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ABSTRACT

This paper proposes a new hybrid method to solve extended scheduling problems that can
mclude multiple resources, projects, and tasks with specific attributes, relationships, and
constraints, as well as many objective functions with individual optimization directions and
variable importance. A new decision-making procedure is proposed to combine metaheuris-
tic search strategies, constructive algorithms, and many-objective comparison models. This
paper also presents a concrete realization in which an advanced mixture search algorithm
drives a flexible controllable constructive algorithm, and a relative qualification model en-
sures multi-objective optimization. Some numerical results illustrate the effectiveness of the

proposed hybrid method.

1. Introduction

Research and development of methods to solve
practice-oriented multi-project scheduling problems
Is gaining an increasingly significant role. The moti-
vation for our research originates from the manage-
ment needs of discrete production systems. In manu-
facturing and services, the managers require efficient
solutions to generate detailed schedules for the avail-
able resource components of the system to carry out
activities, tasks, jobs, processes, and projects in flex-
ible changing and resource-constrained execution en-
vironments.

In practice, many extended project scheduling
problems occur when the companies follow the para-
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digms of mtelligent manufacturing, cyber-physical
production, and virtual enterprise. Many-project
scheduling problems consists of multiple different
decision-making subproblems that focus on resource
allocating, sequencing, timing, costing and other op-
timization aspects. They can be defined by different
optimization models. Diverse input data, parameters,
decision variables, constraints must be considered,
and many different key performance idicators must
be optimized when creating detailed solutions for the
managers.

One of the generalized features of the multi-proj-
ect scheduling problems is that a given execution sys-
tem performs many projects by carrying out a given
set of tasks (activities). The elementary tasks can de-
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pend on each other, they require many resources,
and they can be connected to one or more projects
at the same time. The resources can be classified
mto groups or types that are available with time-
dependent strict capacity constraints. Enterprise ap-
plication systems (MIS, EDB, ERP, MES, SCADA
etc.) can provide detailed mput data for the given
scheduling problem. It is assumed that the necessary
mformation is given. Managers defines the actual set
of projects with their attributes, and they provide the
current optimization objectives by specifying the set
of objective functions and priorities. The scope of
scheduling does not extend to the selection of proj-
ects, because all the given projects must be sched-
uled m the given time horizon.

This paper presents the results of our research
focused on elaborating a general and flexible ap-
proach to solve many-objective resource-constraied
multi-project scheduling problems.

2. Literature Review

The literature on optimization models and meth-
ods 1s very extensive. Many researchers propose new
models and algorithms to solve different industrial
optimization problems. This category includes, for
example, vehicle routing [1], workload control [2],
process control [3], worker assignment [4], project
progress evaluation [5], layout optimization [6], sup-
ply chain optimization [7], production planning [8],
production scheduling [9], and many other prob-
lems.

Scheduling plays an important role in manag-
g of various systems. Many review papers can be
found on the topic of scheduling. The main variants
of the project scheduling problems are summarized
for example i [10], [11], and [12]. Several impor-
tant models and methods for project scheduling can
be found in [13], and [14].

After reviewing papers focused on project sched-
uling, the resource-constrained project scheduling
problem (RCPSP) was selected as an initial model to
be extended and generalized. The first optimization
model of RCPSP was published in [15]. RCPSP is
an NP-hard problem [16].

Many further papers on RCPSP have been pub-
lished. A survey of variants and extensions of RCP-
SP can be found in [17]. Even though RCPSP is suf-
ficiently effective for many cases, further extensions
are required by complicated situations that occur
in practice. Hartmann & Briskorn give an updated
review on the fundamental types of extensions re-

lated to RCPSP [18]. The main extension categories
are the following: (1) generalization of the activity,
(2) alternative precedence constraints and network
characteristics, and (8) consideration of multiple
projects. Our research is related to all three catego-
ries because the mvestigated problems can include
elementary tasks, generalized activities, tasks related
to several projects at the same time, many projects,
and many objective functions.

Approaches to support optimization of multiple
objective functions can be found in the literature
[19]. The optimization problems with more than
three objective functions are called as many-objec-
tive optimization problems. Such problems generate
new challenges when we want to elaborate general-
1zed, flexible, and efficient methods. New challenges
come up when the methods create candidate solu-
tions, and they must be compared by considering
many objective functions in suitable performance
[20].

methods can be classified into the following main

metrics The many-objective optimization
categories: (1) diversity-based, (2) indicator-based,
(3) relaxed-dominance-based, (4) preference-based,
(5) aggregation-based, (6) reference-set-based, and
(7) dimensionality-reduction-based methods.

