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MODELLING OF THE DECISION-MAKING PROCESS OF JOBS PRIORITIES DEFINITION
UNDER CONDITIONS OF LIMITED RESOURCES: CASE OF A SERVICE COMPANY

This article focuses on the problem of decision-making regarding the prioritization, selection and scheduling of maintenance and
repair jobs on complex industrial equipment under conditions of limited resources for the case of a service company. The author reviews
modern approaches to predictive maintenance and jobs scheduling, namely job shop scheduling problem (JSSP), noting a gap in
combining these two tasks for the case of service companies and absence of its strict scientifical substantiation. As the first step, a
mathematical model is proposed which formulates the problem as an integer linear programming problem (ILP) with the objective of
maximizing revenue and minimizing the total duration of the work execution under the limited resources of the service company. The
scheduling part in based on the flexible JSSP, one the latest developments of JSSP, which allows to consider business-processes of the
services company, which operates a fleet of almost identical mobile workshops. The peculiarity of the researched model is usage of time-
indexed variables. Since the revenue is unknown at the moment of decision making, it is modelled with type-2 fuzzy logic approach, which
mimics the real expert decision making. Application of type-2 fuzzy logic, in contrast to the type-1 fuzzy logic, allows to consider both
uncertainty of experts in preliminary revenue evaluation, which could be modelled by type-1 fuzzy logic, and vagueness in determination
of membership function. Directions for further research are outlined, among them numerical experiments on real and synthetically
generated data, and further multi-criteria optimization considering equipment downtime. In further research it will be necessary to
overcome the increased computing complexity of type-2 fuzzy logic. A few ideas are proposed to avoid this obstacle.
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Introduction

1. Modern predictive maintenance. Digital technologies, cheaper industrial sensors, and availability of broadband
networks enabled real-time performance monitoring of complex industrial equipment. This speeds up the collecting and
processing of digital data, and, most importantly, enables maintaining of high technical readiness of industrial equipment,
which is a critical success indicator of industrial machinery.

In manufacturing, the connection between physical equipment, such as moving machines, stationary equipment, etc., in the
form of primary data and IT systems is the basis for Industry 4.0. RiiBmann et al. (2015) analyze Industry 4.0 technological trends
and explore its economic benefits. The data from various sources and business process management systems collection and
evaluation are becoming the de facto standard for real-time decision-making under limited resources. These processes are widely
known as the Internet of Things (IoT). IoT is a concept that involves connecting physical objects equipped with sensors to the Internet
so that they can exchange data and interact with each other without direct human intervention.

Those approaches are especially relevant for industries where equipment requires millions of US dollars of investment
and losses due to equipment downtime are estimated at thousands of dollars per hour (Siemens AG, 2023). Those industries
are the construction, mining, and autonomous power systems, where equipment includes excavators, bulldozers, dump
trucks, rollers, graders, industrial diesel generator sets, etc. The research in this article focuses on these industries.

Purpose of the paper. The agents in studied industries are equipment manufacturers and operators, as well as service
companies. Due to necessity of high competent technicians, equipment operators often cannot retain required specialists and
outsource maintenance to service companies (Baatartogtokh, Dunbar, & van Zyl, 2018).

Typically, a service company has the following goals: technical readiness increase, which benefits the manufacturer and
operator; and own revenue increase under condition of adequate available resources utilization. The scheduling problem of
a service company resembles Job-shop scheduling problem (JSSP). Finding the best schedule can be very easy or very
difficult, depending on the shop environment, process constraints, etc. (Pinedo, 1995). In JSSP there is a set of n jobs to be
executed on m machines, where each job consists of n; operations. The goal of JSSP is to find a sequence of operations on
the machines to optimize a productivity measure, typically the makespan, i.e. the time required to complete all jobs.

The JSSP is one of the combinatorial optimization problems that has been studied since the 1960s (Doh et al., 2013). The
authors note the inherent complexity of JSSP, namely that it has been proven to be NP-complete in the strong sense (Lenstra,
Kan, & Brucker, 1977). One of the development directions is the formulation with alternative machines, which is called the
flexible job shop scheduling problem (FJSSP). In contrast to the classical problem, FJSSP has route flexibility, i.e. each job
can be performed on different machines. FJSSP is exactly applicable in the studied industries for the service company case.

