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ABSTRACT

Google Maps does not provide route recommendations if users
want to find the shortest route from multiple destinations or
stop destinations, or more than two destinations. Departing
from the shortcomings of Google Maps which cannot sort the
sequence of multi-destination routes with the shortest distance,
the researcher created an innovation with a genetic algorithm
in solving the problem of the Traveling Salesman Problem
category. The processes in the genetic algorithm of solving the
Traveling Salesman Problem include data collection from
primary document sources, ETL implementation, genetic
algorithm implementation, and genetic algorithm testing with
comparison algorithms. The data to be used in this study is
primary data from the day tour package "Banyuwangi City
Tour" from PT. LINTASNUSA TOURISM PRIMARY. This
research produces recommendations for destination routes with
the shortest real-time travel distance with short computational
time. The genetic algorithm that has been programmed will be
compared with other Traveling Salesman Problem solving
algorithms, namely Nearest Neighbor and Brute Force. Based
on the results of testing with primary data, the genetic algorithm
is proven to be able to solve the Traveling Salesman Problem
with the shortest average distance and the same as the solution
of the Brute Force algorithm, which is 42.759 kilometres. The
genetic algorithm also successfully recommended destination
routes with shorter real-time travel distances or more optimal
solutions compared to the Nearest Neighbor algorithm, but the
genetic algorithm took 0.9 seconds slower computational time
than the Nearest Neighbor algorithm.

General Terms
Genetic algorithm, Nearest Neighbour, and Brute Force.

Keywords
Genetic Algorithm, Traveling Salesman Problem, Google
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1. INTRODUCTION

Google Maps is a free navigation and mapping application
provided by Google. Google Maps ranks first in popular
navigation apps with a percentage of 67% of 511 respondents
where respondents are smartphone users who use at least three
different apps per day [1]. Based on the same survey, 87% of
respondents use navigation apps to show directions when
driving.

On some occasions, the destination that users want to reach
while driving is more than one or two. This is one of the
shortcomings of Google Maps, where Google Maps has not
provided route recommendations if users want to find the
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shortest route from multi-destinations or more than two stops
or destinations. This study is important because currently there
are no tools for tourism actors in Banyuwangi so in determining
the travel route there is no guidance and is prone to unoptimized
travel routes which can have an impact on losses for both tour
entrepreneurs, tourists, and business activities related to
tourism.

Google Maps users can only add additional destinations
without a sequence of destinations with the shortest estimated
distance. To get a sequence of destination routes with the
shortest distance on Google Maps, users must drag and drop
and make as many route combinations as (n — 1)! or n less one
and then factor. The number of destinations (n) is reduced by
one because the route starts from the departure point and
returns to the departure point. Simply put, to get the best route,
users must try all possible destinations of the route manually
until the route with the shortest distance and fastest travel time
is found. This is a weakness in using the Google Maps
application because, of course, it will take a lot of time until the
route with the shortest distance and the fastest time. Therefore,
a recommendation for determining the route of many
destinations with the shortest distance is needed. Departing
from the shortcomings of Google Maps which cannot sort the
order of multi-destination routes with the shortest distance, an
innovation was created with a genetic algorithm in solving the
Traveling Salesman Problem category. By solving the
Traveling Salesman Problem with a genetic algorithm and
utilizing Google Maps API to access the distance between
destinations in real-time, the best individual will be generated
in the form of a route sequence of destinations with the shortest
distance.