A combination of minimization of makespan
and costs 1s applied in [21]. Considering optimiza-
tion on individual project level and combined proj-
ect portfolio level 1s presented in [22]. Tabrizi used
two optimization objectives [23]. The first objective
combines the project completion time and due date,
while the second one focuses on the ecological 1m-
pact of orders applied in the material procurement.

The mult-objective and many-objective optimi-
zation problems and the proposed algorithms are
surveyed for example in [19] and [24]. Researchers
proposed different methods to solve such many-ob-

jective optimization problems by using existing ap-

proaches, advanced approaches, hybrid approaches
and new approaches. For example, Mane at al. pre-
sented a new approach that relies on a chaotic-based
improved many-objective Jaya algorithm [24]. In this
paper, we also propose a new generalized many-ob-

jective approach for comparing candidate solutions.

Our comparison model can be used in any search
algorithm.

Many metaheuristic search algorithms can be
used to solve scheduling problems. For example,
the set of commonly applied metaheuristics includes
particle swarm optimization [25], tabu search [26],
genetic algorithm [27], memetic algorithm [28], dif-
ferential evolution algorithm [29], Jaya algorithm
[30], and many other algorithms.
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In recent years researchers proposed many hybrid
methods for solving the RCPSP. Hybrid methods
rely on different metaheuristic strategies. A survey
and a comparative analysis of different hybrids are
presented in [31]. The investigated hybrid methods
were executed on the well-known PSPLIB bench-
mark data instances.

The primary purpose of our research was to de-
velop a generalized many-objective multi-project
scheduling method to serve flexibly the scheduling
needs of production management and project man-
agement 1n practice.

The remaining part of this paper 1s organized
as follows: Section 3 shows the problem descrip-
tion. Our approach and the proposed method are
presented m Section 4. Some numerical results of
performance tests are given in Section 5. Finally, the
conclusions are included i Section 6.

3. Problem Description

The mvestigated scheduling problem is intro-
duced as follows. We have a given set of tasks to be
executed on a given set of resources. The related
tasks together form a job that can also be consid-
ered as a specific project. A specific set of projects
1s given in the scheduling problem. Fach project 1s
represented by an acyclic directed graph, which can
be considered as a task-on-node model. Each node
(vertex) represents a task that means an operation or
a process to be executed without preemption. Prece-
dence relations may occur as conjunction arcs among
the nodes in the graph. Fach arc indicates that the
successor task cannot be started until the predecessor
task 1s completed.

The time horizon is given as a series of elementa-
ry time units. The time intervals can be regarded as a
chosen elementary time units or period (e.g., second,
minute, day, week, month, year etc.). This parameter
can be specified by the real project-execution (busi-
ness, manufacturing, and service) environment. The
processing time of the task or the duration of the pro-
cess are given as discrete multiples of one elementary
time unit.

In the scheduling problem, there may be tasks
that are connected to many projects at the same time,
so this means that the projects may be mterdepen-
dent. Projects may have unique release (starting)
time constraints and specific due dates (deadlines).
The tasks of the project cannot start before the con-
strained release time, and 1t would be advisable to
avold exceeding the project deadline. Projects may

also have different priorities because the importance
of the projects 1s not necessarily at the same level.
In addition, project management can use a variety of
different performance indicators to schedule projects
simultaneously, because projects are also allowed to
have a particular set of different scheduling goals (ob-
Jjective functions).

In the execution system of the projects, a given
set of renewable resource types 1s available to per-
form the tasks of projects. Each resource type has a
time-dependent non-negative capacity constraint that
specifies the available quantity of resources i each
elementary time unit (period) of the time horizon.

The resources are renewable. This means that the
tasks do not consume the resources, just use them.
The task allocates the needed quantities of the re-
quired resource types at the start and releases the al-
located concrete resources at the end, so the released
resources are available again.

Fach task has a unique set ol resource require-
ments. This set consists of elements that refer to
different resource types. Such an element specifies
the type of resource, the quantity of the concrete re-
sources, and the processing time. The task can start if
the required quantity of each required resource type
1s available for the relevant processing time. The use
of different resource types starts at the same time, but
it may not end at the same time. The execution of
each task cannot be interrupted because pre-emption
1s not allowed.