It remains unclear why the authors of previous studies have not considered the operating model of service companies. In
fact, there is a gap between the predictive maintenance problem, which aims to determine the optimal time of maintenance
intervention, and the problem of maintenance tasks scheduling. Although both problems are individually well developed, we
couldn't find similar models for optimal management of the flow of potential failures signals from the predictive maintenance
system in such a way that the selected for response signals are transformed into jobs in order to provide a high degree of
technical readiness and maximize the service company revenue, considering limited resources of the service company. The
purpose of this study is to conduct modeling for the described case. Since the potential revenue is not known, it is modeled
using the type-2 fuzzy logic.

Literature review. Although JSSP has been thoroughly studied since the late 1960s, usually papers focus on the
operator's point of view. The authors (Demir, igleyen, 2013) argue that a complete review of mathematical formulations of
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FJSSP had not been considered before. The four most common formulations of FJSSP are proposed and compared. The
recommendations for choosing models for specific cases are presented. Having considered those recommendations, a time-
indexed model was selected as basic for this study.

An approach to prioritizing the incoming flow of jobs is proposed in (Doh et al., 2013). The main decision-making steps
are selecting an operation/machine pair; and determining the sequence of tasks assigned to each machine. A practical
approach to priority planning is proposed, in which these two decisions are made simultaneously.

A general overview of methods for solving the problem of dynamic FJSSP is given by the authors in (Mohan, Lanka, &
Rao, 2019). The article discusses the concept and strategies of dynamic planning, methods of planning, and the planning
system. The methods are divided into exact and approximate. Approximate methods include establishing prioritization rules;
simulations; artificial neural networks; tabu search; genetic algorithms; ant colony optimization; particle swarm optimization;
immune algorithms; fuzzy logic and hybrid approaches. The paper does not provide a comparative characterization of the
above methods. This is another gap worth exploring.

More attention is paid to the comparison of constructing metaheuristics methods in (Thiruvady, Blum, & Ernst, 2020). The
authors argue that metaheuristics are becoming popular for solving combinatorial optimization problems. Constructive
heuristics and ant colony optimization are considered.

In recent years, machine learning methods have also become extremely popular for solving scheduling problems in a
broad sense. Here are some of them.

In the paper (Boussadia, & Driss, 2021) an overview of machine learning methods for solving JSSP is provided. More
extensive overview is provided in (Schlebusch, 2020) with focus on the reinforcement learning. In (Hameeda, & Schwung,
2023) graph neural networks are used. A hybrid evolutionary algorithm for solving the reactive FJSSP is proposed by the
authors (Lina et al., 2012). Promising multilayer convolutional neural networks are used in (Shao, & Kim, 2022). The paper
(Liu, Piplani, & Toro, 2022) describes an approach based on hierarchical and distributed architecture. The Double Deep
Q-Network algorithm is used for agents teaching and for real-time decision making.

The (Li et al., 2021) is particularly interesting, while the type-2 fuzzy logic approaches are used in the duration of work modeling.

2. Main result: Modelling

Let's generally describe the modeled business process. A service company operates a machines and equipment fleet of
its customers (referred to as machines). These machines automatically send real-time data in the form of so-called events.
The events consist of information about deviations from the optimal parameters and are the basis for decision about preventive
maintenance to avoid breakdowns. The service company, in turn, enriches the event data with data about inspections,
lubricant analysis, etc. All of this is presented in a dashboard to a service company operator, who selects some of the events
for further transformation into jobs to be performed. The operator has an expert understanding of the potential revenue,
generated by converting a particular event into a job. The events selected by the operator are then included in the schedule
according to FJSSP. The flexibility here means that a particular job can be performed by a mechanic with a skill level not
lower than that required.

The aim of this study is to develop a model for the decision making regarding optimal events selection from the incoming
events stream, provided by the predictive maintenance system, which are further transformed into jobs, for the case of a
service company, which has 2 objectives: revenue maximization and optimal scheduling of the selected jobs, taking into
account the limited available resources. The potential revenue can only be estimated by an expert at the stage of events
analysis and modeled using type-2 fuzzy.

The time-indexed model is selected as the basic model (Demir, & Isleyen, 2013). Considering that all operations within a
single job in the industries under study are performed within one mobile workshop and cannot be partially performed on
another workshop, we will remove the concept of operations from the basic model, i.e. the number of operations in each job
is always defined as one. This reduces the combinatorial complexity of the resulting model.