2. LITERATURE REVIEW

2.1 Previous Studies

There have been several previous studies that address the topic
of solving the Traveling Salesman Problem using genetic
algorithms. One of them is a study [2] that used a genetic
algorithm to determine the optimal route among four
anonymous cities (A, B, C, and D). The route starts from city
A and will also return to city A. The distances between cities
are determined with default values. The stopping criterion for
the genetic algorithm to generate new generations (iterations)
is if the obtained fitness value is not better or equal to the fitness
value of the previous generation. In this study, that criterion
will be adopted, but will be developed with a genetic algorithm
for solving the Traveling Salesman Problem with real-time
distances from the Google Maps API for real destinations.
Meanwhile, a related study on genetic algorithms to solve the
Traveling Salesman Problem has been conducted for
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determining the distribution routes of PT. Pos Indonesia in
Bandar Lampung [3]. The distances used to calculate fitness are
computed using the Euclidean distance between the longitude
and latitude of each post office address, then multiplied by the
decimal degree value. The parameters used are as follows:
chromosome length of 16, population size of 30, crossover rate
of 0.95, mutation rate of 0.01, and number of generations of
100. The limitation of this study is that the calculation of
distances between post offices does not use actual travel
distances. However, the genetic algorithm still proves to
provide an optimal solution with the shortest distance of
66.52239581 km among the 16 post office locations. In this
study, real-time distances from the Google Maps API will be
used, making it a more realistic solution.

There is international research that also discusses genetic
algorithms for solving the Traveling Salesman Problem using
genetic algorithms [4]. This study proves that genetic
algorithms outperform the Discrete Fruit Fly Optimization and
Simulated Annealing algorithms in achieving the best results in
two out of three Traveling Salesman Problem cases. The
limitation of this study is that the testing of the genetic
algorithm is limited to distance matrices in three samples
Traveling Salesman Problem datasets and has not been applied
to real-world problems. In this study, real-time distances from
the Google Maps API will be used, making it a more realistic
solution.

Another international research [5] found that genetic
algorithms are more efficient compared to a similar algorithm,
Particle Swarm Optimization, as genetic algorithms process
only a few particles and their operations involve only particle
exchanges. The weakness of this research is the
implementation of the genetic algorithm that iterates the
movement of particles without storing the global best value.
Therefore, this study will store the overall best value
throughout the iterations or generation generations in the
genetic algorithm.

Based on these three previous studies, the application of genetic
algorithms is chosen to solve the Traveling Salesman Problem.

2.2 Terminology

2.2.1 Genetic Algorithm

A genetic algorithm is an algorithm based on population for
optimizing problems that require a large and complex search
space. It is through the population that genetic algorithms can
find solutions beyond the scope of local optima. When a new
generation is created through crossover and mutation
processes, chromosomes are evaluated based on a fitness
function [6]. The following is the sequence of processes in a
genetic algorithm [6]:

1. Initialization: forming a set of individuals by randomly
arranging chromosome genes in a specific order. These
chromosomes represent the solutions to be found. In
this study, the chromosome representation used is
permutation representation.

2. Reproduction: the process of producing offspring from
individuals in the population. The recombination
operators used in the reproduction process are
crossover and mutation.

3. Evaluation: Calculate the fitness value of each
chromosome. The higher the fitness value, the more
suitable the chromosome is as a candidate for the
optimal solution.
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4. Selection: selecting individuals from the population
and offspring to be retained for the next generation.
Probabilistic functions are used to select individuals to
be retained. Individuals with higher fitness values have
a greater chance of being selected. This probabilistic
function is known as roulette wheel selection.

Here are some important definitions of genetic algorithms
(Belluano in [7]) [8]:

1. Genotype: the representation of the values in a
chromosome. Chromosome is the basic unit of
genotype. Genotypes can be binary, float, character,
combinatorial, and so on.

2. Allele: the representation of a value in a genotype.

3. Chromosome: a collection of genotypes that form
specific values.

4. Locus: the position of a gene in a specific chromosome.

Individual: the representation of one of the expected
optimal solutions. An individual consists of a
chromosome with a certain length.

