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Abstract: The development of transport infrastructure is a key element of economic growth, social connectivity,
and sustainable development. Many countries have historically underinvested in transport infrastructure,
necessitating more efficient strategic planning in transport infrastructure investment projects implementation.
This article addresses the selecting and scheduling of transport infrastructure projects, specifically within the
context of drawing available resources from pre-allocated funds within a multi-annual budget investment
program. The current decision-making process is largely based on expert judgment, lacking quantitative
decision support methods. The authors propose a genetic algorithm as a decision-support tool that frames the
problem as an NP-hard 0-1 multiple knapsack problem. The proposed genetic algorithm is unique for its
matrix-encoded chromosomes, specially designed genetic operators, and a customized repair operator, which
is implemented to address the large number of invalid chromosomes generated during the GA computation.
The goal is to maximize the impact of allocated funds over a seven-year programming period, while respecting
constraints specified by the funding authorities. In computational experiments, proposed GA is compared to
an exact solution and is proved to be efficient in terms of quality of obtained solutions and computational time,
highlighting its potential for enhancing strategic decision-making in transport infrastructure development.

Keywords: genetic algorithms; multiple knapsack problem; scheduling; transport infrastructure
investment projects; transport infrastructure development

1. Introduction and Literature Review

A well-developed transport infrastructure is a key element for a quality of life, sustainable socio-
economic development, and international competitive position of a country, especially in relatively
small countries. This case is typical for Europe and researches on this topic has been performed for
example in Belgium [1] and Baltic countries [2]. Due to the importance of well-developed transport
infrastructure the EU aims to help countries with neglected transport infrastructure [3] in the form of
financial assistance from European funding programs. Many countries have already improved their
transport infrastructure using these funds [4-6]. It has also been noted, that the development of
transport infrastructure is different in each country, despite similar allocation of total funds for
transport infrastructure development [7]. That can be caused by different strategies in allocating of
the available funds to specific projects on transport infrastructure [8-10].

The authors of this paper have long been involved in optimizing the selection of transport
infrastructure projects for implementation in the Czech Republic. Their goals is to develop a method
that will support the decision making in implementation planning of transport infrastructure project
to make the its development as effective as possible. As some previously mentioned European
countries, the Czech Republic has also neglected transport infrastructure and therefore is fit to use
the European funds. The problem of transport infrastructure development can be interpreted as a
selection and scheduling of transport infrastructure investment projects, which can be presented as a
modified version of multiple knapsack problem (MKP).

In the classical concept of KP the goal is to maximize the profit of selected items while being
limited by the knapsack’s weight capacity. Since its high popularity as a combinatorial optimization

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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problems, the NP-hard KP has been discussed in dozens of publications in terms of its modifications,
applications and solving methods [11]. Both exact algorithms, heuristics and their combinations have
been studied to solve the KP and its variations. The most important variation in case of the problem
discussed in this article is the multiple knapsack problem [12,13], which extends the classical
knapsack problem by adding new knapsacks into the decision process. The MKP is also often
interpreted in scientific publications as multidimensional knapsack problem and while many sources
[11,13,14] separates multiple knapsack problem and multidimensional knapsack problem in terms of
applications, the solving algorithms are very similar and often can be used to solve both problems.

The most common methods to solve MKP can be considered branch and bound algorithm [15]
and dynamic programming [16], they were also the first ones widely used [11]. The branch and bound
algorithm has been used to solve many variations of MKP [17-20] and many authors have studied
it’s performance in solving MKP [21-23]. Dynamic programming has been used to solve KMP in
cases where the MKP is also multicriterial [24] or influenced by uncertainty [25,26]. Other methods
used to solve MKP are for example greedy algorithm [19,27], cutting planes algorithm [28] and nature
inspired algorithms [29-32].

The focus of this article is solving a very specific MKP in real-life application by another nature
inspired algorithm — genetic algorithm (GA). GA is a probabilistic heuristic algorithm based on
natural selection and evolution [33]. Due to its suitability for combinatorial optimization, GA has
been applied to many problems, including MKP.

A GA application to a MKP problem in its basic form has been done in [34], where the authors
report better results on randomly generated data than 3 other published heuristics and better
performance in terms computational time while obtaining sub-optimal solution that commercial
CPLEX solver. Authors also implemented a repair operator into the GA to ensure that only valid
chromosomes are considered for the GA operators. In [35], authors have implemented a controlled
(not probabilistic) generation of initial population to achieve a better way of exploring the feasible
region and reported optimal solutions in all tested instances. A better overall performance of hybrid
GA for the MKP compared to branch and bound algorithm are also presented in [36]. More complex
variation of MKP solved by GA is presented in [37], where a specialized crossover operator along
with two distinct mutation operators is presented to ensure validity of the chromosomes. Another
complex variation of MKP is presented in [38], where the GA is modified from the classical static to
the dynamic environment, where fitness function or problem constraints might change over time.

In previously mentioned publications, MKP is addressed by different approaches and concepts
of genetic operators. Due to the specific constraints of the problem in this paper, the authors present
a unique matrix encoding of chromosomes. While no publications have been traced where
chromosomes were matrix encoded in MKP, several publications have been traced where
chromosomes were matrix encoded on a different problem. A typical use of matrix-encoded
chromosomes is in job shop scheduling problems [39-41], where chromosomes present processing of
operations on individual machines. In [42], authors present a GA for a unit commitment problem,
where the matrix-encoded chromosomes present a power generation schedule. Authors also present
a problem-specific repair and mutation operators. Another possible use of chromosome-encoded
matrices in GA is in graph-based problems, for example in [43], where chromosome represents a
clustering of nodes in a graph and customized crossover and mutation operators are also presented.