Mathematical formalization. The problem has m mobile workshops and n jobs. Each job can be performed by any of
the available mobile workshops if the technician (operator of this mobile workshop) has qualification not lower than the
required. At the zero moment of time all the mobile workshops are available. A workshop can only perform one job at a time.
No overruns are allowed. The proposed model neglects the mobile workshops setup time, which includes receiving necessary
materials and spare parts, and the time of transportation between machines locations. The objective is to minimize makespan
Cmax, Which is the total duration of the selected works execution and to maximize expected revenue R.

Potential revenue 7;, which is generated by execution of job J; is unknown but can be estimated by experts. To model this
parameter, we will use type-2 fuzzy logic. This is justified by the real business process and allows us to consider the
uncertainty of experts not only in estimating the potential revenue amount, but also in estimate reliability per se. Applying a
fuzzy logic approach to some humanitarian problems shows much clearer results compared to traditional statistical models
(Mashchenko, Kapustian, & Rubino, 2023). Interval type-2 fuzzy sets (IT2FS) are used in the form a; = (a4, a,, as, a4, as), as
it's suggested in (Li et al., 2021).

Definition. A type-2 fuzzy set, say A, with a membership function pz(x,u), where x € X, and u € [0,1] is defined as follows:

A= {((x, u), ug(x, u)) | Vx € X,Vu € [0,1]},
0<puz(x,u)<1.

An IT2FS 4,, is a special case of T2FS 4; = {((x,u),1) | Vx € X,Vu € [0,1]} as in (Mendel, & Liu, 2013)

Assume two IT2FS A = (a4, a,, as,a,,as) and B = (by, by, bs, by, bs) are given.

Addition operator:

A+B = (a1 +b1,a2 +b2,a3 +b3,a4 +b4,a5 +b5).
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Ranking operator. Calculate the centroid values C; and Cj for 4 and B respectively:
_ (as — a,)(as + 2a4 — a; — 2az)

3 6(a, —a,) ’
=[cV ¢k ~ t T2
Ci [CA ’ CA] (as +a, — Zag)(as +a, — 2a,)
s 6(a, —ay)
[b (bs — by)(bs + 2by — b, — 2b3)
5 — .
o U Ll 6(b4 - bZ)
Cs = [C5. C5] = lb (bs + by — 2b3)(bs + by — 2b,)
3 6(by — by)

Next, compare A and B with the following logic:
If C; > (<)Cz, then A > (<)B; otherwise
if a; > (<)bs, then 4 > (<)B; otherwise
if (a5 — a;) > (<)(bs — by), then 4 > (<)B.
Indices, parameters, and variables used in the model:
Indices
i,h :jobindex (1,...,n); k : mobile workshop index; u : time period index (1, ..., T).
Parameters
n : total number of jobs, m : total number of mobile workshops; T : number of available for planning periods
Pri - processing time of job J; , if performed on machine k
7; : expected revenue for job J;, in a form of IT2FS 7, = (ry, 1, 73,74, 75)
ay; - describes the capable mobile workshops set M; is assigned to job J;
a {1 if J; can be performed on machine i
kij*l0, otherwise
M : alarge number (practical infinity, can be defined as 100 = T)
Decision variables
Cmax - Mmakespan, i.e. total duration of all selected jobs execution, positive integer
R : total expected revenue as a result of all selected jobs execution
, ifjob J; is done on mobile workshop k
Vik = {O, otherwise
o {1, if J; done on workshop k during period u
Wiku =10, otherwise
_ {1, if job J; precedes job J, on workshop k
Zink =10, otherwise
o {1, if job J; is selected to be performed
Y710, otherwise
Wik is the binary time-indexed variable. It distributes jobs to available mobile workshops by time periods. Thomalla and Gomes
formulated a model with time-indexed variables for FJSSP with parallel mobile workshops (Demir, & Igleyen, 2013, p. 983).
As a result, we get a mathematical formulation for the problem modeled in this paper.

