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Abstract. This paper presents a proposal for solving the Problem of
Selecting Bailiffs by Districts (PSB/D) in the central of warrants in
Maranho-Brazil using Genetic Algorithm (GA). The complete solution
to the PSB/D problem is a Web-based software called GAPSB/D. We
conducted several experiments to prove its applicability considering two
scenarios. The first scenario represents the central of warrants in the
city of Imperatriz. The second one depicts the city of São Luı́s. The
GA results are compared against two approaches: the manual selection
currently in use and Simulated Annealing (SA). Results have proved GA
could create solutions as good as the manual process, and it is more
stable than SA, especially in the second scenario, in which the search
space can reach a size of ≈ 1071 possibilities of solutions.
Keywords: Bailiff, np-hard, metaheuristic, genetic algorithm, simulated
annealing.

1

Introduction

Real world problems are usually complex and, in most cases, enumerative algorithms are impossible to be applied due to constraints and the size of search
space. A real-world problem we have faced is the selection of bailiffs by Districts
(PSB/D), which is ruled by the Provision 18/2011 of General Internal Affairs
of Justice of State of Maranhão (CGJ-MA in Portuguese) [7]. The 2nd Art. of
that provision says the allocation of bailiffs in their respective areas (districts)
will be done quarterly and electronically by the information technology stall of
the Court of Justice.
Currently, the selection and distribution is done manually by a Microsoft
Excel spreadsheet, and all constraints are also met manually in a trial-error
based; this process takes about two days and, at least, two employees to perform
the four distributions of 1 year. Also, the search space is too large, about 1022
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possibilities of solutions for the first scenario (Imperatriz) and 1071 for the second
one (São Luis). In fact, that problem size becomes attractive the use of metaheuristics such as Genetic Algorithms.
In this context, this paper proposes an optimization model for the PSB/D
problem. Thus, it can be solved by any binary meta-heuristic. At the best of
our knowledge, there is no other way to solve this problem in the literature
neither using a meta-heuristic nor a simplified enumerative algorithm. In fact,
the works [2,5,8,12,16,18,19,20] solve problems in the legal area, but they are
entirely different problems. In other words, there are no applications related to
our problem. Thereby, our proposal is to solve the problem using a Genetic Algorithm (GA) [4,13,14]. Indeed, we used a specific GA called selection-mutation
GA [1]. The final application is a Web-based one called GAPSB/D, which was
developed using a combination of open source tools, techniques, models, and
patterns. In fact, the solution will be available via the Web for using in different
cities including those one mentioned in both test scenarios. Furthermore, we
have compared the GAPSB/D with both the manual process and Simulated
Annealing. Results have shown GAPSB/D produces reliable solutions with high
quality.
The remainder of this paper is divided as follows: Section 2 presents some important concepts about the distribution problem. Section 3 details our proposal
presenting how individuals are modeled and how to compute the fitness function;
Section 4 shows all experiments; finally, Section 5 presents the conclusions and
future work.

2

Distributing Bailiffs

Some concepts are necessary to understand how bailiffs are distributed. The first
one is the concept of a district, which is composed by one or more neighborhoods.
A Central is a place where writs and court orders are managed. A bailiff is an
officer who belongs to a district and is responsible for delivering writs and court
orders. Figure 1 shows the relationship between these concepts.

Fig. 1. Relationship between concepts.
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In this work, we deal with two different scenarios. The first one is the Central
of Imperatriz, which is devised by 27 bailiffs and 6 districts. The second scenario
is the Central of São Luı́s that is composed of 16 districts and 84 bailiffs. Thus,
the problem is how to distribute all bailiffs in order to deliver all writs and court
orders.
This process is round-robin based and done quarterly; however, some rules
must be obeyed. In the first one, none of the bailiffs can be allocated in the same
district sequentially, i.e., a bailiff can not be assigned to the same district in
contiguous quarters. Further, there is a constraint that imposes that a district
has an exact number of bailiffs. The distribution must select exactly the amount
of available bailiffs on each district; in other words, none of the bailiffs can be
idle.

