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ABSTRACT

This article presents the state of the art of the application of optimization tools such as
Genetic Algorithms, Simulation, Neural Networks, Markov Chains and Bayesian Networks
in the maintenance and reliability of physical assets. The bibliographic references used
were extracted from a detailed search that allowed the selection of 41 empirical studies in
the time horizon from 2010 to 2020, through databases, research platforms and online
libraries. The analysis of the identified case studies is carried out, taking into account the
variables involved in the study, the optimization tool used, and the result obtained in the
analysis of the reliability of the physical assets. The benefits of the application of
optimization tools are identified and it is confirmed that maintenance costs and intervention
times are present variables, which contribute to the improvement of reliability and
maintenance management.
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e introduction

The maintenance of physical assets requires an ever-increasing set of skills and expertise, as it is directly
influenced by technological development and progress in Information Technology (IT), making the
collaboration of multiple experts in formal knowledge modeling indispensable, with the objective of
improving decision making [1].

An efficient maintenance system implies having activities aimed at maintaining the useful life of the
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equipment in optimal operating conditions to avoid the occurrence of unforeseen failures. An important part
of this involves Operational Reliability (OR), defined as the capacity by a system composed of equipment,
processes, technology and personnel to fulfill the functions to which it has been created with certain limits
and a defined operational context [2]. This Operational Reliability is made of four main components: process
reliability [3], human reliability [4], equipment reliability [5] and maintainability [6].

Reliability analysis and maintenance management, in general terms, are affected by inaccurate data
recording, which results in poor parameter estimates and erroneous decisions regarding replacement intervals
and equipment interventions [7]. Competitive pressure and an increasingly demanding market have generated
the search for the application of tools that make it possible to improve the estimation of the data required for
reliability analysis [8], as well as the application of novel methodologies for the detection and diagnosis of
failures, for which researchers have developed diverse approaches including the use of mathematical models,
artificial intelligence and statistical approaches [9]. It becomes necessary, then, the use of tools and strategies
that allow the improvement of estimates concerning the delimitation of intervention times, maintenance costs,
tasks to be developed [11,12,13], critical components and failure rate [14], reaching the use of various
optimization methods and tools as a viable alternative for this.

Therefore, optimization can be considered as the maximization or minimization of a function that depends
on a set of variables and is subject to a set of constraints [15], which integrates different disciplines such as
applied mathematics and computational sciences to solve it out. These optimization methods can be classified
into two main groups: deterministic techniques (where the parameter values are certain) and stochastic, also
called probabilistic, (which means they include a certain uncertainty in their results) [16]. The application of
these methods helps to ensure technically safe conditions during system operation [17].

This paper shows the contribution to successful maintenance decision making achieved by combining
reliability and maintenance analysis of physical assets with optimization tools such as: Mathematical
Modeling, Genetic Algorithms, Simulation, Neural Networks, Markov Chains and Bayesian Networks, all
these, tools of artificial intelligence.

e Methodology

The study is focused towards benchmarks to reach relevant results and conclusions related to the linkage
of various optimization tools to reliability studies. The time horizon covered for the review of scientific
articles covers the period between 2010 and 2020. The following keywords and their possible combinations
were used for the bibliographic search: reliability, Reliability Centered Maintenance (RCM), genetic
algorithms, simulation, neural networks, Markov chains, optimization, mathematical modeling and Bayesian
networks.

For this, the consultation of researches where the use of optimization tools is linked to reliability analysis
is made; the search and exploration process was carried out through databases, research platforms and online
libraries such as: Sciencedirect, Taylor & Francis, Emerald, Redalyc y Scielo. Subsequently, the analysis of
the case studies found in the literature analysis is carried out, taking into account the variables involved in the
study, the optimization tool used, and the result obtained in the analysis of the reliability of the physical
assets.

e Consultation and analysis of the literature

For the development of the literature consultation and analysis, as mentioned in the previous section, we
resorted to the consultation in several search engines. Table 1 shows the optimization tools applied to the
reliability studies of physical assets and the reference to the corresponding works.