6. Population: a group of individuals processed in a
specific cycle.

7. Generation: a unit to represent one cycle of evolution
or iteration in genetic algorithms.

2.2.2 Crossover

The crossover process involves inheriting some genes from the
parent individuals in the same direction and exchanging other
genes. In this stage, the crossover rate (pc) needs to be
determined. This value represents the ratio of offspring
generated through the crossover to the population size,
resulting in offspring equal to pc multiplied by the population
size. The crossover method used in this study is the one-cut-
point method, randomly selecting a cutting point and
performing crossover on the right side of each parent to
generate offspring [9][8].

2.2.3 Mutation
In this study, the type of mutation used is reciprocal exchange
mutation. This method is the simplest mutation method. The
reciprocal exchange mutation works by randomly selecting two
positions (exchange points / XP) and swapping the values at
those positions [10].

2.2.4 Alternative: Nearest Neighbour Algorithm
The Nearest Neighbour Algorithm is one of the algorithms that
apply the Greedy algorithm principle to solve the TSP. The
Nearest Neighbour Algorithm chooses the best option based on
the most recent data without considering the overall data. The
Nearest Neighbour Algorithm is widely used in various fields
of science and technology [11] [12]. In solving the Traveling
Salesman Problem, the Nearest Neighbour Algorithm always
visits the nearest point or destination. The technique is to
choose which point or destination to visit first, and as long as
there are points that haven't been visited, visit the nearest point
that has not appeared in the route, then return to the starting
point [13].

2.2.5 Alternative: Brute Force Algorithm

The Brute Force method works by generating all possible
routes among all points and then calculating their distances. To
obtain the most optimal solution, the route with the shortest
distance is chosen. Here are the steps of the Brute Force method
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for solving the Traveling Salesman Problem [14]:

1. Calculate the total number of destinations or points that
need to be visited.

2. Generate and list all possible destination routes.
3. Calculate the distance for each route.

4. Select the route with the shortest distance as the optimal
solution.

2.2.6 Traveling Salesman Problem

The Travelling Salesman Problem (TSP) falls into the category
of well-known optimization problems due to the complexity of
the computational process and its applications in real life, such
as school bus routes and courier vehicle scheduling [15]. The
TSP is a combinatorial NP problem. The problem in the
Travelling Salesman Problem is described as a salesman and a
list of cities. The salesman must visit all the cities, starting from
a specific point (e.g., headquarters), and then return to the
starting city. The TSP problem uses a permutation
representation because it involves finding the optimal sequence
of visiting locations, where each location is visited only once,
and then finding the sequence with the most optimal value [16].
Mathematically, the TSP can be formulated as a problem of
minimizing travel costs as follows [9].

7= min{Z?zlx?zl ci]-xl-}-} (1.2)
with additional arguments as constraint:

Yiax;=1,forj=1,23,..,n-1 1.2)
Z}lzlxij =1fori=1,2,3,..n—1 1.3)

2.2.7 Permutation Representation

Permutation representation describes a solution. Each gene in
the chromosome is represented by an integer that represents a
location, while the locus indicates the order of visitation for
each location [9].
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2.2.8 Google Maps API

According to Google Maps, it is a web service that provides
various mapping services. Meanwhile, Google Maps API is a
JavasScript library that allows the modification of existing maps
on Google Maps according to specific needs. Google Maps API
helps users maximize the mapping capabilities of Google for
specific purposes and benefits [17].

2.2.9 Multidestination Travel Routes
Multidestination travel routes refer to the Traveling Salesman
Probwhichhere allows someone to create a combination of
routes to reach one or more desired destinations during the
journey [18].

3. RESEARCH METHODOLOGY

Broadly, this research will use a multi-destination list from
primary data as input. The multi-destination list will serve as a
parameter for the distance_matrix method of the Google Maps
API, with the API key filled in, to extract a list of road distances
between destinations. From this list, it will be transformed into
a Traveling Salesman Problem. To find the optimal solution to
the Traveling Salesman Problem, a genetic algorithm will be
implemented in a Phon programming language. The genetic
algorithm program includes population formation, parent
selection, mutation, crossover, and fitness value calculation.
The output of the program will be a recommendation for the
sequence of routes from the entered destinations, with the
shortest road distances. The visualization of the analytical
method can be seen in the following Figure 1.