2. Problem Introduction

As previously mentioned, the development of transport infrastructure is crucial element for
modern countries. It contributes to economic growth, social connectivity, and sustainable
development. Enhanced transport networks facilitate trade, improve access to education and
healthcare, reduce travel time, and contribute to the overall quality of life. While the importance of
transport infrastructure is clear, many countries have neglected transport infrastructure, and for these
countries in particular, emphasis should be placed on ensuring that its development is as efficient as
possible. The ability to develop transport infrastructure may be influenced, for example, by political,
technological or natural aspects. This article focuses on the issue from the perspective of planning of
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the implementation of transport infrastructure projects already in the pipeline (ready for
implementation). This implicitly includes the selection of projects for implementation and the
scheduling of their funding.

The aim of the authors is to create a tool to support decision-making in the development of
transport infrastructure in the context of drawing financial resources from the EU funding programs.
Specifically, this is the Operational Program Transport (OPT), which is the largest in the Czech
Republic in terms of the allocated volume of funds and at the same time has clearly defined rules and
projects that can be supported. The financing of transport infrastructure projects within the OPT can
be relatively easily formulated as an optimization task and, thanks to the amount of available funds,
a greater impact on the development of transport infrastructure can be expected than with other, less
voluminous funds. A similar system of financing transport infrastructure development exists also
outside the EU, for example in some states in the USA [44].

The current system of financing transport infrastructure development in the Czech Republic is
managed by an expert commission at the ministry of transport that meets on regular basis (usually
once a year) and decides on the support of individual projects from the set of projects ready for
implementation for the following year. These projects can be interpreted as projects that meet all the
administrative requirements needed for its financial support and implementation. These are, for
example, project documentation, construction permits, feasibility studies, environmental impact
assessments, risks analysis, etc.

The current system of decision making in financial support for transport infrastructure projects
is largely influenced by subjective expert opinion and is not based on any quantitative methods. The
decision-making process of experts can be formulated as a 0-1 knapsack problem, where projects are
selected for implementation in the following year and the selection is limited by a defined amount of
available funds that cannot be exceeded when disbursed. However, given the authors' focus on the
financing of transport infrastructure development in the OPT, the task can be extended to include the
development of a project financing schedule. The OPT is implemented in seven-year intervals and
since the Czech Republic joined the EU, two OPTs have already been implemented and a third is
currently under implementation. Due to the approved budget for all 7 programming years of the
OPT, it is possible to use this knowledge to extend the task of project selection to the creation of the
project financing schedule, thus strengthening the possibility of effective development of transport
infrastructure by taking into account all years of the programming period.

In order to finance transport infrastructure projects under the OPT, it is necessary that the
projects under consideration contribute to the objectives of EU transport policy. These projects can
be identified by quantitative indicators such as "Number of reconstructed or modernized railway
lines — Trans-European Network". These indicators are also used by the authors to quantify the
development of transport infrastructure. In terms of the allocation of funds in the OPT, in the case of
projects that take more than one year to implement, the funds are released each year, not all at once.
At the same time, the rule called n + 2 by experts applies. This rule stipulates that if funds are not
spent in a certain year n, the unspent amount of funds can be spent in years n+ 1 and n + 2. Itis
important to note that some member states have negotiated with the European Commission an
additional n + 3 option that might be implemented if the proposed solution to the problems is used
in other countries.

The authors approached the problem systematically. Since their aim is to create a tool to support
investment decision-making in practice, this tool can be conceived in several variants of complexity.
e  Variant 1 - selection of projects to be implemented from a set of transport infrastructure projects;

The mentioned variation of the KP. This simplest form of decision support tool is comparable in
complexity to the current system of selecting projects for implementation by a group of experts.
However, the advantage of implementing the optimization approach in practice may be its objectivity
and higher quality of the solutions achieved, and consequently of the development of transport
infrastructure.

e  Variant 2 - selection and implementation schedule of transport infrastructure projects;

In cases where an approved budget for upcoming years is known (for example in the OPT), it is

possible to introduce another dimension of time into the optimization problem. In addition to
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selecting projects for implementation, also their specific year of implementation is decided, thus

making the use of total available budget and the development of transport infrastructure more

efficient. This variation is an equivalent of basic MKP.

e  Variant 3 - selection and implementation schedule of transport infrastructure projects with
multi-year funding allocations;

This variant extends Variant 2 with the multi-year allocation of funds. This is necessary for
projects that take more than one year to fully implement. This is typical for transport infrastructure
projects and, given the need for a large volume of funds for their implementation, it is not appropriate
to draw down the full amount of funds in the initial year of project implementation, but rather in a
phased manner. At the same time, multi-year project implementation reflects the different
construction phases of the project, which can vary considerably in terms of implementation phases
costs (the allocation of funds for project implementation is not evenly distributed into
implementation years).

e  Variant 4 - selection and implementation schedule of transport infrastructure projects with
multi-year funding allocation and the n + 2 rule;

This variant is specific to the OPT and extends the Variant 3 by the n + 2 rule. This rule is also
implemented in the current system of financing transport infrastructure development and its
implementation in the solution of the problem is therefore not only convenient but also necessary.

3. Mathematical Formulation of the Problem and Mathematical Model

Let I denote a set of transport infrastructure projects that can be implemented within the
programming period years defined by elements of set J. Each project i € I has an assigned value a;
, which determines its contribution to development of transport infrastructure. Each year j € J has
a specified amount of available funds b; that can be utilized for project implementation.
Additionally, each project i € I is characterized by parameter p;, indicating the number of years
required for its full implementation. The costs of implementing project i € I are expressed during
its implementation years t € T, where T = {1;2; ...; max;;{p;}}, using parameter n;;.

Table 1. Notations of sets used in the mathematical model.

Notation Definition

I set of transport infrastructure projects,
] set of programming period years,
T an auxiliary set of years (phases) for the implementation of projects.

Table 2. Notations of input parameters used in the mathematical model.