There are two virtual tasks corresponding to the
start and the end of each project. These virtual start-
g and virtual finishing tasks have no resource re-
quirement. These can be represented by zero length
processing time.

The investigated scheduling problems can con-
tain many different scheduling goals at the same time.
The value set, the optimization direction and the 1m-
portance of the objective functions can be different.
The predefined actual set of such objective functions
may vary.

The detailed schedule of the tasks must be cre-
ated by specilying the concrete starting time for each
task to solve this extended scheduling problem. The
purpose 1is to find the best schedule considering
many objective functions simultaneously and subject
to all constraints. This introduced extended schedul-
g problem will be denoted by the ESP abbreviation
in this paper. ESP includes the RCPSP as a special
subproblem, and the RCPSP i1s NP-hard, therefore,
ESP also is an NP-hard problem.
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4. A New Hybrid Method to Solve the
ESP Problem

4.1. The Proposed Scheduling Approach

We present a hybrid method for searching the
best schedule by considering many objective func-
tions at the same time. Our solving approach has
three main decision-making phases. These are the
following:

(1) create a priority sequence of tasks to be
scheduled,

(2) insert the highest priority task into the sched-
ule by considering the availabilities of resourc-
es and the requirements of the chosen task,

(3) choose the best candidate schedule from a
given set of feasible solutions by considering
the value of each objective function simulta-
neously.

We developed the MOSM hybrid method to
solve the IESP. The novelty of this method 1s that
an advanced many-objective searching algorithm it-
eratively provides a candidate priority sequence of
tasks (PST), and an advanced constructive algorithm
generates a feasible schedule based on the PST in
each iteration. Using this approach, we transform the
ESP to a reduced searching problem, in which the
primary decision variable is a vector that contains the
priority sequence of tasks.

4.2. An Advanced Search Algorithm to Create
the Priority Sequence of Tasks

In this subsection, we propose an advanced search-
g algorithm for driving the constructive algorithm.
Our search strategy was inspired by the Jaya algorithm
[30] and the local search principle. We developed a
combined mixture of evolutionary and local search
techniques. This algorithm has three novelties:

(1) A new searching strategy supports to explore
the search space.

(2) An advance procedure creates new candi-
date members for the next generation.

(3)  Many objective functions with individual pri-
orities and optimization directions can be
used at the same time.

The operation of MOSM 1is presented in Al-
gorithm 1. The M;, symbol represents the control
vector as the i candidate member of the g” genera-

tion. M;, contains the priority sequence of tasks. The
search algorithm iteratively specifies the new M; ,and
calls the schedule construction algorithm (SC) with
the actual M, to create a feasible schedule: SC(M; ).
NM means the number of members i the popula-
tion, and NG denotes the number ol generations.
NM and NG are the mput parameters of the algo-
rithm.

The search algorithm follows a generation-based
evolutionary strategy, but it does not use any cross-
over operator, only one mutation operator is applied.
In any g” generation, NM number of new candidate
solutions are created (i=1,2,...,NM). The mutation
operator swaps two randomly selected elements
in the priority sequence of tasks. This random ex-
change can also give a sequence that does not meet
the precedence requirements. We have developed a
normalization algorithm that corrects the sequence if
necessary. The normalization algorithm (NA) runs in
the given task sequence. If NA achieves a task whose
predecessor tasks have not yet been affected, then
NA skips it. When NA has affected a task, NA will
look for the successor task with the lowest position
number. If this position is smaller than the current
position, NA jumps back there and continues run-
ning, otherwise NA step over the next position of the
actual position. The corrected task sequence 1s given
by the traversal order of tasks.

When producing the i new element, the start-
ing base of the mutation can be the member with
the same 7 serial number or the best member of the
previous generation. The probability of mutating the
best member increases linearly during the running of
the search algorithm.

The new candidate M;, results in a new feasible
solution. If this is better than the previous M ,; based
solution without mutation, then the new M, ,1s accept-
ed, otherwise the previous M; . ; replaces the new M .

