is the correlation between 𝑦𝑡 and 𝑦𝑡−𝑘 and calculates everyone based on 𝜎, 𝜙, and 𝜀𝑡, 

which are derived from the input time series data. 

In this case, Figures 4.18 and 4.19 show the following: 

• The input cost data vary significantly over 97 months. 

• The estimation is not accurate and is close to zeros because of improper estimations of 

𝜃𝑖  𝑎𝑛𝑑 𝐵𝑖 in the MA part with a long time period. The coefficients of the moving 

average have a more intuitive interpretation. The 𝐵 backshift operator operates on an 

element of a time series to produce the previous element. 𝜃𝑖 is between zero and 1 

calculated from the historical data and might be negative or positive; therefore, the MA 

value will be small due to the multiplication. 

• The squared deviation of a random variable from its mean of 𝜎2 for 97 months and the 

large variation in the data between one hundred and one million leads to an improper 

estimation. 

• To obtain the final lag of 𝑝, a small deviation of the input data must be computed through 

matrix notation and 𝜙𝑖𝑘, and this can reach very small values because the input data have 

very large variations. 𝜙𝑖𝑘 is between 0 and 1 and can be negative or positive values 

estimated from the historical data. 

• ARIMA sums 𝜇 with two negative values MA and AR, which leads to small estimated 

values. 

 

Special scenarios for evaluating ARIMA 

To study the ARIMA results and parameter estimation, two special cases are proposed to study 

and evaluate the ARIMA algorithm. In the first case, ARIMA forecasting is performed for the 

same data in Figure 4.18 and 4.19 for 300 months instead of 20 months. Three hundred months 

are used to study the ARIMA forecasting over a long-term period because ARIMA is known 

to be appropriate for short-term periods. In the second case, the historical data in Figures 4.18 

and 4.19 are modified by removing the peaks closest to the vertical dashed line. In Figure 4.18 
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and 4.19, the highest peaks were removed from the periods between months 71-81 and between 

months 91-100. Then, the modified historical data are used for ARIMA forecasting with the 

same default values of (p, d, q) of (1, 1, 1). In this manner, the effect of the input data on ARIMA 

can be studied since face drilling rig forecasting using ARIMA yields better results than labor 

and material cost data. 

In the first scenario, ARIMA forecasted 300 months, and Figure 4.20 shows the labor cost after 

forecasting for 300 months. A weakness that has been mentioned in the literature is that ARIMA 

is not suitable for long-term forecasting. The data were increased to cover slightly more than 

300 months without a response to the fluctuation in the historical labor cost data used for 

training. The polynomial equation shown in the figure for historical data used for training is used 

for the 300-month prediction. This polynomial equation was selected based on the best R-

squared value. In evaluating the forecasting of ARIMA in relation to the polynomial equation, 

the average value of the polynomial equation after the vertical dash line divided by the average 

value of the historical data that are used for training before the vertical dash line equals 0.725. 

The average of ARIMA after the vertical dashed line divided by the average value of the 

historical data used for training before the vertical dashed line is 0.892. Thus, polynomial 

forecasting performs better than ARIMA forecasting for long-term forecasting. 

 

 

Figure 4.20: Log labor cost forecasting for 300 months based on the ARIMA (1,1,1) model 

With the first scenario, material cost was forecasted for 300 months, as shown in Figure 4.21. 

Figure 4.21 shows a slight decrease in forecasting material cost over 300 months. This figure 

shows that ARIMA could not respond to historical data in a proper way to forecast the costs for 

300 months. The polynomial equation in the figure with historical data used for training was 

also tested for forecasting for 300 months. This polynomial equation was selected based on the 

best R-squared value. In evaluating ARIMA forecasting in relation to polynomial forecasting, 

the average value of the polynomial equation after the vertical dashed line divided by the average 

value of historical data that was used for training before the vertical dashed line was 0.655. The 

average value of ARIMA after the vertical dashed line divided by the average value of historical 



92 
 

data used for training before the vertical dashed line was 0.942. Thus, polynomial forecasting 

performs better than ARIMA forecasting for long-term forecasting. 

 

Figure 4.21: Log material cost forecasting for 300 months based on ARIMA (1,1,1) 

In the second scenario, ARIMA was used to forecast 20 months based on the modified historical 

data by removing the high peaks and back shifting the vertical dashed line by a few months. 

Figure 4.22 shows that the ARIMA forecasting was improved compared with Figure 4.18. The 

forecasted line increased to fall within the actual data after the vertical dashed line. ARIMA 

affects the input data and parameter estimation. Removing the last peaks decreases the variation 

in the historical data and improves the estimation of the ARIMA parameters. Therefore, as 

shown in Figure 4.22, the ARIMA forecasting yields better results for labor cost as shown in 

Figure 4.18. The polynomial equation in the figure is based on historical data and is used to 

predict 20 months. This polynomial was selected based on the best R-squared value and leads to 

better forecasting than ARIMA. 
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Figure 4.22: Log labor cost forecasting by ARIMA after removing peaks (1,1,1) 

Continuing with the second scenario, Figure 4.23 shows slightly better forecasting than Figure 

4.19 after removing the high peaks in the curve of material cost at the beginning of the data. 

This figure confirmed that ARIMA and its estimated parameter responses to the input data vary. 

The polynomial equation in the figure is based on historical data and is used to predict 20 months. 

This polynomial was selected based on the best R-squared value and yields better forecasting 

than ARIMA. 

 

Figure 4.23: Log material cost forecasting by ARIMA after removing peaks (1,1,1) 
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4.2.3. Results of the two-level system of MOGAs for simulated data 

 

Results for level one: MOGA based on the ARIMA model 

In this part of the study, four populations were tested individually using the MOGA based on 

the ARIMA model to optimize the generating of forecasting data using the ARIMA model for 

the seven different simulated cost objects. The forecasted data for each population obtained with 

15 different generations were then evaluated using the second level of MOGA. The second-

level evaluation helped determine the best generation of the forecasted data. In this section, only 

the best forecasted curves with the historical data are presented because of the very large number 

of possibilities considered in this study. 

Figure 4.24-b shows the forecasting for the log of the simulated cost data curve for 20 months 

for the seventh population, specifically for generation 2, which is based on simulated data as 

shown in Figure 4.24-a. In addition, the figure shows the data used for training. The selected 

simulated cost data yield better forecasting than those obtained with the ARIMA (2,1,3) model 

because the forecasted data were close to the data used for testing. 

 

Figure 4.24-a: Log simulated cost data forecasting using MOGA based on ARIMA 
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Figure 4.24-b: Log simulated cost data forecasting using MOGA based on ARIMA 

 

Figure 4.24 shows that 39 months of data were selected during the encoding stage. The fitness 

function is the ARIMA model, and ARIMA has different parameters that are affected by the 

input data 𝑋𝑡. 

• The values have better input variance than the total data for the ARIMA model. The 

selected data covered 39 months. 

• The estimation achieves better accuracy, as can be observed from the predicted curve 

estimated based on 𝜃𝑖  and 𝐵𝑖 in the MA part for a long time period. The 𝐵 backshift 

operator operates on an element of a time series to produce the previous element. 𝜃𝑖 is 

between zero and 1 and is calculated from the negative and positive values of the 

historical data. 𝜃𝑖 has a magnitude between zero and 1 and is a negative or positive value 

that is calculated from the historical data; therefore, MA(p) has a small value due to 

multiplication. The final value of AR(q) also yields a small value for the selected data, 

𝑝 = 2 and 𝑞 = 3. 

• The 𝑝 and 𝑞 values are different because the selected data were calculated as described in 

the previous section. 

Figure 4.25-b shows the forecast for the log of the simulated cost data curve for 20 months or 

the fourth population, specifically for generation 9, which is based on the simulated data as shown 

in Figure 4.25-a. In addition, the figure shows the data used for training. The selected simulated 

cost data yield better forecasting than those obtained with the ARIMA (2,1,3) model because 

the forecasted data were close to the data used for testing. 
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Figure 4.25-a: Log simulated cost data forecasting using MOGA based on ARIMA 

 

Figure 4.25-b: Log simulated cost data forecasting using MOGA based on ARIMA 

 

The forecasted values in Figure 4.25 are MOGA based on the ARIMA model with different 

MOGA stages to obtain the best forecasting. The data points encoded with ones are selected to 

apply the fitness function (ARIMA) model and estimate MA and AR, which was described 

mathematically in the previous section 4.2.1. Figure 4.23 shows the selected data for 48 months. 

• The values have better input variance than the total data for the ARIMA model. The 

selected data correspond to only 48 months. 

• The estimation achieves better accuracy, as can be observed from the predicted curve 

estimated based on 𝜃𝑖  and 𝐵𝑖 in the MA part for a long time period. The 𝐵 backshift 
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operator operates on an element of a time series to produce the previous element. 𝜃𝑖 is 

between zero and 1 and is calculated from the historical data; therefore, MA(p) will be 

small due to multiplication. The final value of AR(q) also yields a small value for the 

selected data, 𝑝 =  2 and 𝑞 =  3. 

• The 𝑝 and 𝑞 values are different because the selected data were calculated as mentioned 

in the previous section. 

Figure 4.26 shows the forecast for the log of the simulated cost data curve for 20 months (after 

the vertical dashed line) for the sixth population, specifically for generation 14. In addition, the 

figure shows the data used for training. The selected simulated cost data yield better forecasting 

than those obtained with the ARIMA (2,1,3) model because the forecasted data were close to 

the data used for testing. 

 

Figure 4.26: Log simulated cost data forecasting using MOGA based on ARIMA 

 

The forecasted values in Figure 4.26 are MOGA based on the ARIMA model with different 

MOGA stages to obtain the best forecasting. The data points encoded with ones are selected to 

apply the fitness function (ARIMA) model and estimate MA and AR, which was described 

mathematically in the previous section 4.2.1. 

• The values have better input variance than the total data for the ARIMA model. The 

selected data correspond to only 48 months. 

• The estimation achieves better accuracy, as can be observed from the predicted curve 

estimated based on 𝜃𝑖  and 𝐵𝑖 in the MA part for a long time period. The 𝐵 backshift 

operator operates on an element of a time series to produce the previous element. 𝜃𝑖 is 

between zero and 1 and is calculated from the historical data; therefore, MA(p) will be 

small due to multiplication. The final value of AR(q) also yields a small value for the 

selected data, 𝑝 =  2 and 𝑞 =  3. 
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• The 𝑝 and 𝑞 values are different because the selected data were calculated as mentioned 

in the previous section. 

The forecasted data for the seven simulated cost objects were evaluated using the second level, 

applying MOGA based on the statistical forecasting error rate. The model for the forecasting 

accuracy evaluated the forecasted data for 20 months based on the actual simulated values of this 

period. By implementing level two, accurate forecasted data were obtained, i.e., the proper 

selection of data for each object to be used for forecasting. 

Figure 4.27 shows the forecast for the log of the simulated cost data curve for 20 months (after 

the vertical dashed line) for the sixth population, specifically for generation 14. In addition, the 

figure shows the data used for training. The selected simulated cost data yield better forecasting 

than those obtained with the ARIMA (4,1,3) model because the forecasted data were close to 

the data used for testing. 

 

Figure 4.27: Log simulated cost data forecasting using MOGA based on ARIMA 

 

The forecasted values in Figure 4.27 are MOGA based on the ARIMA model with different 

MOGA stages to obtain the best forecasting. The data points encoded with ones are selected to 

apply the fitness function (ARIMA) model and estimate MA and AR, which was described 

mathematically in the previous section 4.2.1. 

• The values have better input variance than the total data for the ARIMA model. The 

selected data correspond to only 48 months. 

• The estimation achieves better accuracy, as can be observed from the predicted curve 

estimated based on 𝜃𝑖  and 𝐵𝑖 in the MA part for a long time period. The 𝐵 backshift 

operator operates on an element of a time series to produce the previous element. 𝜃𝑖 is 

between zero and 1 and is calculated from the historical data; therefore, MA(p) will be 

small due to multiplication. The final value of AR(q) also yields a small value for the 

selected data, 𝑝 =  4 and 𝑞 =  3. 
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• The 𝑝 and 𝑞 values are different because the selected data were calculated as mentioned 

in the previous section. 

The forecasted data for the seven simulated cost objects were evaluated using the second level, 

applying MOGA based on the statistical forecasting error rate. The model for the forecasting 

accuracy evaluated the forecasted data for 20 months based on the actual simulated values of this 

period. By implementing level two, accurate forecasted data were obtained, i.e., the proper 

selection of data for each object to be used for forecasting. 

Figure 4.28 shows the forecast for the log of the simulated cost data curve for 20 months (after 

the vertical dashed line) for the sixth population, specifically for generation 14. In addition, the 

figure shows the data used for training. The selected simulated cost data yield better forecasting 

than those obtained with the ARIMA (4,1,3) model because the forecasted data were close to 

the data used for testing. 

 

Figure 4.28: Log simulated cost data forecasting using MOGA based on ARIMA 

 

The forecasted values in Figure 4.28 are MOGA based on the ARIMA model with different 

MOGA stages to obtain the best forecasting. The data points encoded with ones are selected to 

apply the fitness function (ARIMA) model and estimate MA and AR, which was described 

mathematically in the previous section 4.2.1. 

• The values have better input variance than the total data for the ARIMA model. The 

selected data correspond to only 48 months. 

• The estimation achieves better accuracy, as can be observed from the predicted curve 

estimated based on 𝜃𝑖  and 𝐵𝑖 in the MA part for a long time period. The 𝐵 backshift 

operator operates on an element of a time series to produce the previous element. 𝜃𝑖 is 

between zero and 1 and is calculated from the historical data; therefore, MA(p) will be 

small due to multiplication. The final value of AR(q) also yields a small value for the 

selected data, 𝑝 =  4 and 𝑞 =  3. 
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• The 𝑝 and 𝑞 values are different because the selected data were calculated as mentioned 

in the previous section. 

The forecasted data for the seven simulated cost objects were evaluated using the second level, 

applying MOGA based on the statistical forecasting error rate. The model for the forecasting 

accuracy evaluated the forecasted data for 20 months based on the actual simulated values of this 

period. By implementing level two, accurate forecasted data were obtained, i.e., the proper 

selection of data for each object to be used for forecasting. 

Figure 4.29 shows the forecast for the log of the simulated cost data curve for 20 months (after 

the vertical dashed line) for the sixth population, specifically for generation 14. In addition, the 

figure shows the data used for training. The selected simulated cost data yield better forecasting 

than those obtained with the ARIMA (1,1,3) model because the forecasted data were close to 

the data used for testing. 

 

Figure 4.29: Log simulated cost data forecasting using MOGA based on ARIMA 

 

The forecasted values in Figure 4.29 are MOGA based on the ARIMA model with different 

MOGA stages to obtain the best forecasting. The data points encoded with ones are selected to 

apply the fitness function (ARIMA) model and estimate MA and AR, which was described 

mathematically in the previous section 4.2.1. 

• The values have better input variance than the total data for the ARIMA model. The 

selected data correspond to only 48 months. 

• The estimation achieves better accuracy, as can be observed from the predicted curve 

estimated based on 𝜃𝑖  and 𝐵𝑖 in the MA part for a long time period. The 𝐵 backshift 

operator operates on an element of a time series to produce the previous element. 𝜃𝑖 is 

between zero and 1 and is calculated from the historical data; therefore, MA(p) will be 

small due to multiplication. The final value of AR(q) also yields a small value for the 

selected data, 𝑝 =  1 and 𝑞 =  3. 
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• The 𝑝 and 𝑞 values are different because the selected data were calculated as mentioned 

in the previous section. 

The forecasted data for the seven simulated cost objects were evaluated using the second level, 

applying MOGA based on the statistical forecasting error rate. The model for the forecasting 

accuracy evaluated the forecasted data for 20 months based on the actual simulated values of this 

period. By implementing level two, accurate forecasted data were obtained, i.e., the proper 

selection of data for each object to be used for forecasting. 

Figure 4.30 shows the forecast for the log of the simulated cost data curve for 20 months (after 

the vertical dashed line) for the sixth population, specifically for generation 13. In addition, the 

figure shows the data used for training. The selected simulated cost data yield better forecasting 

than those obtained with the ARIMA (1,1,2) model because the forecasted data were not close 

to the data used for testing. 

 

Figure 4.30: Log simulated cost data forecasting using MOGA based on ARIMA 

 

The forecasted values in Figure 4.30 are MOGA based on the ARIMA model with different 

MOGA stages to obtain the best forecasting. The data points encoded with ones are selected to 

apply the fitness function (ARIMA) model and estimate MA and AR, which was described 

mathematically in the previous section 4.2.1.  

• The values have better input variance than the total data for the ARIMA model. The 

selected data correspond to only 48 months. 

• The estimation achieves better accuracy, as can be observed from the predicted curve 

estimated based on 𝜃𝑖  and 𝐵𝑖 in the MA part for a long time period. The 𝐵 backshift 

operator operates on an element of a time series to produce the previous element. 𝜃𝑖 is 

between zero and 1 and is calculated from the historical data; therefore, MA(p) will be 

small due to multiplication. The final value of AR(q) also yields a small value for the 

selected data, 𝑝 =  1 and 𝑞 =  3. 
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• The 𝑝 and 𝑞 values are different because the selected data were calculated as mentioned 

in the previous section. 

The forecasted data for the seven simulated cost objects were evaluated using the second level, 

applying MOGA based on the statistical forecasting error rate. The model for the forecasting 

accuracy evaluated the forecasted data for 20 months based on the actual simulated values of this 

period. By implementing level two, accurate forecasted data were obtained, i.e., the proper 

selection of data for each object to be used for forecasting. 

 

Results of level two: MOGA for measuring the forecasting accuracy 

The outcome from the first level, specifically for each generation of each population, indicates 

the forecasting accuracy for each simulated cost object. The MOGA based on multiple fitness 

functions was used to find the best fitness value through five different generations. The fitness 

functions (forecasting error rate models) provide accurate data forecasting by comparing the 

behaviour of the different models and revealing which forecasting model is appropriate. 

Concerning the simulated data, the fitness functions are variants. 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) has the 

highest of all the values of the four populations because it involves small data 

counts. 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) have almost equal values over the four 

populations, while their values can be regarded as similar when one takes all 5 generations for 

the four populations into account. The 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) curves exhibit 

sensitivity to the data caused by the population randomization. 

Selecting a proper population for the first simulated cost data is quite difficult due to the variety 

of fitness values. In this study, we considered the population that was selected by more than two 

of the fitness functions to have a low forecasting error rate. The thirteenth generation for the 

second population was selected as having the lowest forecasting error rate with a suitable selection 

of input data. The first simulated cost data were selected using three fitness functions, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸), with values of 0.53, 0.42 and 

0.39, respectively. 

Selecting a proper population for the second simulated cost data is also quite difficult due to the 

variety of fitness values. In this study, we considered the population that was selected by more 

than two of the fitness functions to have a low forecasting error rate. The seventh generation for 

the third population was selected due to having the lowest forecasting error rate with a suitable 

selection of input data. The second simulated cost data were selected using three fitness functions, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸), with fitness values of 0.96, 0.32 

and 0.11, respectively. 

Selecting a proper population for the third simulated cost data is also quite difficult due to the 

variety of fitness values. In this study, we considered the population that was selected by more 

than two of the fitness functions to have a low forecasting error rate. The sixth generation for 

the fourth population was selected due to having the lowest forecasting error rate with a suitable 

selection of input data. The second simulated cost data were selected using three fitness functions, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸), with fitness values of 0.86, 0.51 

and 0.21, respectively. 
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Selecting a proper population for the fourth simulated cost data is also quite difficult due to the 

variety of fitness values. In this study, we considered the population that was selected by more 

than two of the fitness functions to have a low forecasting error rate. The fifth generation for 

the second population was selected due to having the lowest forecasting error rate with a suitable 

selection of input data. The second simulated cost data were selected using three fitness functions, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸), with fitness values of 0.76, 0.41 

and 0.31, respectively. 

Selecting a proper population for the fifth simulated cost data is also quite difficult due to the 

variety of fitness values. In this study, we considered the population that was selected by more 

than two of the fitness functions to have a low forecasting error rate. The second generation for 

the first population was selected due to having the lowest forecasting error rate with a suitable 

selection of input data. The second simulated cost data were selected using three fitness functions, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸), with fitness values of 0.91, 0.67 

and 0.45, respectively. 

Selecting a proper population for the sixth simulated cost data is also quite difficult due to the 

variety of fitness values. In this study, we considered the population that was selected by more 

than two of the fitness functions to have a low forecasting error rate. The fifth generation for 

the third population was selected due to having the lowest forecasting error rate with a suitable 

selection of input data. The second simulated cost data were selected using three fitness functions, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸), with values of 0.63, 0.95 and 

0.88, respectively. 