Notation Definition

m number of transport infrastructure projects,
n number of years including years after the end of the programming period in which
funds can be drawn down by the n + 2 rule,
b; the volume of funds allocated for the year j € J,
pi number of phases (years of implementation) of the project i €1,
a; the benefit to society achieved by the implementation of project i € /,
N, the project implementation cost i € / in the implementation year t € T.

Table 3. Notations of decision variables used in the mathematical model.

Notation  Definition

Xij binary variable indicating the start of implementation of project i € I inyear j €],
auxiliary binary variable modelling for project i € I the implementation phase t =
1,..,p; inyear j €].
The mathematical model of the problem has the form:

Vit,j
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The objective function (1) maximizes the optimization criterion - cumulative development of
transport infrastructure. The set of constraints (2) ensures that each project i € I starts at most once.
The set of constraints (3) ensures that the financing of projects does not exceed the use of available
volume of funds allocated in year j € J, taking into account the n + 2 rule. As the n + 2 rule can
generally only be states from the 3rd year of the programming period, the group of constraints (3) is
divided into (3a), (3b) and (3c). The group of constraints (4) ensures that the implementation phases
t €T for each project i €I are executed consecutively in years j € J. The group of constraints (5)
and (6) defines the domains of the model variables.

4. A Proposed Genetic Algorithm Solution

The goal of the genetic algorithm is to obtain an efficient solution to the problem in the available
time. Due to the combinatorial complexity of the problem and therefore high computational time in
case of implementation of an exact algorithm to solve the problem, a genetic algorithm is proposed,
which is based on the classical concept of genetic algorithms with certain specifics that must be taken
into account due to the nature of the problem at hand. As seen in Figure 1, in addition to the classical
genetic operators, which are selection, crossover and mutation, a repair operator is introduced to
ensure that the genetic algorithm works only with valid chromosomes.
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Figure 1. Scheme of the proposed genetic algorithm.

In addition to the appropriate design of genetic operators, the efficiency of a genetic algorithm
depends on the efficient setting of the genetic algorithm parameters. These are mainly the suitable
setting of the population size o, crossover probability p.,, mutation probability p,, and termination
conditions. The termination conditions in the proposed GA are number of iterations q and number
of iterations with unchanged best solution I.

Table 4. Notations of sets used in the proposed GA.

Notation Definition

U set of chromosomes in a population.

Table 5. Notations of GA parameters.

Notation Definition
0 population size,
Der crossover probability,
Pm mutation probability,
q maximum number of iterations,
l maximum number of iterations with unchanged best solution.

The other input parameters of the proposed GA are the same as in the mathematical model (1) -

(6).

4.1. The Chromosome Encoding and Fitness Function

The encoding of chromosomes reflects the principle of variables in the mathematical model (1) -
(6). Since the original variable x;; is a matrix, this concept is carried over to the chromosome
encoding. In the genetic algorithm, a chromosome will be denoted by X and represent a matrix of
dimension m X n. The elements of the matrix will take the value 1 if the project i € I has a start of
implementation in year j € J. For example, the chromosome, where m = 6 and n =9, could be in
the following form
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10 0 000 0 00
0 0000 O O0OT1TTO
chromosome = X = 001000000
0 001 0 O0 OO0 Of
01 0 0 0 O0O0OO0OTDO
01 0 0 0 O0OO0OTO0OTPDO

which will be further presented in the form of a table, the exemplary chromosome X is presented in
Table 6.

Table 6. Chromosome representation example.

Year j €]

Project i €1

AN U = W N =

O O O O R OfmM
_=_ O O O OfN
O O O R O OoO|lw
S O = O O O
o O O O © Oofum
O O O O O Ol
S O O O O (3
o O O O © O®w
O O O O O Ofve

The quality of a chromosome (fitness function) is calculated as follows:

fX) = izn:aixi,j )

i=1 j=1

4.2. The Repair Operator Concept

Due to the specifics of the problem and therefore limitation of the solution space, the
probabilistic approach to solving the problem generates a large number of invalid chromosomes that
must be removed to maintain the efficient function of the GA.

Before establishing a concept for dealing with invalid chromosomes in a genetic algorithm, it is
necessary to determine all cases in which invalid chromosomes arise. In total, 3 different cases can

occur:
e  Validity case I - violation of a group of constraints (2) — a project has more than one start of
implementation;

e  Validity case II - violation of a group of constraints (3a), (3b) or (3c) - the utilization of funds for
project implementation exceeds the available budget;

e  Validity caseIIl - project i € I isstarted inyear j > n — p; + 1- the project will not be completed
within the programming period.

In the case of the chromosome shown in Table 6, it is apparent at a glance whether a violation of
Validity case I occurs, and it is relatively easy to set up the concept of genetic operators in such a way
that the validity of chromosomes is not violated. In Validity case II and Validity case III, the validity
of chromosomes cannot be determined without knowing the values of the input parameters of the
problem and additional calculations need to be implemented in the algorithm to determine the
validity of chromosomes. In case of occurrence of invalid chromosomes in the GA, the authors
considered 2 possible approaches for their removal:

e  penalization of invalid chromosomes in fitness function;
e  implementing repair operator into GA.

By penalizing invalid chromosomes in fitness function, the authors addressed the problem of
large numbers of invalid chromosomes in their previous publication [45]. However, this method
proved to be inefficient in terms of the quality of the solutions obtained, due to the large number of
invalid chromosomes generated during the genetic operators. For the purpose of this article, both
approaches to solving for invalid individuals were tested on generated input data. The results are
based on 500 runs of the GA and presented in Figure 2 and Figure 3.


https://doi.org/10.20944/preprints202409.0543.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 September 2024 d0i:10.20944/, rints202409.0543.v1

GA with Repair Operator e GA with Fitness Penalization

400 400

w
S
5
w
S
S

Fitness value
Fitness value

N
53
S
N
53
S

100

100 200 300 400 500
Iteration Iteration

Figure 2. Min and max values achieved by GA with repair operator (left) and fitness penalization
(right).
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Figure 3. Average fitness value achieved by GA with repair operator (left) and fitness penalization
(right).