3

Our Proposal: GAPSB/D

The Genetic Algorithm for Selecting Bailiffs by Districts (GAPSB/D) is a selectionmutation genetic algorithm for solving the PSB/D. The main characteristic of
this approach is the unusual method of creating the initial population, which uses
a constructive algorithm to try to select the best individuals. Similar operators
can be seen in the works [9] and [6]. Furthermore, the GAPSB/D adds two
different fitness functions: the population fitness and the genes fitness. Both are
set using a minimum value, and both are used as stop criteria.
Because the GAPSB/D is a selection-mutation GA, the crossover operator is
not used. Moreover, tests indicated the crossover operator created many invalid
individuals that had to be submitted to repairing method in this particular
application, increasing the computational time considerably. In other words,
the benefit of the crossover operator does not pay-off the required processing.
Algorithm 1 shows the pseudocode of the GAPSB/D.

Algorithm 1: The Genetic Algorithm GAPSB/D.
1
2
3
4
5
6
7
8
9
10
11
12

begin
Create initial population
Repair invalid individuals
Evaluate initial population
while stop criteria not achieved do
Run genetic mutation
Repair invalid individuals
Evaluate new population
Update population
end
end
return Best Population

ISSN 1870-4069

85

Research in Computing Science 121 (2016)

Ribamar Loura do Carmo, Omar Andres Carmona Cortes, Fernando Jorge Cutrim Demétrio

The initial population is created using a constructive algorithm [9] that keeps
individuals feasible by repairing the invalid ones. The stop criterion obeys one
of the following conditions: (i) when the algorithm reaches the minimum of the
population fitness, and all genes of the population met the gene fitness; or, (ii)
when the algorithm reaches the maximum number of iterations.
While the stop criterion is not reached, the population undergoes mutation.
Any invalid individual goes to the repairing function, which runs for 100 iterations trying to repair it. If the repairing process fails, the individual is added to
the population nevertheless. Then, the population is evaluated, and the updating
process only occurs if the new population (population fitness) is better than the
previous one. Next sections give details about the representation and explain
each step of the GAPSB/D algorithm.
3.1

Individual Representation

The chromosome representation is fundamental to the AG. It is a way of transforming the information of the problem into a solution that a computer can deal
with. In this context, each chromosome or individual is binary and has embedded
into itself the following information:
–
–
–
–
–
–
–
–

–

An individual represents a district;
A gene represents a bailiff;
The number of genes is the number of bailiffs involved in the distribution;
A gene equals one indicates that the bailiff was selected to that particular
district;
The population represents the complete distribution of the available bailiffs
throughout the districts;
The population size is the number of districts used in the distribution;
The chromosome size is the number of bailiffs used in the distribution;
Capacity is the maximum amount of genes equal to 1 that each chromosome
must possess. It is a constraint that the algorithm tries to obey because
individuals out of the capacity are unfeasible solutions;
Distribution is the activity of selecting bailiffs and assigning them to the
districts.

Table 1 presents an instance of the population in the GAPSB/D. In this
particular example, we have six districts, 20 bailiffs, and a population size equals
to 6. Moreover, the table shows the gene capacity, which is the maximum number
of bailiffs that can be selected by a district. For example, the individual 6 depicts
a district with five bailiffs being selected to that district. Furthermore, we can
notice that all population is valid in this example.
3.2

Initial Population

The GAPSB/D tries to select only the best genes for each individual when the
initial population is created. If the capacity of each chromosome is violated, the
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Table 1. Representation of the PSB/D in GA.
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Total:

1
2
3
4
5
6

Capacity of genes Chromosome
3
10000000110000000000
3
00010000000101000000
3
00000000000010110000
3
00001000001000000010
3
00000000000000001101
5
01100111000000000000
20

repair method is executed to transform the infeasible solution into a valid one [9].
The process is iterative, and if after 100 iterations of repairing an individual is
still invalid, it is added to the population nevertheless.
3.3