Selecting a proper population for the seventh simulated cost data is also quite difficult due to the 

variety of fitness values. In this study, we considered the population that was selected by more 

than two of the fitness functions to have a low forecasting error rate. The third generation for 

the fourth population was selected due to having the lowest forecasting error rate with a suitable 

selection of input data. The second simulated cost data were selected using three fitness functions, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸), with values of 0.71, 0.83 and 

0.73, respectively. 

The multiple fitness functions used in the second level helped in evaluating the forecasted data 

and in making a judgement on the forecasting method for each object. These models have 

different sensitivities to the data depending on the calculation method. Therefore, considering 

all of them is important to find a proper population for forecasting and thus proper generation 

of data. 

 

4.2.4. Results of the two-level system of MOGAs for the case study 

 

Results for level one: MOGA based on the ARIMA model 

In this part of the study, four populations were tested individually using the MOGA based on 

the ARIMA model to optimize the generating of forecasting data using the ARIMA model for 

the two different cost objects. The forecasted data for each population obtained with 15 different 

generations were then evaluated using the second level of MOGA. The second-level evaluation 

helped determine the best generation of the forecasted data. In this section, only the best 
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forecasted curves with the historical data are presented because of the very large number of 

possibilities considered in this study. 

Figure 4.31 shows the forecast for the log of the labor data curve for 20 months (after the vertical 

dashed line) from 2013 to 2015 for the second population, specifically for generation 13. In 

addition, the figure shows the historical data used for training with the polynomial trend curve 

to illustrate the relationship among the variables over a timeline with monthly intervals. The 

polynomial equation in Figure 4.31 is based on the historical data used for training and is used 

to predict 20 months. This polynomial was selected based on the best R-squared value and shows 

better results compared with ARIMA and MOGA based on ARIMA. The selected labor data 

yield better forecasting than those obtained with the ARIMA (1,1,1) model because the 

forecasted data were close to the historical data used for testing and the polynomial trend line.  

 

Figure 4.31: Log labor cost data forecasting using MOGA based on ARIMA 

The forecasted values in Figure 4.31 were derived from the MOGA based on the ARIMA model 

with different stages, which confirmed the implementation to obtain the best forecasting. 

MOGA started with the initial population for labor objects. The Dickey-Fuller test was 

implemented to test whether the data were stationary because ARIMA was implemented only 

on stationary data. When applying the Dickey-Fuller test equation, p = 1 means that the data 

are non-stationary, and p < 1 means that the data are stationary. Binary encoding was 

implemented for each object by converting the value to either zero or one according to the 

number of state variables (q) because binary encoding is implemented more efficiently with the 

MOGA through selected values. The data points encoded with ones are selected for applying 

the fitness function (ARIMA) model and for estimating MA and AR, which was described 

mathematically in the previous section 4.2.1. MOGA operators are used to provide different 

solutions by proposing different data inputs and estimating MA and AR. 

Figure 4.31 shows that 48 months of data were selected during the encoding stage. The fitness 

function is the ARIMA model, and ARIMA has different parameters that are affected by the 

input data 𝑋𝑡. 
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• The values have better input variance than the total data for the ARIMA model. The 

selected data covered 48 months. 

• The estimation achieves minimum error, as can be observed from the predicted curve 

estimated based on 𝜃𝑖  and 𝐵𝑖 in the MA part for a long time period. The 𝐵 backshift 

operator operates on an element of a time series to produce the previous element. 𝜃𝑖 is 

between zero and 1 and is calculated from the negative and positive values of the 

historical data. 𝜃𝑖 has a magnitude between zero and 1 and is a negative or positive value 

that is calculated from the historical data; therefore, MA(p) has a small value due to 

multiplication. The final value of AR(q) also yields a small value for the selected data, 

𝑝 = 1 and 𝑞 = 1. 

• The 𝑝 and 𝑞 values are different because the selected data were calculated as described in 

the previous section. 

Figure 4.32 shows the curve forecasted for the log of material data for 20 months from 2013 to 

2015 for the third population, specifically for generation 10. In addition, this figure shows the 

historical data used for training with the polynomial trend to illustrate the relationship between 

the variables over a timeline with monthly intervals. The polynomial equation in Figure 4.32 is 

based on the historical data used for training and is used to predict 20 months. MOGA based on 

ARIMA achieves better forecasting than the ARIMA (1,1,1) model and the polynomial trend 

because it is close to the historical data used for testing.  

 

Figure 4.32: Log material cost data forecasting using MOGA based on ARIMA 

The forecasted values in Figure 4.32 are MOGA based on the ARIMA model with different 

MOGA stages to obtain the best forecasting. The data points encoded with ones are selected to 

apply the fitness function (ARIMA) model and estimate MA and AR, which was described 

mathematically in the previous section 4.2.1.  

• The values have better input variance than the total data for the ARIMA model. The 

selected data correspond to only 52 months. 
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• The estimation achieves minimum error, as can be observed from the predicted curve 

estimated based on 𝜃𝑖  and 𝐵𝑖 in the MA part for a long time period. The 𝐵 backshift 

operator operates on an element of a time series to produce the previous element. 𝜃𝑖 is 

between zero and 1 and is calculated from the historical data; therefore, MA(p) will be 

small due to multiplication. The final value of AR(q) also yields a small value for the 

selected data, 𝑝 =  1 and 𝑞 =  1. 

• The 𝑝 and 𝑞 values are different because the selected data were calculated as mentioned 

in the previous section. 

The forecasted data for the labor and material cost objects were evaluated using the second level, 

applying MOGA based on the statistical forecasting error rate. The model for the forecasting 

error evaluated the forecasted data for 20 months from 2013 to 2015 based on the actual values 

of this period. By implementing level two, accurate forecasted data were obtained, i.e., the 

proper selection of data for each object to be used for forecasting. 

 

Results of level two: MOGA for measuring the forecasting error 

The outcome from the first level, specifically for each generation of each population, indicates 

the forecasting error for each cost object. The MOGA based on multiple fitness functions was 

used to find the best fitness value through five different generations. The fitness functions 

(forecasting error rate models) provide accurate data forecasting by comparing the behaviour of 

the different models and revealing which forecasting model is appropriate. 

Figures 4.33 and 4.34 show the forecasting error for the labor and material cost objects obtained 

with five different fitness functions for the four populations. The fitness function values of each 

population are the minimum values obtained by testing five different generations from the first 

level. Figure 4.33 shows the fitness values for the labor cost object. The figure shows five different 

curves for five different fitness functions. 

Concerning the first population, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) has the highest error rate, 3.5, while 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) have the same value, 2.01. 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) has a 

value of 2.15, and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) has the lowest value, 0.89. Concerning the second 

population, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) show the same value, 0.02, which is the 

lowest fitness value for this population. The value for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) is 0.12, while the values 

for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) are 0.58 and 0.59, respectively. 

Concerning the third population, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) show the same 

value, 0.13, which is the lowest fitness value for this population. The value for 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) is 0.14, which is greater than that for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸), while the values for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) are 0.47 and 

1.7, respectively. Finally, for the fourth population, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) 

show the same value, 0.08, which is the lowest fitness value for this population. 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) 

has a value of 0.19, while 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) have higher values, 0.43 

and 0.52, respectively. 

Overall, the fitness functions are variants. 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) has the highest of all the curves of 

the four populations because it involves small data counts. 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) have almost equal values over the four populations, while their values can be 
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regarded as similar when one takes all 5 generations for the four populations into account. The 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) curves exhibit sensitivity to the data caused by the 

population randomization. 

Selecting a proper population for labor cost data is quite difficult due to the variety of fitness 

values. In this study, we considered the population that was selected by more than two of the 

fitness functions to have a low forecasting error rate. The thirteenth generation for the second 

population was selected as having the lowest forecasting error rate with a suitable selection of 

input data. The labor cost data were selected using three fitness functions, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸), 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸), with values of 0.02, 0.02 and 0.12, respectively. 

 

Figure 4.33: Labor cost error rate 

Figure 4.34 shows the fitness values for the material cost object. The figure shows that 

concerning the first population, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) has the highest error rate, 3.54, while 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) have the same value, 1.97. 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) has a 

value of 2.54, and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) has the lowest value, 0.79. Regarding the second population, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) have the same value, 1.35, which is the lowest 

fitness value for this population. The value for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) is 1.99, while the values for 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) are 3.7 and 6.84, respectively. 

Regarding the third population, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) have the same value, 

0.13, which is the lowest fitness value for this population. The values for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) 

and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) are 0.82 and 0.55, respectively. The value for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) is 7.42, 

which is the highest value for the third population. Concerning the fourth population, 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) have the same value, 0.52, which is the lowest 

fitness value of this population. The value for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) is 0.8, while the values for 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) are 0.61 and 3.87, respectively; 3.87 is the highest value 

for this population. 
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The fitness functions are variants. The curve of 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸) is the highest of all the curves 

of the four populations. 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) have almost equal values 

over the four populations. The 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) curves exhibit 

sensitivity to the data according to the populations. Selecting a proper population for material 

cost data is also quite difficult due to the variety of fitness values. In this study, we considered 

the population that was selected by more than two of the fitness functions to have a low 

forecasting error rate. The tenth generation for the third population was selected due to having 

the lowest forecasting error rate with a suitable selection of input data. The material cost data 

were selected using three fitness functions, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑆𝑃𝐸) and 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸), with fitness values of 0.13, 0.13 and 0.55, respectively. 

 

Figure 4.34: Material cost error rate 

The multiple fitness functions used in the second level helped in evaluating the forecasted data 

and in making a judgement on the forecasting method for each object. These models have 

different sensitivities to the data depending on the calculation method. Therefore, considering 

all of them is important to find a proper population for forecasting and thus proper generation 

of data. 

 

Special scenarios for evaluating the MOGA based on ARIMA 

To study and evaluate the MOGA based on the ARIMA results and parameter estimation, two 

special cases were proposed. The first case is to perform forecasting using ARIMA for the same 

data in Figure 4.35 and 4.36 for 300 months instead of 20 months. Three hundred months are 

selected to study the MOGA based on ARIMA forecasting over a long-term period since it is 

known that the MOGA based on ARIMA is suitable for short-term periods. The second case is 

to modify the historical data in Figure 4.35 and 4.36 by removing the peaks that are closest to 

the vertical dashed line. In Figure 4.35 and 4.36, the highest peaks were removed from the 

periods between months 37-40 and between months 28-46. Then, the modified historical data 

used for training are used for MOGA-based ARIMA forecasting with the same default values of 
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(p, d, q). In this manner, the effect of the input data on the MOGA based on ARIMA can be 

studied. 

In the first scenario, ARIMA was used to forecast 300 months, and Figure 4.35 shows the labor 

cost after 300 months of forecasting. One of the weaknesses that has been mentioned in the 

literature is that ARIMA cannot work for long-term forecasting. The data were increased to 

cover slightly more than 300 months with a response to the fluctuation of the historical labor 

cost data used for training, which is clear within the period from 75-85 months. The polynomial 

equation in the figure for historical data was used for training and to predict for 300 months. 

This polynomial model was selected based on the best R-squared value. In this Figure, the 

MOGA based on ARIMA pointed to a response to the fluctuation and different behaviour of 

the historical data used for training and even better than ARIMA itself. 

To evaluate the forecasting of the MOGA based on the ARIMA model in relation to the 

polynomial model, the average value of the polynomial curve after the vertical dashed line 

divided by the average value of the historical data used for training before the vertical dashed 

line was equal to 0.621. The average of value of the MOGA based on the ARIMA model after 

the vertical dashed line divided by the average value of the historical data before the vertical 

dashed line was 0.978. The polynomial forecasting is better than the MOGA based on ARIMA 

forecasting because of the stability in forecasting. 

 

Figure 4.35: Log labor cost forecasting for 300 months using the MOGA based on ARIMA  

With the first scenario, the material cost has been forecasted for 300 months, as shown in Figure 

4.36. Figure 4.36 shows a slight increase in forecasting material cost over 300 months. The figure 

shows that the responses of the MOGA based on ARIMA to the data slightly increased over 300 

months with the fluctuations in the historical material cost data used for training, which is clear 

within the period of 50-75 months. The polynomial equation in the figure for historical data 

was used for training and was used to predict for 300 months. This polynomial has been selected 

based on the best R-squared value. The MOGA based on ARIMA pointed to a response to the 

fluctuation and different behaviour of the historical data used for training and was even better 

than ARIMA itself. To evaluate the forecasting of the MOGA based on ARIMA in relation to 
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polynomial, the average value of polynomial after the vertical dashed line divided by the average 

value of historical data that was used for training before the vertical dashed line was 0.731. The 

average value of the MOGA based on ARIMA after the vertical dashed line was divided by the 

average value of historical data before the vertical dashed line was 0.899. The polynomial 

forecasting is better than the MOGA based on ARIMA forecasting because of the stability in 

forecasting. 

 

Figure 4.36: Log material cost forecasting for 300 months using the MOGA based on ARIMA 

 

In the second scenario, the MOGA based on ARIMA was used to forecast 20 months based on 

the modified historical data used for training by removing the high peaks and back shifting the 

vertical dashed line by a few months. Forecasting using the MOGA based on ARIMA was 

improved, as shown in Figure 4.37. The curve forecasted by the MOGA based on the ARIMA 

after the vertical dashed line differed in the period between 49-53 months and was closer to the 

historical data used for testing, which is after the vertical dashed line. The results of the MOGA 

based on ARIMA were affected by the input data and parameter estimation. Removing the 

peaks decreased the historical data used for training variety and improved the parameter 

estimation. The polynomial equation in the figure was used to forecast the polynomial curve 

after the vertical dashed line. This polynomial was selected based on the best R-squared value. 

The polynomial curve trend is like the trend of the forecasted data since it is affected by the 

different historical input data. Therefore, the forecasting using the MOGA based on ARIMA 

yielded better results for labor cost compared with Figure 4.31. 
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Figure 4.37: Log labor cost forecasting using the MOGA based on ARIMA after removing 

peaks 

Figure 4.38 shows the log material cost forecast after removing peaks. This figure shows that the 

MOGA based on ARIMA and its estimated parameter responses to the input data variety provide 

better forecasting than historical data used for testing after the vertical line. The polynomial 

equation in the figure was used to forecast the polynomial trend after the vertical dashed 

polynomial. The polynomial trend is similar to the forecasted data since it is affected by the 

different historical input data. This polynomial trend was selected based on the best R-squared 

value. Forecasting using the MOGA based on ARIMA yields better results compared with Figure 

4.32 for material costs between the periods of 48-52 and 58-61 months. 

 

Figure 4.38: Log material cost forecasting using the MOGA based on ARIMA after removing 

peaks 
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4.2.5. Results of the MOGA based on the DR model for simulated data 

The outcome from this model, specifically for each generation for each population, indicates the 

accuracy of the forecasted values for each cost object. For each generation, the fitness functions 

of the second level provide an assessment of the data forecasting, ensure the accuracy of the 

forecasting and reveal which forecasting model is appropriate. The forecasted data for the seven 

simulated cost objects were evaluated in the second level using the MOGA based on the statistical 

forecasting error rate. The model of the forecasting accuracy evaluated the forecasted data for 20 

months based on the simulated values for this period. 

Figure 4.39-b shows the curve of the forecasted data for the log of simulated costs data for 20 

months for the second population, specifically for generation 15, which is based on the simulated 

data of Figure 4.39-a. The figure shows the data used for training. The selected simulated cost 

data do not indicate a fit of the forecasted data and the data used for testing. Three of the 

forecasting accuracy functions that were used to select the best MOGA based on DR 

forecasting, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸), have the same 

minimum forecasting error rate, 0.69. In addition, the minimum error rate for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) 

is 0.56. 

 

Figure 4.39-a: Log simulated cost data forecasting based on the dynamic regression model 
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Figure 4.39-b: Log simulated cost data forecasting based on the dynamic regression model 

 

Figure 4.40-b shows the curve of the forecasted data for the log of simulated costs data for 20 

months for the fifth population, specifically for generation 3, which is based on the simulated 

data Figure 4.40-a. The figure shows the data used for training. The selected simulated cost data 

do not indicate a fit of the forecasted data and the data used for testing. Three of the forecasting 

accuracy functions that were used to select the best MOGA based on DR 

forecasting, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸), have the same 

minimum forecasting error rate, 0.73. In addition, the minimum error rate for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) 

is 0.61. 

 

Figure 4.40-a: Log simulated cost data forecasting based on the dynamic regression model 
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Figure 4.40-b: Log simulated cost data forecasting based on the dynamic regression model 

 

Figure 4.41 shows the curve of the forecasted data for the log of simulated costs data for 20 

months for the seventh population, specifically for generation 13. The selected simulated cost 

data do not indicate a fit of the forecasted data and the data used for testing. Three of the 

forecasting accuracy functions that were used to select the best MOGA based on DR 

forecasting, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸), have the same 

minimum forecasting error rate, 0.13. In addition, the minimum error rate for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) 

is 0.54. 

 

Figure 4.41: Log simulated cost data forecasting based on the dynamic regression model 

Figure 4.42 shows the curve of the forecasted data for the log of simulated costs data for 20 

months for the seventh population, specifically for generation 13. The selected simulated cost 

data do not indicate a fit of the forecasted data and the data used for testing. Three of the 

forecasting accuracy functions that were used to select the best MOGA based on DR 
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forecasting, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸), have the same minimum forecasting 

error rate, 0.23. In addition, the minimum error rate for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) is 0.81. 

 

Figure 4.42: Log simulated cost data forecasting based on the dynamic regression model.  

Figure 4.43 shows the curve of the forecasted data for the log of simulated costs data for 20 

months for the seventh population, specifically for generation 13. The selected simulated cost 

data do not indicate a fit of the forecasted data and the data used for testing. Three of the 

forecasting accuracy functions that were used to select the best MOGA based on DR 

forecasting, , 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸), have the same 

minimum forecasting error rate, 0.31. In addition, the minimum error rate for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) 

is 0.72. 

 

Figure 4.43: Log simulated cost data forecasting based on the dynamic regression model 

Figure 4.44 shows the curve of the forecasted data for the log of simulated costs data for 20 

months for the seventh population, specifically for generation 13. The selected simulated cost 
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data do not indicate a fit of the forecasted data and the data used for testing. Three of the 

forecasting accuracy functions that were used to select the best MOGA based on DR 

forecasting, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸), have the same 

minimum forecasting error rate, 0.45. In addition, the minimum error rate for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) 

is 0.29. 

 

Figure 4.44: Log simulated cost data forecasting based on the dynamic regression model 

Figure 4.45 shows the curve of the forecasted data for the log of simulated costs data for 20 

months for the seventh population, specifically for generation 13. The selected simulated cost 

data do not indicate a fit of the forecasted data and the data used for testing. Three of the 

forecasting accuracy functions that were used to select the best MOGA based on DR 

forecasting, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸) have the same 

minimum forecasting error rate, 0.41. In addition, the minimum error rate for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) 

is 0.69. 

 

Figure 4.45: Log simulated cost data forecasting based on the dynamic regression model 
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4.2.6. Results of the MOGA based on the DR model for the case study 

The outcome from this model, specifically for each generation for each population, indicates the 

error of the forecasted values for each cost object. For each generation, the fitness functions of 

the second level provide an assessment of the data forecasting, ensure the error of the forecasting 

and reveal which forecasting model is appropriate. The forecasted data for the labor and material 

cost objects were evaluated in the second level using the MOGA based on the statistical 

forecasting error rate. The model of the forecasting error evaluated the forecasted data for 20 

months from 2013 to 2015 based on the actual values for this period. 

Figure 4.46 shows the curve of the forecasted data for the log of labor data for 20 months from 

2013 to 2015 for the fourth population, specifically for generation 2. The figure shows the 

historical data used for training with the polynomial trend to illustrate the relationship between 

the variables over a timeline with monthly intervals. The polynomial equation in Figure 4.46 is 

based on the historical data used for training, which are before the vertical dashed line, and this 

polynomial equation is used to predict the 20 months instead of fitting a polynomial curve. This 

polynomial equation was selected based on the best R-squared value. The polynomial trend 

shows better results compared with MOGA based on DR. The selected labor data do not 

indicate a fit of the forecasted data and the historical data used for testing with the polynomial 

trend. Three of the forecasting error functions that were used to select the best MOGA based 

on DR forecasting, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸), have the 

same minimum forecasting error rate, 0.9. In addition, the minimum error rate for 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) is 0.19. 