In this research, the data comes from primary document
sources, namely the "Banyuwangi City Tour" tour package
from PT PRATAMA WISATA LINTASNUSA. After data
collection, ETL (Extract Transform Load) is implemented on
the data. The following Table 1 is a visualization of the ETL
diagram in this study.

Destinations List Google Maps API Distance Matrix  Traveling Salesman Problem Maost Optimum or Shortest Distance Route
' -
{
1 ' '!
Ly .

vy 9 2 § -

q a -
¥

Genetic Algorithm

Figure 1 Research Workflows
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Table 1 ETL Research Diagram

EXTRACT

Google Maps APl Key Faket "City Tour

Banyuwangi
+ key: string + destinasi: list of string
Client Gmap
+ client: class
'googlemaps.client.Client

Distance Matrix

v
Dictionary of desfination
information

+ dict_distance: dictionary

TRANSFORM

h 4

Slicing dictionary to
get distance values
only

h 4
List of distance

+ list_distance: list of integer
with shape 1 xn

Y

Reshaping list as a
matrix nx n

LOAD

h 4
Matrix of distance

+ list_distance: list of integer
with shape nxn
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%time
def main():
starting point = 1
progress = []
if len(location) <= 5:
population = 20
elif len(location) <= 7:
population = 50
else:
population = 100
indiv =
initialization (population,len(location),starting point)
fitness list = fitness(indiv, distance gmap,
len(location))
indiv = selection(indiv, fitness list, population)
if len(location) <= 6:
iteration = 20
cross_rate = 0.2
mutation rate = 0.5
elif len(location) <= 8:
iteration = 50
cross_rate = 0.2
mutation rate = 0.5
else:
iteration = 100
cross_rate = 0.2
mutation rate = 0.7
i=0
fitness_twin = 0
temp fitness = 0
while i < iteration and fitness twin < 35:
offspring cross = crossover onecut (indiv, cross_rate,
len(location), distance gmap)
offspring mut = mutation(indiv, mutation rate,
len(location), distance gmap)
indiv = np.append(indiv, offspring cross, axis =
indiv = np.append(indiv, offspring mut, axis = 0)
fitness list = fitness(indiv, distance gmap,
len (location))
indiv = selection(indiv, fitness(indiv, distance gmap,
len(location)), population)
indiv = indiv|[:population]
progress.append (100 / fitness 1ist[0])

0)

if fitness 1list[0] == temp fitness:
fitness twin += 1
else:

fitness _twin = 0
temp fitness = fitness 1list[0]
i+=1" -
indiv_selection = selection(indiv, fitness(indiv,
distance gmap, len(location)), population)
fitness final = fitness(indiv_selection, distance_ gmap,
len(location))
print ("Final optimum route: " + str(indiv_selection[0]))
print ("Final optimum distance: ", ((100 /
fitness final[0]/1000)))
distance final = (100 / fitness final[0]/1000)
best indiv = indiv_selection[0].tolist ()
rute = []
for i in best indiv:
rute.append (destinasi[i-11])
return progress, rute, distance_final

progress, rute, distance final = main()

Figure 2 Main Function Snippet Code

After performing the extraction and transformation process, the
list of distances between destinations with a dimension of 7 x 7
will be accommodated into a variable that will directly enter
the genetic algorithm.

In the implementation of the genetic algorithm, several
processes are divided into several functions which are then
called in a main function. In this subchapter, each process in
the genetic algorithm that has been created in the main function
and the function that is called will be described. The main
function of the genetic algorithm is shown in Figure 2 above.

To speed up the computation time, the number of individuals
in a population, the number of iterations, the crossover rate, and
the mutation rate are determined using simple conditioning (if-
else statement). This experiment has been proven to improve
the efficiency of the genetic algorithm.