The results show that the algorithm significantly loses the quality of the solutions obtained when
the repair operator is not implemented. Therefore, the authors consider only the GA using the repair
operator in this article.

The purpose of the algorithm is to ensure that the chromosomes in the course of the genetic
algorithm are always valid. As previously mentioned, the repair operator ensures validity in terms
of Validity case II and Validity case III, since the validity of individuals in Validity case I can be
ensured during the genetic operators. The algorithm is designed not to limit the probabilistic
principle of the genetic algorithm in any way. The principle of the repair operator will be explained
for easier understanding using the chromosome already demonstrated, supplemented with
exemplary values p;, indicating the number of implementation years of project i € I, C;, indicating
the implementation cost of all projects in year j € J, and b;, indicating the allocated budget in year
Jj € ]. The chromosome is presented in Table 7.

Table 7. Chromosome and its validity in terms of Validity case II and validity case IIL

Year j €]
Project i € 1
1 2 3 4 5 6 7 8 9
1, p=4 0 0 0 0 0 0 1 0 0
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3, pi=1 0 0 1 0 0 0 0 0 0
4 p; =3 0 0 0 1 0 0 0 0 0
5 pi=1 0 1 0 0 0 0 0 0 0
6, pi=3 0 1 0 0 0 0 0 0 0
G 10 15 7 6 8 4 4 2 1
b; 10 10 7 8 8 8 7 0 0

This chromosome is invalid because it violates Validity case II (cost of projects in year j = 2
exceeds allocated budget) and Validity case III (project i =1 that takes p; =4 years to fully
implement starts in year j = 7). The repair operator is divided into two parts, the first part ensures
the validity of the chromosomes in Validity case III and the second part in Validity case II.

4.2.1. Repair Operator for Validity Case III

Ensuring validity of chromosome in terms of Validity case III is quite simple, it is basically
ensuring that each project i € I does not have its start of implementation in year j >n—p; +1,in
other words the value 1 must not occur in year j =n —p; + 2,n —p; + 3, ...,n. The repair operator
for case III can be written as follows:

Algorithm 1. Repair operator for Validity case I1I
Input: Chromosome X, p;, n.
for i €I
if Yin_p+2Xi; >0 then
Xije<0forallje{n—p;+2,n—p; +3,..,n};
X;; « 1 for randomly chosen j € {1,2,..,n —p; + 1};

end
return Chromosome X;

This algorithm ensures that projects in the chromosome that violate its validity in Validity case
IIT will be started in a year randomly chosen year j € {1,2,...,n —p; + 1}.

4.2.2. Repair Operator for Validity Case II

Repair operator for Validity case II is designed not to limit the stochastic element of the GA.
First, the cost of implementing the projects C; inyear j € ] is calculated, and it is evaluated whether
the sets of constraints (3a), (3b) and (3c) are violated. If these constraints are violated, the chromosome
needs to be repaired.

Consider the chromosome demonstrated in Table 7. Since the established concept of
chromosome encoding only allows to distinguish the years when a project starts its implementation,
an additional calculation is needed to express the cost of project implementation in each year.
Chromosome X can be transformed according to the following logic into a matrix C expressing the
cost of project implementation:

ieljelt=1,..p
Cijre—1 =Ny X 1 ' ©)

ij =

From this matrix, the total cost of project implementation in year j € J can then be simply
expressed as:
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¢; = Yier Cij J€J )]

Another additional value calculated for the repair operator is the reserve 7j, which determines
for each year j € /] the volume of funds that can be used in the following years, taking into account
the n + 2 rule. The algorithm for calculating the reserve is based on the assumption that the
implementation of projects in a given year j € J will be financed as a priority from unused funds
from previous years (j —1,j — 2).

Algorithm 2. Calculation of reserve 1;

Input: Chromosome X, n;., b;, n.
calculate ¢; for j € J;
calculate r, « b; —¢y;
if r, > 0 then
if r, = c, then
1«1 —Cy, and 1, < by;
else
Ty < by 1 —Cy
< 0;
else r, < b, — cy;
for j=3,..,n
if r;_, > 0 then
if 1;_, > ¢; then
| neene-gandneb;
elseif 7j_; > 0 then
if r,_y = ¢; —1;_, then
’ Tjo1 < Tjo1 T 752 T Cj;
Tj_, < 0 and 7; « by,
else
1< bj— (Cj = (12 + rj—l))/'
T < 0 and 1;_; < 0;

else

n< bt —cp
Ti_p < 0;
else if 7;_; > 0 then

if ,_; = ¢; then

-

Tj_q1 < Tji-y —¢; and 17 < by;

-

else

ne bt

-1 0;
else 7; « b; —cj;
end
return 7;, for j € J;

For demonstration and easy understanding of the newly introduced values, the example
chromosome X in Table 7, is transformed to example matrix C in Table 8. A reserve 7; is also
calculated for each year j € J.
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Table 8. Transformed example chromosome X into matrix C.

Year j €]
Project i € 1

1 2 3 4 5 6 7 8 9

1, n;y = (42,1,1) 0 0 0 0 0 0 4 2 1
2, n;y = (10,4,2) 10 4 2 0 0 0 0 0 0
3, nie=(3) 0 0 3 0 0 0 0 0 0
4, n;; = (484) 0 0 0 4 8 4 0 0 0
5 n;y = (5) 0 5 0 0 0 0 0 0 0
6, n;y = (6,2,2) 0 6 2 2 0 0 0 0 0
¢ 10 15 7 6 8 4 4 2 1

b; 10 10 7 8 8 8 7 0 0

] 0 =5 0 0 0 2 4 0 0

The repair operator for Validity case II ensures that budget utilization is not exceeded in any
year of the program period j € J. The concept of the operator is based on the calculated reserve r;
which can identify the years in which budget utilization is exceeded (r; < 0). If such years exist,
projects financed in these years are either transferred and financed in other years or not financed at
all. The potential for transferring the beginning of project i € I to year k € ] is expressed by value