Table 1.
Optimization tools applied to reliability studies.
Optimization tools Related works
Mathematical Modeling and [18,11,19, 20, 21, 22, 23, 24, 25]
Genetic Algorithms
Simulation [3,4, 26, 27, 28, 29, 30]
Markov Chains [31. 32, 33, 34, 35, 36]
Neural Networks [14, 37, 38, 39, 40, 41, 42, 43, 44, 45]




Bayesian Networks [9, 10, 12, 13, 45, 46, 48, 49, 50]

Source: The authors.

Several researches have presented cases where mathematical modeling applied to maintenance and
reliability analysis have been used. The application of integer linear programming for the selection of
maintenance strategies, is a case where the tools of mathematical modeling linked to reliability are used,
allowing to perform the allocation of monetary resources for each maintenance strategy, in equipment of the
paper production industry, by applying Reliability Centered Maintenance (RCM) [18]; shown in this article is
a literature review of the use of multi-criteria decision methods, applied for the selection of the best
maintenance strategies based on criteria such as: maintenance cost, safety, equipment risk, feasibility and
number or level of risk priority as the most significant ones.

The application of mixed integer linear programming, to minimize maintenance delay and costs [11], is
also used to model and optimize a shop-flow scheduling problem integrated with multiple maintenance
activities in a mixed integer programming with input variables involving the costs of unavailability and
maintenance-related activities, optimized by a lower bounded genetic algorithm (LBGA), in which the
algorithm parameters are first tested through a factorial experiment to identify the statistically significant
parameters. The LBGA self-tunes these parameters to improve its performance based on the solution gap
from the lower bound. The genetic algorithm takes into account the number of machines in the shop and the
maintenance levels applied to each one of them based on the assigned maintenance strategy. To generate the
lower limit, an objective function is created which consists of minimizing maintenance and delay costs. The
genetic algorithm for the presented problem is proposed by using an experimental design to identify the
significant parameters of the algorithm and then adjusting those parameters based on the identified lower
bounds. Genetic Algorithms have been applied to different research areas, including several applications in
machine scheduling; they have also been used to solve the integrated production and maintenance scheduling
of a single machine [11].

On the other hand, Hameed et al. consider reliability and maintenance costs as conflicting objectives. They
develop a decision support model for risk-based maintenance in a liquefied natural gas plant, where they
integrate genetic algorithms and simulation to optimize maintenance scheduling, considering minimizing
costs and maximizing reliability [19]. The decision support tool presents a nonlinear combinatorial
optimization model using genetic algorithm for maintenance scheduling. The proposed simulation-based
approach presented in the study provides feasible schedules for inspection, maintenance and replacement
activities to achieve system reliability performance and cost optimization. In general, the methodology used
helps to develop effective resource utilization planning. The Pareto optimal model that is developed provides
flexibility for engineers and planners to develop maintenance programs considering different conflicting
objectives.

Improving existing techniques or developing a new optimization procedure remains an interesting research
task. One way to generate this optimization in mathematical modeling is through the use of Genetic
Algorithms, as we have seen in previous cases. Genetic algorithms are metaheuristics that aim to emulate the
process of natural selection. They use a population of chromosomes to represent possible solutions to a
problem, with each chromosome consisting of a set of genes that describe the solution. To create a new
generation of chromosomes, the chromosomes of the current generation are randomly combined in proportion
to their fitness.

In the case of the mining sector, where the cost of maintenance represents between 30 to 60% of the
operating costs of a mine, it is of vital importance to ensure the scheduling of weekly maintenance activities.
The combination of mixed integer linear programming and genetic algorithms allows to generate a weekly
maintenance program with the objective of minimizing maintenance costs, guaranteeing thus equipment
reliability [20], taking into account the availability of equipment, the availability of maintenance personnel
and the maintenance activities to be performed.