[E=N

R =3%i_1n9; * 7, > max. (2.1)
Crnax — min. (2.2)
U * ZpemWiku < Cnax Virg; = Lu= 1T (2.3)
Zuwiku = Pki * Vik Vlgl = 1, vk € Mi' (24)
TiWiu*9i <1Vk;u=1,...,T. (2.5)
Pri * Wik = Wigus1) + ZfcysaWikr < PiisVir g = Lku=1,...,T = 2. (2.6)
ZkEMivik =1 Vlgl =1. (27)
Pki * Whiu < Zg;%wikr + M * (1 - Zihk)' Vi < h: gi = 1,gh = 1, Yu = 2, ...,T,
vk € M; N M,,. (2.8)
Drn * Wiy < 222 Whper + M * (i), Vi< hig; = 1,9, = 1, Yu = 2,...,T Vk € M; N M,,. (2.9)

Wiku € {0,1} Vl, k, u.
Zink €1{0,1} Vi < h,Vk € Min Mh.
Vik € {0,1} vl, k.
Yik € {0,1} Vl, k.
The objectives of the fuzzy multi-criteria optimization problem are maximizing the potential revenue (2.1), which is modeled
by IT2FS, and minimizing the total duration of jobs execution (2.2).
Constraint (2.3) defines makespan C,,qy-
Constraint (2.4) defines total execution time of job J; on mobile workshop k.
Constraint (2.5) forces each machine to process one job at a time.
Constraint (2.6) ensures that each job will not be interrupted until finished.
Constraint (2.7) ensures, that any job is performed on one and only one mobile workshop.
Constraint (2.8) and (2.9) ensures that jobs J; and J,, cannot be performed in parallel on any of the mobile workshops M; N Mj,.
Potential methods of problem solving. Fuzzy artificial immune system algorithms are developed in (Li et al., 2021; Ma et al.,
2016). Co-evolutionary genetic algorithm is proposed in (Deming, 2012). Multi objective problems are studied in (Tran et al., 2013);
in particular, Pareto-optimality approach as hybridization of evolutionary algorithms and fuzzy logic (Kacemf, Hammadi, &
Borne, 2002).
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Discussion and conclusions

The results of this study show gap in mathematical models for the specific case of a service company performing jobs
within the predictive maintenance process. This problem occurs in a wide range of industries. In fact, it is applicable to the
entire class of specific equipment that requires deeply specialized technicians for maintenance. The proposed mathematical
model formulates the problem, which occurs by service companies from these industries that need to prioritize and schedule
maintenance and repair jobs under limited resources. A key feature of the model is the flexibility in assigning tasks to
technicians based on their skill level. This is a common and important condition for service companies. The time-indexed
formulation also ensures that jobs cannot be postponed once they have started at a particular mobile workshop.

However, there are some limitations and extensions to the model that should be discussed. The model does not consider
aspects such as travel time between locations. This could have a significant impact on the optimal schedule, especially when
working across large geographical areas.

The challenge for further research may also be the results comparison to the previous papers. One idea for overcoming
this challenge is to compare with data of the manual business process execution. Another idea is to compare with the results
for classical FJSSP, i.e., to ensure that the proposed approaches are not worse than those already developed and tested for
solving FJSSP.

From the solution point of view, the formulated problem is a complex combinatorial optimization problem with objectives,
containing IT2FS as parameters, which can be solved by heuristic methods, metaheuristics, and machine learning. Machine
learning might be used for fuzzy parameters identification to reduce the manual work, required from the experts. In this case,
experts are involved into the ML model training phase and the on-going results verification. The following study will focus on
the experimental comparison of the solution methods efficiency. It is not yet clear whether it will be possible to keep the
problem in the form of a multi-criteria optimization, or whether the criterion of makespan (minimizing the duration of jobs
execution) will be replaced by a restriction on the downtime of mobile workshops.

Finally, while the model provides a framework for decision making, its actual application will require integration with an
equipment monitoring system, where decisions are implemented.

As a conclusion, the proposed model provides a formal framework for solving the important problem of prioritizing and
scheduling maintenance activities. The discussion highlights promising areas of research to extend the applicability of the
model, paving the way for the development of effective decision support tools in the area. A mathematical model has been
developed to solve the problem of selecting and scheduling maintenance and repair jobs for service companies under
conditions of limited resources. The problem is reduced to a fuzzy two-criteria integer linear programming problem. The
literature review revealed the absence of similar approaches that combine predictive maintenance and production schedule
planning methods. Areas for further research could include the use of machine learning methods to estimate the components
of fuzzy sets, conducting numerical experiments on real and synthetically generated data sets, and extending the model for
multi-criteria optimization to consider additional constraints, such as equipment downtime.
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KuiBcbkui HalioHanbHUI yHiBepcuTeT imeHi Tapaca LLleByeHka, KuiB, YkpaiHa

