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Abstract: Management optimization is very important in tourism, especially when it is related to 

productivity. One of the problems in management optimization is tour guide assignment. Well-

arranged tour guide assignment will increase productivity while maintaining service quality. A 

cellular genetic algorithm is one of the methods that can be used to solve this problem. 

Furthermore, previous study has shown that a cellular dimension increase can lead to promising 

benefits for certain problems. The objective of this research is to give a clear understanding of the 

advantages of increasing cellular dimensionality on the tour guide assignment problem by using a 

cellular genetic algorithm.     
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1. Introduction 

Good service quality with high productivity is a key 

factor in tourism service centers that attract more tourists 

and increase profits. For this reason, management 

optimization becomes very important for tourism. By 

maintaining good management optimization, a service 

center can provide good quality service while keeping 

operational costs as low as possible. One of the problems 

in tourism management is tour guide assignment.  

In general, the assignment problem is a special type of 

linear programming problem that deals with assignment of 

various objects to various activities on a one-to-one basis 

in the most effective way to minimize the total assignment 

cost or consumed time needed to complete the tasks. 

The genetic algorithm (GA) and the cellular genetic 

algorithm (cGA) are two methods that have been chosen 

and proven by researchers for solving many kinds of 

optimization problems in both classical and real-world 

settings [1].  

In this research, we provide a clear understanding of 

the advantages of increasing neighborhood cellular 

dimensionality on the tour guide assignment problem 

(TGAP) by using a cGA. The goal of this study is to 

compare the results of a 3D topology with a 2D topology 

in terms of efficiency and efficacy. 

The rest of the paper is organized as follows. The next 

section describes the tour guide assignment problem; then, 

we explain the principle of the 3D neighborhood and how 

to introduce it into a cGA; after that, we show how the 

method was confirmed. Section 4 looks at the simulation 

experiment. Finally, we offer a conclusion from the results, 

and propose future work. 

2. Tour Guide Assignment Problem 

The assignment problem is usually recognized by two 

components of the assignments, which represent the 

unrevealed combinatorial structure. Each assignment 

problem has a table, or matrix, associated with it. In 

general, the rows represent the objects or people that we 

wish to assign, while the columns consist of the jobs or 

tasks that we assign to them. Consider the problem of 
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assigning n  resources to m  activities so as to minimize 

the overall cost or time under conditions where each 

resource will be assigned to handle one task only for each 

cycle. The cost matrix ( )
ij

C C=  is represented in Fig. 1. 

In a TGAP, the service center provides services where 

a number of tour guides will take different visitor groups. 

All guides have their own fixed guiding time to serve their 

group of visitors. To maintain good quality service, a guide 

should not be assigned to direct too many visitors at one 

time, especially on a weekend or holiday. To overcome 

this problem, when a visitor group is too large to handle, it 

will be divided into smaller subgroups before being served, 

where each subgroup will be handled by only one tour 

guide (Fig. 2). However, this situation will need more tour 

guides to handle every additional subgroup. Hiring a part 

time guide will be an economically reasonable solution, 

rather than recruiting a new full time employee. Since all 

part time guides will be paid based on their service time, 

an assignment of tour guides that provides lower total 

service time will be preferred. To reduce the total service 

time, additional preparation time should be reduced as 

much as possible. 

From Fig. 2, we can define an evaluation function to 

measure the total guide time. An assignment that has the 

minimum total guide time will provide the best schedule: 

For ,i T j S∈ ∈  

     Minimize F = { }
1 1

yx

ij ij i i

i j

G V p q
= =

+∑∑               (1) 

             { }0, 1 ,
ij
V i T j S∀∈ ∈ ∈  

             { }0, 1
i
q i T∈ ∀ ∈    

 

where Gij represents actual guide time of the employees, 

and Vij indicates a variable that takes a value of 1 for guide 

i when assigned to group j; otherwise, it is 0. While pi 

represents preparation time for the i
th
 tour, qi  will have a 

value of 1 when the service sequence number of the former 

subgroup is higher; otherwise, it is 0.  

However, to measure performance, some modification 

is needed. The assignment that has the lowest total guide 

time will become the best schedule for assignment of 

subgroups to tour guides. The modified evaluation 

function is composed of three parts: 

  

 F* { }
1 1

 .
yx

ij ij i i j j

i j

G V p q R o
= =

= + +∑∑                  (2) 

 
The first part is the actual guide time. In the second 

part, additional preparation time is considered. The final 

term in Eq. (2) is the product of {0,1} variable oj and the 

penalty function 
j

R , which is related to the relative 

importance of the visitor subgroups. The penalty function 

value for a more important subgroup is higher than other 

subgroups. The minimum total service time will be more 

effective and will lead to lower operational costs.  