After the determination, initialization is performed to generate
the initial population to obtain a set of individuals with a certain
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number in a population. The random method (shuffle) is used
to form the initial individuals, n in a population. In accordance
with the condition that the route always starts with a starting
point, a chromosome arrangement condition is set to always
place the gene index representing the starting point at index 0
(zero). The temporary chromosome formed is then appended
with the starting point gene at the last index. This also follows
the condition that the route must return to the starting point.
The result of this function is a set of candidate parent
individuals with random chromosome arrangements.

After initialization, evaluation is performed. Evaluation is used
to calculate the fitness of each chromosome of the individual.
In this evaluation, the 7 x 7 distance matrix, the result of the
ETL process, is used to calculate fitness. The fitness formula
used is 100 divided by the total distance of the chromosome
arrangement of each individual. The function will return a list
or array containing fitness values.

Selection functions to retain individuals with the best fitness.
Bubble sorting is performed where there will be continuous
element exchanges in the fitness array and individuals as many
times as the length of the fitness array but reversed or starting
from the last index. The selection function will return an array
or list of individuals that have been sorted in ascending order.
The selection applied in this research is roulette wheel
selection.

After selection, the next stage is reproduction. The genetic
algorithm operators used in this reproduction stage are
crossover and mutation.

The crossover method used is a one-cut-point, where the
offspring or child is formed by exchanging a pair of parents that
have undergone a previous selection and roulette wheel
processes. In the crossover process, a cut point index is
determined randomly for crossover, except for the first and last
indexes, forming a part of the offspring chromosome genes by
slicing the first parent according to the cut point index, then
filling in the remaining genes from the second parent that are
not the same as the previous first parent genes. The result of
this crossover function is an array or list of offspring equal to
the number of individuals in a population multiplied by the
predetermined crossover rate through previous conditional
statements.

In this research, the reciprocal exchange mutation method is
used, which works by selecting two positions or indexes
randomly, except for the first and last indexes, and swapping
the values at those positions. In the mutation stage, only one
selected individual is used as a parent and two indexes are
determined to swap their element positions. The result of this
mutation function is an array or list of offspring equal to the
number of individuals in a population multiplied by the
predetermined mutation rate through previous conditional
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statements.

In addition to the implementation of the genetic algorithm, this
research also implements the Nearest Neighbour and Brute
Force algorithms. The recommended routes from the genetic
algorithm will be compared in terms of distance traveled with
the Nearest Neighbour algorithm and computation time with
the Brute Force algorithm.

The Nearest Neighbour algorithm implementation implements
the queue data structure used by following the FIFO (First In
First Out) principle. The addition of elements (enqueue) uses
the built-in append and insert functions while the removal of
elements (dequeue) with the built-in remove function. The
result of the Nearest Neighbour algorithm is the destination
route, the accumulated distance between destinations in route
order, and computation time.

The implementation of the Brute Force algorithm utilizes the
permutations module of the itertools library as well. To get all
destination route permutations of (n — 1)!. After obtaining all
permutations of destination routes, all distances between
destinations from these permutations are calculated, and then
take the destination route with the shortest or minimum
distance. The result of this Brute Force algorithm is the
destination route, the accumulated distance between
destinations in the order of the route, and the computation time.

4. RESULTS

The testing process was conducted on Tuesday and Thursday.
The first test was conducted on Tuesday, March 28, 2023, at
12:23:41 WIB, comparing the route sequence, distance
traveled, and computation time between the genetic algorithm,
Nearest Neighbour algorithm, and Brute Force algorithm. The
second test will perform the same comparisons on Thursday,
April 6, 2023, at 11:04:31 WIB. The final test involves
comparing the distances between destinations generated by the
genetic algorithm with the original destination routes from the
"Banyuwangi City Tour" package.