 

Figure 4.46: Log labor cost data forecasting based on the DR model 

Figure 4.47 shows the curve of the forecast for the log of the material data for 20 months from 

2013 to 2015 for the third population, specifically for generation 12. The figure shows the 

historical data used for training with the polynomial trend to illustrate the relationship between 

the variables over a timeline with monthly intervals. The polynomial equation in Figure 4.47 is 

based on the historical data and is used to predict 20 months. This polynomial equation was 
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selected based on the best R-squared value. The polynomial trend shows better results compared 

with MOGA based on DR. The selected material data do not reveal a fit between the MOGA 

based on DR forecasting and the historical data used for testing due to the forecasting 

fluctuations. polynomial forecasting does not fit the historical data used for testing. Three of the 

forecasting error functions that were used to select the best MOGA based on DR 

forecasting, 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑃𝐸), 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝑑𝐴𝑃𝐸) and 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑅𝑀𝑑𝑆𝑃𝐸), have the same 

minimum forecasting error rate, 0.86. In addition, the minimum error rate for 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑀𝐴𝑆𝐸) 

is 0.64. 

 

Figure 4.47: Log material cost data forecasting based on the DR model 

The forecasted values in Figures 4.46 and 4.47 are derived from the MOGA based on the DR 

model with different stages, which confirms the implementation that obtains the best forecast. 

The mathematical explanation of the MOGA based on DR is as follows. The MOGA started 

with the initial population for labor and material objects. Data normalization was applied to each 

object because normalization reduces the data redundancy; converts large values into smaller 

values, which leads to data compaction; and improves the mathematical model implementations 

through data compaction. Binary encoding was implemented for each object by converting the 

value to either zero or one according to the number of state variables (q) because binary encoding 

is implemented more efficiently with the MOGA through selected values. The data points 

encoded with ones are selected to apply the DR model. The DR model was implemented with 

the usual formulation as a single-equation model with lagged variables, which is considered an 

autoregressive distributed lags (ADL) model. The deviation is based on (Bujosa, García-Ferrer et 

al. 2007) and (Montgomery, Jennings et al. 2015). 

A simple example of an ADL model may include one lagged value of the dependent variable, 

𝑦𝑡−1, and one explanatory variable, 𝑥𝑡, with its first lag value of 𝑥𝑡−1, giving rise to the following 

equation: 

𝑦𝑡 = 𝑐 + 𝑎1𝑦𝑡−1 − 𝑏0𝑥𝑡 +  𝑏1𝑥𝑡−1 + 𝜀𝑡 
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where 𝑐, 𝑎1, 𝑏0 and 𝑏1 are parameters and 𝜀𝑡 is a disturbance term assumed to be white noise. 

If seasonable data are available, this model states that the value of 𝑦 in the present season depends 

on its value in the previous season and on the current and previous values of an explanatory 

variable. 

The 𝑦𝑡 may be generalized to include more explanatory variables and more lagged values of the 

dependent and explanatory variables, as shown below. 

𝑦𝑡 = 𝑐 + 𝑎1𝑦𝑡−1 − 𝑏0𝑥𝑡 +  𝑏1𝑥𝑡−1 + ⋯ +  𝑏𝑠𝑥𝑡−𝑠 +  𝜀𝑡 

If the assumptions of the classical model are valid, then the presence of serial correlation among 

the disturbances will affect the ordinary least-squares estimates. To overcome the problems of 

serial correlation, we should build a model for the disturbance process as an integral part of our 

regression strategy. The equation that is fitted to the classical linear model (𝑦;  𝑋𝛽, 𝜎2𝐼) via 

ordinary least-squares regression is represented by the equation below: 

𝑦 = 𝑋𝛽 ̂ + 𝑒, where �̂� = (�̀�𝑋)
−1

�̀�𝑦, where �̂� is the ordinary least-squares estimator. 

The residual vector is 

𝑒 = 𝑦 − 𝑋�̂� = 𝑦 − (�̀�𝑋)
−1

�̀�𝑦, and by defining 𝑃 =  (�̀�𝑋)
−1

�̀�, we can write this vector as 

𝑒 = (𝐼 − 𝑃)𝑦 = (𝐼 − 𝑃)(𝑋𝛽 + 𝜀), where 𝛽 is as in the classical linear regression model. Now, 

observe that (𝐼 − 𝑃)𝑋 = 0; then, it follows that 

𝑒 = (𝐼 − 𝑃)𝜀, which shows that the residuals represent a transformation of the disturbances as 

𝐷(𝜀) =  𝜎2𝐼. Furthermore, since the matrix (𝐼 − 𝑃) of the transformation is non-invertible, it 

is impossible to recover the disturbances. Next, it can be observed that 𝑃�̀� = 𝑃 and that 

(1 − 𝑃)(1 − �̀�) =  (1 − 𝑃)2 =  (1 − 𝑃). It follows that the residuals are given by 

𝐷(𝑒) = 𝐸{(1 − 𝑃) 𝜀𝜀 ̀(1 − 𝑃)}̀ =  𝜎2(1 − 𝑃) 

Thus, we see that the residuals will be serially correlated even though the disturbances are iid. 

Nevertheless, to say that the systematic part of the regression model is correctly specified, we 

shall find that 𝑒 →  𝜀 as 𝑇 →  ∞, where 𝑇 is 𝑡 =  2, … , 𝑇. Likewise, a sample size of the matrix 

increasing by 𝐷(𝑒) =  𝜎2(1 − 𝑃) will trend to 𝐷(𝜀) =  𝜎2𝐼. 

Now, let us assume that the sequence of the disturbances 𝜂(𝑡) = {𝜂𝑡 = 𝑡 = 0, ±1, ±2, … } and 

the disturbances obey the following AR(1) process: 

𝜂(𝑡) = 𝑝𝜂(𝑡 − 1) +  𝜀(𝑡), with 𝑝 𝜖 [0,1) 

The serial correlation would be to estimate the value of 𝑝, where 𝑝 is a running number of trial 

regressions. Now, we can consider various methods of estimating a regression model with a first-

order autoregressive disturbance process. Assume that the regression equation takes the form of 

𝑦(𝑡) =  𝛼 +  𝛽𝑥(𝑡) +  𝜂(𝑡), where 𝜂(𝑡) = 𝑝𝜂(𝑡 − 1) +  𝜀(𝑡), with 𝑝 𝜖 [0,1) 

With the use of the lag operator, the latter equation can be written as 

𝜂(𝑡) =  
1

1−𝑝𝐿
𝜀(𝑡), which is substituted into the equation below: 
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𝑦(𝑡) =  𝛼 +  𝛽𝑥(𝑡) +  
1

1−𝑝𝐿
𝜀(𝑡). Multiplying this equation by 1 − 𝑝𝐿 gives 

(1 − 𝑝𝐿)𝑦(𝑡) =  (1 − 𝑝𝐿)𝛼 +  (1 − 𝑝𝐿)𝛽𝑥(𝑡) +  𝜀(𝑡) =  𝜇 +  𝛽𝜔(𝑡) +  𝜀(𝑡), where 𝜇 =

(1 − 𝑝)𝛼. This equation can be written as 

𝑞(𝑡) =  𝜇 +  𝛽𝜔(𝑡) + 𝜀(𝑡), where 𝑞(𝑡) =  (1 − 𝑝𝐿)𝑦(𝑡) and 𝜔(𝑡) = (1 − 𝑝𝐿)𝑥(𝑡) 

If the value of 𝑝 were known, then the sequences 𝑞(𝑡) and 𝜔(𝑡) could be formed, and the 

parameters µ and 𝛽 could be estimated by applying ordinary least-squares regression to equation 

𝑞(𝑡) =  𝜇 +  𝛽𝜔(𝑡) + 𝜀(𝑡). An estimate for 𝛼 =  µ/(1 −  𝑝) would then be recoverable from 

the estimate of µ. A simple approach to the estimation of the equation is through a running 

number of trial regressions, which requires only a single application of ordinary least-squares 

regression that is based on the previous equation (1 − 𝑝𝐿)𝑦(𝑡) =  (1 − 𝑝𝐿)𝛼 +  (1 −

𝑝𝐿)𝛽𝑥(𝑡) +  𝜀(𝑡) =  𝜇 +  𝛽𝜔(𝑡) +  𝜀(𝑡). 

Figures 4.46 and 4.47 show 48 months and 46 months of data, respectively, which were selected 

during the encoding stage. The fitness function is the DR model, and DR is affected by input 

data 𝑌𝑡. 

• The estimation of 𝑌𝑡 depends on the previous values 𝑌𝑡−1, 𝑌𝑡−2, etc.… Therefore, the 

estimation is completely dependent on the input historical data, and fluctuations in the 

data cause the estimate to be increased or decreased. 

• The normal equation is applied to the historical data and is used to estimate the constant 

values 𝐶, 𝑏1 and 𝑏2 to be used in the DR model. The estimation of these constants is 

highly affected by historical input variation. Therefore, the forecasting is not proper and 

does not fit the actual cost data after the vertical line. 

 

Special scenarios for evaluating the MOGA based on DR 

To study and evaluate the MOGA based on DR results and parameter estimation, a special case 

is studied, modifying the historical data used for training in Figures 4.48 and 4.49 by removing 

the closest peaks to the vertical dashed line. As shown in Figure 4.48 and 4.49, the highest peaks 

were removed from the periods of months 28-46 and months 40-51 for every figure. Then, the 

modified historical data were used for MOGA-based DR forecasting. In this manner, the effect 

of the input data on the MOGA based on DR was studied. 

Figure 4.48 shows the results of MOGA based on DR forecasting after modification of labor 

cost. The MOGA based on DR forecasting differs between 50-53 and 59-61 months. The 

MOGA based on DR was affected by the input data after removing the last peaks. The 

forecasting results over fit the historical data used for testing. The polynomial equation in the 

figure was used for polynomial curve forecasting. This polynomial equation was selected based 

on the best R-squared value, and it exhibits better forecasting that fits the historical data used for 

testing than the MOGA based on DR. 
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Figure 4.48: Log labor cost forecast after removing peaks using the MOGA based on DR 

Figure 4.49 shows different forecasting results compared after removing the high peaks in the 

material cost data. The MOGA based on DR forecasting differs from 40-50 months because it 

is affected by the input data after removing the last peaks. However, the MOGA based on DR 

does not fit the historical material cost data used for testing. The polynomial equation in the 

figure was used for polynomial curve forecasting and was based on the historical data used for 

training. The polynomial model is used because it was selected based on the best R-squared 

value. In addition, the polynomial trend exhibits better forecasting that fits the historical data 

used for testing than the MOGA based on DR. 

 

Figure 4.49: Log material cost forecasting using the MOGA based on DR after removing peaks 
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The MOGA based on DR forecasting for 20 months maintained the same behaviour 

continuously. Therefore, the long-term period of forecasting using the MOGA based on DR is 

not useful in our case, as the lack of training on actual data causes continuous bias. 

 

4.2.7. Results of the methods comparison of simulated data 

Table 4.2 below reports the average deviations for the seventh simulated cost objects for the 

three methods presented in this section. The results presented in these tables confirm our 

judgement on the best method for forecasting cost data objects for the average deviations DV1 

that has been described in section 4.2.8. 

 

Table 4.2: The average deviation values for the seven simulated cost objects for each method. 

 Simulated 
Par. 1 

Simulated 
Par. 2 

Simulated 
Par. 3 

Simulated 
Par. 4 

Simulated 
Par. 5 

Simulated 
Par. 6 

Simulated 
Par. 7 

 DV1 DV1 DV1 DV1 DV1 DV1 DV1 

ARIMA model 0,12 0,17 0,15 0,19 0,22 0,25 0,29 

MOGA based on the 

ARIMA model 

0,1 0,07 0,08 0,09 0,12 0,19 0,1 

MOGA based on the 

DR model 

0,96 1,32 1,11 2,05 2,42 2,32 1,94 

 

4.2.8. Results of the methods comparison of case study 

Tables 4.3 and 4.4 below report the average deviations for the labor and material cost data for 

the three methods presented in this section. The results presented in these tables confirm our 

judgement on the best method for forecasting cost data objects. Table 4.3 indicates that for the 

labor cost data, the lowest values for the average deviations DV1 and DV2 were obtained with 

the MOGA based on the ARIMA model. Table 4.4 indicates that for the material cost data, the 

lowest values for the average deviations DV1 and DV2 were also obtained with the MOGA 

based on the ARIMA model as well. 

 

 

Table 4.3: The average deviation values for the labor cost object for each method. 

 DV1 DV2 

ARIMA model 0,24 1,22 

MOGA based on the ARIMA model 0,12 0,39 

MOGA based on the DR model 1,26 2,52 
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Table 4.4: The average deviation values for the material cost object for each method. 

 DV1 DV2 

ARIMA model 0,42 1,04 

MOGA based on the ARIMA model 0,36 0,66 

MOGA based on the DR model 0,56 1,99 

 

For both objects, the MOGA based on ARIMA obtained the lowest DV1 and DV2 among the 

methods. Therefore, the MOGA based on ARIMA yielded the better results than previous 

methods (i.e., the ARIMA model, the MOGA based on the ARIMA model, and the MOGA 

based the DR model) and can be used for further research. 

 

4.3. Results related to risk-based LCC optimization 

 

4.3.1. Results of the risk-based LCC model 

The reliability assessment of the collected data for the repairable ventilation system led to a better 

understanding of the failure patterns that influenced the decision-making process concerning the 

planning for the maintenance activities of the system. The validation of the assumption that the 

data were iid revealed a trend in the failure data. The NHPP had to be fitted because the classical 

statistical techniques of reliability analysis were not appropriate for the case study of the 

ventilation system. Then, the expected rate of occurrence of failure (ROCOF) was used as an 

intensity function to estimate the failure rate of the TBF data. For repairable systems, the failure 

rate estimated using the ROCOF was constant over time. This constant rate was used to estimate 

the risk cost over time. 

To approximate a large variety of distributions in large data samples, a normal distribution was 

fit to the accumulated TBF data. Figure 4.50 shows the fitting estimation of the normal 

distribution for the TBF data with some statistical results. The normal distribution can give the 

shape of the reliability against the failure rate of the ventilation system as a repairable system over 

a ten-year time scale. 
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Figure 4.50: Normal distribution of the cumulative TBF 

Figure 4.51 shows the estimation of the risk costs without accumulation and illustrates that risk 

costs increased over the period from 30 to 50 months. The risk costs increased during this period 

due to the total fan replacement, which required labor and fan replacement costs. The description 

of the failure corresponding to the highest peak was that one of the fans had an electrical problem, 

which required total fan replacement. After this period, the risk costs decreased steadily because 

the system is repairable, and Trafikverket executed a normal maintenance plan and activities with 

time after month 50. 

 

Figure 4.51: Risk cost estimation 
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The LCC optimization was tested for different risk percentages ranging from 1% to 250%. The 

risk percentage affects the risk cost calculation and thus the LCC optimization. The relation 

between the risk and the LCC is exponential. Figure 4.52 shows the LCC optimization; a risk 

of 2% yields the minimum cost for this risk percentage. The period between 30 and 50 months 

exhibits an upper curve for the risk costs that were added to the TOC. The minimum 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 

was achieved in practice between months 97 and 117. In our terminology, this replacement time 

range can be termed the optimal replacement time range. Finding the optimal replacement time 

range is an important result of this study because it can help users (in this case Trafikverket) in 

their planning. Trafikverket has the flexibility of being able to make replacements within an 

optimal replacement time range of 20 months. 

There is no fixed date or age within the proposed minimum 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 range at which the total 

cost is at a minimum, but a decision to replace the system before or after this optimal replacement 

time range will incur greater costs. The use of a lower replacement age (i.e., less than 97 months) 

will incur higher costs because of the high investment cost. Meanwhile, if the lifetime of the 

system exceeds the upper limit of the proposed 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 range (i.e., more than 117 months), 

the costs will increase for the following two reasons. 

• The cost of operation and maintenance increases when the operating time increases 

because of fan degradation. 

• A fan’s resale value decreases each month of operation until it reaches its scrap value at 

the end of its planned lifetime (i.e., 120 months). 

 

Figure 4.52: ORT of 121 fans as one system with a 2% risk cost 

 

Figure 4.53 shows the LCC optimization including a risk of 250% and illustrates how increasing 

risk percentages affect LCC optimization. The minimum TOC value achieved in practice was 

between months 110 and 130, which still corresponds to an optimal replacement time range of 

20 months. The 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 trend exhibits a different behaviour, especially over the period lasting 
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from 25-35 months. In this case, the LCC optimization does not reflect the proper replacement 

time range. In addition, Figure 4.53 shows the significance of risk analysis for the LCC 

optimization and how an erroneous estimation of the optimal replacement time can lead to an 

improper maintenance decision. 

 

Figure 4.53: ORT of 121 fans as one system with a 250% risk cost 

LCC analysis without risk analysis might lead to improper decisions due to a lack of knowledge 

of the failure consequences. Therefore, risk analysis should be an integral part of estimating the 

LCC. 

 

4.3.2. Results of the two-level system of MOGAs 

 

Results for level one: MOGA based on risk cost analysis 

In this part of the study, four populations were tested individually using the MOGA based on 

the risk model to provide, for the next level, variation in the risk cost percentages based on the 

TBF data without any external effects (i.e., by adding 1% to the values to change the percentage). 

The risk cost percentages obtained with 15 different generations for every fourth population 

were then used as the input for each generation at the next level. Every generation selected a 

sequence of months from the total period of months. Figure 4.54 shows the minimum risk cost 

of 31% in the third population and seventh generation. The period between months 11 and 31 

exhibits high risk costs, which is reasonable due to the total fan’s replacement during this time. 

After month 31, the risk cost over the selected months decreases steadily until month 61. In 

month 61, the failure cost is increased due to the replacement of different fan subsystems, after 

which the system is repairable, and Trafikverket executed a normal maintenance plan and 

activities over time. 
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Figure 4.54: Risk cost analysis of 121 fans as one system 

 

Results for level two: MOGA based on LCC 

The outcome from the first level, specifically for each generation for each population, indicates 

the LCC optimization for each cost and risk object. For each generation, the MOGA based on 

an LCC model with a risk analysis model was used to find the minimum maintenance cost 

through 15 different generations. These generations over different populations offer the 

possibility of finding an accurate LCC optimization by comparing the behaviour of the different 

models and revealing which optimal replacement period is appropriate. For different populations, 

there are different optimizations of the LCC for the different risk costs. 

The data selected by the GA operators for calculating the LCC optimization affect the 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒. 

Figure 4.55 shows the minimum 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 of the selected period of time (i.e., 240 months) for 

the second population on the seventh generation and over different variant populations and 

generations. The minimum 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 that could be achieved in practice was between months 

201 and 221 and was found in the second generation of the fourth population. In this case, the 

MOGA operators had selected the maintenance costs, operating costs, second-hand value and 

risk cost through the previous levels 1 and 2 using different methods to provide different possible 

solutions. These possible solutions have different variations in the cost values. 

The risk cost percentage from the first level was 31%, which affected the 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 calculation. 

The variation in the 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 in Figure 4.55 is highly increased. This result exposes a drawback 

of using MOGA to estimate the ORT of the ventilation system, namely, a late replacement time 

after 20 years will increase the maintenance and operating costs of the system. In addition, the 

total fan replacement should be at 20 years due to the maintenance contract between 

Trafikverket and the entrepreneur. 
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Figure 4.55: ORT of 121 fans as one system using MOGA 

Figure 4.56 shows the trend in the 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 for the fourth population, specifically for the second 

generation; this 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 is very high because of the selected data in the population and the 

31% risk cost percentage from the first level. Figure 4.56 shows that the minimum 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 

that could be achieved in practice was between 109 and 130 months, and the 𝑇𝑂𝐶𝑣𝑎𝑙𝑢𝑒 curve 

indicates a very high cost value over the selected months and risk costs from the first level. The 

advantage of using different populations with different selected data is that one obtains a better 

understanding of the optimal replacement time and can make reliable maintenance decisions. 

 

Figure 4.56: ORT of 121 fans as one system using MOGA 
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The results of the two-level system of MOGAs do not reveal that risk cost analysis plays a 

significant role in LCC analysis. MOGA does not help the model, even with high variances, 

optimize the LCC of the ventilation system. The estimation of the expected replacement time 

has a bias associated with the cost values and ORT, which may lead to improper or inefficient 

maintenance decisions. 
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CONCLUSIONS AND FUTURE WORKS 

5.1. Conclusions 

Regarding the research results, the following conclusions have been reached: 

RQ 1 conclusions: 

• MOGAs offer the possibility of optimizing clustering, which can be used for data 

reduction. 

• The proposed method performs well with poor data with many missing values. 

