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Abstract − The rapid advancement of technology has generated numerous innovations across various domains, including
transportation. One notable development is the autonomous vehicle, a driverless system capable of navigating to a
designated destination without human intervention. This study emphasizes two critical aspects: navigation and efficient path
planning. The objective is to design and develop a mobile application for optimal path planning based on the Ant Colony
Optimization (ACO) algorithm. The application was developed using Visual Studio Code as the integrated development
environment (IDE) and implemented under the waterfall software development model. The ACO algorithm served as the
core mechanism for path determination, supported by the Google Maps API to provide spatial data required for processing.
Additionally, Firebase was employed for user authentication-such as registration and login-and for storing trip history.
Testing results indicate that the developed mobile application successfully operates according to its intended functions. In
particular, the system demonstrates the capability to determine the shortest path effectively through the implementation of
the Ant Colony Optimization algorithm. These findings suggest that the proposed approach can support advancements in
autonomous vehicle navigation systems by offering efficient and reliable path planning solutions.
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I. INTRODUCTION

THE influence of technology cannot be denied, as
it has brought numerous benefits to human life.

It is difficult to imagine living without technology in
the present era, since most daily human activities rely
heavily on technological advancements in various as-
pects, including work, social life, and others [1]. One
such example is the mobile phone, commonly referred
to as a smartphone. Smartphones represent a form of
technology that continues to advance rapidly in order
to meet human needs. They are widely used to support
daily activities, such as making phone calls, accessing
the internet, sending messages, and utilizing a variety
of other applications [2].

In addition, autonomous vehicles represent an-
other technological breakthrough that will likely be-
come increasingly common in the coming years [3].
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Autonomous vehicles have already emerged as a major
focus of research in the field of transportation, par-
ticularly in relation to commercial vehicles [4]. An
autonomous vehicle is a driverless system capable of
traveling to a predetermined destination without requir-
ing human involvement [5]. To achieve this capability,
the vehicle must be equipped with systems that can
recognize environmental conditions and generate path
planning based on its surroundings [6]. Efficient path
planning requires the implementation of algorithms that
enable autonomous vehicles to independently process
and execute navigation tasks [7].

In previous studies, various methods have been
proposed for path planning in autonomous vehicles. For
instance, [8] applied ant colony optimization (ACO)
combined with fuzzy logic for global path planning
implemented in mobile robots. Furthermore, [9] em-
ployed a hybrid of the A* algorithm and ACO for 3D
navigation in dense obstacle environments. Another
study [10] adopted a PSO-ACO fusion algorithm for
3D path planning in unmanned underwater vehicles
(UUVs). Similarly, [6] implemented path planning in
autonomous underwater vehicles using an enhanced
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ACO algorithm based on particle swarm optimization
(PSO). Study [11] also utilized PSO hybridized with
the modified frequency bat (MFB) algorithm for multi-
objective path planning, while [12] applied a hybrid
genetic algorithm (GA) and firefly algorithm (FA) for
mobile robot path planning. In another work, [13] in-
tegrated GA with improved ACO for optimizing path
planning in intelligent vehicles. Meanwhile, [14] de-
signed a membrane evolutionary algorithm hybridized
with artificial potential fields (APF) for mobile robot
path planning. Study [15] employed an improved
APF algorithm for local path planning in autonomous
ground vehicles.

In addition, [16] used an APF hybridized with the
A* algorithm for local path planning in autonomous
vehicles while considering road constraints and vari-
ous obstacles. Research [17] adopted a fusion method
based on long short-term memory (LSTM) neural net-
works and reinforcement learning for local path plan-
ning in mobile robots. Furthermore, [18] implemented
dynamic rolling windows for local path planning in
mobile robots.

However, these algorithms cannot independently
achieve optimal solutions in complex dynamic environ-
ments. Such methods often become inefficient when
the target is located at a considerable distance or in
irregular environments; for example, APF is prone to
being trapped in local minima [19]. Fuzzy logic offers
the ability to emulate human expert knowledge, but it
incurs high computational costs when the number of
inputs increases [20]. Genetic algorithms, as evolution-
ary approaches, are capable of solving optimization
problems; however, they completely update good indi-
viduals without leveraging the structural characteristics
of the solution space [21]. Particle swarm optimization
(PSO) is suitable for optimization problems, but it tends
to produce suboptimal results and may become trapped
in local minima [22].