Evaluations: Fitness Functions

The fitness function must represent the quality of each individual in a particular
problem to be solved [4], [14]. However, as previously mentioned, our approach
introduces two more fitness functions: the population and gene fitnesses. As one
can imagine, the gene fitness is used to calculate the individual fitness, which is
used to compute the population fitness. The gene fitness is calculated using the
historical selection of recent districts, i.e.; we consider the historical information
of which bailiff was selected to which district in chronological order according to
Equation 1:
(
if p > 0
p × ∗ 100
ps ,
ag =
,
(1)
100,
otherwise
in which p is the position of the district in the history list of the last n districts,
n is the number of districts participating in the distribution, and ps is the
population size. An ag = 100 when p = 0 indicates the bailiff has not been
selected by the district in the last n distributions. In the end, ag is a vector
containing all genes evaluations. Afterward, the individual is evaluated by the
lower fitness of its genes. If any chromosome has a gene with zero fitness,
then zero will be the individual fitness. Finally the population is evaluated by
Equation 2, in which p is the amount of genes with best fitness, i.e., with fitness
equals to 100, and cl is the chromosome length:
qg = p ×
3.4

100
.
cl

(2)

Updating Population and Elitism

Updating the population is a small modification in the population that almost
not changes the processing time, but it assures that the performance of the AG
always enhances over the generations. A good practice is to choose an individual
ISSN 1870-4069
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randomly combined with an elitist strategy, which ensures that the best solution
never perishes while the algorithm tries to avoid the genetic convergence [14].
Replacing the old population by the new population based on the population
fitness in GAPSB/D does not guarantee the best individual will belong to the
new population because the population fitness is a mean fitness. Thus, if the new
population is better than the current one, one or two individuals (the best ones)
from the current population are selected to go to the next generations. The
choice is made randomly between all individuals with fitness equals to 100%.
Only one individual is selected in the first scenario and two in the second one.

3.5

Genetic Mutation

The genetic mutation is applied to each individual of the population based on a
mutation rate, excepting on those ones that have been selected by the elitism in
the previous generation [3], [10]. After several tests, we could notice that a rate
of 50% can explore the diversity of individuals and produces quality solutions
in both scenarios. On the other hand, this high rate can also produce invalid
chromosomes, which are repaired as previously stated.

4

Experiments

The experiments were conducted on a notebook with 4th generation processor,
Intel Core i7-4500U, 08 GB of RAM, and 1 TB SATA hard drive (5400 RPM),
running the Windows operating System 8.1, 64bits. Furthermore, as previously
mentioned, the experiments were performed in two different scenarios using the
parameter shown in Table 2 for GA and SA algorithms [17,11], respectively. Ten
distributions of Bailiffs were performed for both scenarios. The results represent
the mean of the fitness, runtime and standard deviation corresponding to 30
executions.
Table 2. Inputs parameter GAPSB/D and SA per scenario.
GA
Inputs parameter
Mutation rate
Generations number
Percentage of best fitness
Percentage of minimal fitness
SA
Inputs parameter
Evaluations number
Percentage of best fitness
Percentage of minimal fitness
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scenario 1 scenario 2
50%
50%
10.000
30.000
100.00% 100.00%
100.00% 100.00%
scenario 1 scenario 2
10.000
30.000
100.00% 100.00%
100.00% 100.00%
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Regarding the comparison against SA, a solution is formed by a chromosome
with 120 genes for the first scenario and 1344 genes for the second one. This
modification is necessary for two reasons. The first one is for making the comparison fair in terms of evaluations. The second one is for having a full solution,
which involves all bailiffs and districts.
In order to claim if the GAPSB/D is better than SA, we performed a bicaudal t-test with α = 0.95 considering H0 as being “all means are the same”;
therefore, any value without the interval [−2.0452, 2.0452] is considered as a
rejection of H0 . A t-test is possible because of the central limit theorem, which
states that any sample greater than 30 instances tends to present a normal
distribution [15].
4.1

Scenario 1: 6 Individuals x 20 Genes

Table 3 illustrates the problem size of the Central of Warrants of Imperatriz,
which has 6 districts and 20 bailiffs. Thus, combining all possibilities of the
problem size we obtain a search space of something around 2.9 × 1022 .
Table 3. Scenario 1: illustrates the problem of the Central of Warrants of Imperatriz.
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Total:

1
2
3
4
5
6

Genes capacity Combinations
3
1.140
3
1.140
3
1.140
3
1.140
3
1.140
5
15.504
20
≈ 1022