• The MOGA based on FCM yields better results than K-means clustering. 

• Disadvantages of the MOGA algorithm are that it is time consuming and requires a 

special server and specifications to be implemented. 

• Further research regarding MOGAs is required to derive a rule-based system that can be 

used for clustering and to reduce the amount of time required. 

• MOGA imputing yields an optimal range of values, which is used to impute missing data. 

It can provide appropriate data ranges that accommodate data variations, and it yields 

minimum imputing errors. The correlation between cost data values after missing data is 

high and relevant. 

RQ 2 conclusions: 

• The MOGA based on the DR model does not achieve a better estimation of the 

parameters and cannot be used for optimizing data forecasting using DR in our case. The 

number of values produced by the model is very large, which has a negative impact on 

the estimation of the model parameters. Therefore, the MOGA based on the DR model 

has drawbacks when used to optimize the forecasted data for two cost objects (i.e., 

material cost and labor cost). 

• The input for the ARIMA model is limited to labor and material costs; therefore, the 

forecasting error depends on the influences of these inputs. To evaluate the model, 

simulated data have been used to increase the possibility of studying the performance of 

these models. 

• The normal equation is applied to the data and is used to estimate the constant values 𝐶, 

𝑏1 and 𝑏2 to be used in the DR model. In addition, the estimation of 𝑌𝑡 depends on the 

previous values 𝑌𝑡−1, 𝑌𝑡−2, etc. Therefore, the MOGA based on DR for forecasting is 

not proper in this case study. 

• ARIMA performs incorrect estimation due to the very large variation in the input cost 

data, which leads to estimation of negative values for MA and AR. The estimation of 

negative values leads to incorrect forecasting by ARIMA. 

• The MOGA based on the ARIMA model provides other possibilities for calculating the 

ARIMA model parameters (p, d, q) and improves data forecasting. Therefore, the 

MOGA based on the ARIMA model can be used to optimize the forecasted data using 

ARIMA with a law level of error. The forecasted cost data can be used for improved 

LCC analysis. 
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• The normalization performed in the MOGA based on the DR model leads to decreased 

computational complexity. 

RQ 3 conclusions: 

• The MOGA based on risk-based LCC models has drawbacks when used to estimate the 

ORT of ventilation systems. The TOC value estimate is quite high, which somehow 

has a negative impact on the estimation of fan replacement time of machines. Therefore, 

the MOGA based on risk-based LCC does not achieve a better estimate of ORT 

compared with MOGA based on LCC, which leads to a negative impact on decision 

making in this regard. 

• Using the risk-based LCC analysis provides a better estimate of the ORT of the 

ventilation system and enhances decision making compared with MOGA based on risk-

based LCC. 

• LCC with risk analysis will help Trafikverket make proper decisions due to the 

knowledge of failure consequences. Therefore, risk analysis should be a part of LCC 

analysis of their repairable systems. 

 

5.2. Future works 

Based on the conducted research, the following areas are recommended for future research. 

• More research is needed to improve the MOGA to provide better estimates of the LCC 

of repairable systems. 

• More research regarding the use of other AI algorithms, such as neural networks, is 

needed to compare the results with the GA. 

• An AI model should be developed to provide a sensitivity analysis for the parameters 

used in calculating the LCC of this system. 
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Data clustering and imputing using a two-level
multi-objective genetic algorithm (GA): A case
study of maintenance cost data for tunnel fans
Yamur K. Aldouri1*, Hassan Al-Chalabi1 and Liangwei Zhang2

Abstract: This study develops a new two-level multi-objective genetic algorithm (GA) to
optimise clustering to reduce and imputemissing cost data for fans used in road tunnels
by the Swedish Transport Administration (Trafikverket). Level 1 uses amulti-objective GA
based on fuzzy c-means to cluster cost data objects based on three main indices. The
first is cluster centre outliers; the second is the compactness and separation (vk) of the
data points and cluster centres; the third is the intensity of data points belonging to the
derived clusters. Our clusteringmodel is validated using k-means clustering. Level 2 uses
a multi-objective GA to impute the reduced missing cost data in volume using a valid
data period. The optimal population has a low vk, 0.1%, and a high intensity, 99%. It has
three cluster centres, and the highest data reduction is 27%. These three cluster centres
have a suitable geometry, so the cost data can be partitioned into relevant contents to be
redacted for imputing. Ourmodel shows better clustering detection and evaluation than
models using k-means. The percentage of missing data for the two cost objects is the
following: labour 57%, materials 81%. The second level shows highly correlated data (R-
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squared 0.99) after imputing. Therefore, the study concludes multi-objective GA can
cluster and impute data to derive complete data for forecasting.

Subjects: Optimization; Linear & Nonlinear Optimization; Artificial Intelligence

Keywords: Data clustering; data imputing; multi-objective GA; fuzzy c-means; K-means
clustering

1. Introduction
Data clustering is used to divide data as a set of objects into groups based on their similarities (Handl &
Knowles, 2007; Runkler, 2012) and their sharing of relevant properties (Xu &Wunsch, 2005). Clustering
is useful to explore the interrelationships between data points (Jain, Murty, & Flynn, 1999). An
evaluation function can represent the data mathematically as sets, partition matrices, and/or cluster
prototypes (Runkler, 2012). An evaluation function is able to measure the intrinsic properties of a
partition of the data based on the compactness of the clusters and the separation between them
(Handl & Knowles, 2007) to determine the quality of the partitioning (Handl & Knowles, 2007).

A difficulty of clustering is defining appropriate data clusters using multiple cluster validity
indices to achieve multi solutions rather than a single solution (Deb, 2014; Saha &
Bandyopadhyay, 2010). The goal of such clustering is to structure data for use in scale analysis
(Xu & Wunsch, 2008). Longitudinal studies posit the existence of missing values to decrease the
computational process, estimate model variables, and derive the results that would have been
seen if the complete data were used. The common practice is to impute the missing data using the
average of the observed values. With imputing, no values are sacrificed, thus precluding the loss of
analytic results (Schafer & Graham, 2002).

A multi-objective genetic algorithm (GA) is a widely used evaluation technique to optimise
clustering (Deb, Pratap, Agarwal, & Meyarivan, 2002). Multi-objective GA optimises particular
functions to determine automatically the number of clusters and the partitions in a dataset
simultaneously and to compute their fitness (Saha & Bandyopadhyay, 2010). It can predict missing
data by finding an approximate solution interval that minimises the error prediction function
(Lobato et al., 2015). Several studies of data clustering and imputing have used multi-objective
GAs to understand and improve data to avoid bias in decision-making. For example, Siripen
Wikaisuksakul proposed a multi-objective GA for automatic clustering in an n-dimensional data-
base. The database is assigned a number of fuzzy groups in different dimensions using the fuzzy
c-means (FCM) algorithm. This method can handle overlapping in automatic clusters by exploiting
the fuzzy properties’ advantages. However, the model needs more computation time to process
unlabelled data without prior knowledge (Wikaisuksakul, 2014).

Julia Handl et al. proposed a new data clustering approach, in which two or more measures of
cluster quality are simultaneously optimised using a multi-objective evolutionary algorithm. The
authors adapted Pareto envelope method selection for the clustering problem by incorporating
specialised mutation and initialisation optimisation procedures for a number of objectives. They
found this clustering approach yields high quality solutions for data clustering and greater under-
standing of data structure. The approach may incorporate feature selection, outlier-removal, and
fixed cluster numbers (Handl & Knowles, 2004).

Lecai Cai et al. proposed a novel k-means clustering algorithm based on immune GA to improve
the genetic operators for searching and clustering. They found the proposed algorithm can
improve searching by adapting to different data types. Because of the high number of GA repeti-
tions, however, the algorithm is complex (Cai, Yao, He, & Liang, 2010). Fabio Lobato et al. used
multi-objective GA (MOGAImp) to impute missing data. Their model is suitable for tackling con-
flicting evaluation measures; it can be used for mixed-attribute datasets and takes the information
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from incomplete data into account by modelling. The authors suggest investigating the MOGAImp
application for clustering or advanced analysis to reduce the search space and extract the knowl-
edge required to build a model (Lobato et al., 2015). Their technique does not decrease the search
space complexity.

The aim of this study is to develop a new two-level multi-objective GA to optimise clustering and
impute the missing cost data of tunnel fans. The first level clusters cost data into the most relevant
components and redacts the data. The second level imputes the missing cost data to create
complete data for forecasting and analysis. The first level uses a multi-objective GA based on a
FCM algorithm to optimise cluster centres. The selected cluster centres are optimised by consider-
ing the following: (1) cluster outliers, (2) compactness, variation between data points and clusters,
and separation between clusters, and (3) intensity of data points belonging to selected clusters.
The clustered data can be redacted to the relevant data points without redundancy or noise. Our
module is validated using k-means clustering. In the second level, a multi-objective GA imputes
the missing redacted cost data from the first level to derive complete data for forecasting. We
argue that a multi-objective GA decreases the complexity, increases the flexibility, and is very
effective when selecting an approximate solution interval for imputing.

2. Data collection
The study uses cost data for tunnel fans installed in Stockholm in Sweden. The data were collected
over 10 years, from 2005 to 2015, by Trafikverket and are stored in a MAXIMO computerised
maintenance management system (CMMS). In this CMMS, the cost data are recorded based on the
work orders for the maintenance of the tunnel fans. Every work order contains corrective main-
tenance data, a component description, the reporting date, a problem description, and a descrip-
tion of the actions performed. Also included are the repair time used and the labour, material and
tool cost of each work order.

In this study, we consider two cost objects, i.e. labour and materials, based on the work order
input into the CMMS for the 10-year period mentioned above. We did not use the tool cost data
because of the huge numbers of missing data. The selected data were clustered, filtered and
imputed for the study using a multi-objective GA based on a FCM algorithm. It is important to
mention that all the cost data are for real costs with no adjustment for inflation. Due to company
regulations, all the cost data are encoded and expressed as currency units (cu).

3. K-means clustering
K-means algorithm divides N points in M dimensions into K clusters so that data points within the
same cluster have a minimum sum of squares. The general procedure is to search for a K-partition
with locally optimal within cluster by moving points from one cluster to another. The number of
points in cluster C is denoted by Euclidean distance between the data point and cluster itself
(Hartigan & Wong, 1979; Lohrmann & Luukka, 2018).

The data set consists of N = {1, 2, . . .,N} data points. Three clusters νi = {1, 2, . . .,C} selected from
the work orders of cost data portion the data into M disjoint subsets (cluster). Three clusters
assumed based on many literatures. The sum of the squared Euclidean distance is used to
calculate the distance between data point N and the cluster νi, as seen in the formula below
(Likas, Vlassis, & Verbeek, 2003):

E við Þ ¼ ∑
N

i¼1
∑
C

k¼1
Ni � vk

2

4. Two-level system of multi-objective genetic algorithms (GAs)
The study develops a new two-level multi-objective GA, as shown in Figure 1. The GA consists of:
(1) a multi-objective GA based on FCM to cluster cost data and (2) a multi-objective GA to impute
missing data. In level 1, the GA is applied to the cost data objects (labour, material) at six different
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times (six populations) to cluster and redact data for the next level. The second level longitudinally
imputes the missing data of the three cost objects. The use of two levels allows us to reduce noisy
data and computational cost (Thomassey & Happiette, 2007), whilst reaching an effective and
reasonable solution (Ding, Cheng, & He, 2007).

4.1. Level 1: multi-objective GA based on fuzzy c-means algorithm
A multi-objective GA is widely applied in clustering because of its ability to optimise cluster centres
in a large space of random populations (Deb et al., 2002). The GA operates with a population of
chromosomes containing data of work orders. The cluster centres are selected randomly from the
population of chromosomes. The chromosomes are proportional to the case and problem state-
ment (Cordón, Herrera, Gomide, Hoffmann, & Magdalena, 2001).

A multi-objective GA operates on a population of cluster centre chromosomes over different gen-
erations. Over generations, chromosomes in the population are rated on their adaptation (Sortrakul,
Nachtmann, & Cassady, 2005) to the new population and on their selection mechanism. Their
adaptability, evaluated as the fitness function, creates the basis for a new population of chromo-
somes. The new population is formed using specific genetic operators, such as crossover and muta-
tion. The fitness function is derived from the membership function (Cordón et al., 2001; Piroozfard,
Wong, & Wong, 2018) using the FCM algorithm. The membership function gives cluster centre
chromosomes a possible solution for the generational problem of adapting (Wikaisuksakul, 2014).

The FCM algorithm is a broad spectrum algorithm which tries to subdivide a dataset N into C
pairwise disjoint subsets (cluster centres) (Bezdek, Ehrlich, & Full, 1984). This algorithm can assign
data to multiple clusters. The degree of membership in the fuzzy cluster centres depends on the

Figure 1. Two-level multi-
objective GA.
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closeness of a given data point to a cluster centre (Izakian & Abraham, 2011). The FCM estimates
the fuzzy partitions of the data and the locations of cluster centres (Hathaway & Bezdek, 2001; Lei
et al., 2018). Random selection in FCM cluster centres is an iterative process yielding optimal local
solutions. A multi-objective GA can process the clustering (Jain et al., 1999) by optimising the
search for local optimum data points.

This paper describes a multi-objective GA based on FCM implemented six different times using a
cross-validation randomisation technique. The technique aims to find the optimal cluster centre
geometrywith respect to the shaping of data points around cluster centres. The process is the following:
a random number of cluster centres is generated randomly in each of the six implementations; the
modified cluster centres are generated 25 times. The modifications are used to find the geometry of
cluster centres in the cost data and determine the optimal ones. Twenty-five generations are enough
for this study to obtain valid results. The following steps explain the use of the multi-objective GA.

Step 1: initial population
The cost data are a sequence of maintenance work orders; each work order is described as a
chromosome and consists of a description of the work order with two cost objects: labour and
materials (Zlabour, Zmaterial). The description is useful to understand the relevant data points
belonging to the cluster centres.

Step 2: first multi-objective GA generation
In the first generation, the weights of each cost object are calculated in sets of N = {1, 2, . . .,N} data
points using the Modified Adaptive Weight Approach (MAWA). MAWA is selected because it can
simplify data points and efficiently calculate multi-objective GA. To calculate the weights of each
cost object, we find the minimum and maximum value for each, Zlabor ¼ Zlabormin ; Zlabormax

� �
,

Zmaterial ¼ Zmaterial
min ; Zmaterial

max

� �
, and Ztool ¼ Ztoolmin; Ztoolmax

� �
. The minimum and maximum values deter-

mine the relevant MAWA formula. Then, each data point in the cost object is calculated based on
the conditions, as seen in the formulas below. The formulas are modified from Zheng, Ng, and
Kumaraswamy (2004) to accommodate different conditions:

MAWA zð Þ ¼ Zmin Zmax � zcð Þ þ γ

Zmax � Zminð Þ þ γ
; when Zmax�Zmin

MAWA zð Þ ¼ 0:1 � Zmax � zcð Þ þ γ

Zmax � Zminð Þ þ γ
; when Zmin ¼ 0

MAWA zð Þ ¼ 0:9 � Zmax � zcð Þ þ γ

Zmax � Zminð Þ þ γ
; when Zmax ¼ Zmin

γ: positive random number between 0 and 1; zc: cost of the zth values in the current population of
the object.

MAWA represents three different conditions to guide the multi-objective GA and widen the
search scope. The first condition, wherein the maximum equals the minimum of the object, the
weight is multiplied by 0.9. The second condition, wherein the minimum equals zero, the weight is
multiplied by 0.1. The third condition, wherein the minimum does not equal the maximum, the
weight depends on the current values. In these latter cases, weights can be calculated with
different data types based on the maximum and minimum value for each individual object. The
overall weights, as seen in the equation below, are the summation of the MAWAs of each object.
This summation decreases the time required to calculate the membership function, as the evalua-
tion has one object instead of three.

MAWAoverall ¼ ∑
x¼1

m
MAWA zð Þ
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m: number of objects, in this case, m = 3.

Step 3: selection
The selection of cluster centres (chromosomes) uses the chromosome pool and is directed by the
concept of natural genetic systems. A random number of cluster centres, νi, is generated between
2 and

ffiffiffiffi
N

p
. This enables the proposed clustering technique to evolve the appropriate partitioning

data automatically with clusters of any shape, size, or convexity, as long as they possess some
point symmetry property (Saha & Bandyopadhyay, 2010). N is the number of data points in the
cost object. Cluster centres vi ¼ v1; v2; v3; . . . ; Cf g are selected and removed from N data. The
selected chromosomes contain MAWA for each cost object and MAWAoverall. Noise is a random
number between 0 and 1 and is added to MAWAoverall to avoid zero distance and find the relations
between data points and cluster centres. The calculated fitness function defines the membership
of a data point in the cluster centre. To calculate this, we need to calculate the square of the

Euclidean distance (d2
ik) between data points zi and νi (Bezdek et al., 1984).

d2
ik ¼ ∑

j¼1

N
zkj � vij
� �2

; 1 � k � N; 1 � i � C

zkj: object’s data points; νij: cluster’s centre points.

Fitness function membership, fitness (zik), is the degree of belonging of zi to νi (Wikaisuksakul,
2014) and is expressed as:

fitness zikð Þ ¼ 1

∑C
j¼1

dik
djk

� �2= m�1ð Þ ; 1 � k � N; 1 � i � C

The highest fitness (zik) of a data point will be in cluster centre νi.

The first objective of the paper is to calculate cluster centre outliers to select the best pool of
cluster centres. Given the equal fitness function of each data point to the selected cluster centres,
v1; v2; v3; . . . ; Cf g, the number of outliers should be small. In this case, the cluster outlier

problem, or the error of the membership degree J(z,v) function, is expressed as the equal distance
between data point zi and cluster centres νi (Bezdek, 1973).

J z; vð Þ ¼ ∑
C

i¼1
∑
N

k¼1
fitness zikð Þð Þ d2

ik

C: number of cluster centres; N: number of data points belonging to cluster centres.

The second objective of the paper is to select the best cluster centres based on compactness and
separation percentages, νk (z, ν; N). Compactness measures the variation in data within a cluster or
between data and cluster centroids; this variation should be kept small. Separation considers the
variation between cluster centroids; this variation should be large. To obtain the best cluster
centres over GA generations and to find the optimal number of clusters, we need to find the
minimum percentage of νk (S.H. Kwon, 1998).

vk z; v;Nð Þ ¼ ∑C
i¼1∑

N
k¼1 fitness zikð Þð Þd2

ik þ 1
C

� �
∑C

i¼1k vi � �vk2 þ γ

mini�j k vi � vjk2 þ γ

k vi � �v2 k : average distance between C cluster centres; mini�j k vi � vj2 k : minimum distance

between C cluster centres.

The average distance is used to eliminate the monotonically decreasing tendency when there
are large numbers of clusters; γ is a random value between 0 and 1 to avoid division by zero.
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The third objective is to measure the intensity, that is, the number of data points zi belonging to
cluster centres νi. This will show the cluster centres’ geometry.

Overall, these objectives are intended to facilitate the measurement of the aggregation of fuzzy
membership degrees so that we may evaluate and optimise the cluster centres and find the best
cluster centres in the population.

Step 4: crossover and mutation
Crossover is a probabilistic process exchanging information between two parent cluster centres
(chromosomes) to generate two new child cluster centres (chromosomes). In this study, we use
single point crossover with a fixed crossover probability to generate new cluster centre values
because we only use two data objects (labour, material). For cluster chromosomes of length l, a
crossover point is generated in the range [1, l − 2]. The chromosomes to the right of the crossover
point are exchanged to produce two cluster centre offspring. The objects are connected by weight,
and the value of the weight should move with the new cluster generation.

Fifty percent of the collected cluster centres randomly experience mutation. As we are consider-
ing the representation of data point values in this study, we swap between costs values for each
selected work order of chromosomes after crossover.

Step 5: new generation
The new generation of cluster centres will repeat steps 3–4 continuously for 25 generations. At this
point, the best fitting GA generation of cluster centres will be selected to cluster and redact data in
volume with keeping the same data parameter’s structure. Twenty-five generations are enough for
these data because the fitness function value is repeated after the fifth generation. The new
redacted data will not contain noise or redundant contents. They will mostly have relevant and
significant data points belonging to cluster centres and should differ according to cost data
description. The resulting data will be ready for the second level, imputing the missing data.

