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Abstract

Railway infrastructure plays a crucial role in large-scale countries due to its
high capacity for transporting heavy loads. In Brazil, although freight costs
are competitive and the railway share of total cargo transport is projected to
reach 40% by the end of 2035, road transport still predominates. In this con-
text, efficient maintenance of the permanent way is essential to ensure safety
and operational performance, making the optimization of resource allocation
a central challenge. This paper proposes an optimization model for railway
maintenance planning, focusing on the efficient allocation of crews within
available time windows, aiming to minimize operational impact and crew
travel distances while maximizing the impact of repaired defects. The prob-
lem is solved using the Biased Random-Key Genetic Algorithm (BRKGA),
a metaheuristic that stands out for operating independently from the decod-
ing process. Applied to five instances representing real railway scenarios, the
BRKGA achieved significantly superior performance compared to Simulated
Annealing (SA) and Classic Local Search (CLS). Quantitative results show
that BRKGA achieved an average cost reduction of 32% compared to SA and
38% compared to CLS, validating it as an efficient and flexible technique for
solving complex resource allocation problems in railway systems.

Keywords: Biased Random-Key Genetic Algorithm; BRKGA; Crew
Allocation;Railway Maintenance Planning

1. Introduction

The five largest countries by land area, in order, are Russia, Canada,
China, United States and Brazil. In this context, for countries with conti-
nental dimensions, the railway mode stands out as one of the most efficient
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due to its high capacity to transport large volumes and heavy loads over
long distances. This makes it vital to the economic activity of these nations
[1]. This relevance is reflected in the ranking of the world’s largest railway
networks: among the five countries with the most extensive rail networks,
four are also among the largest in territory. The United States leads the list,
followed by China, Russia and Canada, which occupy the second, third, and
fifth positions, respectively [2].

However, Brazil is left out of this scenario, as it remains highly dependent
on the road transport mode. According to the National Transport Confed-
eration (CNT), in February 2019, more than 60% of cargo transportation in
Brazil was carried out by highway, while 20% used railways [3]. This sce-
nario contrasts with the ideal model proposed by [4], which suggests a cargo
distribution in Brazil of 40% by rail, 40% by waterways and only 20% by
road. This balance would help reduce the dependence on highways, making
Brazilian logistics more efficient and competitive.

Nevertheless, according to the National Association of Railway Transport
(ANTF), in 2023, Brazil already demonstrated competitiveness in railway
freight costs compared to other countries. The average cost in the country
was $ 1.90 per tonne-kilometer useful (TKU) —that is, the cost to transport
one tonne of cargo over a distance of one kilometer— ranking behind only
Russia ($0.84 per TKU) and China ($1.59 per TKU) [5]. Furthermore, ac-
cording to the National Logistics Plan (PNL) 2025, in Brazil, it is estimated
that by the end of 2025, approximately 31% of the total cargo transport
will be consist of the railway mode, and projections indicate that this share
may reach around 40% by 2035 [6]. Thus, the country presents a strategic
opportunity for railway expansion, which, in addition to strengthening the
logistics infrastructure, also boosts the economy.

In this expansion process, maintaining railway infrastructure becomes
essential to ensure both transport efficiency and safety. According to the
accident report prepared by the National Land Transport Agency (ANTT)
in 2014, between 2006 and 2013, 37.94% of railway accidents in Brazil were
caused by structural, geometric, or construction-related issues on the perma-
nent way [7]. This highlights that track maintenance should be considered
a priority in operations. Based on the 2022 Yearbook of the National Con-
federation of Transport (CNT), approximately 50% of the investments made
by the railway concessionaires in 2016 were allocated to the superstructure
and infrastructure of the railways [8]. Given such significant investments,
it is crucial that maintenance resources are used in the most efficient and
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optimized way possible.
Given this scenario, this article proposes an optimization model for rail-

way maintenance planning, focusing on the efficient allocation of resources
and the optimal use of available time windows for corrective activities. The
methodology aims to minimize the operational impacts caused by track de-
fects, improve maintenance planning, and contribute to the efficiency of the
railway system,being solved using the Biased Random-Key Genetic Algorithm
(BRKGA) proposed by [9].