Sik-

Algorithm 3. Repair operator for Validity case I

Input: Chromosome X, p;, n.
calculate C;j;
17 « Calculation of reserve r;(X, n;., bj, n);
create /' « {j € J|r; < 0};
while /' # @ do
Randomly chose j € J' and i € C;; > 0;
Xij <0
fork=1,...,.n—p;+1and t=1,..,p; do
Sik < Zf; Tirt—1 — Nigs™
create S; « {k €L ...n—p;+1|sy = 0};
if S; # @ then
| Xix < 1 for randomly chosen k € S;;

end
return Chromosome X;
*Note that the potential s; is not always accurate in terms of the beginning of project i € I being able to be

transferred from year j €/ to k € J. While in many cases the algorithm needs several iterations to transfer
projects into feasible solution, the proposed repair operator also creates more efficient way to search solution
space.

Repair operator is applied to a population as follows:

Algorithm 4. Repair operator algorithm

Input: population U.
foru=1,..,0 do
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{U[ul} « Repair operator for Validity case III{U[ul}, p;, n);
{U[u]} « Repair operator for Validity case II({U[u]}, p;, n);
end
return Population U;

4.3. Generation of Initial Population

Considering the constraints in given problem, a high number of invalid chromosomes can be
expected in the uncontrolled chromosome generation in the initial population. Due to the proposed
repair operator, it is necessary to ensure the validity of individuals during the initial population
generation only in terms of Validity case I. However, due to the computational complexity of the
repair operator for Validity case II, it is convenient to maximize the number of valid chromosomes in
the initial population to minimize the need to repair invalid ones. A suitable method for creating
initial chromosomes is presented in the following algorithm:

Algorithm 5. Generation of initial chromosome
Input: m,n.
create a zero matrix of size m X n;
calculate pgen;
for i € I:
With probability pg., do:

’ X;; < 1 for randomly chosen j € J;
end
return Chromosome X;

where
n
j=1bj

Pgen = Sm oo
i=1 Zt=1 ni,t

(10)

This algorithm ensures that the chromosome is always valid in terms of Validity case I. Validity
of the chromosomes in terms of Validity case II cannot be ensured by this algorithm, but by using the
Pen Probability, the number of valid chromosomes generated will be significantly higher than in
uncontrolled generation. The value of P yen indicates the approximate proportion of projects for
implementation given the cost of implementing them and the total volume of funds available. The
initial population is then generated depending on the population size o by the following algorithm:

Algorithm 6. Generation of initial population
Input: o.
create U = @;
foru=1,..,0 do
U « U U {Generation of initial chromosome(m,n)};

end
return Initial population U;

4.4. Selection Operator

The selection operator is one of the three genetic operators and ensures the selection of strong
chromosomes for subsequent operators and populations. The principle of evolutionary algorithms is
to work with better chromosomes as the algorithm progresses (as the number of iterations increases),
but to preserve the possibility of weaker chromosomes, since there are situations where crossover of
two weak chromosomes can produce a stronger chromosome than crossover of two strong
chromosomes. In the context of the problem at hand, Weighted Roulette Wheel Selection was chosen
as it is relatively simple and suitable for problems with a maximization criterion. The probability of
selecting chromosome u € U by the weighted roulette wheel p  can be calculated as the ratio of the
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fitness function value of chromosome u and the sum of the fitness function values of all
chromosomes in the population, i.e.

1
* ZuEUfu

In each iteration of the genetic algorithm, the selection process selects a number of chromosomes

(11)

that corresponds to the population size o. After o "spins" of the roulette wheel, an intermediate
population G is created, which corresponds to the set of chromosomes selected to proceed to
subsequent genetic operators.

Algorithm 7. Selection operator algorithm

Input: population U, p,.

create G = @;

foru=1,..,0 do
with probability p,, select u € U;
G« GU{Uul};

end

return Intermediate population G;

4.5. Crossover Operator

The purpose of the crossover operator is to create new chromosomes within the already existing
intermediate population G . This allows for the combination of genetic information from
chromosomes and the exploration of the solution space by diversifying chromosomes. There are
several types of chromosome crossover methods, differing primarily in the way genes are exchanged
between parents and their offsprings. Some of the basic crossover methods include single-point
crossover, two-point crossover, uniform crossover, and probability-based crossover.

In the crossover operator a single line crossover method was chosen, where the principle is the
same as in single point crossover, but due to matrix encoding of chromosomes the chromosomes are
divided by line rather than a single point. Given the matrix encoding of chromosomes there are
several options for setting up the crossover, the basic two being vertical line crossover and horizontal
line crossover. Since it is evident that vertical line crossover could produce individuals that are
invalid from Validity case I but also Validity case II, horizontal line crossover was chosen, which can
produce invalid chromosomes in terms of Validity case I and Validity case III, which are covered by
repair operator.

Running the crossover operator transforms 2 parent chromosomes into 2 offspring
chromosomes. Offspring chromosomes are a combination of their parents via the horizontal line
crossover method with probability p_ . Hence, the population size of the GA o needs to be set to an

. Lo . 1
even number. In terms of a GA with population size o, there will be ~o runs of crossover operator

to create a new set of intermediate population G. The transformation of two parent chromosomes
into two offspring chromosomes in case when crossover takes place is following;:
Consider the interpretation of the two parent chromosomes as

Py Py Py Py Py P2
IrX1,1 X1,2 Xl,n | I[X1,1 X1,2 Xl,n
Py Py Py Py Py Py
P, =1 X1 Xpa v Xon | and P, =1 X1 X5 v Xon I,
- Lo 0l
leln mez Xml.n lezJ mez erZnJ

then the two offspring chromosomes are created as follows.
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- yP1 Py Py r yP2 Py )
X1,1 X1,2 Xl,‘n Xl,l X1,2 Xl,n
Py Py Py Py Py Py
XZ,l X2,2 XZ,‘rl X2,1 X2,2 XZ,‘n
— Py Py Py _ Py Py Py
0, =1 X3 X2 Xn land 0, =] X7 X2 Xin b
Py Py ) Py Py Py
X(l+1),1 X(l+1),2 X(l+1),n X(l+1),1 X(l+1),2 X(l+1),n
) Py Py Py Py Py
L Xm,l Xm,Z Xm.n A L Xm,l Xm,2 Xm,n i

1/2

where X f ;' represents the element of P; or P, matrix with indices i €I and j € J.