4.2. Level 2: multi-objective genetic algorithm
In this level, a multi-objective GA is applied longitudinally to the data. Multi-objective GA
operates with a population of chromosomes that contains labour cost and materials cost
objects. Forty percent of each cost object is selected randomly at two different times. Multi-
objective GA operates on the selected population over different generations to find the appro-
priate cost range to impute missing data for each object. During the GA generations, chromo-
somes in the population are rated on their adaptation, and their selection mechanism to the
new population is evaluated. Their adaptability (fitness function) is the basis for a new
population of chromosomes. The new population is formed using specific genetic operators
such as crossover and mutation. Multi-objective GA is used to fill in the zero value data from an
appropriate cost range based on the best fitness function over different generations. The
following steps describe level 2.

Step 1: initial population
A longitudinal study of each cost object (Zlabour, Zmaterial, Ztool) is used to impute missing data using
multi-objective GA for the three objects in parallel.

Step 2: first GA generation and selection
The first generation is done by randomly selecting 40% of the initial population of cost objects at
two different times so that 80% of the data comprise different chromosomes. We select two
chromosomes to validate the GA operators. We select 80% because a high range of missing data
requires us to find an appropriate range of values to impute missing data.

We find the minimum and maximum for 40% of the population and for each cost object. We
generate a random number Pi between the minimum and maximum of each cost object. Data
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point zi. fitness (zi) for each selection in each object is calculated based on the formula below
(Hadavandi, Shavandi, & Ghanbari, 2011). Then, the chromosome pairs for each object are
summed.

The fitness function is a statistical method finding the root mean absolute percentage error of
the correlated imputed data. The lowest fitness function is selected to transform data to the next
generation after the GA is applied.

fitness zið Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

∑
N

t¼1
Yi � Pið Þ2

s

N: number of training data; Yi: actual value of ith training; Pi: generated value of ith training.

Step 3: crossover and mutation
In this study, we use a two-point crossover with a fixed crossover probability. For chromosomes of
length l, a crossover point is generated in the range [1, 1/3 l], [1/3 l, 2/3 l], and [2/3 l, l]. The values
of objects are connected and should be exchanged to produce two new offspring. We select two
points to create more value ranges and find the best fit.

Fifty percent of the selected chromosomes randomly undergo mutation with the arrival of new
chromosomes. For the cost object values, we swap two opposite data values.

Step 4: new generation
The new generation will repeat steps 2–3 continuously for 25 generations. Twenty-five generations
are enough for these data because the fitness function increases after the fourth generation. The
best fit generation will have the lowest fitness function. The selected generation is used to
randomly impute new values between the selected ranges for the missing data for each cost
object. This step will yield fully correlated data for better estimation of the forecasting model.

After this step, R-squared regression analysis is used to validate the imputed cost objects.
R-squared gives information about the correlations of the cost values for each cost object before
and after imputing.

5. Results and discussion
In what follows, we present the results of our two-level multi-objective GA.

5.1. Results of level 1: multi-objective GA based on fuzzy c-means algorithm
In this study, we test six populations individually using a multi-objective GA based on a FCM
algorithm and compare them to optimise the cluster centres for the three different cost objects.
Figure 2 shows the number of random cluster centres generated for each population with the
actual cluster centres around which data points are shaped. The actual cluster centres of the
generated clusters are the clusters around which the data points are shaped. In addition, the
actual cluster centres (chromosomes) are modified over 25 generations of the data population.
The first and second population have three actual cluster centres, created from 17 and 12 random
cluster centres respectively. The third population has only one cluster centre, derived from eight
random cluster centres. The fourth, fifth and sixth populations have between two and three cluster
centres from 16, 17, and 14 random cluster centres respectively. The number of cluster centres is
not the main criterion; rather, we are more concerned with the optimal cluster centres. The
percentage of intensity for each population gives a better understanding of the cluster centres’
effectiveness.

As Figure 3 shows, in the first population, 98.80% of the data belong to three cluster centres. The
second population has two cluster centres, and 99.15% of the data are relevant. The third
population has the highest percentage with 99.43% relevant data, but it has only one cluster
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centre. In this case, we cannot prove the population is optimal because one cluster centre is not
enough to understand the data. The fourth and fifth populations have 98.88% and 98.8% relevant
data respectively. The fifth population has only two cluster centres (the fourth has three), so it has
the lowest percentage. The sixth population has 99% of the data shaped around three cluster
centres. The optimal cluster centre will have the most data points shaped around it.

Cluster centre roles can be represented by the percentage of data reduction for each population.
Figure 4 shows the data reduction percentages for each population after choosing and implement-
ing the cluster centres.

As Figure 4 shows, the first and second populations have 26.55% and 26.33% data reduction in
volume respectively. The first population has three cluster centres and the second has two. The
first has the highest reduction percentage over the six populations but the lowest intensity. The
third population has 26.11% reduction, the lowest percentage, but there is only one cluster centre
in this population, not enough to understand the data. The fourth and fifth populations have 26.4%
reduction for three and two cluster centres respectively. The last population has 26.25% reduction

Figure 2. Number of cluster
centres for six populations.

Figure 3. Data intensity per-
centages for six populations.
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with three cluster centres and 99% intensity. Overall, the data redaction percentages are not high
enough to determine the optimal cluster centres. This means we need to study compactness and
separation (νk) for the cluster centres of each population.

Figure 5 shows the νk percentages for each population. In this figure, a lower νk means
lower compactness and higher separation between cluster centres. The first population has a
νk of 0.09% over 25 generations, the lowest value. This population has three cluster centres
and higher data reduction, as seen in Figures 2 and 4. The second population has higher νk
than the first population, at 0.25%, and two cluster centres. The third has 0.11% νk with one
cluster centre. In this case, one cluster is excluded because the separation in νk is zero, so it
cannot be compared with other populations. The fourth and fifth populations have 1.17% and
0.09% νk, respectively, with two and three cluster centres, respectively, as seen in Figure 2.
The highest νk is found in the fourth population; here, the cluster centres are almost con-
vergent. The sixth population has the highest νk, 3.49%, with three cluster centres among the
six populations.

Figure 4. Data reduction per-
centages for six populations.

Figure 5. Compactness and
separation (νk) percentages for
six populations.
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The optimal population with optimal cluster centres does not always mean the population and
the cluster centres have the lowest and highest peaks for the number of cluster centres, the
intensity, the data reduction percentage, or νk. In this study, we average the optimal cluster
centres to discover most of the data points; specifically, we look at efficient intensity, high data
reduction, and low νk of cluster centres. The error membership J(z,ν) has zero value in the proposed
methodology over populations and with different multi-objective GA generations.

In this study, the first population has a low νk, 0.09%, a high percentage of intensity, 98.80%,
with three cluster centres, and the highest data reduction, 26.55%, compared to other populations.
These three cluster centres have a suitable geometry in the data, making most of the cost data
points understandable and discoverable. Figure 6 shows the data points for the two cost objects,
labour and materials, and the clustering results of the first generation with three cluster centres.

These cluster centres are used to reduce the data into relevant parts and prepare for the second
level of multi-objective GA to impute the missing data. Note that Figure 6 has three different
colours for the three cluster centres of the first population. The clusters distributed over the data
points because the cluster centres geometry stands on optimal place. These centres make better
understanding of the data points. The data are compared and evaluated to reduce the original
data to the most relevant contents without redundancy or noise.

5.2. Results of level 2: genetic algorithm
The outcome of the first level, specifically in the first population, indicates the amount of missing data in
the cost objects. Labour andmaterials costs have 56.84%and 81.02%missing data respectively. Missing
data cause a substantial amount of bias, make the analysis of the data more arduous, and reduce
analysis efficiency. Multi-objective GA is implemented for each cost object to impute the missing data.
The imputation will help to provide complete data for better estimation of forecasting models.

R-squared regression analysis is used to validate the imputation process using multi-objective
GA and to determine the differences before and after imputation for each cost object. Figure 7
shows R-squared is 0.847 for the reduced accumulated labour cost data, and Figure 8 shows a
better R-squared value, 0.9926, after imputing the missing labour cost data. This means imputing
increases the correlation of the labour cost values. Figure 9 shows R-squared is 0.4401 for the
accumulative materials cost before imputation; after the missing data are imputed, Figure 10
shows a higher R-squared result, 0.9996. The correlation between cost values is improved after
imputation.

Figure 6. Data clustering of the
first population.
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Using multi-objective GA for each level is time consuming, even when it executes on a virtual
machine of a server with special specifications. The server used in this study has 16 processors of
E5-2690V2 (25M cash), 128 GB of RAM, 300 GB of Hard disk, and Windows-7 Enterprise 64 bit. Table
1 shows the time taken for clustering and imputation for each population. Clearly, clustering is
more time consuming than imputation.

Unlike imputation, the time taken for clustering is dissimilar for each population; the clustering
process has different calculations and comparisons based on a randomly generated number of
cluster centres. The imputation process has fewer calculations and requires almost the same
amount of time for each population, as the population size is always 80% of the cost data for
each cost object.

Figure 7. R-squared for accu-
mulative labour cost before
imputation.

Figure 8. R-squared for accu-
mulative labour cost after
imputation.
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6. Validation
A k-means algorithm is implemented on cost data objects to cluster data. Figure 11 shows the data
points for the two cost objects, labour andmaterials, and the clustering results for three clusters. These
clusters divide the data points into three certain partitions. The certain cluster numbers might be
inaccurate, and the data need more or less cluster. In addition, the clustering does not show an
understanding of the relations and correlations between the data points for labour andmaterial costs.
The data reduction will not be easy, because a cluster’s geometry might not be the optimal one.

7. Conclusions
This study develops a new two-level multi-objective GA based on a FCM clustering algorithm. This GA
creates a large search space for optimising cluster centres to reduce data. The algorithm gives us the
ability to evaluate cost data and find suitable clustering for a problem statement. In addition, it performs

Figure 9. R-squared for accu-
mulative materials cost before
imputation.

Figure 10. R-squared for accu-
mulative materials cost after
imputation.

Aldouri et al., Cogent Engineering (2018), 5: 1513304
https://doi.org/10.1080/23311916.2018.1513304

Page 13 of 16



well with poor datawith highmissing values. The optimal cluster centres are the average cluster centres
with efficient intensity, high data reduction, and low νk. Multi-objective GA based on FCM has these
advantages. In addition, our clustering model shows better results than k-means clustering.

The two-level multi-objective process is time consuming, however, and requires a special server
and specifications. In addition, the algorithm needs further research to derive a rule-based system
for clustering and to reduce the time required. Multi-objective GA imputing shows an optimal range
of values to impute missing data. It can provide appropriate data ranges to accommodate data
variations, and it shows minimum imputing errors. The correlation of cost data values after the
missing data are imputed is high and relevant.
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Abstract: The aim of this study has been to develop a novel two-level multi-objective genetic
algorithm (GA) to optimize time series forecasting data for fans used in road tunnels by the Swedish
Transport Administration (Trafikverket). Level 1 is for the process of forecasting time series cost
data, while level 2 evaluates the forecasting. Level 1 implements either a multi-objective GA based
on the ARIMA model or a multi-objective GA based on the dynamic regression model. Level 2
utilises a multi-objective GA based on different forecasting error rates to identify a proper forecasting.
Our method is compared with using the ARIMA model only. The results show the drawbacks of time
series forecasting using only the ARIMA model. In addition, the results of the two-level model show
the drawbacks of forecasting using a multi-objective GA based on the dynamic regression model.
A multi-objective GA based on the ARIMA model produces better forecasting results. In level 2, five
forecasting accuracy functions help in selecting the best forecasting. Selecting a proper methodology
for forecasting is based on the averages of the forecasted data, the historical data, the actual data and
the polynomial trends. The forecasted data can be used for life cycle cost (LCC) analysis.

Keywords: ARIMA model; data forecasting; multi-objective genetic algorithm; regression model

1. Introduction

Time series forecasting predicts future data points based on observed data over a period known
as the lead-time. The purpose of forecasting data points is to provide a basis for economic planning,
production planning, production control and optimizing industrial processes. The major objective is
to obtain the best forecast function, i.e., to ensure that the mean square of the deviation between the
actual and the forecasted values is as small as possible for each lead-time [1,2]. Much effort has been
devoted over the past few decades to the development and improvement of time series forecasting
models [3].

Traditional models for time series forecasting, such as the Box-Jenkins or autoregressive integrated
moving average (ARIMA) model, assume that the studied time series are generated from linear
processes. However, these models may be inappropriate if the underlying mechanism is nonlinear.
In fact, real-world systems are often nonlinear [4,5]. The multi-objective genetic algorithm (GA) is
often compatible with nonlinear systems and uses a particular optimization from the principle of
natural selection of the optimal solution on a wide range of forecasting populations [6,7].

The proposed multi-objective GA optimizes a particular function based on the ARIMA model.
The ARIMA model is a stochastic process modelling framework [1] that is defined by three parameters
(p, d, q). The parameter p stands for the order of the autoregressive AR(p) process, d for the order of
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integration (needed for the transformation into a stationary stochastic process), and q for the order
of the moving average process, MA(q) [8]. A stationary stochastic process means a process where
the data properties have the same variance and autocorrelation [9]. The weakness of the ARIMA
model is the difficulty of estimating the parameters. To address this problem, a process for automated
model selection needs to be implemented in the automated optimization to achieve an accurate
forecasting [10].

The GA is a well-established method which helps in solving complex and nonlinear problems
that often lead to cases where the search space shows a curvy landscape with numerous local
minima. The multi-objective GA is designed to find the best forecasting solution through automated
optimization of the ARIMA model and to select the best parameters (p, d, q) to compute point forecasts
based on time series data. The parameters of the ARIMA model are influenced by the selecting process
of the GA. In addition, the multi-objective GA can evaluate the forecasting accuracy using multiple
fitness functions based on statistics models.

Vantuch and Zelinka [11] modified the ARIMA model based on the genetic algorithm and
particle swarm optimization (PSO) to estimate and predict data of time. They found that the genetic
algorithm could find a suitable ARIMA model and pointed to improvements through individual
binary randomization for every parameter input of the ARIMA model. Their model shows the best
set of coefficients obtained with PSO compared with the best set obtained with a classical ARIMA
prediction. However, these authors present the ARIMA parameters in a binary setting with limited
possibilities and they consider the forecasting based on an ARIMA evaluation only.

Wang & Hsu [12] proposed a combination of grey theory and the genetic algorithm to overcome
industrial development constraints and establish a high-precision forecasting model. They used a
genetic algorithm to optimize grey forecasting model parameters. They demonstrated a successful
application of their model which provided an accurate forecasting with a low forecasting error rate.
However, these authors proposed randomization in combination with grey theory without integrating
grey theory functionality within the GA. They used only one forecasting error rate to judge the
forecasting accuracy.

Ervural et al. [13] proposed a forecasting method based on an integrated genetic algorithm and the
ARMA model in order to gain the advantage of both of these tools in the forecasting of data. They used
a genetic algorithm to optimize AR(p) and MA(q) and find the best ARMA model for the problem.
They found that their model had an effective identification for estimating ARMA autoregression and
moving averages. However, these authors presented ARIMA parameters with limited possibilities.
In addition, they used only one forecasting error rate to judge the forecasting accuracy.

Lin et al. [14] maintained that the back-propagation neural network (BPNN) can easily fall into
the local minimum point in time series forecasting. They developed a hybrid approach that combines
the adaptive differential evolution (ADE) algorithm with the BPNN. This approach was called the
ADE-BPNN and was designed to improve the forecasting accuracy of the BPNN. The initial connection
weights and thresholds of the BPNN as a single hidden layer are selected by combining the ADE with
the BPNN. The ADE is used to search preliminarily for the global optimal connection weights and
thresholds of the BPNN. The ADE is adopted to explore the search space and detect potential regions.
The model of Lin et al. [14] shows good performance in solving complex optimization problems.
However, their model needs to be improved to handle complex application problems and find the best
appropriate structure and parameters.

Yu-Rong et al. [15] utilised the ADE-BPNN to estimate energy consumption. The hybrid
model created by these authors incorporates gross domestic product, population, import, and
export data as inputs. In this approach, an improved differential evolution with adaptive mutation
and crossover is utilised to find appropriate global initial connection weights and thresholds to
enhance the forecasting performance of the BPNN. Yu-Rong et al. [15] used an adaptive DE (ADE)
algorithm to find appropriate initial connection weights and thresholds of a BPNN for obtaining
more accurate forecasting. The BPNN was utilised to achieve good-fitting performance and high
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forecasting precision. A BPNN is a multilayer mapping network that minimizes errors backward
while transmitting information. The prediction accuracy of the authors’ method is relatively high
because an improved ADE with good balance between the search speed and accuracy assists in finding
appropriate global initial connection weights and thresholds to enhance the forecasting performance
of the BPNN effectively. However, their model needs to be improved for long-term forecasts and
processing big data.

Lin et al. [16] proposed a combination model resulting from a new neural networks-based linear
ensemble framework (NNsLEF). The proposed framework can merge the advantages of component
neural networks and dynamic weight combination approaches to improve the forecasting performance.
Four neural network models are applied to impart their superior performance to the combination
approach while maintaining their diversity. The framework proposed by Lin et al. [16] adheres to three
primary principles. (a) Four kinds of neural network models, namely the back-propagation neural
network, an artificial neural network with a dynamic architecture, the Elman artificial neural network,
and the echo state network, are selected as component forecasting models. (b) An input-hidden
selection heuristic (IHSH) is designed to determine the input-hidden neuron combination for each
component neural network. (c) An in-sample training-validation pair-based neural network weighting
(ITVPNNW) mechanism is studied to generate the associated combination weights. The NNsLEF aims
to improve the accuracy of time series forecasting and could provide an effective forecast through the
mentioned combination model. However, this approach has limitations and its complexity means that
there are a low number of relevant application areas with large data samples.

Hatzakis & Wallace [6] proposed a method that combines the ARIMA forecasting technique and a
multi-objective GA based on the Pareto optimal to predict the next optimum. Their method is based on
historical optimums and is used to optimize AR(p) and MA(q) to find a non-dominated Pareto front
solution with an infinite number of points. They found that their method improved the prediction
accuracy. However, these authors assumed that the data were accurate and used the Pareto front
solution to select a proper forecasting. In addition, they did not use any forecasting error rate to
evaluate the forecasting results.

The aim of this study has been to develop a novel two-level multi-objective GA to optimize time
series forecasting in order to forecast cost data for fans used in road tunnels. The first level of the GA
is responsible for the process of forecasting time series cost data, while the second level evaluates the
forecasting. The first level implements either a multi-objective GA based on the ARIMA model or a
multi-objective GA based on the dynamic regression model. This level gives possibilities of finding
the optimal forecasting solution. The second level utilises a multi-objective GA based on different
forecasting error rates to identify a proper forecasting. Our method is compared with the approach of
using an ARIMA model only. We argue that a multi-objective GA decreases the complexity, increases
the flexibility, and is very effective when selecting an approximate solution interval for forecasting.

The remainder of the paper is organized as follows. The next section presents the materials and
methods, which include data collection, the ARIMA model, a two-level multi-objective GA based
on the ARIMA model, a two-level multi-objective GA based on the dynamic regression model and a
model evaluation method. Section 3 describes the results and decisions for each method presented in
the previous section. Section 4 offers the concluding remarks.

2. Materials and Methods

2.1. Data Collection

The cost data concern tunnel fans installed in Stockholm in Sweden. The data had been collected
over ten years from 2005 to 2015 by Trafikverket and were stored in the MAXIMO computerized
maintenance management system (CMMS). In this CMMS, the cost data are recorded based on the
work orders for the maintenance of the tunnel fans. Every work order contains corrective maintenance
data, a component description, the reporting date, a problem description, and a description of the
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actions performed. Also included are the repair time used and the labour, material and tool cost of
each work order.

In this study, we consider the two cost objects of labour and materials based on the work order
input into the CMMS for the ten-year period mentioned above. The tool cost data were not selected
due to the huge number of missing data that could not be used for forecasting. The selected data were
clustered, filtered and imputed for the present study using a multi-objective GA based on a fuzzy
c-means algorithm. It is important to mention that all the cost data used in this study concern real
costs without any adjustment for inflation. Due to company regulations, all the cost data have been
encoded and are expressed as currency units (cu).

2.2. The ARIMA Model

The main part of the ARIMA model concerns the combination of autoregression (AR) and
moving-average (MA) polynomials into a complex polynomial, as seen in the Equation (1) [1].
The ARIMA model is applied to all the data points for each cost data object (labour and material).

yt = µ +
p

∑
i=1

(σyt−1) +
q

∑
i−1

(θiεt−1) + εt (1)

where the notation is as follows:

yt: the actual data over time;
µ: the mean value of the time series data;
p: the number of autoregressive cut-off lags;
d: the number of differences calculated with the equation ∆yt = yt − yt−1;
q: the number of cut-off lags of the moving average process;
σ: autoregressive coefficients (AR);
θ: moving average coefficients (MA);
t: time {1, . . . , k};
ε: the white noise of the time series data.