The paper is organized as follows: Section 2 presents the literature review
that covers studies related to the topic of this research. Section 3 provides
a detailed definition of the problem, describing both its operational con-
text and the mathematical formulation used to model it. Section 4 presents
the construction of the decoder, which is later combined with the Biased
Random-Key Genetic Algorithm (BRKGA). Section 5 discusses the compu-
tational results obtained from the application of the algorithm to real railway
scenarios. Finally, Section 6 presents the main conclusions and suggestions
for future research.

2. Literature review

In this article, the studies in the literature related to the topic are or-
ganized into four categories: those focusing exclusively on train scheduling;
those integrating maintenance planning with railway traffic management;
those emphasizing maintenance planning with a focus on team allocation;
and those providing the foundation for the use of genetic algorithms and
random-key methods, serving as the basis for the approach proposed in this
work.

2.1. Train scheduling problems

In [10], a Lagrangian relaxation-based approach is proposed to generate
optimized train timetables, considering track capacity constraints and differ-
ent types of services. In [11], a stochastic optimization model is presented
for allocating time supplements and buffer times in timetables, aiming to
increase robustness against operational disturbances. As described by [12],
the problem of inserting freight trains into passenger-dominated railway net-
works is addressed using an integer linear programming formulation and a
Lagrangian heuristic to assign feasible timetables close to the ideal ones. As
proposed in [13], a collaborative optimization model is developed for stop
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planning and train scheduling in high-speed railways, aiming to minimize
total dwelling time and departure delays, using a multi-objective mixed inte-
ger linear programming formulation. As shown in [14], a bi-objective mixed
integer linear programming model is developed to reschedule timetables in
high-speed rail corridors, minimizing travel time for new trains and schedule
adjustments for existing ones, while considering station capacity and accel-
eration/deceleration times.

2.2. Integration problems between maintenance planning and train schedul-
ing.

Recent studies have focused on the integration of maintenance planning
and train scheduling. In [15], a joint optimization model is proposed for
maintenance scheduling and train timetabling in double-track railway net-
works, taking into account that upstream and downstream trains operate
independently and that each maintenance task must be continuous and in-
divisible. A heuristic algorithm based on Lagrangian relaxation is used to
handle the model’s complexity and generate feasible solutions for real-world
railway networks. Following this line, [16] focuses on the Dutch context,
where passenger demand is expected to double by 2050. The study devel-
ops a Mixed Integer Linear Programming (MILP) model to allocate mainte-
nance projects in a way that minimizes passenger delays. It also proposes a
relaxation of so-called event requests—requests made by operators to block
specific time windows for maintenance—with the aim of better balancing op-
erational needs and major event schedules. Expanding on this perspective,
[17] addresses the simultaneous integration of three key components: train
scheduling, platform assignment, and maintenance planning in a high-speed
railway network. The model uses a binary integer formulation to minimize
operational costs and delays, employing a heuristic approach that dynami-
cally manages available time windows for train operations.

In a similar vein, [18] proposes minimizing the impact of maintenance
activities on train circulation by allocating maintenance windows during
naturally occurring gaps in the train schedule. To achieve this, a simu-
lated annealing technique is employed, incorporating constraints such as the
earliest start and latest end times for maintenance teams’ working hours.
Meanwhile, [19] focuses on the efficient allocation of rolling stock (trains and
locomotives), integrating both circulation and maintenance considerations.
The study presents an exact optimization model alongside a hybrid heuristic
approach to enhance fleet utilization. The results demonstrate significant
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improvements in time efficiency and productivity compared to manual plan-
ning methods. Finally, [20] develops a space-time network-based approach to
jointly represent maintenance activities and train operations. The problem
is decomposed into two subproblems: the allocation of major maintenance
tasks, and the integrated optimization of maintenance windows with train
scheduling. Both subproblems are addressed using customized heuristic algo-
rithms. Practical case studies from the Chinese railway network demonstrate
the effectiveness of the proposed methods.