4.3. An Advanced Constructive Method for
Transforming the Priority Sequence of Tasks
into the Feasible Schedule

MOSM uses a constructive algorithm to create
a feasible schedule by applying predefined building
algorithms iteratively. The schedule construction al-
gorithm (SC) starts from an empty schedule. In each
iteration, a newer feasible partial-schedule 1s con-
structed by mserting the chosen task into the previous
partial-schedule. This procedure is repeated until all
tasks are scheduled. Algorithm 2 presents the pseudo
code for SC.
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Algorithm 1: Many-Objective Scheduling Method (MOSM)

1: |

2: Load the input data and initialize the variables;

3 i=lLg=1;

4:  while (i <= NM)

5: {

6: Create the M, vector by the parallel schedule generation scheme with the earliest starting task rule;
7: Construct the SC(M;,) schedule based on the M, vector;

8: Evaluate the SC(M; ) schedule;

9: Add the M, vector as the i new member to the g" generation;
10: i=i+1;

11: }

12: Select the best member of the g generation;

13: g=g+1;

14: while (g <=NG)

15: {

16: i=1;

17: limit=1-g/NG;
18: while (i <NM)

19: {

20: number = Generate a pseudo random number from the interval [0, 1] with uniform probability;
21: if (number < limit)

22: Create a new candidate M;, vector by mutating the ith member of the previous generation;
23: else

24: Create a new candidate M;, vector by mutating the best member of the previous generation;
25: Construct the SC(M; ) schedule based on the M, vector;

26: Evaluate the SC(M;,) schedule;

27: Add the better version of M, and M, ., as the i new member to the g™ generation;

28: i=i+1;

29: }

30: Select the best member of the g™ generation;

31: g=g+1;

32: }

33: Return best member of the latest generation;

34: }

Algorithm 2: Schedule Construction Algorithm (SC)
{

Load the input data;

Create an empty schedule;

=L

while (j <= number of tasks to be scheduled)

{

Choose the t, task from the j™ position of the vector M;;
Insert the chosen t, task into the schedule with the earliest allowable start time;

LRI HE2RE

=it
10: }
11: Return the schedule;
12: }

The schedule generation process covers the fol-
lowing three main decisions:

(1) Select schedulable tasks.

(2) Choose the best candidate task from the de-
cision set.

(3) Insert the chosen task into the schedule.

Our SC solves these subproblems by determin-
istic rule-based procedures. We use a special gen-
eration scheme that integrates the first and second
decision-making issues. The M;, priority sequence

of tasks 1s given by the searching algorithm, and the
tasks are scheduled n the given order. The normal-
1zation algorithm ensures that the precedence con-
straints are fully respected.

SC method calculates the earliest time when the
chosen task can be started. This calculation consid-
ers all the constraints: the actual availabilities of the
needed resources, the latest finishing time of the
related predecessor tasks, the releasing time con-
straints, and the resource requirements of the cho-
sen task.
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These presented decision-making procedures en-
sure great flexibility and high speed for the construc-
tion of the feasible schedule, while the iput priority
sequence of tasks contribute to achieve a high level of
efficiency, robustness, and performance.

4.4, A New Qualification Model for
Comparing Schedules

Many objective functions can be used in the
MOSM. We suppose that the set of objective func-
tions are not limited, and 1t can consist of various
items with different priorities and optimization direc-
tions.

We assume that the actual system of objective
functions (SOF) is given, and the actual value of each
objective function can be calculated by an Evaluate
algorithm that can be called by MOSM with a given
candidate schedule as an input data structure.

Let s, and s, be two candidate schedules selected
from the set of feasible schedules. The quality of a
given schedule 1s represented by a given vector con-
taining K real numbers. The k" item of the vector
means the actual value of the k& objective function.
We introduce the following notations:

u U= (U, Uy e, Up, oo, Uk ), U € R; u denotes
the vector containing the values of the objective
functions considering the given schedule to be
compared.

W w = (Wy, Wy, oo, Wy, oo, Wi ), Wy, €ZE; w de-
notes the vector containing priorities for the ob-
jective functions. Fach wy 1s a non-negative inte-
ger value (W;>0) that expresses the importance
of the uy, value of the k' objective function.

z z=(21,22, ., Zk, . Zx), 2 € {—1,1}; z de-
notes the vector containing the optimization di-
rections of the objective functions. The value of
Z 1s 1 if we want to minimize the k' objective
function. The z,is -1 if the k™ objective function

must be maximized.

We define the following relative distance func-
tion:

0, if max(|al,|b]) =0
D :R?>-> R, D(a,b) := b-a

———— otherwise
max(|al,|b])’

(1)

The number a and b can be replaced by two val-
ues of a given objective function. In this case, the
return value of function D expresses how much the
second number has changed compared to the first

number from the point of view of the given objective
function.