In addition, some important data are needed before 

running the assignment. These data can be divided into two 

parts: 

- the visitor-related data, such as visitor group index 

number, names, and stay time 

- the tour guide–related data, for example, service 

capacity and preparation time 

3. 3D cGA Approach 

The tour guide assignment problem itself is a 

combinatorial optimization problem that is NP-hard. For 

this reason, a heuristic approach has been applied to solve 

this problem. GA and cGA were previously shown and 

discussed to solve the TGAP within a short time [2, 3]. 

However, both of those studies focused on implementing 

the method in the 2D environment only. There is still a 

possibility to improve the performance of the algorithm. 

Here, we proposed to solve the TGAP in a 3D architecture. 

Higher cellular dimensions have shown promising 

benefits in certain problems. Previous investigations into 

the 3D architecture showed improvements in the 

performance of the algorithm when compared with smaller 

grid dimensions [4, 5]. Increasing the dimensions of the 

neighborhood topology also gives a more efficient solution 

in terms of convergence [5].  

Compared to other genetic algorithm methods, cGA 

has several advantages, such as a high diversity level, 

which can be maintained for much longer, in comparison 

to centralized ones. For that reason, we focused on solving 

the TGAP in a cGA.   

In the cGA, the population is arranged in a special 

structure defined as a connected graph in a toroidal d-

 

Fig. 1. Matrix of Assignment Model. 

 

 

Fig. 2. The assigning of tour guides. 
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dimension grid where each individual is restricted to 

communicating with only their nearest neighbors. 

Generally, as shown in Fig. 3, the cGA process will start 

by evaluating the fitness of the neighborhood genotype; 

then, the fittest genotype will be selected as the first parent, 

while the second parent is chosen from the current 

individuals. Through a crossover process between the first 

and second parents, the fittest offspring will be selected 

and mutated. The modified offspring are then evaluated to 

find the fittest value. The process will be repeated until 

termination. 

The difference between a 2D- and a 3D-neighborhood 

cGA is the addition of the third dimension, which refers to 

the layers of the grid, with the position of individuals 

located on the z-axis. As a consequence, the 3D 

neighborhood is a denser neighborhood than one in 2D, 

leading to additional time for communications or 

computations, especially in a tournament selection system, 

since this system needs access to all individuals in the 

neighborhood.  

Before we make the assignment, the important part is 

that we need to encode the chromosomes first. These 

chromosomes consist of genes that represent the tour 

guides and subgroups. There are chromosome limitations, 

which we used to make this assignment, as explained 

below. 

1. Each tour guide can only be assigned to only one 

subgroup for each shift. 

2. Tour guides are not allowed to handle a group of 

visitors exceeding their capacity. 

3. Tour guides work for only 8 hours a day. 

4. The number of tour guides is known. 

5. Serving time and preparation time are fixed. 

 

The chromosomes in the population include the ID 

number of the subgroup, as shown in Fig. 4. The repeating 

tour guide ID number represents the working shift: first 

and second. Each subgroup ID is then assigned to each 

tour guide for each working shift to complete the 

chromosomes. From this encoding process, we can assign 

the tour guide to the subgroup. As a result, the assignment 

gives the proposed schedule shown in Fig. 5. 

Each tour guide will be assigned to only one subgroup 

in a certain time without exceeding the working hours of 

each tour guide.  

In the crossover process, the offspring are produced 

through a two-point crossover method. After two points 

are randomly chosen, there are three fragments available in 

each chromosome. An offspring is then created by copying 

the first and third fragments from chromosome 1 with the 

second fragment from chromosome 2. As illustrated in Fig. 

6, {6}, {8}, and {3} are copied from chromosome 1. The 

remaining numbers are {9}, {2}, and {5}. They are then 

copied to create the offspring. The procedure is quite 

straightforward, and it is not necessary for the number of 

each gene to be unique. 

El Zoghby et al. [3] previously applied a cGA to a 

TGAP in a 2D neighborhood world. However, Sarma and 

De Jong found that the convergence rate of the algorithm 

depends on the shape and size of the grid and the 

neighborhood [6]; thus, increasing the dimensions of the 

neighborhood is expected to give a more efficient solution 

within a shorter time. In this research, the comparison to 

be learned based on a cellular genetic algorithm results 

when a 2D- or 3D-grid structure is applied to solve the tour 

guide assignment problem.  

To increase the solution in a shorter computational time 

while keeping the quality of the solution with a 3D 

structure, Algorithm 1 is proposed. It starts by creating a 

random population (step 2), in which the fitness function 

of each individual will be evaluated (step 3), and it keeps 

updating individuals by using genetic operators until a 

 

Fig. 3. General 3D CGA process. 

 

Fig. 4. Encoding the chromosomes. 

 

 

Fig. 5. Assignment Form. 