2.3. Maintenance planning focused on crew allocation

These studies address maintenance planning with an emphasis on crew
allocation. In [21], a real-world case in Denmark is analyzed, where a new
signaling system requires quick responses to failures, placing pressure on the
planning system. In this context, a decentralized approach is proposed, in
which crews begin their shifts from their homes rather than from a single
central location. The study introduces a hyper-heuristic framework that
allocates tasks based on two main criteria: balancing the workload among
team members and minimizing the distance between tasks within each sub-
region, thus promoting agility in response times. In [9], the so-called ’curfew
planning problem’ is addressed, which involves defining an annual schedule
for maintenance projects that require full track closures (curfews). Each
crew has a specific skill set, and the schedule aims to minimize disruption
across the railway network throughout the year. To solve the problem, the
authors propose four iterative optimization algorithms, applied to real data
from a North American railway operator, achieving promising computational
results within minutes. Meanwhile, [22] proposes a time-space network model
to handle the allocation of crews to maintenance projects distributed across
an extensive railway network. The objective is to minimize both crew travel
costs and the operational impact of maintenance activities, while respecting
constraints such as exclusivity, precedence, and time windows. An iterative
heuristic method is developed to solve the large-scale problem, and the results
show a 66.8% reduction in total costs compared to current industry practices,
along with the elimination of constraint violations.

2.4. Random Keys and Genetic Algorithms

Introduced by [23], genetic algorithms use the so-called chromosomes to
represent solutions, which are evaluated and subjected to selection and re-
combination processes inspired by evolutionary mechanisms of biology. Over
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time, this approach has become established as an efficient optimization tech-
nique, applicable to a wide variety of problems [24].

In this context, the representation of the solution of a problem, the chro-
mosome, serves as the bridge between the phenotype (the set of all possi-
ble solutions) and the genotype (the computational, encoded form through
which these solutions are manipulated and processed by the algorithm)[25].
However, in situations where the solution is complex or the direct represen-
tation is too restrictive, it becomes necessary to employ indirect encodings.
In such cases, a decoder is used to transform the genotype (the encoded rep-
resentation) into the phenotype (the decoded solution) [26], as illustrated in
Figure 1.

Encoding
Indirect

Genotype Phenotype

Decoder Solution

Figure 1: Application of the decoder

Later, [27] proposed the encoding of solutions through random keys, in
which each solution is represented by a vector of random real numbers. This
strategy introduced greater flexibility to genetic algorithms, as it allowed the
manipulation to be carried out solely on the solution representation, indepen-
dently of the decoder. Subsequently, [28] presented a new class of heuristics,
called Biased Random-Key Genetic Algorithms (BRKGA), in which the ge-
netic method operates fully decoupled from the problem’s decoding, manip-
ulating exclusively the chromosome defined by the random keys throughout
the flow depicted in Figure 2 [28].
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Figure 2: Flowchart of a BRKGA

In this work, the BRKGA framework will be applied to the problem ad-
dressed in the following section, leveraging its ability to manipulate solution
representations independently of the decoding process. This approach allows
for a flexible and efficient exploration of the solution space, making it partic-
ularly suitable for complex optimization problems such as the one considered
in this study.

3. Problem definition

This section presents the operational context of a logistics company op-
erating a railway network divided into corridors and block sections. The
main factors impacting operational performance include track defects, speed
restrictions, and the work of maintenance crews. These elements, together
with the available maintenance windows, characterize the resource allocation
problem under investigation.

Section 3.1 explains the problem in a descriptive manner, providing all the
necessary context. Section 3.2, in turn, defines the problem in mathematical
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terms — not as a complete MIP model, but through the components required
to fully understand the cost function used in the GA.

3.1. Context

A railway network is divided into portions of its total length, called cor-
ridors (C). Within these corridors, there is an even smaller division, called
a block section (BS), which represents shorter segments of the track. Figure
3 depicts how corridors are subdivided into block sections.

BS1
1 BS1

2 BS1
3

C1

Railway segment

Figure 3: Track segments

A crucial factor for measuring operational performance is the average
time a train takes to travel from the beginning to the end of the corridor.
The higher the train’s speed, the shorter this time will be and, consequently,
the better the performance.

However, the presence of track defects, caused by equipment degrada-
tion, adverse weather conditions, or railway accidents, imposes speed re-
strictions on trains for safety reasons. The greater the number of defects,
the higher the speed reduction and therefore, more compromised becomes
the safety level of the railway.

Each defect identified on the track has an impact related to its sever-
ity. This impact is calculated based on the train’s deceleration curve when
passing entirely over the defect and is represented by a distance measure, as
presented in Figure 4. This corresponds to the distance traveled from the
point where the train departs from its normal speed until it resumes that
condition. The greater the distance indicated by the deceleration curve, the
higher the severity of the defect. Another relevant variable is the impact re-
sulting from the number of days the defect remains active without repair.
The greater the number of active days, the higher the safety risks and the
greater the severity attributed to the defect.