They also play an important role in the modeling of operating conditions, such is the case of the
application of a genetic algorithm to model the operation of a hydroelectric power plant, by modeling its
reservoir parameters, inflow, generation head, power generation, water level and plant coefficient. In these
optimization models the objective functions are formulated maximizing efficiency (current), survivability and
sustainability capability, taking into account economic, social and environmental criteria [21] to achieve
sustainable decision making.

Minimizing total costs, while maintaining a defined level of availability and reliability remains one of the
purposes of the application of this tool, a mathematical model of nonlinear integer binary programming is



proposed in a sodium chloride factory, and the Genetic Algorithm is adopted to solve the model, capable of
obtaining a very good solution for maintenance scheduling. Availability, reliability and resource, labor and
spare parts constraints are required. Total maintenance costs take into account the costs of unplanned failures,
repair/replacement costs, and planned downtime costs [22].

Genetic algorithms are widely used to solve production and maintenance problems, a model to minimize
costs for production and maintenance planning is proposed, taking into account process quality constraints,
i.e., normal process operation (with the specified percentage of defect) and the percentage out of control. In
order to obtain the mathematical model that minimizes total costs, it is essential to establish the production
levels, production capacity and maintenance budget. As solution methods the genetic algorithm and the tabu
search algorithm are employed, being a successful heuristic that is based on the evaluation of neighboring
points and repeatedly moves from the current point to the best non-taboo solution until a stop condition is
met. The problem is modeled as a nonlinear program and its various peculiarities are discussed. In addition,
two metaheuristic methods, (a genetic algorithm and a tabu search) as well as a non-integrated solution
approach are proposed [23]. The design of a reliable communication network is a well-known optimization
problem to produce a network with maximum reliability. The integration of genetic algorithms with the
Branch and Bound method [24] is another case of application of this tool.

It has been proven that when production planning takes maintenance into account, better yields are
obtained for the system. In addition to maintenance costs, unavailability rates and failure probabilities have
been used as input for the formulation of multi-objective models [25].

Not only multi-objective programming and Genetic Algorithms are alternatives to improve reliability and
contribute to the activities that involve maintenance; In recent times, Simulation has also been used as a
complementary tool for reliability studies, for example, through Monte Carlo Simulation it is possible to
detect optimal maintenance intervention intervals [4], in addition to determining operating parameters, taking
into account small samples of failures and multiple failure modes in the presence of uncertainty, seeking to
map the reliability response surface of the system [26]. Other applications have allowed maximizing the travel
time reliability of a transportation network by solving a dynamic congestion pricing problem, through
simulation-based optimization (SBO) [27], or using simulation as a tool to evaluate the support structural
reliability of offshore wind turbines, the distribution of failures by generating their predictions [28] and even
to model the risks involved with the human factor [3].

Nowadays, Simulation is increasingly exploited in a wide variety of application domains, although not yet
in its entirety [29]; however, current virtual simulation platforms provide several tools that allow the
generation of non-immersive processes in maintenance, being adopted for analysis, presentation,
demonstration and verification of the process, with corresponding time savings in the performance of
maintenance activities [30]. This type of study is limited by time, due to the complicated human operations
and the logical relationships involved in the processes, so that Simulation still represents a field of opportunity
to be optimized.

Another technique used is the Markov Chains, which allow the optimization of maintenance processes,
minimizing the total expected cost, including inspection and maintenance costs. Systems deteriorate at a faster
rate as they get older, and executing the right maintenance policies is critical. Finite-horizon Markov
decisions are used to define optimal maintenance policies, taking into account the time elapsed since the last
maintenance intervention, the level of the last intervention performed, and the age of the physical assets [31].
It also takes advantage of the traditional probabilistic birth-death approach of Markovian models by using a
probabilistic approach to analyze the performance of a system (power plant); performing reliability and
availability studies on the plant [32].