 

 

Fig. 6. Crossover is done by a two-point crossover 
method. 
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termination condition is met (step 4). The current 

individual is then calculated, which can only interact with 

its neighbors (step 6). The first parent will be chosen from 

the current one (step 9). A binary tournament is then used 

as the local selection method in the neighborhood to 

choose the second parent (step 10). Two children with the 

best fitness will be delivered after one-point crossover is 

applied with probability Pc (step 11), followed by a bit-flip 

mutation with probability Pm (step 12). 

The algorithm then calculates the fitness value (step 

13), and replaces the current individual with the new one if 

it has a better fitness value (step 14). Each population then 

replaces the previous one on a synchronous update (step 

17). The loop continues until the termination condition is 

met (step 4).  

In the binary tournament selection, the population 

fitness in generation t  will be distributed normally 

( )2

, ,
,

F t F t
N µ σ . The individual with fitness F  from the 

binary tournament (s = 2) will have the expected value as 

the tournament winner, which can be calculated as 

 

 
, 1 ,

1
F t F t F t

µ µ σ
π

+ = +      (3) 

4. Simulation Experiment 

To compare the quality of the solution and the 

calculation speed for the 3D neighborhood relationships in 

solving the TGAP, we made a comparative experiment 

simulation of 2D and 3D neighborhoods.  

In this experiment, a conventional 2D and the proposed 

3D cGA were used to solve the TGAP. A comparison of the 

obtained results from the two methods was done from the 

perspectives of solution quality and speed. All 

experimental data results were obtained based on 30 

iterations, a two-point crossover and a two-point swapping 

mutation. Average, minimum, maximum, and variance 

values were obtained from the experiment, which represent 

the central tendency of distribution, the best solution, the 

worst solution, and the stability of the algorithm, 

respectively.  

In addition, some artificial data that are related to 

visitor and tour-guide data were input before the whole 

simulation process began. For this simulation, the number 

of tour guides and visitors was known. We set the data as 

in Tables 1 and 2. 

The service capacity varied from an experienced to a 

beginner tour guide. The experienced guide has a greater 

service capacity than the others. The preparation time also 

varied between experienced and beginner tour guides, 

where the experienced tour guide requires less preparation 

time. 

In the preliminary experiment, we try to find the most 

suitable condition for the TGAP. We ran simulation 

experiments with the same basic parameters but variations 

in some parameters, such as population size, crossover rate, 

and mutation rate, as shown in Table 3, to see the influence 

of these factors on the results and to calculate the best 

fitness over generations. The influence of crossover rate, 

mutation rate, and population size over the fitness values 

were tested to find the appropriate values of the parameters. 

The best assignment results can then be described in a 

timetable graph, as shown in Fig. 7. 

A comparison of various crossover rates was done. The 

results showed that 3D gave a better result in almost all 

rates, compared to 2D, in terms of fitness value and 

stability, as shown by the minimum and variance values 

obtained, except for the 0.8 rate. In this case, although 3D 

has a better value for minimum fitness, the smaller 

variance value shows that 2D has better stability than 3D. 

In terms of fitness value and stability, the results show that 

the best case is when the crossover rate is set at 0.9 for 

both 2D and 3D. The variations of best fitness value from 

the influence of crossover rate in both 2D and 3D 

scenarios are shown in Table 4. 

In a similar way, a comparison of mutation rates was 

done. The 0.9 crossover rate value from the previous 

experiment was chosen in this experiment in order to 

compare the results. Although there is almost no difference 

in the mutation process results from 2D and 3D at different 

rates, the results show that 3D still has a better fitness 

value and stability compared to the 2D neighborhood. 

Meanwhile, the best case was obtained at a rate of 0.05. 

Algorithm 1. Pseudo code of 3D-cGA. 

1. procedure cGA 

2. Generate_initial_population(P(0)); 

3. Evaluation(P(0)); 

4. while ! stop_condition() do 

5.     for i ← 1 to ROWS do 

6.       for j ←1 to COLUMNS do 

7.         for k ←1 to LAYERS do 

8. Neighbors ← compute_neighbors (position(i,j,k)); 

9. Parent1← position(i,j,k); 

10. Parent2 ←Local_selection (neighbors); 

11. offspring ← Recombine (Pc, parent1, parent2); 

12. offspring ← Mutate(Pm); 

13. Evaluation ← Fitness(offspring); 

14. Replace_if_better (position(i,j,k), offspring,P_aux(t)); 

15. end for; 

16. end for; 

17. P(t+1) ← P_aux(t);  

18. t ← t+1; 

19. end while; 

20. end procedure cGA 

  

 

Table 1. Visitor-related Data. 

 Description Value 

No. of Visitors Number of visitors Positive Integer 

Stay Time 
Time that visitors will 

choose for stay 
4, 8 hours 

 
Table 2. Tour Guide–related Data. 