8



Speed

Defect
Distance

Normal speed

Safe speed

Deceleration start Desaceleration end

Impact distance

Figure 4: Deceleration curve

There are also two additional pieces of information related to each defect:
the address, which indicates the geographical location of the defect within
the Corridor, and the MH (man-hours required for the repair, considering a
single worker). For example, a defect that requires 2MH can be repaired in
2 hours by one worker or in 30 minutes by four workers.

To address these defects, there are maintenance crews responsible for
track repairs. Each crew is assigned to a specific corridor and has a fixed
number of workers. In addition, each crew has a base located at a strategic
point within the corridor, allowing them to respond more efficiently to nearby
defects. A corridor may have one or more crews operating simultaneously,
with no two crews working on the same defect at the same time.

For maintenance crews to operate, it is necessary to respect the intervals
between the passage of two consecutive trains. These intervals are predefined
for each Block Section (BS), specifying on which days and for how long they
will be available. This defines the time windows during which maintenance
can be safely performed without interfering with railway traffic.

The objective of the problem is to allocate maintenance teams to defects
in such a way that the maintenance windows are respected and no team is
assigned to more than one defect at the same time. The method should aim
to maximize the total impact of the defects corrected while minimizing the
distance traveled by the maintenance teams.

Figure 5 shows a chart representing an example of a solution obtained for
the problem. It illustrates the allocation of maintenance crews to the selected
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defects, where defects 12, 15, 10, 31, and 23 were repaired by crews 1, 2, 3,
and 4, as part of the obtained solution. The horizontal axis indicates time in
hours, while the vertical axis represents the maintenance crews. Therefore,
the length of each bar in the chart reflects the total repair time associated
with each defect.

1

2

3

4

D15

D23

D10

D31

D12

Crews

Time (h)
2 4 6 8 10 12 14 16 18 20 22

Figure 5: Solution example

3.2. Formal definition

Assume that each corridor has the following set of indices, parameters,
and variables:

Sets and Indices:

1. BS : Set of block Sections.
2. D : Set of defects.
3. T : Set of crews.
4. TWs : Set of available maintenance time windows for block section

s, s ∈ BS.

Parameters:

1. MHd : Man-hours required to repair defect d with a single worker,
∀d ∈ {1, . . . , D}.

2. Nt : Number of workers in crew t, ∀t ∈ {1, . . . , T}.
3. TW b

s : Set of start times of availability window for the Block Section
s, s ∈ BS.
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4. TW e
s : Set of end times of availability window for the Block Section

s, s ∈ BS.
5. Atd : Distance between the base of the crew t and the defect d, d ∈

{1, . . . , D}, t ∈ {1, . . . , T}.
6. Ddd′ : Distance between defect d and defect d′, ∀d, d′ ∈ D.
7. id : Impact of defect d, expressed in kilometers (km) and obtained from

the train deceleration curve (Figure 4), ∀d ∈ {1, . . . , D}.
8. Kd : Fraction of id, corresponding to the additional impact added for

each day that defect d remained active until it was repaired, ∀d ∈
{1, . . . , D}.

Variables:

1. TM b
d : Start time of maintenance activity to repair defect d, TMd

b ∈
Z+, d ∈ {1, . . . , D}.

2. TM e
d : End time of maintenance activity to repair defect d, TMd

e ∈ Z+,
d ∈ {1, . . . , D}.

3. TDd : Total number of days that defect d remained active without
being repaired, d ∈ {1, . . . , D}.

4. ztdd′ : Assumes value 1 if crew t consecutively repair defect d and d′,
and 0 otherwise, ztdd′ ∈ {0, 1}

5. xd : Assumes value 1 if defect d has been repaired, and 0 if that defect
remains active, xd ∈ {0, 1}

The objective function of the problem comprises two groups of compo-
nents: those associated with the impact of the repaired defects, and those
associated with the total distance traveled by the maintenance crews.

Components related to the impact:

P1 =
∑
d∈D

id xd (1)

P2 =
∑
d∈D

Kd id TDd xd (2)

Component P1 represents the total impact of all repaired defects, which
should bemaximized since it reflects the removal of the most critical defects
from the track. Meanwhile, component P2 captures the additional impact
related to the number of days each defect remained active. This value should
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be minimized, as smaller values indicate that critical defects were repaired
sooner. Both components are measured in kilometers (km), in accordance
with the definition of id.