Figure 2 shows the comparison of the average fitness of 10 distributions for
scenario 1, proving that the GAPSB/D presents, in general, better solutions than
SA because SA obtained the best fitness only up to the second distribution.
It is important to notice as we increase the number of distributions, we also
increment the difficulty on solving the problem because it affects the historical
of each bailiff.
Table 4 shows a t-test comparing GAPSB/D versus SA. As we can see,
after the second distribution we start rejecting H0 , which means that difference
between algorithms starts being meaningful, i.e., GAPSB/D starts presenting
better solutions from the third distribution to the last one.
4.2

Scenario 2: 16 Individuals x 84 Genes

The second scenario represents the problem of the distribution of bailiffs in the
central of warrants of São Luı́s. The information presented in Table 5 were extracted from the database of the System of process accompanying, called Themis
ISSN 1870-4069
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Fig. 2. Scenario 1: Average Fitness.

Table 4. Scenario 1: GAPSB/D X SA.
Average Fitness
Standard deviation
Distributions GAPSB/D SA T-Test GAPSB/D SA
1
100.00 100.00 0.00
0.00
0.00
2
100.00 100.00 0.00
0.00
0.00
3
100.00
96.17 6.71
0.00
3.13
4
100.00
73.50 29.39
0.00
4.94
5
95.00
61.67 30.84
0.00
5.92
76.83
52.17 23.05
4.25
3.39
6
7
85.00
63.50 29.65
0.00
3.97
8
80.00
49.17 37.00
0.00
4.56
9
79.83
63.33 25.74
0.91
3.56
79.50
51.50 35.87
2.01
3.75
10

(Internal system-use, developed by the IT of Court of Justice). Hence, combining
all possibilities of the problem size we obtain a search space of something around
≈ 1071 .
Figure 3 shows the average fitness for 10 distributions, in which we can
observe that GAPSB/D produces solutions with high quality if compared with
SA. After the fourth distribution, the quality of solutions from SA decreases
considerably, reaching an average fitness as small as 13.57.
Table 6 presents a comparison for the second scenario, in which we can
see the differences start being meaningful from the fourth distribution on. An
interesting fact is as the problem becomes harder to solve the GAPSB/S remains
more stable presenting the most significant differences between the fifth and
eighth distribution. The differences on the t-test show the instability of the SA
algorithm to cover the search space.
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Table 5. Scenario 2: districts of the central of warrants of São Luı́s.
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Individual
Total:

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Genes capacity Combinations
3
95.284
5
30.872.016
5
30.872.016
7
4.529.365.776
7
4.529.365.776
5
30.872.016
5
30.872.016
6
406.481.544
3
95.284
10
2.761.025.887.620
8
30.872.016
4
43.595.145.594
3
1.929.501
6
406.481.544
4
1.929.501
3
84
84
≈ 1071

Fig. 3. Scenario 2: average fitness.

5

Conclusion

This work presented a selection-mutation GA for solving the problem of bailiffs
distribution by districts. Results have proven that the implemented Genetic
Algorithm is stable and reliable because solutions obey all constraint required
by the Provision 18/2011. Furthermore, GAPSB/D showed better results than
Simulated Annealing and reduced considerably the time needed by doing the
distribution manually. Moreover, the results indicate the possibility of using GA
in bigger instances containing more districts and more bailiffs.
Future work includes testing integer representation providing more flexibility
in selecting bailiffs; parallelizing bigger instance of scenarios using more districts
ISSN 1870-4069
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Table 6. Scenario 2: GAPSB/D X SA.
Average Fitness
Standard deviation
Distributions GAPSB/D SA T-Test GAPSB/D SA
1
100.00 100.00 0.00
0.00
0.00
2
100.00 100.00 0.00
0.00
0.00
3
100.00
97.83 13.57
0.00
0.87
4
100.00
89.30 24.77
0.00
2.37
5
100.00
64.60 6.52
0.00
29.72
6
96.00
30.43 10.16
1.62
35.79
7
94.50
13.57 15.98
1.28
27.76
8
93.67
18.57 12.83
2.07
31.54
9
86.73
69.43 35.02
2.27
2.60
10
83.57
51.20 26.03
3.09
6.40

and bailiffs; test different meta-heuristics such as Differential Evolution and
Particle Swam Optimization.
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