Algorithm 8. Crossover operator algorithm
Input: Intermediate population G, m, o, p.,.
create G « @;
while |G| <o do
randomly chose P; and P, chromosomes from G;
with probability p., do
randomly chose value from interval (1,m — 1);

transform chromosomes P; and P, into 0, and O,;
GT < G U{0,,0,};
else G « G U {P,,P,};
end
return Intermediate population G°7;

For better understanding is the crossover operator demonstrated by the following example in

Tables 9 and 10.
Table 9. Fragments of parent chromosomes.
Fragment of P, Fragment of P,
0 0 0 0 0 1 0 0 0 0
1 0 0 0 0 0 1 0 0 0
0 0 1 0 0 0 0 0 1 0
0 0 0 0 1 0 0 0 0 0
0 0 0 1 0 0 0 0 0 1
0 1 0 0 0 0 0 0 0 0

The crossover line in the example was chosen as 4 by a random choice from interval (1,6 — 1).

Table 10. Fragments of offspring chromosomes.

Fragment of 0, Fragment of 0,

0 0 0 0 0 1 0 0 0 0
1 0 0 0 0 0 1 0 0 0
0 0 1 0 0 0 0 0 1 0
0 0 0 0 1 0 0 0 0 0
0 0 0 0 1 0 0 0 1 0
0 0 0 0 0 0 1 0 0 0

4.5. Mutation Operator

In general, mutation is implemented in genetic algorithms to diversify the population and thus
provide a larger search space of the region of solutions. In the context of the problem at hand, this is
for example the formation of a population whose all chromosomes have only values 0 in a certain
column. In such a population, it would not be possible for value other than zero to appear in that
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column by only crossover. As with crossover, the mutation must be designed so that it does not create
invalid chromosomes in terms of Validity Case I.

Within the mutation, for each column j € J of the chromosome X matrix, row i € [ will be
selected with probability p . The element X;; will then be inverted to the opposite binary value.
Three different mutation cases can occur:

e  Mutation case I - mutated element X;; = 1;
e  Mutation case Il - mutated element X;; =0 and Z}llei, i=0;
e Mutation case IIl - mutated element X;; =0 and Y7, X;; = 1.

While mutating an element of the chromosome matrix in Mutation case I or Mutation case II is
trivial (only the binary value of the element is inverted), in Mutation case IIl it is necessary to ensure
that after inverting the value of the element, ¥ c;X;; <1 (Validity case I) remains satisfied for a
given i € I. The example of all mutation cases is presented in Table 11.

Table 11. Example of 3 mutation cases.

Mutation case  Initial chromosome row Mutation Mutated chromosome row

Mutation case I 0 0 1 0 0 - 0 0 0 0 0
Mutation case II 0 0 0 0 0 - 0 0 1 0 0
Mutation case III 1 0 0 0 0 - 0 0 1 0 0

The mutated element is highlighted grey.

The algorithm of the genetic mutation operator is as follows:

Algorithm 9. Mutation operator algorithm

Input: Intermediate population G, py,.
foru=1,..,0 do

X < {GTul}*

for j€J:

with probability p,, do
randomly chose i € [;
if X;; =1 then
| Xij <0,
elseif };c; X;; = 0 then
| X<l
else
for k € ], where k #j X;), < 0;
Xij e 1

end
return New population U;

*For better understanding every chromosome is expressed as matrix X in each iteration u =1, ..., 0.

5. Results and Discussion

In genetic algorithms, in addition to the correct setup of genetic operators, chromosome
encoding and fitness function, it is also paramount to set the input parameters correctly. GA’s
parameters settings have a major impact on its efficiency, i.e. on the quality of the solutions obtained
and the computational time. As stated before, the proposed GA is a support for decision-making in
real-life. Since the experts meet usually once a year, the GA needs to be set up to provide a good
enough solution in a short amount of time. The authors assume that several changes will be made
during the meeting based on the experts' discussion and thus the calculation will need to be done
repeatedly. In such cases, the solution to the problem needs to be generated quickly to minimize
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unproductive time. The authors aim was to achieve at least 90% of the optimal solution under 90
seconds of computation time.

All the algorithms are coded in Visual Studio using the Python Programming Language. All
computations were done on the same PC with an Intel Core i5-8250U CPU @ 1.60GHz, 16 GB RAM
and operating system Windows 11 Pro.

5.1. GA Parameters Calibration

Since the authors aim to implement the proposed genetic algorithm as a decision support tool in
practice, computational experiments were conducted on a real-sized problem. Specifically, this
involves m = 300 transport infrastructure investment projects and a n = 9 year program period.
Calibration and computational experiments with the proposed genetic algorithm were performed on
the generated input data, which correspond to reality. These are the input parameters n, b; and a;.
Subsequently, several variations of the GA input parameters, i.e.,, population size o, number of
iterations g, maximum number of iterations with unchanged best solution I, crossover probability
Per and mutation probability p,, were tested and then evaluated in terms of their impact on GA
efficiency.

The first computational experiments were conducted to obtain effective settings for the
crossover probability p., mutation probability p,, and population size o. Since these GA
parameters greatly influence the quality of the solutions obtained, it was necessary to find effective
settings as a priority. The GA was run 10 times at each parameter setting combination, while
maintaining [ = 300, g = 5000.