 Description Values 

Service 

Capacity 

The tour guides have different 

capacities, depending on experience. 

15, 20, 

25 

Preparation 

Time 

This preparation time depends on 

service capacity of the tour guide. 

1-2 

hours 
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The variations of best fitness value with the influence of 

mutation rate in both 2D and 3D scenarios are shown in 

Table 5. 

We took another four additional cases to check the 

selected parameters with variations in population size at 50, 

100, 300, and 400 to enhance the results. Interestingly, 

judging from the minimum and variance values, there is 

significant improvement in the results when the population 

size is 300. The results show that, at 300, better solution 

and stability were obtained in both 2D and 3D 

neighborhoods. Linearly, the results once again showed 

that at all rates, 3D also gave better results than a 2D 

neighborhood in terms of fitness value and stability. The 

variations of best fitness values with the influence of 

population size in both 2D and 3D scenarios are shown in 

Table 6. 

In addition, we made a comparison of the execution 

times needed to reach the convergence solution between 

2D and 3D experiments. Although the difference is not too 

Table 3. Parameters for Simulation. 

Parameters 2D-cGA 3D-cGA 

Neighborhood East, west, north, south East, west, vertical north, south, horizontal north and south 

Generation Number 100 100 

Mutation Rate 0.01, 0.02, 0.03, 0.04, 0.05, 0.06 0.01, 0.02, 0.03, 0.04, 0.05, 0.06 

Population Size 50, 100, 300, 400 50, 100, 300, 400 

Crossover Rate 0.8, 0.9, 1.0, 1.1 0.8, 0.9, 1.0, 1.1 

Parent Selection Best neighborhood Best neighborhood 

Recombination Two-point crossover method Two-point crossover method 

Mutation Swap mutation Swap mutation 

Replacement Replace if better Replace if better 

 

 

Fig. 7. Best Assignment Result. 

Table 4. Comparison of Crossover Rate. 

Crossover 

Rate 

Neigh-

borhood 
Avg Min Max Var 

2D 159.39 158 164 3.84 
0.8 

3D 154.81 153 165 4.72 

2D 158.87 155 166 5.21 
0.9 

3D 153.16 152 164  4.65 

2D 160.75 158 165 5.60 
1.0 

3D 155.56 154 166 4.72 

2D 161.84 159 168 7.29 
1.1 

3D 156.33 155 168 5.59 

  

 

Table 5. Comparison of Mutation Rates. 

Mutation 

Rate 

Neigh-

borhood 
Avg Min Max Var 

2D 158.90 155 166 8.09 
0.01 

3D 153.44 152 164  6.64 

2D 158.12 157 163 4.16 
0.02 

3D 154.70 153 162 4.05 

2D 156.76 155 163 3.98 
0.03 

3D 152.72 151 161 3.22 

2D 154.7 153 160 3.41 
0.04 

3D 150.4 150 159 3.04 

2D 152.5 152 160 3.28 
0.05 

3D 149.4 149 158 3.05 

2D 154.6 154 161 3.70 
0.06 

3D 150.4 150 160 3.31 
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great, 3D still has better execution time than 2D, as shown 
in Table 7.  

Generally, the 3D topology has a complicated 
procedure, compared to 2D, which means that each 
generation needs a longer calculation time. However, for 
the same algorithm and parameters, we obtained an 
improved result with the 3D cGA over the 2D cGA in 
terms of execution and convergence time.  

Furthermore, the experiment showed that 3D reached a 
faster convergence process than 2D, which is indicated by 
the smaller generation cycle needed to reach the 
convergence time, as shown in Table 8.  

In addition, although in the crossover process, the 3D 
neighborhood will take a longer time than 2D, the 
mutation process will go faster, since the mutation only 
works over single individuals; therefore, no 
communications are needed among individuals in this 
process. Furthermore, the overlap of the neighborhoods 
provides an implicit mechanism for migration. This allows 
good solutions to spread quickly due to the shorter 
diameter, as well as diverse degrees of exploration and 
exploitation, giving longer genetic diversity preservation. 
As a result, the cGA with a 3D topology has better 
convergence time than a 2D cGA, as shown in Fig. 8.  

5. Conclusion 

This study analyzed the performance of cellular GAs 
with an increase in grid dimensions in order to find the 
best solution for minimizing the costs of the TGAP with a 
3D cGA approach.  

From the comparative experiments between the 2D and 

the 3D cGA, we can see that 3D has good features for 
solving the TGAP. The data obtained from the experiments 
showed that 3D gave a better solution in terms of quality 
and speed, compared to 2D. This approach has given a 
clear understanding of the advantages from increasing 
cellular dimensionality in solving the problem. 

As future work, we intend to solve the assignment with 
multi-objective problems, and will try to address concerns 
about visitor demands. 
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