Continuous-time Markov decision processes are used for the probabilistic verification of models that
allow analyzing the reliability of failures in a multistate system, obtaining flexible and effective results
regarding failure times [33]. In other cases, these chains are used as a predictive model for intervention
intervals, helping to reduce the deterioration rate and the total operating cost, in facilities as important as
offshore structures, where the consequences of failures can cause a negative environmental impact, loss of
human lives, catastrophic effects and even the collapse of the structure [34]. The stochastic Markov chain
model is more flexible and capable of quantifying the uncertainties associated with the deterioration process
than the deterministic model approach commonly used to predict offshore health conditions. Some models
even allow the inclusion of environmental variables for asset planning [35]. For this purpose, maintenance
activities are represented as a semi-Markov decision process and environmental time series are obtained,
allowing to find the optimal set of decisions and corresponding maintenance plans, including replacement
costs and revenue losses for facilities where uncertainty of operations is present. In addition, this type of



studies has come to demonstrate the need for inspections and replacements [36], giving way to formulate new
maintenance policies that ensure long-term availability, identifying the factors with the highest incidence that
cause the occurrence of a failure.

In modern approaches, to effectively improve fault tolerance, a basic requirement is to perform a
reliability analysis aimed at identifying crucial components and thus predicting behaviors that lead to failure.
A very useful tool for this purpose has been Neural Networks [37, 38], with which reliability and availability
indexes are increased, and the economic impact is reduced through the prevention of failure events [39]. The
use of a neural network is proposed for the prediction of parameters in a machining process to avoid
vibrations in the process, thus obtaining a reliable prediction model of the studied parameters [37]; as well as
for the evaluation of the reliability of wireless sensor networks that allow monitoring, supervising, controlling
and managing a wide range of conditions [38].

In most cases, economics is included as an input variable, represented by the costs involved in
maintenance, operations and reliability, which together with the failure rate allow the construction of a fuzzy
neural network. As results of this application, maintenance cost and failure rates for a given time period are
predicted and optimal maintenance decisions are provided [14]. The combinations of artificial neural
networks with genetic algorithms allow evaluating the seismic reliability of structural networks, avoiding
failures in structural components, increasing the use of these tools in the Civil Engineering domain [40].
Optimal planning for the renewal of water distribution networks, a key infrastructure for the supply of this
vital liquid to communities, benefits from the development of a model using a combination of artificial neural
networks and the ant colony algorithm, which minimizes operating costs and maximizes the reliability of this
network during its life cycle [41]. The combination of neural networks with fuzzy logic is proposed to support
decision making in circuit breaker maintenance management [42].

Other applications of the use of neural networks and genetic algorithms have provided timely prediction of
accidents caused by repair and maintenance in oil refineries, classifying the main factors that affect the
occurrence of these in six categories: external, internal, executive, behavioral, situational, labor
characteristics, type of accident, prediction of the type of consequence and population density; and which are
considered as input variables in models with this type of objective [43]. A paper is reviewed that proposes to
evaluate the reliability of multi-state manufacturing systems based on an extended state task network, taking
into account the operational quality data considering the quality of the work in process. The proposed
manufacturing system also takes into account the relationship between the execution of the production task,
the state of wear of the equipment and the quality of the product obtained [44]. Likewise, Neural Networks
have had great application in the field of human-machine error detection [45]. When dealing with very large
and complex decision model structures, the focus is on the parameters and values under conditions of
certainty assumed by the decision criteria.

One tool within the Artificial Intelligence family is Bayesian Networks (BN). These models have different
applications for diagnosis, classification and decision making, providing relevant information on how the
variables under study are related [46]. They contribute to the improvement of modeling, quantification and
analysis of human reliability by taking into account performance factors including complexity, stress,
experience, training, work procedures, ergonomics and equipment-related factors as the most significant [45].
The P-F interval, potential failure - functional failure, is implemented as a dynamic Bayesian network
allowing to improve the reliability of physical assets [46]. The P-F interval will define how often the
condition tasks should be performed on the asset. If we want to detect the potential failure before it becomes a
functional failure, the interval between checks should be less than the P-F interval [47]. The deterioration of
manufacturing equipment and assets in general is also affected by the maintenance activities carried out, the
observation and follow-up of failures, the operating conditions and, ultimately, the operational context in
which they are located.