The results of the first test are presented in Table 2. Based on
Table 2, it can be concluded that the implementation of the
genetic algorithm shows a significantly shorter computation
time compared to the Brute Force algorithm. However, when
compared to the Nearest Neighbour algorithm, it appears that
the Nearest Neighbour algorithm has a faster computation time
with a delta of 0.98 seconds compared to the genetic algorithm.

Based on the aspect of distance traveled for the destination
route, it can be concluded that the genetic algorithm is superior
to the Nearest Neighbour algorithm and is equally superior to
the Brute Force algorithm.

The results of the second test are presented in Table 3.
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Table 2 First Trial Results

Algorithm

Destination Route
Travelling Distance
(kilometre)

Computational Time
(seconds)

Destination Route Order

Genetic
Algorithm

42,873

1,45

ASTON Banyuwangi Hotel and Conference Center,
Jagir Waterfall,

Gandrung Terakota Park,

Banyuwangi Jopuro Tourism Attraction,

Marina Boom Beach Banyuwangi,

Pendopo Sabha Swagata Banyuwangi

ASTON Banyuwangi Hotel and Conference Center

Nearest
Neighbour

44,706

0,542

ASTON Banyuwangi Hotel and Conference Center,
Pendopo Sabha Swagata Banyuwangi,

Marina Boom Beach Banyuwangi,

Jagir Waterfall,

Banyuwangi Jopuro Tourism Attraction,

Gandrung Terakota Park,

ASTON Banyuwangi Hotel and Conference Center

Brute Force

42,873

15,4

NOORWNRPRNOORWNRENOORAWNE

ASTON Banyuwangi Hotel and Conference Center,
Jagir Waterfall,

Gandrung Terakota Park,

Banyuwangi Jopuro Tourism Attraction,

Marina Boom Beach Banyuwangi,

Pendopo Sabha Swagata Banyuwangi,

ASTON Banyuwangi Hotel and Conference Center

Table 3 Second Trial Results

Algorithm

Destination Route
Travelling Distance
(kilometre)

Computational Time
(seconds)

Destination Route Order

Genetic
Algorithm

42,735

1,33

ASTON Banyuwangi Hotel and Conference Center,

Jagir Waterfall,

Gandrung Terakota Park,

Banyuwangi Jopuro Tourism Attraction,
Marina Boom Beach Banyuwangi,
Pendopo Sabha Swagata Banyuwangi

ASTON Banyuwangi Hotel and Conference Center

Nearest
Neighbour

44,828

0,633

ASTON Banyuwangi Hotel and Conference Center,

Pendopo Sabha Swagata Banyuwangi,
Marina Boom Beach Banyuwangi,
Jagir Waterfall,

Banyuwangi Jopuro Tourism Attraction,
Gandrung Terakota Park,

ASTON Banyuwangi Hotel and Conference Center

Brute Force

42,735

12,5

NOORWNRPNOORWONRENOOOORWNDRE

ASTON Banyuwangi Hotel and Conference Center,

Jagir Waterfall,

Gandrung Terakota Park,

Banyuwangi Jopuro Tourism Attraction,
Marina Boom Beach Banyuwangi,
Pendopo Sabha Swagata Banyuwangi,

ASTON Banyuwangi Hotel and Conference Center

Based on the previous two tables, the author summarizes the
test results in Table 4 below.
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Table 4 Quantitative Summary Result

Algorithm Destination Computational
Route Travelling Time (seconds)
Distance
(kilometre)
Genetic
Algorithm Excellent Excellent
I_\learest Less Excellent Excellent
Neighbour
Brute Force Excellent Less Excellent

Based on the summary, the genetic algorithm is the most
superior to solving the Traveling Salesman Problem, especially
when compared with data obtained from primary sources,
namely "Banyuwangi City Tour". The test results of the
Table 5 Primary Data Comparison Trial Result

recommended destination route sequence of the genetic
algorithm with the destination route sequence from the primary
source are presented in Table 5 of the following comparison.