The value of the ARIMA parameters (p, d, q) for AR and MA can be obtained from the behaviour
of the autocorrelation function (ACF) and the partial autocorrelation function (PACF) [1]. These
functions help in estimating parameters that can be used to forecast data by using the ARIMA model.

2.3. Two-Level System of Multi-Objective Genetic Algorithms

In this study, a novel two-level multi-objective GA has been developed, as shown in Figure 1.
The levels of the GA are as follows: (1) a multi-objective GA based on the ARIMA model for forecasting
the cost data, and (2) a multi-objective GA based on multiple functions for measuring the forecasting
accuracy for validation of the forecasted data. Level 1 of the multi-objective GA is applied to the cost
data objects (labour and material) at four different times (four populations) to forecast data for the
next level and for each of 15 different generations. The second level validates the forecasted data for
the two cost objects. Using two levels allows us to reduce the computational cost [17], while reaching
an effective and reasonable solution [18].
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2.3.1. Level 1: Multi-Objective GA Based on the ARIMA Model

The proposed multi-objective GA method uses a particular optimization based on the principle of
natural selection of the optimal solution and applies this optimization on a wide range of forecasting
populations. The multi-objective GA creates populations of chromosomes as possible answers to
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estimate the optimum forecasting [6]. This algorithm is robust, generic and easily adaptable because it
can be broken down into the following steps: initialization, evaluation, selection, crossover, mutation,
update and completion. The evaluation (fitness function) step creates the basis for a new population
of chromosomes. The new population is formed using specific genetic operators, such as crossover
and mutation [19,20]. The fitness function is derived from the ARIMA forecasting model. A GA with
automated optimization avoids the weakness of the ARIMA model by estimating the parameters for
forecasting [10].

The multi-objective GA is a global optimization technique that can be used to achieve an accurate
forecasting based on the ARIMA model. The GA is known to help in solving complex nonlinear
problems that often lead to cases where the search space shows a curvy landscape with numerous local
minima. Moreover, the multi-objective GA is designed to find the optimal forecasting solution through
automated optimization of the ARIMA model. In addition, the multi-objective GA can evaluate the
forecasting accuracy using multiple fitness functions based on statistical models.

The first level utilises a multi-objective GA which is based on the ARIMA model and is
implemented four different times using a cross-validation randomization technique. The technique
aims to select the best time series data for forecasting. The process is the following: a random number
of cost data are selected based on encoding in each of the four implementations; the modified random
cost data are generated 15 times. The modifications are used to find the optimal cost data for forecasting.
The following steps are implemented when applying the multi-objective GA in level 1.

Step 1: Initial population

A longitudinal study of each cost object (Zlabour, Zmaterial) is used to forecast data using the
multi-objective GA for the two objects in parallel.

Step 2: First GA generation and selection

The first generation is performed by selecting each cost object and checking whether the data are
stationary (i.e., trend-stationary) or non-stationary using a Dickey-Fuller test as in the Equation (2) [21].
To apply the ARIMA model, the data should be stationary, i.e., the null hypothesis of stationarity
should not be rejected. When applying the Dickey-Fuller test equation, the hypothesis p = 1 means
that the data are non-stationary and p < 1 that the data are stationary [21].

The Dickey-Fuller test equation is as in the Equation (2):

Dickey− Fuller test (yt) = α + pxt−k + εt (2)

where the notation is as follows:

yt: the actual data over time;
α: constant estimated value of the time series data;
p: the hypothesis is either p = 1 or p < 1;
t: time {1, . . . , k};
ε: the white noise of the time series data.

Step 3: Encoding

Random values, either ones or zeros, are generated for each cost data object. Encoding is
the process of transforming from the phenotype to the genotype space before proceeding with
multi-objective GA operators and finding the local optima.

Step 4: Fitness function

The fitness function in the Equation (3) is based on the ARIMA model for the forecasting of time
series cost data objects individually, as seen in the equation below. The fitness function consists of an
autoregression (AR) part and a moving average (MA) part [1]. The ARIMA model uses AR and MA
polynomials to estimate (p) and (q) [1].



Algorithms 2018, 11, 123 7 of 19

The fitness function is formulated as in the Equation (3):

f itness(p, d, q) = µ +
p

∑
i=1

(σyt−1) +
q

∑
i−1

(θiεt−1) + εt (3)

where the following notation is used:

µ: the mean value of the time series data;
p: the number of autoregressive cut-off lags;
d: the number of differences calculated with the equation ∆yt = yt − yt−1;
q: the number of cut-off lags of the moving average process;
σ: autoregressive coefficients (AR);
θ: moving average coefficients (MA);
t: time {1, . . . , k};
ε: the white noise of the time series data.

The parameters (p, q) are estimated using an autocorrelation function (ACF) and a partial
autocorrelation function (PACF) [1]. The estimated values produced by the previous equation will be
used to create a forecast for 20 months (m) using the Equation (4) [22]. These forecasted values will
be evaluated using the second level of the multi-objective GA to find the optimal forecasting with
high accuracy.

f itness(t + m) = µ +
p

∑
i=1

(σyt−1) +
q

∑
i−1

(θiεt−1) + εt (4)

where f itness(t + m) is the time series forecasting at time (t + m) and

m: months {1, 2, 3, . . . , m}.

Step 5: Crossover and mutation

In this study, a one-point crossover with a fixed crossover probability is used. This probability
decreases the bias of the results over different generations caused by the huge data values.
For chromosomes of length l, a crossover point is generated in the range [1, 1/2l] and [1/2l, l].
The values of objects are connected and should be exchanged to produce two new offspring. We select
two points to create more value ranges and find the best fit.

Randomly, ten percent of the selected chromosomes undergo mutation with the arrival of new
chromosomes. For the cost object values, we swap two opposite data values. The purpose of this small
mutation percentage is to keep the forecasting changes steady over different generations.

Step 6: New generation

The new generation step repeats steps 3–5 continuously for 15 generations. Fifteen generations are
enough for these data because the curves of the fitness functions are repeated after fifteen generations.
The selected fifteen generations are used individually for the second level to validate the forecasting
accuracy for each object and population. This step yields fully correlated data for the next step.

2.3.2. Level 2: Multi-Objective GA for Measuring the Forecasting Accuracy

In this level, the multi-objective GA is applied longitudinally to the data. The multi-objective GA
operates with a population of chromosomes that contains labour cost and material cost objects. The GA
operates on the selected population over different generations to find the appropriate forecasting
accuracy. During the GA generations, the chromosomes in the population are rated concerning their
adaptation, and their mechanism of selection for the new population is evaluated. Their adaptability
(fitness function) is the basis for a new population of chromosomes. The new population is formed
using specific genetic operators such as crossover and mutation. The multi-objective GA is used to
evaluate the forecasting accuracy for each generation of the first level.
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Level 2 utilises a multi-objective GA which is based on different forecasting error rates and
is implemented for each generation from the first level and for four different populations using a
cross-validation randomization technique. This technique aims to select the best evaluation of the time
series data forecasting and the process is as follows. A random number of cost data are selected based
on the encoding in each generation of the four implementations, and the modified random cost data
are generated five times. The modifications are then used to find the optimal cost data forecasting.
In this study, due to the size of the training data, five generations are sufficient to obtain valid results.
The following steps are implemented when applying the multi-objective GA in level 2.

Step 1: Initial population

A longitudinal study is performed of each generation and each cost object (Zlabour, Zmaterial) with
its forecasted data using the multi-objective GA in parallel.

Step 2: First GA generation, encoding and selection

The first generation is performed by selecting each cost object and encoding through generating
random values, either ones or zeros, for each cost data object. The selection for each cost data object is
based on encodings with the value of 1. This selection is used to evaluate the forecasted data using the
multi-objective fitness function.

Step 3: Fitness function

The multi-objective fitness function is based on multiple functions for measuring the forecasting
accuracy. The mean absolute percentage error (MAPE), the median absolute percentage error (MdAPE),
the root mean square percentage error (RMSPE), the root median square percentage error (RMdSPE),
and the mean absolute scaled error (MASE) are different fitness functions used to evaluate the selected
forecasting data from the previous step. The fitness functions are formulated as follows in the
Equations (5)–(9) [23]:

f itness(MAPE) = mean(|pt|) (5)

where pt =
100et

Yi
and et = Yt − Ft

f itness(MdAPE) = median(|pt|) (6)

where pt =
100et

Yi
and et = Yt − Ft,

f itness(RMSPE) =
√

mean
(

p2
t
)

(7)

where pt =
100et

Yi
and et = Yt − Ft

f itness(RMdSPE) =
√

median
(

p2
t
)

(8)

where pt =
100et

Yi
and et = Yt − Ft

f itness(MASE) = mean(|qt|) (9)

where qt =
et

1
n−1 ∑n

i=2|Yi−Yi−1|
, where et = Yt − Ft;

In the above equations, the following notation is used:

t: time {1, . . . , k};
Yt: the actual data over time;
Ft: the forecasted data over time.
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The MAPE is often substantially larger than the MdAPE when the data involve small counts.
In this study, it was impossible to use these measures since zero values of Yt frequently occurred.
The RMSPE and RMdSPE are more sensitive to the data. These methods are examples of a random
walk and measure the accuracy based on the last adjusted observation of forecasted seasonality. The
MASE is a scaled measure based on relative errors. This module tries to remove the scale of the data
by comparing the forecasted data with data obtained from some benchmark forecast method [23].

Step 4: Crossover and mutation

In this study, we use a one-point crossover with a fixed crossover probability. This probability
decreases the bias of the results over different generations due to the huge data values.
For chromosomes of length l, a crossover point is generated in the range [1, 1/2l] and [1/2l, l].
The values of objects are connected and should be exchanged to produce two new offspring. We select
two points to create more value ranges and find the best fit.

Randomly ten percent of the selected chromosomes undergo mutation with the arrival of new
chromosomes. For the cost object values, we swap two opposite data values. The purpose of this small
mutation percentage is to keep the forecasting changes steady over different generations.

Step 5: New generation

The new generation step repeats steps 2 to 4 continuously for five generations. Five generations
are enough for these data, because the fitness function is repeated after the fifth generation. The selected
generation is used for the second level to validate the forecasting accuracy for each object. This step
yields fully correlated data that can be used for forecasts covering several months.

2.4. Multi-Objective Genetic Algorithms (GAs) Based on the Dynamic Regression Model

The study has developed a multi-objective GA based on the dynamic regression model.
The dynamic regression (DR) model differs from the ordinary regression model in that it can handle
both contemporaneous and time-lagged relationships [24]. A dynamic model is a family of functions
of the data, of relatively simple form and devised by a researcher to produce more realistic results.
In addition, this model emphasizes the ripple effect which the input variables can have on the
dependent variables. Therefore, the DR model is one of the interspersing models to be compared with
the ARIMA model as one of the most popular models for forecasting. The developed GA consists of
the following levels: (1) a multi-objective GA based on the DR model and used to forecast cost data,
and (2) a multi-objective GA based on multiple functions for measuring the forecasting accuracy for
the purpose of validating the forecasted data. The multi-objective GA is applied to the cost data objects
(labour and material) for 15 different generations for four different populations to forecast data for the
next level. Then the forecasted data for the two cost objects are validated.

We use the same steps as those applied in the first level of the GA based on the ARIMA model,
applying them on the same data with the same method for every step. However, the fitness function
step is based on the regression model, as clarified below.

Step 3: Fitness function

The multi-objective fitness function is based on the DR model function, as expressed in the
fitness Equation (11) [24]. The fitness function is applied to a 20-month forecast. The data have been
normalized before calculating the fitness function. The purpose of the normalization is to decrease the
computation complexity, since the cost data values are huge. The equation used for the normalization
Y as in the Equation (10) [25]:

Y = (Yt −minYt) / (maxYt −minYt) (10)
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The fitness equation is as the Equation (11) [24]:

fitness(Yt) = C + b1Yt−1 + b1Yt−2 + WN (11)

where the notation is as follows:

C: constant value calculated with the normal equation, where XTXA = XTb;
b1 and b2: calculated with the normal equation, where XTXA = XTb;
Yt: related to Yt−1 and Yt−2;
WN: white noise.

The results of the fitness function for the 20-month forecast are denormalized to the original data
using the Equation (12) [25]. The denormalization values are used to evaluate the forecasting accuracy
using the second level.

Yt = Y ∗ (maxYt −minYt) + minYt (12)

The forecasting accuracy for every generation for every population is validated using the
multi-objective GA based on multiple functions for measuring the forecasting accuracy. The mean
absolute percentage error (MAPE), the median absolute percentage error (MdAPE), the root mean
square percentage error (RMSPE), the root median square percentage error (RMdSPE), and the mean
absolute scaled error (MASE) are different fitness functions used to evaluate the selected forecasting
data from the previous step [23]. The method used for validating the forecasting accuracy of the
GA based on the ARIMA model is used to validate the forecasting accuracy of the GA based on the
DR model.

2.5. Models Evaluation Method

A comparison of the three methods described above is performed based on the averages of the
historical data, the actual data and the polynomial trends. The polynomial trend is often used in many
applications and it was used in this study for the comparison of the models. Polynomial trending
describes a pattern that represents data with many fluctuations over the time line. The formula of
polynomial is presenting in each figure. The deviation average of Yt is calculated based on two different
functions for every method. This provides a means of comparing the different methods and finding a
proper forecasting, i.e., a forecasting where the deviation average is close to zero. This step confirms
our judgement on the best forecasting method for the data.

For each method and cost data object, the average is calculated for the historical data, A, the actual
data, B, the forecasted data, C, and the polynomial data, D. Figures 2 and 3 show the averages
calculated for the two cost objects of labour and materials. The average of the historical data (A) is the
average of the data before the vertical line. The average of the actual data (B) is the average of the data
after the vertical line. The average of the forecasted data (C) is the average of the forecasted data after
the vertical line. The average of the polynomial data (D) is the average of the polynomial data after the
vertical line. The following Equations (13) and (14) express the deviation average for each cost object:

deviation average DV1 (Yt) =
B− C

A
(13)

deviation average DV2 (Yt) =
B− D

A
(14)

Yt is the cost data object over t time.
Each method has been developed using Python programing language and implemented on a

server with special specifications to get the results. The server used in this study has 16 processors of
E5-2690V2 (25M cash), 128 GB of RAM, 300 GB of Hard disk, and Windows-10 Enterprise 64 bit.
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3. Results and Discussion

3.1. Results of the ARIMA Model

The ARIMA model was implemented stochastically based on the default values for the parameters
p, d and q for the different scenarios and individually for each cost object (Zlabour, Zmaterial). The values
assumed for each parameter in the scenarios were (1,1,1), (1,0,0), (1,0,1) and (2,0,1). For every scenario,
all the cost data points of each object were included, covering a period of 97 months. The scenarios do
not show a reasonable forecasting for a period of 20 months for each object. In this section, we present
the cost object forecasting of the ARIMA model (1,1,1) as the default input parameters.

Figure 2 shows the forecasting for the labour cost object with the polynomial trend to illustrate
the relationship between the values over a timeline with monthly intervals. Before the vertical line,
the historical labour cost data for 97 months are shown, and after the vertical line, the actual labour
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cost data for 20 months are shown. The forecasted data for the 20-month period do not seem to be
in sync with the actual data and are lower than the trend of the data. The forecasting based on the
ARIMA model does not reflect the real data for the labour cost object.

Figure 3 shows the forecasting for the material cost object with the polynomial trend to illustrate
the relationship between the values over a timeline with monthly intervals. Before the vertical line,
the historical material cost data for 97 months are presented, and after the vertical line, the actual
material cost data for 20 months are presented. The forecasted data for the 20-month period do not
seem to be in sync with the actual data and are lower than the trend of the data. The forecasting based
on the ARIMA model does not reflect the real data for the material cost object.

Overall, the forecasting based on the ARIMA model does not show sufficient accuracy over the
20-month period.

3.2. Results of the Two-Level System of Multi-Objective GAs

3.2.1. Results for Level 1: Multi-Objective GA Based on the ARIMA Model

In this part of the study, we tested four populations individually using the multi-objective
GA based on the ARIMA model to generate forecasting data for the two different cost objects.
The forecasted data for each population obtained with 15 different generations were then evaluated
using the second level. The second level evaluation helped in deciding the best generation of the
forecasted data. In this section, we present only the best forecasted curves with the historical data
because of the huge number of possibilities considered in this study.

Figure 4 shows the forecasted labour data curve for 20 months from 2013 to 2015, for the second
population and, specifically, for generation 13. In addition, it shows the historical data with the
polynomial trend to illustrate the relationship between the independent variables over a timeline
with monthly intervals. The selected labour data show a better forecasting than that obtained with
the ARIMA model in that the forecasted data are close to the actual data and the polynomial trend.
The ARIMA parameters for the selected labour cost data covering 47 months were p = 0.22, d = 1 and
q = 0.23.
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Figure 5 shows the curve for the forecasted material data for 20 months from 2013 to 2015, for
the third population and, specifically, for generation 10. In addition, this figure shows the original
data with the polynomial trend to illustrate the relationship between the independent variables over a
timeline with monthly intervals. The selected material data show better forecasting than that obtained
with the ARIMA model in that the forecasted data are close to the actual data and the polynomial
trend. The ARIMA parameters for the selected material cost data covering 52 months were p = 0.39,
d = 1 and q = 0.43.
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Figure 5. Material cost data forecasting using the multi-objective GA based on the ARIMA model.

The forecasted data for the labour and material cost objects were evaluated using the second
level, applying a multi-objective GA based on the statistical forecasting error rate. The model for the
forecasting accuracy evaluated the forecasted data for 20 months from 2013 to 2015 based on the actual
values of this period. Implementing level 2, the accurate forecasted data were found, i.e., the proper
selection of data for each object to be used for forecasting.

3.2.2. Results of Level 2: Multi-Objective GA for Measuring the Forecasting Accuracy

The outcome from the first level, specifically for each generation for each population, indicates
the forecasting accuracy for each cost object. For each generation, the multi-objective GA based on
multiple fitness functions was used to find the best fitness value through five different generations.
The fitness functions (forecasting error rate models) provide an accurate data forecasting through
comparing the behaviour of the different models and revealing which forecasting model is appropriate.

Figures 6 and 7 show the forecasting accuracy for the labour and material cost objects obtained
with five different fitness functions for the four populations. The fitness function values of each
population are the minimum values obtained through testing five different generations from the first
level. Figure 6 shows the fitness values for the labour cost object. The figure shows five different curves
for five different fitness functions.
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Concerning the first population, f itness(MAPE) has the highest error rate, 3.5, while
f itness(MdAPE) and f itness(RMSPE) have the same value, 2.01. f itness(RMdSPE) has a value
of 2.15 and f itness(MASE) has the lowest value, 0.89. Concerning the second population,
f itness(MdAPE) and f itness(RMSPE) show the same value, 0.02, which is the lowest fitness value
for this population. The value for f itness(MASE) is 0.12, while the values for f itness(RMdSPE) and
f itness(MAPE) are 0.58 and 0.59, respectively.

Concerning the third population, f itness(MdAPE) and f itness(RMSPE) show the same value,
0.13, which is the lowest fitness value for this population. The value for f itness(RMdSPE) is
0.14, which is higher than that for f itness(MdAPE) and f itness(RMSPE), while the values for
f itness(MASE) and f itness(MAPE) are 0.47 and 1.7, respectively. Finally, concerning the fourth
population, f itness(MdAPE) and f itness(RMSPE) show the same value, 0.08, which is the lowest
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fitness value for this population. f itness(MASE) has a value of 0.19, while f itness(MAPE) and
f itness(RMdSPE) have higher values, 0.43 and 0.52, respectively.

Overall, the fitness functions are variants. f itness(MAPE) has the highest of all the curves of
the four populations because it involves small data counts. f itness(MdAPE) and f itness(RMSPE)
have almost equal values over the four populations, while their values can be regarded as almost close
when one takes all the 15 generations for the four populations into account. The f itness(RMdSPE)
and f itness(MASE) curves show a sensitivity to the data caused by the population randomization.

Selecting a proper population for the labour cost data is quite difficult due to the variety of fitness
values. In this study, we considered the population that was selected by more than two of the fitness
functions to have a low forecasting error rate. The thirteenth generation for the second population
was selected as having the lowest forecasting error rate with a suitable selection of input data.
The labour cost data were selected using three fitness functions, f itness(MdAPE), f itness(RMdSPE)
and f itness(MASE), with values of 0.02, 0.02 and 0.12, respectively.