Components related to the total distance traveled:

Y1 =
∑
t∈T

∑
d′′∈D

Atd′′ xd′′ (3)

Y2 =
∑
t∈T

∑
d∈D

∑
d′∈D

Ddd′ ztdd′ (4)

Let d′′ denote the first defect repaired by crew t. The first term represents
the total distance traveled by all crews from their respective base locations
to d′′. The second term corresponds to the total distance between consec-
utive defects repaired by the same crew. Both measures are intended to
be minimized, indicating that maintenance teams should travel the short-
est possible distances. Component P3, in turn, defines the total distance
expressed in kilometer (km) covered by all crews during the repair activities:

P3 = Y1 + Y2 (5)

Given that components P1, P2, and P3 represent different physical con-
texts of the problem, the direct sum of these terms in the calculation of the
objective function cost would not be consistent. To balance the contribution
of each component to the total cost, a weighting system (αi) was adopted,
formulated as a convex combination of the objective function components,
as follows: ∑

∀i

αi = 1 (6)

αi ∈ (0, 1) (7)

The objective function is then:

min F = −α1P1 + α2P2 + α3P3 (8)
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To prioritize railway track safety, greater weights were assigned to the
variables related to impact ( α1 = α2 = 0.4 , α3 = 0.2). Therefore, the objec-
tive of the problem is to determine a set of elements Ei = (d, t, TM b

d , TM
e
d)

in such a way that the objective function (F) is minimized.

4. Solution method

As previously mentioned, the random keys method was used to represent
the solution indirectly. The resulting vector has a size equal to the sum of
the total number of defects (D), blocking sections (BS), and maintenance
crews (T), as illustrated by Figure 6:

BS Gene Defects Gene Crews Gene

BS D T

Length of the random key vector

Figure 6: Random keys vector

4.1. Decoder

The decoder is applied individually to each corridor. As illustrated in
Figure 8, this process consists of four levels of iteration. At level 1, a block
section (BS) is selected; at level 2, a defect belonging to that section is cho-
sen. Level 3 determines the earliest available time window for maintenance
execution, and level 4 selects the crew responsible for the repair. Levels 1, 2,
and 4 follow the order defined by the random key, while time windows (level
3) are considered in ascending order of their starting times. Once this set of
elements is defined, an allocation function is applied to verify whether the
defect can be repaired by the selected crew within the corresponding time
window.
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Select block section

Select defect from the BS

Select time window

Select crew

Assignment verification

(1)

(2)

(3)

(4)

Figure 7: Levels of iteration

A defect remains unallocated after all possible combinations of crews and
time windows have been tested by the allocation function. The decoding
process is completed once all defects in the global list — that is, all defects
belonging to the corridor — have been evaluated. A more detailed represen-
tation of the decoder is presented in the flowchart of Figure 8.
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Figure 8: Flowchart of decoder

4.2. Allocation Function

The allocation function is responsible for assessing the feasibility of as-
signing a maintenance crew to a given defect, considering the operational
constraints imposed by the maintenance windows and the crew’s temporal
availability. Based on the provided parameters, the function calculates the
total time required to perform the activity and verifies whether this alloca-
tion is feasible within the available time window.
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The function receives four main parameters:

1. t : Select crew, t ∈ {1, . . . , T}.
2. d : Select defect, d ∈ {1, . . . , D}.
3. twbi : The i-eth element of the set of maintenance window start times

(TW b
s ) for the block section s where the defect is located, s ∈ {1, . . . , BS}.

4. twei : The i-eth element of the set of maintenance window end times
(TW e

s ) for the block section s where the defect is located, s ∈ {1, . . . , BS}.

Considering also that, for crew t, the following sets are established:

1. Dt : Defects repaired by crew t, where Dt ⊂ D and t ∈ {1, . . . , T}.
2. Re

t : Set of end times of repair activities assigned to crew t, where the
variable TM e

d ∈ Re
t , and d ∈ Dt.

3. Rb
t : Set of start times of repair activities assigned to crew t, where the

variable TM b
d ∈ Rb

t , and d ∈ Dt.

Using these parameters and sets, the allocation function computes the
following elements:

1. Current time (ct) : The last moment when crew t was occupied
performing a repair, obtained as the maximum value of the set Re

t .
From this time onward, the crew is available for new assignments.