Previous studies have shown increasing interest in
metaheuristic algorithms based on ant colony optimiza-
tion in mobile robotic systems. The fundamental idea
of ACO is to discover the optimal path from a nest to
a food source within a graph, inspired by the foraging
behavior of ants. The advantages of ACO include envi-
ronmental adaptability, strong robustness, and ease of
integration with other algorithms.

In addition, an application system is required to
support the path search process that will be utilized by
autonomous vehicles, particularly for end-users who
will operate these vehicles [23]. The design of such an
application aims to provide convenience for users in
operating autonomous vehicles.

Based on this background, this research proposes

the design of a mobile application system for path plan-
ning, with the Ant Colony Optimization (ACO) algo-
rithm applied as the core path planning method. It is
expected that this ACO-based path planning applica-
tion will enable users to perform path searches more
easily while simultaneously supporting the operation
of autonomous vehicles [24].

II. RESEARCH METHODS

This study employed several research methodologies,
as outlined below:

i. Literature Review

The research began with a literature review. The re-
searcher studied and analyzed previous works related
to this topic. The literature review was conducted us-
ing various sources, including books, journals, learning
modules, and undergraduate theses. The purpose of
this stage was to gain a comprehensive understanding
of the theories, concepts, and processes relevant to the
research topic.

ii. Path Data Collection

Data collection was conducted by selecting 32 location
points around the research area. The data consisted of
longitude and latitude values obtained from the GPS
feature in the Google Maps browser.
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Figure 1: Flowchart Path Planning System
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iii. Path Planning Design

Path Planning design is illustrated in Fig. 1, showing
the workflow of path determination for autonomous
vehicles. The ACO algorithm is applied to calculate
the optimal path.

The ACO algorithm simulates virtual ants that de-
posit pheromone trails along the paths they traverse.
The pheromone intensity increases when ants success-
fully return to the nest with food, making highly tra-
versed paths more attractive. Conversely, pheromones
on less frequently visited paths gradually evaporate, pre-
venting the algorithm from favoring suboptimal routes.
Through this mechanism, virtual ants are guided toward
discovering the optimal path to the food source [25].

The ACO algorithm operates as a simulation-
based optimization method driven by positive feedback.
In the path-searching process, two main factors are
considered: the pheromone concentration heuristic and
the distance heuristic. At time τ , the transition of ants
between nodes is determined probabilistically, as for-
mulated in the following equation [26]:

Pk
i j(t) =


τi j(t)α ηi j(t)β

∑
s∈allowedk

τis(t)α ηis(t)β
, j ∈ allowedk

0, j /∈ allowedk

(1)

where α and β represent the weighting parame-
ters of the two heuristic functions. The set of feasible
next points is denoted as allowedk. The pheromone
concentration heuristic function is expressed as τi j(t),
while the distance heuristic function is represented as
ηi j(t):

ηi j =
1

di j
(2)

di j =
√

(xi − x j)2 +(yi − y j)2 (3)

Upon completion of the path planning process by
all ants, the deposited pheromones undergo evaporation,
a process in which their intensity gradually diminishes
over time. The evaporation rate, denoted as ρ (0 <
ρ < 1), reduces the amount of pheromone retained on
the paths. The pheromone update mechanism can be
formulated as follows:

τi j(t +1) = (1−ρ) τi j(t)+∆τi j(t) (4)

iv. Mobile Application Design

In designing the mobile application, the software water-
fall method was adopted. Waterfall provides a system-
atic and structured approach to software development,
ensuring that the mobile application is developed in a
controlled and organized manner. This method was cho-
sen because it is suitable for generic systems in which

all requirements can be identified from the outset [27],
offers predictable timelines, thorough documentation,
and a well-defined scope [28]. Another reason is that
waterfall is best suited for projects where the require-
ments are clearly specified and the outcomes can be
anticipated [29].

v. Implementation

The coding process was carried out according to the de-
sign specifications. The user interface (UI) design was
implemented, followed by the integration of the ACO
algorithm for shortest-path searching within the appli-
cation. Additionally, the required APIs were integrated
into the developed application.

vi. Testing and Analysis

At this stage, the performance of the ACO algorithm
within the application was tested to evaluate its ability
to determine the shortest path. A comparison was then
conducted between the results generated by the applica-
tion and those provided by Google Maps. Finally, the
live tracking feature of the application was also tested.
The results of these tests were analyzed to assess the
effectiveness and accuracy of the system.