Destination Route Source

Destination
Route
Travelling
Distance
(Kilometre)

Destination Route Order

Genetic Algorithm

427

. ASTON Banyuwangi Hotel and Conference Center,
. Jagir Waterfall,

. Gandrung Terakota Park,

. Banyuwangi Jopuro Tourism Attraction,

. Pantai Marina Boom Banyuwangi,

. Pendopo Sabha Swagata Banyuwangi

. ASTON Banyuwangi Hotel and Conference Center

YukBanyuwangi website

"Banyuwangi City Tour" package on

66,5

RPINO Ol WDN -

~NOoO o~ WDN

. Hotel (ASTON Banyuwangi Hotel and Conference

Center),

. Banyuwangi Jopuro Tourism Attraction,

. Pendopo Sabha Swagata Banyuwangi

. Jagir Waterfall

. Gandrung Terakota Park,

. Pantai Marina Boom Banyuwangi,

. Hotel (ASTON Banyuwangi Hotel and Conference

Center).

5. DISCUSSION

Based on the previous test results, it can be summarised as

follows.

1. The genetic algorithm managed to get a solution with the

shortest distance and the same as the solution of the Brute
Force algorithm, which is about 42.7 kilometres. The
genetic algorithm also takes a much shorter computation
time with a difference of about 11 seconds.

The genetic algorithm managed to get a solution with a
shorter distance than the solution from the Nearest
Neighbour algorithm with a difference of about 1.7
kilometres. However, the computation time of the genetic
algorithm is slightly longer by about 0.9 seconds than the
Nearest Neighbour algorithm.

3. The Brute Force algorithm and the genetic algorithm

4.

produce the most optimal solution while the Nearest
Neighbour algorithm takes the shortest computation time.

The genetic algorithm in this study uses a population size
of 50, number of iterations of 50, crossover rate of 0.2, and
mutation rate of 0.5.

In addition, based on the hypothesis and previous test results,

the following conclusions can be drawn.

The application of genetic algorithms and Google Maps
API, has been able to recommend real-time travel routes
with the shortest distance for the multidestination Traveling
Salesman Problem in real cases.

The application of genetic algorithms, based on the tests
written in Chapter 5.1, has been able to recommend
destination routes with shorter real-time travel distances or
more optimal solutions compared to the Nearest Neighbour
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algorithm but genetic algorithms take longer computing
time than the Nearest Neighbour algorithm.

6. CONCLUSION AND FUTURE
STUDIES

6.1 Conclusion

The genetic algorithm for solving the Traveling Salesman
Problem for a multi-destination shortest route recommendation
system has been successfully implemented through the
following steps:

1. Data collection from primary document sources.

2. Implementation of ETL (Extract Transform Load).
3. Implementation of the genetic algorithm.
4

Testing the genetic algorithm against comparison
algorithms.

The constructed genetic algorithm is capable of producing the
most optimal solution, where the solution generated is the same
as the solution from the Brute Force algorithm but with a faster
computation time compared to the Brute Force algorithm. The
built genetic algorithm is able to produce a more optimal
solution than the Nearest Neighbour algorithm but at a slower
pace.

6.2 Future Studies

Development suggestions that could be useful for future studies
in this research include:

1. Conduct trials with a larger number of destinations to
measure how optimal and fast the genetic algorithm that
has been built.

2. Adding constraint variables for fitness in the form of
destination density or peak hour measures, destination
priority weights (for example: the beach must be visited last
in order to enjoy the sunset), destination operating hours,
and the like.

3. Testing a variety of real Traveling Salesman Problem cases
and modifying the genetic algorithm accordingly.

4. Expanding the options of trip types such as not returning to
the starting point or having a final destination that must be
fulfilled.

5. Accommodating  other  distance  units  besides
metres/kilometres such as miles.
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