2. Available repair time (at) : The total duration of the maintenance
window:

at = twei − twbi (9)

3. Repair time (rt) : Ratio between the effort required to repair the
defect (MHd) and the number of workers in the crew (Nt):

rt =
MHd

Nt

(10)

4. Travel distance (dp) : Distance between the current location of crew
t and defect d. If the defect is the first assignment of the crew, this
distance is measured from the crew’s base (Atd); otherwise, it corre-
sponds to the distance between the last repaired defect and the new
one (Ddd′).
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5. Travel time (tt) : Ratio between the travel distance (dp) and the
average travel speed of the crew (vt):

tt =
dp
vt

(11)

6. Waiting time (wt) : Any idle period between the crew’s arrival at the
defect and the beginning of the maintenance window, when the arrival
occurs before twbi.

7. Final time (ft) : The final moment of the repair activity, obtained as
the sum of the current time, travel time, repair time, and waiting time:

ft = ct + (tt + rt + wt) (12)

A defect is assigned to a crew if the final time is less than the end of the
maintenance window and the repair time is less than the available time for
the repair, that is:

ft < twei and rt < at (13)

When these conditions are satisfied, the defect d is allocated to set Dt,
and the sets Rt

b and Rt
e are updated with the respective start and end times

of the repair activity. Figure 9 visually represents how these variables are
interpreted by the allocation function. In the example, three crews are con-
sidered for the repair of the same defect, with t1 being the only one that
satisfies both constraints established in (13). It can be observed that t3 does
not meet the restriction rt < at, while t2 violates the condition ft < tewi.

Crews

Time
(hours)

Travel time (tt) Waiting time(wt)

Travel time (tt)

Travel time (tt) Repair time (rt)

Repair time (rt)

Waiting time (wt)

ct twbi twei

Repair time(rt)

t1

t2

t3

Avaiable repair time (at)

ft1 ft2 ft3

Figure 9: Allocation function illustration
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Thus, the allocation function acts as the decision core of the decoder, en-
suring that the solutions generated by the random-key structure are feasible
and comply with the operational constraints of the railway system.

5. Results

The BRKGA, combined with the decoder, was applied to five different
instances representing real railway scenarios. The number of items included
in the main parameters — block sections (BS), defects (D) and crews (T )—
for each instance is presented below:

Instance BS D T

0 3 31 4
1 10 47 6
2 17 47 5
3 6 27 8
4 15 44 6

Table 1: Instances

In addition to the BRKGA, two additional optimization methods based
on local search were applied for comparison purposes: Classic Local Search
(CLS) and Simulated Annealing (SA). Both methods were implemented
using the SWAP neighborhood.

Local search stands as one of the earliest generic algorithmic templates
for solving optimization problems in an approximate manner. It iteratively
intensifies a neighborhood until no further improvement is possible, thus
reaching a local optimum.

On the other hand, the Simulated Annealing (SA) technique follows a
principle inspired by the physical process of metal cooling. Unlike SWAP,
it may accept worse solutions with a probability controlled by the system’s
“temperature.” As the temperature decreases, the likelihood of accepting
inferior solutions gradually diminishes, allowing the algorithm to escape local
optima and converge toward near-optimal or global solutions [29].

There was no fine-grained parameter tuning for the algorithms. They
were used as follows:
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• Classic Local Search (CLS)

The neighborhood considered was based on the SWAP operation. At each
step of the search, two elements of the solution are exchanged, generating
a neighboring solution. After evaluating this solution, if it yields a lower
value for the objective function, it is immediately adopted as the new cur-
rent solution, following the first improvement selection criterion. All possible
combinations between pairs of positions (i, j) are examined. Thus, consid-
ering n as the number of elements in the key, the number (N) of neighbors
tested is:

N =
n(n− 1)

2
(14)

In this case, the algorithm does not return to re-evaluate the pairs of
positions that were already tested before the update, but instead continues
the process from the new solution.