III. RESULTS AND DISCUSSION

i. Design Implementation

At this step, the researcher carried out the implemen-
tation based on the design that had been defined in the
Software Development Life Cycle (SDLC) using the
Waterfall model. The following section presents the
results of the implementation.

As shown in Fig. 2(a), a simple login interface
has been developed. Once the user has signed in, they
can directly proceed to the path search interface, as
illustrated in Fig. 2(b). In the path search interface,
several operations are available, such as searching for
the destination location using the Search Address button
and confirming the selected destination.

After the location is confirmed, the user can search
for the shortest path by pressing the Generate Path
button, as shown in Fig. 3(a). Once the shortest path
is generated, as illustrated in Fig. 3(b), the user may
directly activate the live tracking feature by pressing
the Start Trip button or cancel the generated path by
selecting the Cancel Path option.

ii. Algorithm Testing with ACO

After the implementation phase, in order to ensure that
the application can operate properly in performing the
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Figure 2: User Interface Design of the Mobile Application

Figure 3: Testing Scenario for Path Planning and Live
Tracking

shortest path search, testing of the Ant Colony Opti-
mization (ACO) algorithm was conducted using the
distance data and path generation time obtained. The
results of the testing are presented as follows. The
testing results of the Ant Colony Optimization (ACO)
algorithm implementation are summarized in Table 1

.
Based on Table 1, the total generation time re-

quired to process 10 test paths was 21.711 seconds,
while the total distance covered in the 10 test paths was
6,282 meters. Furthermore, the average computation of
the application’s processing time and the average travel

Table 1: Testing Result

No Path Generate Time (s) Path Length (m)

1 FT – FKM 1.418 515
2 FKM – Landmark 1.672 472
3 Landmark – FH 2.167 377
4 FH – FASILKOM 2.878 582
5 FASILKOM – FMIPA 1.989 584
6 FMIPA – Library 1.874 588
7 Library – FP 2.102 515
8 FP – FT 1.481 398
9 FH – Al Ghazali Mosque 2.672 757
10 Al Ghazali Mosque – ECO

Machine Building
3.458 1,494

Total 21.711 6,282

distance during the path search were obtained. The
results indicate that the average path generation time
of the application is 2.1711 seconds, and the average
travel distance obtained during the path search is 628.2
meters.

(a) (b)

Figure 4: (a) FH–FASILKOM Path, (b) FASILKOM–
FMIPA Path

From this testing, it can be concluded that the
ACO algorithm performs effectively with efficient pro-
cessing time. Although two paths produced identical
distances, they resulted in different generation times.
These paths are FH – FASILKOM and FASILKOM
– FMIPA. As presented in Table 1, the respective dis-
tances obtained were 582 meters and 584 meters; how-
ever, the generation times were 2.878 seconds and
1.989 seconds, respectively. This indicates a differ-
ence of nearly one second despite the similar distances.
Such variation is attributed to the differing levels of
path complexity encountered along the paths, as illus-
trated in Fig. 4.

At this stage, a comparison was conducted be-
tween the shortest path patterns generated by the appli-
cation and those provided by Google Maps.

For the path Library – Faculty of Agriculture, a
difference was observed in the generated paths. Similar
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Figure 5: (a) Library–FP Path, (b) FP–FT Path

Figure 6: Al Ghazali Mosque–ECO Mechanic Building
Path

Figure 7: (a) Application Path, (b) Google Maps Path

to the FMIPA – Library path, Google Maps produced
an alternative path with a distance of 550 meters, while

the main path generated by Google Maps covered 500
meters. In this case, Google Maps demonstrated a
shorter path of 500 meters, whereas the application
produced a path of 515 meters. Thus, there is a distance
discrepancy of 15 meters between the application and
Google Maps.