PO3POBJIEHHA MOAENNI YXBANEHHA PILLEHDb LLOAO MPIOPUTETIB BUKOHAHHS POBIT B YMOBAX
OBMEXEHUX PECYPCIB A1 BUNALOKY CEPBICHOI KOMMNAHII

lpucesiyeHo npobnemi yxeaneHHsi piweHb WO000 6U3Ha4YeHHs npiopumemHocmi, eid6opy ma nnaHyeaHHsi po6im i3 mexHiYyHO20
obcry2o8yeaHHsl i peMOHMYy cknadHo20 Mpomucsiogo2o obnadHaHHSA 8 yMoeax ob6MexeHuUxX pecypcie Ha npuknadi cepsicHozo nidnpuemcmea.
Po3sansiHymo cy4acHi nidxodu Ao npoz2Ho3yeaHHs MexHi4HO20 o06crly208yeaHHs ma niaHyeaHHs1 pobim, a came 3adady niaHyeaHHsi po6omu
maticmepHi (JSSP), sio3Ha4aroyu npoaasnuHy 8 06'cOHaHHI yux deox 3aday O eunadKy cepsicHUX KoMnaHil i e8idcymHicms if cmpo2020 HayKo8020
06rpyHmyeaHHsi. 5Ilk nepwuli KpOK 3arnporoHO8aHO MameMamu4Hy MoOesib, w0 ¢opmysoe 3adady sk 3adady UyinoyucesnbHO20 JliHilIHO20
npozpamyeaHHs1 3 Memor Makcumisayii doxody ma miHimi3ayii 3azanbHOi mpueanocmi eukoHaHHs1 po6im 3a ymoeu o6MexeHuUX pecypcie cepaicHoi
KomnaHii. YacmuHy nnaHyeaHHsi no6ydoeaHo Ha OCHO8i cy4yacHo20 nidxody, a came 2Hy4koz20 JSSP (FJSSP), ujo dae 3mozy epaxoeyeamu 6i3Hec-
npoyecu cepeicHOi KOMMNaHii, iKka ornepye NapKom NpPakmMu4Ho oOHaKoeux MobinbLHUX MalicmepeHb. Ocobniugicmio Modesi € UKOPUCMAHHS 3MiHHUX,
wo iH0ekcoeaHi 3a yacoM. OCKiNlbKU Ha MOMeHM yXeasleHHs1 piweHHs1 0oxid Hegidomuli, mo 8iH MOOesItoemMbCsi 3a AONMOMO2010 He4imKoi s1o2iku 2-20
muny, sika iMimye peanbHuli Nnpoyec yxeasneHHs1 piueHb ekcriepmomM. Hevimka nozika 2-2o muny dae 3mo2y, Ha 8iOMiHy 8i0 Heyimkoi noziku 1-2o
muny, ypaxyeamu sik He@u3Ha4yeHicmb ekcriepmie y nonepeodHili oyiHyi doxody, mak i HeneeHicmb y eu3Ha4eHHi yHKUii HanexHocmi. Hamu
OKpec/ieHO MakKox HanpsiMku nodanbwux docnidxeHb, ceped sikux 6azamokpumepianbHa onmumi3ayis 3 ypaxyeaHHsIM npocmoie o6s1adHaHHs,
qucesnbHi eKcrepuMeHmMu Ha peasibHUX i cuHme3oeaHux OaHux. Y nodanbwux OOCJiOKeHHAX 8UHUKHEe Heob6xiOHicmb nodosiaHHs nideuweHoi
cknadHocmi 064ucneHHs1 Hevimkol f102iku 2-20 muny, w000 YHUKHEHHS sIKOi 3anpornoHoeaHo dekinbka ioel.

KnwuyoBi cnoBa: npedukmueHe mexHiuHe o6criy208yeaHHsi, Memodu Ha ocHO8i OaHUX, Hevimka Jiozika 2-20 muny, 2Hy4Ke niaHyeaHHs
pobomu yexy, niHiliHe npo2pamyeaHHs i3 yinumu Jucnamu.

ABTOp 3asiBNsi€ NpPO BiACYTHICTb KOHMMIKTY iHTepeciB. CrnoHcopu He Gpanu y4yacTi B po3pobneHHi JocnimkeHHs; y 36opi, aHanisi um
iHTepnpeTauii AaHWX; Y HanMCaHHI pyKonucy; B pilleHHi Npo nybnikauito pe3ynbTartis.
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