• Simulated Anneling (SA)

The neighborhood was also defined through SWAP operations; however,
for the Simulated Annealing, five distinct combinations of positions (i, j) are
randomly generated, producing five neighbors from the initial solution. The
neighbor selection follows the best improvement criterion: among the five
generated neighbors, the one with the best objective function value is chosen
as the candidate neighbor, even if its objective value is worse than that of the
current solution. This candidate neighbor is then evaluated according to the
Simulated Annealing acceptance rule to determine whether it will be adopted
as the next solution. The parameters used in the Simulated Annealing were:

• Initial Temperature: T0 = 1000

• Final Temperature: Tf = 40

• Cooling Schedule: Temperature decay given by

Tk+1 = α · Tk, α = 0.99

where Tk is the temperature at iteration k.
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• Neighbor Acceptance: Let ∆ be the difference in objective function
values between a neighbor and the current solution. The acceptance
probability is given by

Paccept = e−
∆
T

and a random number r ∈ [0, 1] is generated. The neighbor is accepted
if r < Paccept. At higher temperatures, worse solutions have a higher
probability of being accepted, allowing the algorithm to explore the so-
lution space more freely; as the temperature decreases, this probability
diminishes, guiding the search toward local improvement.

• BRKGA

Default parameters of the BRKGA implementation (BrkgaMpIpr) were
defined as follows:

• Population size: 1000
• Elite percentage: 0.05
• Mutants percentage: 0.25
• Number of elite parents: 3
• Total parents: 12
• Bias type: LINEAR
• Number of independent populations: 5
• PR number of pairs: 0
• PR minimum distance: 0
• PR type: PERMUTATION
• PR selection: BESTSOLUTION
• Alpha block size: 1
• PR percentage: 0.0
• Exchange interval: 10
• Number of exchange individuals: 50
• Reset interval: 75

The results of the objective function obtained by the three methods across
the five instances are presented below.

20



Method 0 1 2 3 4 Total

BRKGA 0.27 83.80 84.20 41.42 97.52 306.78
SA 0.84 88.35 134.12 72.17 159.02 454.50
CLS 4.32 103.11 148.99 68.15 176.47 501.04

Table 2: Results

The processing times, in seconds, for each method applied are presented
in the following.

Method 0 1 2 3 4 Average time (s)

BRKGA 44.20 84.70 76.90 63.30 64.00 66.62
SA 2.40 7.50 5.30 4.30 4.80 4.92
CLS 0.6 1.8 2.4 0.8 1.6 1.44

Table 3: Results

The results show that the BRKGA exhibited consistent performance com-
pared to the other methods, achieving an average cost reduction of 32% rel-
ative to Simulated Annealing (SA) and 38% relative to Classic Local Search
(CLS). Although the BRKGA was slower, with an average runtime of 66.62
seconds per instance (compared to 4.92 seconds for SA and 1.44 seconds for
CLS), it produced higher-quality solutions. Neither SA nor CLS were able
to improve the solutions previously obtained by the BRKGA when applied
as additional local search steps. Thus, the BRKGA stands out as a promis-
ing genetic technique for allocation problems, exploring the solution space
independently of the decoding process and enabling optimization with good
performance.

6. Conclusion

The results obtained demonstrate that the BRKGA proved to be a highly
promising approach for the proposed allocation problem, achieving remark-
able results and superior performance compared to the other methods tested,
even in the presence of some limitations identified during development.
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These limitations, however, represent opportunities for improvement that
could further enhance the efficiency of the algorithm. First, there is a need
for a deeper understanding of the BRKGA parameters, as limited knowledge
about their tuning may have led to the adoption of suboptimal values, re-
stricting part of its performance. In addition, the allocation function used
does not consider intermediate insertions between already allocated defects,
always prioritizing the latest available time — which limits the exploitation
of potential time windows. Finally, it was observed that the same random
key may generate identical solutions, since defects are directly dependent on
the blocking sections (BSs), which reduces population diversity and, conse-
quently, the algorithm’s exploratory potential.

Despite these restrictions, the BRKGA presented highly satisfactory re-
sults, demonstrating its optimization capability. Additionally, it is important
to highlight that the entire work was developed using Python and a public
and freely available implementation of the BRKGA, which means that any-
one can reproduce the experiments carried out, adapt the code to their needs,
and apply the solution in different railway contexts or even in other sectors.
In this way, overcoming or mitigating the identified limitations will further
enhance the quality of the solutions, highlighting BRKGA as a versatile, ac-
cessible, and effective alternative for the optimization of complex allocation
systems.
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[28] José Fernando Gonçalves and Mauricio GC Resende. Biased random-key
genetic algorithms for combinatorial optimization. Journal of Heuristics,
17(5):487–525, 2011.

[29] S. Kirkpatrick, C. D. Gelatt Jr, and M. P. Vecchi. Optimization by
simulated annealing. Science, 220(4598):671–680, 1983.

25