Figure 8: (a) Application Path, (b) Google Maps Path for
Faculty of Agriculture – Engineering Basketball
Court

For the path Faculty of Agriculture – Engineering
Basketball Court, the generated path patterns were iden-
tical, with the difference observed only in the distance.
The application produced a distance of 398 meters,
whereas Google Maps generated 400 meters. Thus,
there is a distance discrepancy of 2 meters between the
application and Google Maps.

Figure 9: (a) Application Path, (b) Google Maps Path for
Al Ghazali Mosque – ECO Mechanical Building

Finally, for the path Al Ghazali Mosque – ECO
Mechanical Building, the generated path patterns dif-
fered. Google Maps produced three paths, namely a
main path of 1,500 meters, the first alternative path of
1,700 meters, and the second alternative path of 1,500
meters. In contrast, the application generated a path
with a distance of 1,494 meters. This indicates that the
application outperformed Google Maps in terms of the
shortest distance produced.

https://journals2.ums.ac.id/emitor/article/view/13101
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Following the comparative discussion of the path
patterns generated by the application and Google Maps,
the next section presents a comparison of the distances
generated by both in tabular form.

Table 2: Comparison of Application and Google Maps Path
Length

No Path Application Path (m) Google Maps Path (m)

1 FT – FKM 515 500
2 FKM – Landmark 472 450
3 Landmark – FH 377 400
4 FH – FASILKOM 582 600
5 FASILKOM –

FMIPA
584 600

6 FMIPA – Library 588 600
7 Library – FP 515 500
8 FP – Basketball

Court FT
398 400

9 FH – Al Ghazali
Mosque

757 750

10 Al Ghazali Mosque
– ECO Mechanical
Building

1,494 1,500

Total 6,300 6,297

Based on Table 2, it can be observed that there
are differences in the path distances generated by the
application and Google Maps. These discrepancies
arise from two factors: first, the difference in distance
calculation methods employed by Google Maps and the
designed application. In the application, the Haversine
formula is utilized to calculate the distance between
two location points on the surface of a sphere.

This finding demonstrates that the error margin in
the application is relatively minimal, at approximately
1.8 meters. Nevertheless, the performance of the short-
est path search using the ACO-based path planning
application can be considered highly satisfactory.

iii. Live Tracking Testing

At this stage, live tracking testing was conducted after
the shortest path had been generated and the journey
commenced. Once the journey begins, the applica-
tion automatically performs a zoom-in, initiates live

Figure 10: Graphical Comparison of Distances Generated
by the Application and Google Maps

tracking, and provides a dynamic panning display in
accordance with the GPS signal on the smartphone.
When the GPS indicates arrival at the destination, a
notification appears to inform the user that the journey
has been completed. This occurs because, during the
coding process, the system was programmed to trigger
a completion notification once the GPS position of the
application is within 20 meters of the destination.

Figure 11: (a) Live Tracking Interface, (b) Live Tracking
Notification Interface

When live tracking begins, the application inter-
face automatically zooms in, as illustrated in Fig. 11(a).
As the smartphone’s GPS updates during the journey,
the application display automatically follows the GPS
movement through panning. Once the user’s smart-
phone GPS is within approximately 20 meters of the
destination, the system generates a notification indicat-
ing that the user has reached the intended location, as
shown in Fig. 11(b). The appearance of this comple-
tion notification signifies the end of live tracking, after
which the application returns to its initial state on the
finder screen.

IV. CONCLUSION

Based on the results of the tests presented in the previ-
ous chapter, the following conclusions can be drawn:
The mobile path planning application based on the Ant
Colony Optimization (ACO) algorithm for the UNSRI
Indralaya campus was successfully developed and op-
erates in accordance with the intended features. Com-
parative testing with Google Maps revealed distance
discrepancies ranging from 2 to 23 meters, which were
mainly caused by differences in calculation methods
and GPS accuracy. Furthermore, the variation in path
search time was influenced by the configuration of ACO
parameters, route complexity, and total distance, indi-
cating that more complex and longer routes required
greater computation time.
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