While the crossover probability settings were based on fixed conventional values, the mutation
probability was calculated based on the following formula:

1
Pm =" (12)
where the value h determines the period of chromosome mutation. For example, for h =1, a
mutation occurs in every chromosome, while for h = 2, amutation is expected to occur once in every
two chromosomes. Formula (10) was implemented to ensure the correct mutation probability setting

in cases when the GA is applied to problems of varying sizes. The overall results are presented in
Figure 4.
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Figure 4. representation of computational experiment results - fitness function values and time for
each variation of GA parameters settings.
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The experiments suggest that the most suitable population size setting is o = 10, since it
provided most of the top 10 variants in terms of obtained fitness values. The results for population
sizes 0 = 20 and o = 30 show more stable results in terms of average fitness values obtained by
crossover and mutation probabilities variations and therefore seem to be less influenced by their
settings. However, the sensitivity of population size 0 = 10 to the probabilities settings suggests that
with their efficient calibration, better results can be obtained and in better computational. Results of
probabilities settings combinations for population size 0 = 10 are shown in Tables 12 and 13.

Table 12. Calibrations results - average quality of solution (10 GA runs for each combination).

Crossover Mutation probability p,,
Prob;cl:ﬂlty o - e - o
0.6 1266.90 1312.20 1317.10 997.20 1223.35
0.7 1302.60 1259.20 1235.80 1 034.40 1253.48
0.8 1275.70 1281.20 1249.20 1133.90 1265.38
0.9 1313.40 1322.90 1298.10 1092.90 1260.17
Total 1289.65 1293.88 1275.05 1 064.60 .

Table 13. Calibrations results - average computational time (10 GA runs for each combination).

Crossover Mutation probability p,,
Pmb;:lhty 0.111 0.056 0.028 0.006 Total
0.6 27.56 30.72 30.20 24.60 28.27
0.7 30.66 24.80 28.58 25.00 27.26
0.8 27.57 28.02 26.97 31.36 2848
0.9 33.60 32.20 27.63 29.87 30.83
Total 29.85 28.93 28.35 27.71 -

The results showed that the considered settings of the crossover probabilities do not differ in
any significant way in terms of the quality of solutions obtained or computational time. On the
contrary, the mutation probability setting has much higher impact on the GA performance due to the
fact, that repair operator can nullify a lot of elements in chromosomes. Therefore, a high mutation
probability increases chromosome diversity, potentially hindering efficient convergence, whereas a
low mutation probability limits effective exploration of the solution space. The chosen mutation
probabilities reflect setting the value h =1 (mutation occurs once per chromosome), h =2
(mutation occurs once per two chromosomes), h = 4 (mutation occurs once per three chromosomes)
and h =20 (mutation occurs once per twenty chromosomes). The results show a significant
difference of quality of solutions obtained of the h = 20 setting compared to the other three. In the
first phase of computational experiments, the combination of crossover and mutation probabilities
Per = 0.9 and p, = 0.056 proved to be the most effective and was therefore used in further
computational experiments.

The aim of the second phase of GA calibration was to figure out the efficient setting of
termination condition. The authors considered two options — terminating the calculation when
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maximum number or iteration q is reached or when the best solution remains unchanged for !
number of iterations. The preferred option is based on the convergence behavior, the example is

illustrated in Figure 5.
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Figure 5. Convergence behavior of one exemplary run of the proposed GA.

Since the settings of termination conditions can significantly affect computational time of GA,
several variations of number of iterations with unchanged best solution [ were tested on constant
number of maximum iterations q = 5000. The parameter g was set to a constant value due to GA
run time limitations with the assumption that it would rarely be exceeded. The results in Figure 6
show the dependency of obtained fitness function values and computational time on the maximum
number of iterations with unchanged best solution [. In Figure 7, correlation between real number of
iterations and computational time is presented.
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Figure 6. Representation of computational experiment results - fitness function values and
computational time for each termination condition settings (parameter 1).
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Figure 7. Representation of computational experiment results - correlation between computation time
and real number of iterations in GA run.

Because of the computational time requirement of the genetic algorithm, the efficient setting of
termination condition was determined as [ = 500 and g = 5000, since it provides best solutions
obtained while keeping the average computation time under 90 seconds. In GA applications where
maximum amount of available computational time is known, an alternative approach is to set a
termination condition as a timeout. However, this approach is not generally recommended since in
practical applications it is difficult to set up the correct timeout value.

5.2. GA Performance

Since the calibration provided an efficient setting of GA parameters, a comparison to an exact
solution was made to justify the use of the genetic algorithm in practice and demonstrate its benefit.
Since the implementation of a sophisticated decision support tool in practice is not possible to
implement until its effect is substantially proven, proposed solutions are created in a freely available
software. Both the genetic algorithm and the exact linear model were programmed in the Python
programming language. The freely available PuLP library was used to solve the linear model, which
uses the solver 'PULP_CBC_CMD' by default, The linear model was solved using the PuLP library,
which uses the PULP_CBC_CMD' solver based on Branch and Cut algorithm.

Initially, the performance of the proposed GA was compared to an exact solution on a problem
of already discussed size (m =300 and n=9). To fully explore the possibilities of GA
implementation on larger scale problems, another three scenarios were considered. The testing was
performed on randomly generated data based on real data’s distribution and scaled to problem’s
size. In following results in Table 14, GA was run only a single time to simulate real-life situation,
calculation by 'PULP_CBC_CMD' solver was terminated after one hour of computational time.

Table 14. Computation results of GA in comparison with LP model solution.