Figure 7 shows the fitness values for the material cost object. The figure shows that,
concerning the first population, f itness(MAPE) has the highest error rate, 3.54, while f itness(MdAPE)
and f itness(RMdSPE) have the same value, 1.97. f itness(RMSPE) has a value of 2.54 and
f itness(MASE) has the lowest value, 0.79. With regard to the second population, f itness(MdAPE)
and f itness(RMdSPE) show the same value, 1.35, which is the lowest fitness value for this population.
The value for f itness(MASE) is 1.99, while the values for f itness(RMSPE) and f itness(MAPE) are
3.7 and 6.84, respectively.

With regard to the third population, f itness(MdAPE) and f itness(RMSPE) show the same value,
0.13, which is the lowest fitness value for this population. The values for f itness(RMdSPE) and
f itness(MASE) are 0.82 and 0.55, respectively. The value for f itness(MAPE) is 7.42, which is the
highest value for the third population. Concerning the fourth population, f itness(MdAPE) and
f itness(RMdSPE) have the same value, 0.52, which is the lowest fitness value of this population.
The value for f itness(RMSPE) is 0.8, while the values for f itness(MASE) and f itness(MAPE) are
0.61 and 3.87, respectively; 3.87 is the highest value for this population.

The fitness functions are variants. The curve of f itness(MAPE) is the highest of all the curves of
the four populations. f itness(MdAPE) and f itness(RMdSPE) have almost equal values over the four
populations. The f itness(RMSPE) and f itness(MASE) curves show sensitivity to the data according
to the populations. Selecting a proper population for the material cost data is also quite difficult due to
the variety of fitness values. In this study, we considered the population that was selected by more
than two of the fitness functions to have a low forecasting error rate. The tenth generation for the
third population was selected as having the lowest forecasting error rate with a suitable selection
of input data. The material cost data were selected using three fitness functions, f itness(MdAPE),
f itness(RMSPE) and f itness(MASE), with fitness values of 0.13, 0.13 and 0.55, respectively.

The multiple fitness functions used in the second level helped in evaluating the forecasted data
and in making a judgement on the forecasting method for each object. These models have different
sensitivity to the data depending on the calculation method. Therefore, considering all of them is
important to find a proper population for forecasting and then a proper generation of data.

3.3. Results of the Multi-Objective Genetic Algorithms (GAs) Based on the Dynamic Regression Model

The outcome from this model, specifically for each generation for each population, indicates the
accuracy of the forecasted values for each cost object. For each generation, the fitness functions of
the second level provide an assessment of the data forecasting, assure the accuracy of the forecasting
and reveal which forecasting model is appropriate. The forecasted data for the labour and material
cost objects were evaluated in the second level using the multi-objective GA based on the statistical
forecasting error rate. The model for the forecasting accuracy evaluated the forecasted data for
20 months from 2013 to 2015 based on the actual values of this period.
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Figure 8 shows the curve of the forecasted labour data for 20 months from 2013 to 2015, for
the fourth population and, specifically, for generation 2. The figure shows the historical data
with the polynomial trend to illustrate the relationship between the independent variables over
a timeline with monthly intervals. The selected labour data do not show a fit between the forecasted
data, the actual data and the polynomial trend. Three of the forecasting accuracy functions,
f itness(MAPE), f itness(MdAPE) and f itness(RMdSPE), have the same minimum forecasting error
rate, 0.9. In addition, the minimum error rate for f itness(MASE) is 0.19.

Algorithms 2018, 11, x FOR PEER REVIEW    16 of 19 

with monthly intervals. The selected labour data do not show a fit between the forecasted data, the 

actual data and the polynomial trend. Three of the forecasting accuracy functions,	 , 

  and  ,   have  the  same minimum  forecasting  error  rate,  0.9.  In 

addition, the minimum error rate for    is 0.19. 

 

Figure 8. Labour cost data forecasting based on the dynamic regression model. 

Figure 9 shows the curve of the forecasted material data for 20 months from 2013 to 2015, for the 

third population and, specifically, for generation 12. The figure shows the historical data with the 

polynomial  trend  to  illustrate  the relationship between  the  independent variables over a  timeline 

with monthly intervals. The selected material data do not show a fit between the forecasted data, the 

actual data and the polynomial trend. Three of the forecasting accuracy functions,	 , 

  and  ,  have  the  same minimum  forecasting  error  rate,  0.9.  In 

addition, the minimum error rate for    is 0.54. 

 

Figure 9. Material cost data forecasting based on the dynamic regression model. 

  

Figure 8. Labour cost data forecasting based on the dynamic regression model.

Figure 9 shows the curve of the forecasted material data for 20 months from 2013 to 2015,
for the third population and, specifically, for generation 12. The figure shows the historical data
with the polynomial trend to illustrate the relationship between the independent variables over
a timeline with monthly intervals. The selected material data do not show a fit between the
forecasted data, the actual data and the polynomial trend. Three of the forecasting accuracy functions,
f itness(MAPE), f itness(MdAPE) and f itness(RMdSPE), have the same minimum forecasting error
rate, 0.9. In addition, the minimum error rate for f itness(MASE) is 0.54.
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3.4. Results of a Comparison of the Methods

Tables 1 and 2 below show the deviation averages for the labour and material cost data for the
three methods presented in this paper. The results presented in these tables confirm our judgement on
the best method for forecasting cost data objects. Table 1 shows that, for the labour cost data, the lowest
values for the deviation averages DV1 and DV2 were obtained with the multi-objective GA based on
the ARIMA model. Table 2 shows that, for the material cost data, the lowest values for the deviation
averages DV1 and DV2 were also obtained with the multi-objective GA based on the ARIMA model.

Table 1. The deviation averages for the labour cost object for every method.

DV1 DV2

ARIMA model 0.2374 1.2169
Multi-objective GA based on the ARIMA model 0.1192 0.3869
Multi-objective GA based on the dynamic regression model 1.2630 6.2324

Table 2. The deviation averages for the material cost object for every method.

DV1 DV2

ARIMA model 0.4171 1.0438
Multi-objective GA based on the ARIMA model 0.3555 0.8477
Multi-objective GA based on the dynamic regression model 0.5615 3.9543

The literature cited present different methodologies for forecasting compared with our methods.
Vantuch & Zelinka [11], Ervural et al. [13] and Hatzakis & Wallace [6] used GAs with the ARIMA model
to improve results compared with use of the ARIMA model alone. These authors used GAs to obtain a
randomization of the ARIMA parameters, which is not always sufficient because ARIMA parameter
estimation should be based on the data and research problem to achieve better forecasting. In addition,
these authors used only one evaluation for the forecasting accuracy. Our method uses a GA to estimate
the ARIMA parameters from the data and finds the best-fit model in forecasting. In addition, our
method evaluates the forecasting accuracy using five different statistical fitness functions to achieve
the optimal forecasting. The previously published studies have assumed that the data are accurate,
while our study is based on clustered and improved data through imputing the missing data from
other previous research [26].

Lin et al. [14] and Yu-Rong et al. [15] proposed a combination approach involving the BPNN
and improved this approach by adopting a hybrid intelligent approach named the ADE-BPNN for
time series forecasting. These authors used GA operators to improve the forecasting accuracy. These
approaches have shown a relatively high accuracy, but have not been used for long-term forecasts
and to process samples consisting of big data. Our model has a different integration of the ARIMA
model with the GA and different GA operators to make it more suitable for the problem addressed in
our research study. In addition, our model shows better performance when processing variant data
samples and is able to make long-term forecasts.

Our model has been developed using Python as an open source programming language and the
developed model can be used in different work environments with different systems. In the present
study the model has been implemented on real cost data for a tunnel fan turbine system operated by
Trafikverket. In addition, the model results show the achievement of optimal forecasting through GA
variations and operations for short or long periods, in contrast to other methods. Trafikverket can
use this model in forecasting different parameters with different data samples, systems or structures.
The GA can adapt with the problem to achieve the purpose. To achieve the optimal solution, our
model needs to be implemented on a server with the minimum specifications mentioned in Section 2.5.
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4. Conclusions

In this study, it has been established that the ARIMA model and the multi-objective GA based
on the dynamic regression model have drawbacks when used to forecast data for two cost objects.
The data forecasted by the two models were not realistic and were not close to the actual data.
The normalization performed in the multi-objective GA based on the dynamic regression model aims
to decrease the computational complexity. However, this method does not achieve a better estimation
of the parameters of the dynamic regression model and cannot be used for our data forecasting.
The number of values produced in the model is huge, which somehow has a negative impact on the
estimation of the parameters.

The multi-objective GA based on the ARIMA model provides other possibilities for calculating the
parameters (p, d, q) and improves the data forecasting. The outcome of the multi-objective GA based
on the ARIMA model can be used to forecast data with a high level of accuracy, and the forecasted
data can be used for LCC analysis.
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Risk-based Life Cycle Cost Analysis using a 
Two-Level Multi-Objective Genetic Algorithm 

A case study of maintenance cost data for tunnel fans 

 

Abstract 

The aim of this study has been to develop a two-level multi-objective genetic 
algorithm (MOGA) to optimize risk-based LCC analysis to find the optimal maintenance 
replacement time for road tunnel ventilation fans. Level 1 uses a MOGA based on a financial 
risk model to provide different risk percentages, while level 2 uses a MOGA based on an LCC 
model to estimate the optimal fan replacement time. Our method is compared with the approach 
of using a risk-based LCC model. The results are promising, showing that the risk-based LCC 
offers the possibility of significantly reducing the maintenance costs of the ventilation system 
by optimising the replacement schedule through considering the risk costs. The risk-based LCC 
can be used with repairable components, making it applicable, useful and implementable within 
Swedish Transport Administration (Trafikverket). In this study, MOGA operators have selected 
the cost of maintenance and risk data through the previous levels using different ways to provide 
different possible solutions. A drawback of the MOGA based on a risk-based LCC model with 
regard to its estimation is that a late replacement period over 20-year period might increase the 
maintenance cost. Therefore, the MOGA does not provide a good solution for a risk-based LCC. 

Keywords 

Life cycle cost (LCC), Multi-objective genetic algorithm (MOGA), Risk-based life cycle cost, 
Optimal maintenance replacement time, Optimization. 

1. Introduction 

The importance of structural maintenance is widely recognized nowadays. To establish a 
rational maintenance programme, it is important to develop a cost decision-support system for 
the maintenance of existing infrastructures (Furuta, Kameda, Fukuda, & Frangopol, 2004). 
“Life cycle cost” (LCC) is a useful concept in reducing the overall cost and achieving an 
appropriate allocation of resources (Frangopol & Furuta, 2001). The optimization of the LCC 
consists of minimizing the expected total cost, which includes the costs for planning, purchase, 
operation and maintenance (i.e. corrective and preventive maintenance), and liquidation. The 
cost of corrective maintenance is the cost of the performed action, while the cost of preventive 
maintenance is the cost of the planned maintenance (Nilsson & Bertling, 2007). The optimal 
strategy obtained by LCC optimization can differ according to the different reliability levels 
(Furuta et al., 2004). 

“A LCC analysis that does not include risk analysis is incomplete at the best and can be 
incorrect and misleading at worst” (Craig, 1998). LCC analysis combined with risk analysis 
provides different decision scenarios and the different consequences of these decisions. Some 
of these analyses might not be applicable because of different operational and environmental 
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situations (Markeset & Kumar, 2001). However, the goal is to estimate and compare the 
likelihood of success or failure for all the optimizations of the LCC with the different levels of 
reliability. Reliability can be defined as the probability that the system can perform 
continuously and without failure over a period of time when operated under stated conditions. 

LCC for tunnel fans system is an important case study because 121 fans that needs to be 
mainly operated for reducing the pollution and getting fresh air within the tunnel. Tunnel fans 
are designed for ventilation and smoke control in tunnels. The jet fans use the impulse principle 
to move air through the tunnels in a longitudinal direction. These fans required maintenance 
and replacement to keep operated. The maintenance cost is high if does not consider on the 
proper time. In addition, the failure in fans might increase the cost risks and the total risk in the 
tunnel. Therefore, LCC is necessary to find the optimal replacement time for keep the service 
of fans. 

Traditional LCC calculation methods are able to compare different available solutions that 
are influenced by various cost parameters (Hinow & Mevissen, 2011). A multi-objective 
genetic algorithm (MOGA) provides the possibility of obtaining several optimal solutions that 
have different LCC values. In fact, real-world systems are often nonlinear (Hansen, McDonald, 
& Nelson, 1999). The MOGA is often compatible with nonlinear systems and uses a particular 
optimization from the principle of natural selection of the optimal solution on a wide range of 
LCC populations (Hatzakis & Wallace, 2006a). 

The GA is a well-established method which helps in solving complex and nonlinear 
problems that often lead to cases where the search space shows a curvy landscape with 
numerous local minima. The MOGA is designed to find the best LCC value through an LCC 
model that is based on the selected cost values to compute the LCC. The calculation of the LCC 
model is influenced by the cost values that have been selected using the GA operations. In 
addition, the MOGA can evaluate the model error through comparing different scenarios. 

Liu & Frangopol (Liu & Frangopol, 2005) formulated the life cycle maintenance planning 
of deteriorating bridges as a multi-objective optimization problem. These authors used a 
MOGA as a search engine to locate automatically an optimal maintenance solution that would 
minimize the LCC for a large pool of different maintenance scenarios. The results of Monte 
Carlo simulation have shown uncertainties associated with the deterioration and maintenance 
processes that may have important effects on estimating the life cycle maintenance cost. In 
addition, the approach of (Liu & Frangopol, 2005) might not be efficient for long-term 
performance estimation. 

Elbehairy et al. (Elbehairy, Elbeltagi, Hegazy, & Soudki, 2006) applied GAs and a shuffled 
frog leaping algorithm to an LCC model of bridge deck repairs to optimize maintenance and 
repair decisions. Ten trial runs with different numbers of bridges were experimented with to 
evaluate the performance of both types of algorithms. The algorithms proposed by these authors 
show a stable handling of their research problem. The benefits of the bridge deck management 
system are illustrated along with various strategies to improve the optimization performance. 
However, the issue is to determine the set of parameters that optimize the performance and 
improve the total performance. 

Caputo et al. (Caputo, Pelagagge, & Palumbo, 2011) presented a computer-aided 
methodology for the economic optimization of industrial plant safety. Their methodology is 
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implemented by resorting to a GA to minimize the total safety-related cost, the operating 
expenses of the adopted safety measures, and the expected monetary loss from accidents. The 
authors’ model is deterministic, which can be considered as a limitation given the fact that 
determination of the costs and accident probabilities is difficult. In addition, the economic 
scenario parameters, such as the discount rate, capital recovery factor and equipment life, are 
also of a stochastic nature. Accordingly, the authors’ model needs to be extended in the 
framework of a stochastic optimization problem. 

Nývlt et al. (Nývlt, Prívara, & Ferkl, 2011) introduced the concept of risk analysis in the 
field of risk management and employs popular methods in aeronautics and aircraft industry. 
These authors proposed probabilistic risk assessment (PRA) to enable the minimization of 
building and refurbishing costs to preserve a satisfactory safety level. Their proposed analysis 
method was able to cut off almost 67% of the originally calculated costs. The advantage of the 
method developed by Nývlt et al. (Nývlt et al., 2011) is the accurateness of the results and the 
method’s suitability for data with a high level of uncertainty; any lack of relevant statistical data 
is taken into account. The drawback is the “free” structure of the method, which means that it 
is a framework rather than a guideline and each application has to be treated very carefully. 

The aim of the present study has been to develop a two-level MOGA (MOGA) to optimize 
risk-based LCC analysis in order to find the optimal maintenance replacement time for fans 
used in road tunnels. Level 1 uses a MOGA based on a financial risk model to provide different 
risk percentages, while level 2 uses a MOGA based on an LCC model to estimate the optimal 
replacement time for the ventilation system. Level 1 of the MOGA was applied to the risk cost 
data for four populations to provide variant probabilities of risk percentages for 15 generations. 
Level 2 of the MOGA was applied to the cost data objects and the different generations of risk 
cost data of the first level for four populations to estimate the optimal replacement time. Our 
method is compared with the approach of using a risk-based LCC analysis model. Risk-based 
LCC model is combined the financial risk as an important input with LCC model inputs. 

2. Data collection 

The cost data concern tunnel fans installed in Stockholm in Sweden. The data had been 
collected over ten years from 2005 to 2015 by Swedish Transport Administration (Trafikverket) 
and were stored in the MAXIMO computerized maintenance management system (CMMS). In 
this CMMS, the cost data are recorded based on calendar time for the maintenance of the tunnel 
fans. Every work order contains corrective maintenance data, a component description, the 
reporting date, a problem description, and a description of the actions performed. Also included 
are the repair time used and the labour, material and tool cost of each work order. 

In this study, we considered the two cost objects of labour and materials based on the work 
order input into the CMMS for the ten-year period mentioned above. The tool cost data were 
not selected because 97% of those data were missing and they could not be used for forecasting. 
The selected data were clustered, filtered and imputed for the present study using a MOGA 
based on a fuzzy c-means algorithm (Aldouri, Al-Chalabi, & Zhang, 2018). This stage is used 
to evaluate the data and fix the problems within each cost parameter. MOGA provides the 
possibility to cluster the data into proper parts and isolate the data problems for fixing the 
missing and outliers problems. 
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However, the current data is only for ten years and we need to forecast the data for 30 years 
for better LCC optimizing. Data forecasting was performed using a MOGA based on the 
autoregressive integrated moving average (ARIMA). MOGA offers a huge possibly for 
accurate forecasting and evaluate forecasting using different models (Al-Douri, Hamodi, & 
Lundberg, 2018). It is important to mention that all the cost data used in this study concern real 
costs without any adjustment for inflation. Due to company regulations, all the cost data have 
been encoded and are expressed as currency units (cu). 

The operating cost data of the fans were generated for each month, based on the energy 
price, the fans’ working hours, and the fans’ power. Table 1 gives a sample of the generated 
operating cost data from April 2005 to December 2015. The data were generated based on 
information from experts at Trafikverket involved in this study. The information which they 
provided is the following (Al-Chalabi, 2018): 

• fans’ power: 25-80 kW, 
• fans’ operating time per day: 6-8 hours, 
• fixed energy price: 2.88 Swedish crowns (SEK)/kWh. 

 
Table 1: Sample of generated operating cost (OC) data (Al-Chalabi, 2018) 

Fan number Fan’s power (kW) Working hours (h) Energy price 
(SEK/kWh) 

Operating 
cost/fan.day (SEK) 

1 70 7.9 2.88 1593 
2 75 6 2.88 1295 
3 32 7.5 2.88 695 
4 75 7.6 2.88 1654 
5 60 7.7 2.88 1332 
6 30 6.2 2.88 539 
7 40 6.8 2.88 790 
8 55 6.52 2.88 1034 
9 78 7.56 2.88 1700 

No. of days OC/day (SEK) Months-year No. of months OC/month (SEK) 
1 128621 Apr-05 1 3856485 
2 129322 Maj-05 2 3931435 
3 129725 Jun-05 3 3855434 
4 120832 Jul-05 4 3793487 
5 132193 Aug-05 5 3870663 
6 134786 Sep-05 6 3846868 
7 122774 Okt-05 7 3828002 
8 131767 Nov-05 8 3839732 
9 13307 Dec-05 9 3822851 

 

The failure data used in this study were collected for the ten-year period in question using 
the CMMS as the source of those data. In the CMMS, the failure data are recorded based on the 
calendar time of the work order. The time to failure (TTF) was estimated based on the reporting 
times for corrective maintenance stated in the work orders. The labour and material costs 
considered were those reported for each work order for corrective maintenance. Failure cost 
data were forecasted for 20 and 30 years using a MOGA based on the ARIMA model (Al-Douri 
et al., 2018). 

3. Risk-based life cycle cost (LCC) model 

In the present study, it was tested and validated the failure data, testing them for trends 
using the Laplace trend test and for serial correlation (Ansell & Phillips, 1994). When these 
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tests are used, depending on the results, the classical statistical techniques for reliability 
modelling may be an appropriate approach (Ascher, 2008; Ghosh & Majumdar, 2011; 
Modarres, 2016). The Kolmogorov-Smirnov (K-S) test is traditionally used for the selection 
and validation of probability distribution models (Louit, Pascual, & Jardine, 2009). For the 
reliability modelling of repairable systems, the basic methodology involves analysing the 
failure data and identifying the failure data with significant consequences. The TTF data are 
tested concerning the assumption that they are independent and identically distributed (iid). If 
the assumption that the data are iid is not valid, then classical statistical techniques for reliability 
analysis may not be appropriate. Therefore, a non-stationary model such as the non-
homogeneous Poisson process (NHPP) must be fitted. The proportionality constant of the 
NHPP is assumed to be uncertain due to the lack of knowledge about the true expected number 
of defects initiation (Barabady & Kumar, 2008; Kuniewski, van der Weide, Johannes AM, & 
van Noortwijk, 2009). 