Several works point to Bayesian Networks as a tool that allows the integration of qualitative knowledge
when there is insufficient data [48] and when there is a high complexity of the system, allowing the
assignment of conditional probabilities of occurrence for each state of the network [49]; However, when
considering this qualitative knowledge, based on experts, it provides a data deviation, the extent of which will
depend on the experience of those involved in the study and the knowledge of the system. An example of this
type of case is the application of the methodology known as Fault Detection and Diagnosis (FDD), based on
the knowledge and experience of the process, generating an 80% success rate in the identification and
diagnosis of faults [9]. In addition, these models allow the identification of critical components prior to their
failure, not initially considered in maintenance planning.

Other works present models that seek to dispel operational uncertainties regarding accidents caused by the



man-machine relationship, including human and organizational factors and performance indicators [50], or
present a quantitative approach seeking to establish causal interdependencies and reasoning in risk conditions
in processes, caused by human and organizational failures, which result in accidents [10]. The activities
related to maintenance are a vital point, especially in the last decades, facing two important barriers, one, the
high costs that poor management brings with it, and the other, the prolonged downtime.

Faced with this problem of insufficient and excessive estimates for the maintenance time interval, Bayesian
Networks offer an option for adjusting these time intervals and their associated probabilities [12], and are also
a resilient tool with a high capacity for adaptation [17].

e Results and discussion

Eighteen percent of the articles presented in this research correspond to works related to Mathematical
Modeling and Genetic Algorithms, Simulation accounts for 14% of the literature consulted, Markov Chains
participate with 12%, Neural Networks with 20%, and finally Bayesian Networks with 18%. Likewise, the
application areas where this research was developed include studies linked to the productive sector where the
reliability of networks, systems, components and physical assets is vital, such as electric power production
plants, liquefied gas plants, oil refineries, mines, electronic networks and components, communication
networks, water distribution networks and structural engineering.

Through the analysis of the references presented in this research, it is possible to identify the benefits
provided by the application of reliability analysis in conjunction with the optimization tools presented, such
as:

e By combining reliability analysis with optimization tools, it is possible to have a better predictive
capacity in terms of maintenance times, types of interventions to be performed on physical assets,
maintenance policies to be applied.

e The economic impact of maintenance interventions, including unavailability costs, is minimized.

e The maintenance intervention interval, time and costs associated with it, are the main variables used in
the works consulted.

o Reliability and availability of physical assets are optimized, production quality is guaranteed, potential
failures are detected early, accurate and effective maintenance policies are assigned, and process data
processing and analysis time is reduced.

e Conclusions

e The review carried out allows us to realize the benefits of the application of reliability analysis together
with the optimization tools presented; it also makes it possible to identify the strongest aspects of each tool
according to the objective pursued, as well as the input variables that are most frequently used in this type
of models.

e Multi-objective Mathematical Modeling, together with the application of Genetic Algorithms, allows us
to obtain positive results in terms of reducing operating and maintenance costs.

e Genetic Algorithms allow modeling of operating conditions, minimization of total maintenance costs
and timely fault detection at pre-established levels of reliability and availability.

e Markov Chains prove to be optimal decision models with respect to the estimation of intervention times.

e Simulation is important in the determination of maintenance intervention intervals, and in failure
distribution studies for their prediction and contribution to extend the economic useful life of physical
assets; however, it requires sufficient data to be used.

e Neural Networks establish relationships graphically, allowing to improve pre-failure intervention times
of physical assets and to improve reliability.

e Bayesian Networks have the advantage of modeling quantitative-qualitative events and are ideal for
establishing causality in reliability studies.

e According to what has been presented throughout this research, it is shown that the relationship between
the optimization tools used, reliability analysis and maintenance in general allow obtaining satisfactory
results, especially in terms of maintenance cost reduction and reliability improvement.
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