GA LP solution
Problem size Time [s] Solution Perc. of LP Time [s] Solution
obtained solution obtained
98.6%
m=50,n=3 2.7 643 0.19 652
0,
m=100,n=3 4.8 620 90.0% 3.6 689
92.2%

m=300n=9 60.1 1434 3 600+ 1555
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m=600,n=16 617.8 3589 86.8% 3 600+ 4137

m=1200,n =25 1704.4 5943 82.1% 3 600+ 7236

While on medium-sized problems GA outperforms exact solution, on large problems GA loses
its effectiveness. This is due to the increasing size of the matrices that encode the chromosomes. While
on the size of the problem for which the GA was designed, the operators are quite efficient, for large
problems the concept needs to be additionally modified. The priority should be to modify the repair
operator, which takes a lot of time with the current design. The authors have considered this
modification within the paper, but since the size of the problem solved in this paper was affected
negatively by the modification on the quality of the solutions obtained, it was not implemented.
However, in terms of time savings, it was a matter of reducing the computational time of the repair
operator to roughly the same time as the crossover operator (reduction by circa 60%).

To summarize the overall performance of the proposed GA with efficient parameters calibration,
additional computations were performed. The results of calibrated GA are presented in Table 15.

Table 15. Results of 10 GA runs with calibrated parameters.

Calculation Computational time [s] Fitness value Perc. of LP solution
1 144.11 1467 93.34%
2 182.03 1416 91.06%
3 121.21 1434 92.22%
4 112.43 1435 92.28%
5 63.55 1385 89.07%
6 73.13 1350 86.82%
7 120.87 1416 91.06%
8 64.92 1388 89.26%
9 81.23 1349 86.75%
10 116.01 1434 92.22%

5.3. Discussion

Proposed GA was developed to solve a very specific version of the multiple knapsack problem,
tailored for real-life decision-making process. This specific application presents unique challenges,
primarily due to the constraints imposed by the problem. As a result, a significant number of
chromosomes generated during the GA computation are invalid, which necessitates special handling.

Two main approaches were considered for dealing with these invalid chromosomes:
penalization within the fitness function and the use of a repair operator. In the proposed GA, a repair
operator was implemented to correct the invalid chromosomes. While this operator has proven
effective in maintaining a viable population and searching the solution space, it is computationally
demanding. In the post-computational analysis, the computational time of each phase of the GA was
investigated, the results are presented in Table 16.

Table 16. Computation time of GA phases (average based on 10 GA runs).

GA phase Time [s] Perc. of total time
Calculations 14.05 27.7%
Crossover 9.06 17.8%
Mutation 4.39 8.6%
Repair operator 23.29 45.9%

Since the repair operator takes about 46% of total computational time, potential area for further
research is the development of a more efficient repair operator to reduce the computational time and
increase overall performance of the GA, making it more suitable for practical decision-making
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applications. Alternatively, exploring the penalization approach, where invalid chromosomes are
assigned lower fitness scores, could provide a less computationally intensive solution. This approach
might allow the GA to focus on exploring the solution space more broadly, potentially leading to
better overall solutions with reduced computational overhead.

Additionally, given the constraints of the problem, special crossover and mutation operators
were created to preserve the feasibility of solutions. However, these custom operators may also
contribute to the computational complexity of the algorithm. Future work could explore optimizing
these operators to reduce their complexity, thereby improving the efficiency of the GA without
sacrificing solution quality. Another consideration is the quality of the initial population. Introducing
a heuristic-based method to generate a better initial population could improve the starting point for
the algorithm, potentially accelerating convergence towards high-quality solutions.

In terms of the concept of the problem addressed, the authors consider several modifications for
future research. Since the current article dealt only with ready-to-implement projects, it is appropriate
to consider the possibility of readiness of projects in different years of the programming period. This
modification also brings the possibility of introducing uncertain parameters into the problem, since
in practice it very often happens that project readiness or project implementation costs changes or is
hard to estimate. At the same time, the authors consider increasing the cost of project implementation
in advancing years (for example, due to inflation), which would make the problem a combination of
multiple and multidimensional knapsack problem.

In summary, while the proposed GA with a repair operator has demonstrated its effectiveness
in solving this specific version of the multiple knapsack problem, there are several opportunities for
improvement. Optimizing the repair operator, considering penalization as an alternative approach,
refining crossover and mutation operators, and enhancing the initialization process through
heuristics are all promising directions for future research. Addressing these areas could lead to a
more efficient and robust algorithm capable of solving complex real-life decision-making problems
more effectively.

5. Conclusions

The selection and scheduling of implementation of transport infrastructure investment projects,
which is possible to formulate as an NP-hard multiple knapsack problem, is a real-life decision-
making problem currently solved without any quantitative tools by group of experts. Since experts
define the direction of transport infrastructure development for the next few years by making
decisions, it is convenient to create a tool to support their decision-making. Due to the high time
consumption in case of solving the problem by exact solution, the problem was solved by means of a
genetic algorithm. The proposed genetic algorithm is unique in terms of encoding chromosomes
and the associated genetic operators. In addition, due to the large number of invalid chromosomes
appearing during genetic operators, a repair operator was introduced to ensure the validity of the
chromosomes throughout the genetic algorithm computation. There are a total of 3 situations in
which invalid chromosomes arise in the problem. While one of these situations can be easily secured
by setting the genetic operators correctly, the rest are secured by the repair operator.

Computational experiments showed that the proposed genetic algorithm provides solutions
where fitness function values range from 85% to 95% of the optimal solution value. In terms of
computational time, the mean value of computational time of one run of the GA is 108 seconds, which
is a small fraction of the computational time of the exact solution of a freely available solver. Detailed
analysis showed that in terms of computational time of each operator, the focus in future research
should be on a more efficient repair operator design or designing genetic operators that prevent the
creation of invalid chromosomes. The convergence behavior of GA could possibly be improved by
implementing heuristic algorithm to ensure better initial solutions.

Due to the high efficiency of the proposed genetic algorithm, it can be implemented in the
current decision-making process of experts. In general, the constraints of the problem addressed are
very specific, since the GA is applied to a specific decision-making process. However, the method of
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encoding individuals and working with them in genetic operators is universal and can be applied to
both simple and complex problems.
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