Let x and y be two vectors with type u. These
vectors contain the values of objective functions,
and they represent the absolute quality of candidate
schedules s, and s, to be compared. We define the F
function to express the relative quality of y compared
to x as a real number.

F:u?> R, F(x,y) := XK_1(wg -2, - D(Xp, Yi))
)

Using the return value of Fi(x, y), we can expresses
the relative quality of vector y compared to vector x
as the following:

* yis better than x if F(x, ) 1s less than zero.

e yis worse than x if F(x, ) 1s larger than zero.

e yand x are equally good if F(x, y) 1s exactly
7€10.

The presented F-based relative qualification mod-
el effectively solves the comparison of the candidate
schedules in the proposed solving approach, so the
proposed MOSM can carry out many-objective opti-
mization by considering the actual system of objective
functions.

5. Performance Tests and Some
Numerical Results

The proposed MOSM hybrid method has been
implemented i C++ programming language. Various
performance tests were performed and evaluated.

First, we solved some problem types that have
known optimal solutions. The purpose of these tests
was to evaluate how well MOSM can obtain the op-
timal solutions. MOSM achieved excellent results in
these tests.

In the second test phase, we solved benchmark
mstances of NP-hard scheduling problems. In this
paper, we present only one example of them.

The chosen case study is focused on single-mode
RCPSP problem mstances originated from the well-
known PSLIB benchmark datasets [32]. The RCP-
SP problem is one of the special cases of ESP. The
RCPSP problem type has only one project consisting
of many tasks to be scheduled, and different resource
types are available in the system with individual con-
stant capacity-constraints. In this problem type, the
set of objective functions consists of only one item.
The optimization objective 1s to minimize the maxi-
mum completion time of tasks.
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We present the result of tests executed on the
J30, J60 and J120 datasets from the PSLIB bench-
marks. Each problem instance of the J30, J60, and
J120 datasets defines a single project that consists of
30, 60, and 120 real and 2 virtual tasks. In addition,
four resource types are defined by each problem in-
stance. The proposed MOSM hybrid method is used
to solve these problem instances. The searching pa-
rameters are listed in Table 1.

Datasets J30, J60, and J120 contain 480, 480, and
600 problem instances respectively. To compare
the proposed MOSM method with other methods,
we used the lower bound LB, as reference value for
each mstance p. LB, 1s provided by the critical path
method (CPM) for instances of J60 and J120, while
LB, 1s given as optimal value of the objective function
for instances of J30 in the PSPLIB dataset.

We considered the known LB, values as refer-
ence values, and we solved each problem instance
(p=1, 2, ..., P) exactly 15 times by using the MOSM.
The best objective value C,,, of our 15 attempts on
the instance p and the given LB, reference value were
compared. We calculated the value of the average
relative deviation (ARD) by the following formula (3).

Cbest,p_LBp
LBp

P
o

ARD = 100 [%)] ()

The ARD values were calculated for all three J30,
J60, and J120 datasets. Based on the limits of 1000,

5000 and 50000 commonly used in the literature, we
also hmited the allowed number of evaluations of
the objective function when the algorithm ran. The
ARD results are shown in Table 2-4, and some earlier
published results of other methods are also listed for
comparison.

In the case of J30, the ARD value 1s approximate-
ly 0,003% at the schedule limit of 50000. MOSM
achieved the reference value of the objective function
for 479 out of 480 problem-instances. In the case of
J60, the ARD value of MOSM is higher with only
0.42 than the best value at limit of 50000. The ob-
tained value for the J120 exceeds the best value by
only 3.35.

The results obtained on J30, J60, and J120 bench-
marks of PSPLIB are very encouraging because they
are remarkably close to the best results, and they are
better than many other results. The methods giv-
ing better results were developed specifically for the
RCPSP problem type and the researchers fine-tuned
the parameters of the methods focusing on the con-
crete problem instances.