Since maintenance cost limitations invariably exist, risk assessment needs to be integrated 
in the LCC to create a useful and complementary decision making tool (Stewart, 2001). Risk 
assessment clearly defines the reliability and provides a measure of the cost-effectiveness, since 
reliability is the probability of failures that will necessitate maintenance. The initial stage of 
risk assessment is to estimate the reliability through fitting the proper distribution. Note that 
reliability is not simply the probability of failure. The risk of failure or damage entails direct 
repair and maintenance costs. The risk of disruption of functional use is very real and, therefore, 
one must aim to eliminate this risk as much as is practicable, but the risk of failure also causes 
problems and these problems entail costs. However, a more meaningful risk assessment 
measure is the expected cost of failure, defined in Equation (1) (Furuta et al., 2004; Stewart, 
2001). 

𝐸𝐸𝑐𝑐𝑡𝑡 =  ∑ 𝑅𝑅𝑓𝑓𝑖𝑖𝐶𝐶𝑓𝑓𝑖𝑖
𝑀𝑀
𝑖𝑖=1      (1) 

where 𝐸𝐸𝑐𝑐𝑡𝑡  is the expected risk cost over 𝑡𝑡 monthly time scale {0, … , 𝑡𝑡}, 𝑅𝑅𝑓𝑓𝑖𝑖 is the failure 
monthly rate, which is the rate of the interval times of two regular repairable failures. 𝐶𝐶𝑓𝑓𝑖𝑖 is the 
failure cost (labour and material cost) associated with the occurrence of each limit over the 
number of failures 𝑀𝑀. The risk costs were forecasted using a GA based on the ARIMA model 
for 20 years. The failure rate was increased manually stepwise by 1% to be in total a value 
ranging from 1% to 250% risk to study the variation of the risk percentage and the association 
with the LCC. The stepwise by 1% is modifying the original failure rate values through 
multiplying with the required risk percentage over the original risk percentage then multiple the 
result failure rate with the cost. Then, the risk cost integrated in the optimization model was 
used to find the minimum cost against the system benefits. 

Since the optimal value of the costs is required to obtain the optimal replacement time 
(ORT), the following optimization model was developed to find the replacement time (RT) that 
minimizes the total cost value (𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣), as shown in the Equations below. The term “total cost 
value” is defined as the summation of the fan’s purchase price (PP), operating cost (OC), 
maintenance cost (MC) and resale value 𝑆𝑆𝑡𝑡 over a long period, with replacements occurring at 
intervals of n periods (Al-Chalabi, Ahmadzadeh, Lundberg, & Ghodrati, 2014; Eschenbach, 
2003). 

𝑀𝑀𝐶𝐶 = 𝐶𝐶𝑀𝑀 + 𝑃𝑃𝑀𝑀     (2) 
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𝐶𝐶𝑀𝑀 = 𝑆𝑆𝑃𝑃𝑐𝑐 + 𝐿𝐿𝐶𝐶𝑐𝑐     (3) 

𝑃𝑃𝑀𝑀 = 𝑆𝑆𝑃𝑃𝑝𝑝 + 𝐿𝐿𝐶𝐶𝑝𝑝     (4) 

𝑆𝑆𝑡𝑡 = 𝐵𝐵𝐵𝐵1  × (1 − 𝐷𝐷𝑟𝑟)𝑡𝑡        𝑡𝑡 = 1,2,3, … , 240 (𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡ℎ𝑠𝑠)  (5) 

where the following notation is used: 

MC: maintenance cost (cu) 

CM: corrective maintenance cost (cu) 

PM: preventive maintenance cost (cu) 

𝑆𝑆𝑃𝑃𝑐𝑐: material cost for corrective maintenance (cu) 

𝐿𝐿𝐶𝐶𝑐𝑐: labour cost for corrective maintenance (cu) 

𝑆𝑆𝑃𝑃𝑝𝑝: material cost for preventive maintenance (cu) 

𝐿𝐿𝐶𝐶𝑝𝑝: labour cost for preventive maintenance (cu) 

𝑆𝑆𝑡𝑡: resale value (cu) 

BV1: booking value on first day of operation (cu) 

Dr: depreciation rate 

t: fan’s lifetime (months). 

The depreciation rate, which allows for full depreciation by the end of the planned lifetime 
of the fan, is modelled by Equation (6) (Al-Chalabi et al., 2014; Luderer, Nollau, & Vetters, 
2009). 

𝐷𝐷𝑟𝑟 = 1 − � 𝑆𝑆𝑆𝑆
𝐵𝐵𝑆𝑆1
�
1
𝑇𝑇     (6) 

where SV is the scrap value (cu) and 𝑇𝑇 represents the planned lifetime of the fans, which 
was 240 months in the case study. The fans were assumed to reach their scrap value after ten 
years.  

The next step is to calculate the total ownership cost over each operating month. In this 
study, the optimal lifetime of the ventilation system was defined as the fan age that minimizes 
the fan’s total ownership cost. The total ownership cost (TOC) over the period t is denoted by 
𝑇𝑇𝑇𝑇𝐶𝐶𝑡𝑡, 𝑡𝑡 = 1,2,3, … ,𝑚𝑚, where 𝑚𝑚 is the number of operating months. By definition, 

𝑇𝑇𝑇𝑇𝐶𝐶𝑡𝑡 = 𝑃𝑃𝑃𝑃 +  [∑ (𝑀𝑀𝐶𝐶𝑡𝑡 +  𝑇𝑇𝐶𝐶𝑡𝑡)𝑅𝑅𝑅𝑅
𝑡𝑡=1 ] − 𝑆𝑆(𝑡𝑡),   (7) 

where PP is the purchase price (cu) and 𝑀𝑀𝐶𝐶𝑡𝑡 and 𝑇𝑇𝐶𝐶𝑡𝑡 are the maintenance and operating 
costs for the 𝑡𝑡 months, respectively. The reason for using the total ownership cost is to determine 
the optimal replacement time that minimizes the total ownership cost over the fan’s planned 
time horizon. We assume that the replacement fans have the same performance and cost as the 
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existing fans (i.e. identical system). The number of replacement cycles during the planned time 
horizon is modelled as 

𝑀𝑀 =  �𝑃𝑃𝑣𝑣𝑣𝑣𝑃𝑃𝑃𝑃𝑣𝑣𝑃𝑃 𝑣𝑣𝑖𝑖𝑓𝑓𝑣𝑣𝑡𝑡𝑖𝑖𝑙𝑙𝑣𝑣
𝑅𝑅𝑣𝑣𝑝𝑝𝑣𝑣𝑣𝑣𝑐𝑐𝑣𝑣𝑙𝑙𝑃𝑃𝑡𝑡 𝑡𝑡𝑖𝑖𝑙𝑙𝑣𝑣

� =  � 𝑅𝑅
𝑅𝑅𝑅𝑅
�    (8) 

The optimal replacement time is the value of RT that minimizes the total ownership cost 
value, as shown in Equation (9) (Al-Chalabi et al., 2014). 

𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 =  �𝑃𝑃𝑃𝑃 + ∑ (𝑀𝑀𝐶𝐶𝑡𝑡 +  𝑇𝑇𝐶𝐶𝑡𝑡 + 𝐸𝐸𝑐𝑐𝑡𝑡)
𝑅𝑅𝑅𝑅
𝑡𝑡=1 − 𝑆𝑆𝑡𝑡�   ×  𝑀𝑀

(1+𝑟𝑟)
𝑡𝑡
12

  (9) 

where the following notation is used:  

𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣: total ownership cost value (cu) 

RT: replacement time (months) {1,…, t} 

𝑟𝑟: interest rate 

M: number of fan replacements. 

4. Two-level system of multi-objective genetic algorithms 

In this study, a two-level MOGA has been developed, as shown in Figure 1. The GA 
consists of the following: (1) a MOGA based on a risk model to provide a variation of risk 
percentages and (2) a MOGA based on an LCC model to estimate the optimal replacement time 
for tunnel fans. Both levels were applied on forecasted cost data and risk cost data for 20 years. 
Level 1 of the MOGA was applied to the risk cost data for four populations to provide variant 
probabilities of risk percentages for 15 generations. Level 2 of the MOGA was applied to the 
cost data objects (i.e. the maintenance cost, initial cost, operation cost, and second-hand value) 
and the different generations of risk cost data of the first level for four populations to estimate 
the optimal replacement time. The first and second levels use a cross-validation technique to 
validate the optimization and estimate the system accurateness. Using two levels allows us to 
reduce the computational cost (Thomassey & Happiette, 2007), while reaching an effective and 
reasonable solution (Ding, Cheng, & He, 2007). 
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Figure 1: Two-level system of MOGAs 

4.1. Level one: MOGA based on a risk model 

The proposed MOGA method uses a particular optimization from the principle of natural 
selection of the optimal solution on a wide range of forecasting populations. The MOGA 
creates populations of chromosomes as possible answers to estimate the optimum forecasting 
(Hatzakis & Wallace, 2006b). In the literature it is reported that the GA is robust, generic and 
easily adaptable because it can be broken down into the following steps: initialization, 
evaluation, selection, crossover, mutation, update and completion. The evaluation (fitness 
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function) creates the basis for a new population of chromosomes. The new population is formed 
using specific genetic operators, such as crossover and mutation (Cordón, Herrera, Gomide, 
Hoffmann, & Magdalena, 2001; Shi, Cai, Fu, Dong, & Wu, 2013). The fitness function is 
derived from a risk cost estimation model. 

The MOGA is a technique that can be used to provide variant probabilities of cost risk 
percentages for 15 generations. Fifteen generations are enough for these data because the curves 
of the fitness functions are repeated after fifteen generations. The GA provides non-linear 
solutions to complex non-linear problems that often lead to cases where the search space shows 
curvy local minima. In addition, the GA offers the possibility of obtaining solutions that have 
different reliability levels. The first level utilises a MOGA based on a risk model. The process 
is as follows: a random number of failure cost data are selected based on encoding in each of 
the four implementations, and the modified random cost data are generated 15 times. The 
following steps explain the use of the MOGA for risk cost data. 

Step 1: Initial population 

A longitudinal study of the risk cost object (𝑍𝑍𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟) is used to provide the risk percentage 
variation using the MOGA. 

Step 2: First GA generation and selection 

The first generation is performed by randomly selecting 80% of the risk objects to ensure 
that the model includes all the possible patterns up to the edge of the modelling domain. 

Step 3: Encoding 

Random values, either ones or zeros, are generated for each selected cost data object. 
Encoding is the process of transforming from the phenotype to the genotype space before 
proceeding with MOGA operators and finding the local optima. 

Step 4: Fitness function 

The risk of failure or damage entails direct repair and maintenance costs. The fitness 
function is based on the risk model in Equation (1).  

Step 5: Crossover and mutation 

In this study, a one-point crossover with a fixed crossover probability has been used. This 
probability decreases the bias of the results over different generations caused by the huge data 
values. For chromosomes of length 𝑙𝑙, a crossover point is generated in the range [1, 1/2 𝑙𝑙] and 
[1/2 𝑙𝑙, 𝑙𝑙]. The values of objects are connected and should be exchanged to produce two new 
offspring. We select two points to create more value ranges and find the best fit. 

Randomly ten percent of the selected chromosomes undergo mutation with the arrival of 
new chromosomes. For the risk cost object values, we swap two opposite data values. The 
purpose of this small mutation percentage is to keep the risk average changes steady over 
different generations. 

Step 6: New generation 
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The new generation repeats steps 3 to 5 continuously for 15 generations. The selected 
fifteen generations are used individually for the second level to validate the forecasting 
accuracy for each object and population. This step yields fully correlated data for the next step. 

4.2. Level two: MOGA based on an LCC model 

In this level, MOGA based on an LCC model is implemented as an optimization technique 
that can be used to estimate an accurate LCC model to find the optimal replacement time. This 
MOGA is implemented four different times using a cross-validation randomization technique. 
The process is as follows: a random number of cost data are selected based on encoding in each 
of the four implementations and the modified random cost data are generated 15 times. Fifteen 
generations are enough for these data because the curves of the fitness functions are repeated 
after fifteen generations. The modifications are used to find the optimal forecasting cost data. 
The following steps explain the use of the MOGA. 

Step 1: Initial population 

A longitudinal study of each cost object (𝑍𝑍𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟,𝑍𝑍𝑀𝑀𝑀𝑀 , 𝑍𝑍𝑂𝑂𝑀𝑀, 𝑍𝑍𝑃𝑃𝑃𝑃, 𝑍𝑍𝑆𝑆𝑆𝑆) is used to optimize 
the LCC using the MOGA. 

Step 2: First GA generation and selection 

The first generation is performed by randomly selecting 80% of the cost objects to ensure 
that the model includes all the possible patterns up to the edge of the modelling domain. The 
selected data are used to calculate the fan’s maintenance cost (MC), operation cost (OC), 
purchase price (PP), and second-hand value (SH). 

Step 3: Encoding 

Random values, either ones or zeros, are generated for each selected cost data object. 
Encoding is the process of transforming from the phenotype to the genotype space before 
proceeding with MOGA operators and finding the local optima. 

Step 4: Fitness function 

The fitness function is based on the ORT model for time series forecasting of cost data 
objects individually as seen in Equation (9). 

The fifth and sixth step of the MOGA are described in the section above dealing with the 
first level. 

5. Results and discussions 
5.1. Risk-based LCC model results 

The reliability assessment of the collected data for the repairable ventilation system led to 
a better understanding of the failure patterns that influenced the decision-making process 
concerning the planning of the maintenance activities of the plant. The validation of the 
assumption that the data were independent and identically distributed (iid) showed a trend in 
the failure data. The NHPP had to be fitted because the classical statistical techniques of 
reliability analysis were not appropriate in our case study. Then the expected ROCOF (rate of 
occurrence of failures) was used as an intensity function to estimate the failure rate of the TTF 
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data. For repairable systems, the failure rate estimated using the ROCOF shows variant values 
over time. This rate was used to estimate the risk cost over time. 

To approximate a large variety of distributions in large data samples, the normal 
distribution is fitted on accumulated TTF data. Figure 2 shows the fitting estimation of the 
normal distribution on the TTF data with some statistical results. The normal distribution can 
give the shape of the reliability against the failure rate of the repairable system over a ten-year 
time scale. 

 

Figure 2: Normal distribution of cumulative TTF 

Figure 3 shows the estimation of the risk costs without accumulative and illustrates that 
they increased over the period from month 30 to 50. The risk costs increased during this period 
due to the total fan replacement, which required labour and fan replacement costs. The fail 
description of the highest peak that one of the fans has an electricity problem, which required 
to be replaced. After this period, the risk costs decreased steadily because the system is 
repairable and Trafikverket provided better maintenance and service since they understood the 
system better. 
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Figure 3: Risk cost estimation 

The LCC optimization was tested for different risk percentages from 1% to 250%. The risk 
percentage affects the risk cost calculation and then the LCC optimization. The relation between 
the risk and the LCC is exponential. Figure 4 shows the LCC optimization including a risk of 
2% and gives the minimum cost for this risk percentage. The minimum 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 achieved in 
practice was between month 97 and 117. In our terminology, this replacement time range can 
be termed the optimal replacement time range. Finding the optimal replacement time range is 
an important result of our study as it can help users (in this case Trafikverket) in their planning. 
Trafikverket has the flexibility of being able to make replacements within an optimal 
replacement time range of 20 months. 

There is no fixed date or age within the proposed minimum 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 range at which the 
total cost is at a minimum, but a decision to replace the system before or after this optimal 
replacement time range will incur greater costs. The use of a lower replacement age (i.e. less 
than 97 months) will incur higher costs because of the high investment cost. Meanwhile, if the 
lifetime of the system exceeds the upper limit of the proposed TOC range, the losses will 
increase for the following two reasons. 

• The cost of operation and maintenance increases when the operating time increases 
because of fan degradation. 

• A fan’s resale value will decrease each month of operation until it reaches its scrap value 
at the end of its planned lifetime (i.e. 240 months). 
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Figure 4: ORT of 121 fans as one system with a 2% risk cost 

Figure 5 shows the LCC optimization including a risk of 250% and illustrates how 
increasing risk percentages affect the LCC optimization. The minimum 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 achieved in 
practice was between month 110 and 130, which still gives an optimal replacement time range 
of 20 months. The 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 trend shows a different behaviour from that shown in Figure 4, 
especially over the period lasting from month 25-35. In this case, the LCC optimization does 
not reflect the proper replacement time range. In addition, Figure 5 shows the significance of 
risk analysis for the LCC optimization and how an erroneous estimation of the optimal 
replacement time can lead to an improper maintenance decision. 

 

Figure 5: ORT of 121 fans as one system with a 250% risk cost 
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LCC analysis without risk analysis might lead to improper decisions due to a lack of 
knowledge of the failure consequences. Therefore, risk analysis should be an integral part of 
estimating the LCC. 

5.2. Results of the two-level system of MOGAs 
5.2.1. Results for level 1: MOGA based on risk cost analysis  

In this part of the study, it was tested four populations individually using the MOGA based 
on the risk model to provide, for the next level, a variation of risk cost percentages based on the 
TTF data without any external effect (i.e. by adding 1% to the values to change the percentage). 
The risk cost percentages for each population obtained with 15 different generations were then 
used as an input for each generation at the next level. Figure 6 shows the minimum risk cost for 
the four populations over the different generations. The minimum risk cost is given for the 
different populations taken together. The period between month 11 and 31 shows high risk 
costs, which is reasonable due to the maintenance effort required during this time. After month 
31, the risk cost over the selected months decreases steadily until month 61, as shown in Figure 
6. In month 61, the failure cost is increased due to a replacement, after which the operation is 
stable for the remaining time. 

 

Figure 6: Risk cost analysis of 121 fans as one system 

5.2.2. Results for level 2: MOGA based on an LCC model  

The outcome from the first level, specifically for each generation for each population, 
indicates the LCC optimization for each cost and risk object. For each generation, the MOGA 
based on an LCC model with a risk analysis model was used to find the minimum maintenance 
cost through 15 different generations. These generations over different populations offer the 
possibility of finding an accurate LCC optimization through comparing the behaviour of the 
different models and revealing which optimal replacement period is appropriate. For different 
populations, there are different optimizations of the LCC for the different risk costs. 
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The data selected by the GA operators for calculating the LCC optimization affect the 
𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣. Figure 7 shows the best and minimum 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 of the selected period of time over 
different variant populations and generations. The minimum 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 that could be achieved 
in practice was between month 201 and 221 and was found in the second generation. In this 
case, the GA operators had selected and operated the cost of maintenance and risk data through 
the previous levels 1 and 2 using different ways to provide different possible solutions. These 
possible solutions have different variations in the cost values. The variation of the 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 in 
Figure 7 is extremely increased compared with that of the previous 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣. This result 
exposes a drawback in the estimation using the GA, namely that a late replacement period over 
a 20-year period might increase the maintenance cost. 

 

Figure 7: ORT of 121 fans as one system for the optimal result 

Figure 8 shows the trend of the 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 for the fourth population and, specifically, for the 
fifth generation, and the 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 here are very high compared with those shown in Figure 7. 
In Figure 8 one can observe that the minimum 𝑇𝑇𝑇𝑇𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 that could be achieved in practice was 
between month 109 and 130 and was found in the second generation. The advantage of using 
different populations with different selected data is that thereby one obtains a better 
understanding of the optimal replacement time and can make reliable maintenance decisions. 
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Figure 8: Example of worst ORT of 121 fans as one system 

The results of the two-level system of GAs do not show that risk cost analysis plays a 
significant role in LCC analysis. The GA does not help our model, even with wide variances, 
in optimizing the LCC of the ventilation system. The expected replacement estimation has a 
bias in the cost values and ORT, which would not lead to proper and efficient maintenance 
decisions. 

Conclusions 

In this study, it has been concluded that the MOGA model based on a risk-based LCC 
model has drawbacks when used to estimate the optimal replacement time for the fans of the 
ventilation system. The results have revealed uncertainties associated with estimating the 
optimal replacement time which may have significant effects on estimating the system 
performance profiles and the life cycle maintenance cost. 

 However, the MOGA model does not achieve a better estimation of the optimal 
replacement time, while risk-based LCC analysis provides a reasonable estimation of that time. 
In addition, LCC analysis combined with risk analysis leads to proper maintenance decisions 
due to increased knowledge of the failure consequences. Therefore, risk analysis should be 
performed as an integral part of calculating the LCC. 
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