In contrast, we solved the test problems as one
of the special cases of a wider and more complicat-
ed problem area. Our method can be applied not
only in the case of minimizing the completion time,
but also works effectively in cases of arbitrarily cho-
sen sets of objective functions. We did not use any
problem-specific feature when creating the solution,
so the proposed method 1s a generalized scheduling

Table 1. Search parameters of MOSM for the J30, J60, and J120 datasets of PSLIB benchmark

Parameter Value

The number of generations 500, 2500, and 25000

The number of member solutions in the population 2

The number of attempts for solving a given problem instance 15
Table 2. Comparison of the average relative deviation values for J30

Algorithm Schedule

1000 5000 50000

MOSM (this study) 0.12 0.03 0.003
QIGA (2021) [29] 0.20 0.12 0.06
TS-MODE (2020) [29] 0.06 0.01 0.00
HGA (2008) [33] 0.27 0.06 0.02
GRASP-FBI-SS (2013) [34] 0.57 0.39 0.23
Sequential(SS(FBI)) (2018) [35] 0.10 0.02 0.00
EQIGA (2022) [27] 0.06 0.02 0.00
Memetic algorithm (2020) [28] - 0.00 0.00
JPSO (2011) [25] 0.29 0.14 0.04
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Table 3. Comparison of the average relative deviation values for J60

Algorithm Schedule
1000 5000 50000
MOSM (this study) 12.046 1.42 10.97
QIGA (2021) [29] 12.36 12,10 1.77
TS-MODE (2020) [29] 11.90 11.21 10.629
HGA (2008) [33] 11.56 11.10 10.7
GRASP-FBI-SS (2013) [34] 12.88 12.42 11.96
Sequential(SS(FBI)) (2018) [35] 11.38 10.93 10.58
EQIGA (2022) [27] 11.70 11.22 10.74
Memetic algorithm (2020) [28] - 10.72 10.55
JPSO (2011) [25] 12.03 11.43 11.00
Table 4. Comparison of the average relative deviation values for J120
Algorithm Schedule
1000 5000 50000
MOSM (this study) 38.03 34.16 33.94
QIGA (2021) [29] 36.30 36.02 35.08
TS-MODE (2020) [29] 34.40 32.86 30.59
HGA (2008) [33] 34.07 32.54 31.24
GRASP-FBI-SS (2013) [34] 38.16 37.30 36.32
Sequential(SS(FBI)) (2018) [35] 34.01 32.52 31.16
EQIGA (2022) [27] 36.22 35.12 33.55
Memetic algorithm (2020) [28] - 32.76 31.12
JPSO (2011) [25] 35.71 33.88 32.89

procedure that 1s able to solve different scheduling
problems. We did not generate trial solutions for cal-
ibrating parameters in advance, and we did not use
any empirical constant to improve the performance.
Even without them, our method 1s very flexible, ro-
bust, simple, fast, efficient and it can be easily applied
I practice.

6. Conclusions

The paper focused on solving an extended class
of scheduling problems. The presented solutions are
suitable for predictively, reactively, and proactively
scheduling many projects in different execution en-
vironments.

The proposed approach is based on different
decision-making phases, so the solution generation
1s very flexible because each decision-making phase
relies only on problem-independent information and
each concrete algorithm can be easily changed and re-
placed independently. This approach utilizes the ad-
vantages of the separated and independent resolution
of the necessary decision-making phases that make

up the hybrid solving method. The generalized es-
sence of the proposed hybridization is that a suitable
many-objective searching metaheuristic algorithm
iteratively drives a constructive algorithm by modify-
g the priority sequence of tasks. The constructive
process plays the role of a reactive simulation that 1s
embedded in the searching process to make the de-
tailed solution based on the control priority sequence
of tasks and all the given constraints.

Consequently, the proposed approach and the
hybrid method can be used to solve any scheduling
problem. In addition, the presented advanced many-
objective relative qualification can be applied mn solv-
Ing any optimization problem.

The proposed approach can also flexibly adapt
to changing requirements, constraints, and many op-
timization objectives, so it can be used in advanced
planning and scheduling applications, enterprise
management systems, on-demand flexible manufac-
turing and service systems.

The proposed hybrid method 1s well-suited to pre-
pare project execution schedules for short, medium,
and long-time intervals, while it can also provide up-
dated schedules from time to time to meet the needs
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of the rolling planning pattern. In addition, the pro-
posed flexible controllable constructive algorithm can
also be realized in cyber-physical systems, because
the real project execution system and the simulation-
oriented cyber system can work together in real time,
and the constructive decision-making phases are able
to directly control the real events and activities.

The proposed method can also be used to control
automated manulacturing systems, because the actu-
al priority values that express the importance to per-
form operations earlier can be continuously refined
by using artificial intelligence methods. Similarly, to
manufacturing processes, the presented approach
can also be adapted to any service process using ap-
propriately designed abstract objects, scheduling lev-
els, periods, constraints, and optimization objectives.
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