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Abstract

In this work, a comparison between two metaheuristic methods to solve the path planning
problem is presented. These methods are 1) Artificial ant colony and 2) Artificial bee colony.
The following metrics are used to evaluate these implementations: 1) Path length and 2)
Execution time. The comparison was tested using ten maps obtained from the University of
Prague Department of Intelligent Cybernetics and the Mobil Robotics Group. Several runs were
carried out to find the best algorithm parameters and get the best algorithm for the route
planning task. The best algorithm was the artificial bee colony. These evaluations were
visualized using the VPython package; here, a differential mobile robot was simulated to follow
the trajectory calculated by the best algorithm. This simulation made it possible to observe that
the robot makes the correct trajectory from the starting point to the objective point in each
evaluated map.
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Resumen

En este trabajo se presenta una comparacion entre dos métodos metaheuristicos para resolver
problemas de planificacion de rutas. Estos métodos son: 1) Colonia de hormigas artificiales y
2) Colonia de abejas artificiales. Para evaluar estas implementaciones, se utilizan las
siguientes métricas: 1) Longitud de ruta y 2) Tiempo de ejecucion. EI comparativo se probo
utilizando diez mapas obtenidos del Departamento de Cibernética Inteligente y Mobil Robotics
Group de la Universidad de Praga. Se realizaron varias ejecuciones con el objetivo de
encontrar los mejores parametros de los algoritmos y obtener el mejor algoritmo para la tarea
de planificacién de ruta. EI mejor algoritmo fue la colonia de abejas artificiales. Estas
evaluaciones se visualizaron utilizando el paquete VPython, aqui se simulé un robot movil
diferencial para seguir la trayectoria calculada por el mejor algoritmo. A partir de esta
simulacion fue posible observar que el robot realiza la trayectoria correcta desde el punto de
inicio hasta el punto objetivo en cada uno de los mapas evaluados.

Palabras clave: Colonia de abejas, Colonia de hormigas, Robot Mavil, Simulacion de robots.
1. Introduction

Planning trajectories is a problem of interest in different research fields, such as robotics. So
that a robot can move without problems in an environment about which it has specific
information. This information can be in different ways. Such as knowing a priori the map or how
many objects, shapes, and characteristics are on the scene. All this is necessary for the
planning system to find a collision-free path and ensure the shortest route. For this, the system
must know the map, the objects present, the robot's size, and the starting and ending points of
the route.

This problem has been approached with various approaches, from classical algorithms such as

A star (A*) [1] to evolutionary algorithms such as genetic algorithms [2] or ant colony



optimization [3]. In the following paragraphs, we will comment on some of the work done using
so-called classical algorithms to discuss later the work that uses metaheuristic algorithms for
trajectory planning in mobile robots.

It starts by mentioning the work of Guruji et al. [4], who improved the execution time of the A*
algorithm for the planning of mobile robots. In [5], Almanza Ojeda et al. implemented a system
for a mobile robot to avoid obstacles through probabilistic models in embedded hardware. For
their part, Goez et al. [6] used a microcontroller to implement route planning optimization using
the particle swarm optimization (PSO) algorithm. Another work that uses PSO is Cuchango [7],
who used the approach of potential fields and active Brownian particles to calculate trajectories
in mobile robots. Li et at. in [8] improved the PSO algorithm also oriented towards trajectory
planning.

Marquez Sanchez et al. [9], perform the generation of trajectories for mobile robots by using
Bézier polynomials. Diaz-Arango et al. [10] use a Spherical Algorithm for trajectory planning in
land mobile robots. In [11], Forero-Garcia et al. implemented the intelligent control of a mobile
robot differential for assistance applications in a house. Another application of trajectory
planning but a variant of the differential evolution algorithm is found in [12]. As the last work of
this block, we will comment on the one developed by Campos-Archila, Pinzon-Saavedra, and
Robayo-Betancourt, who was using fuzzy logic carried out the trajectory control of an aerial
robot [13].

On the side of trajectory planning works using metaheuristic algorithms, we will mention Canca
et al. [14]. They solved the problem of the design and planning of Seville's rapid rail transport
network by developing a metaheuristic algorithm called the Adaptive Neighborhood Search
algorithm. A fascinating application is developed by Kergosein et al. [15]; this uses a
metaheuristic algorithm to solve the problem of routing connected vehicles in a hospital

complex. In [16], Ferreira et al. compared several evolutionary algorithms to solve the problem



of routing mobile robots. Liu and Kozana in [17] implemented a hybrid metaheuristic algorithm
to plan trajectories of a mobile robot to transport parts on a production line.

On the other hand, Guzman and Pefia [18] were different bio-inspired algorithms for planning
trajectories, but manipulative robots. Genetic algorithms have also been implemented as a
strategy for planning trajectories. Examples of this are the works presented in [19-20]. In [21],
Wu, Du, and Zhang performed trajectory planning of a mobile robot using wavefront's
generalized algorithm.  Finally, in [22], we can find a comparative study of metaheuristic
algorithms applied to the planning of trajectories in mobile robots. These works are just a
sample of metaheuristics to solve the problem of trajectory planning in mobile robots. Now
move on to discuss results where both ant colony (ACO) optimization algorithms [3] and artificial
bee colony (ABC) algorithms [23] are used.

We start the analysis of developments that use ACOs like the one made by Rashid et al. [24],
who directly used it for trajectory planning. While in [25], Liu et al. implemented an improvement
of ACO to plan trajectories in mobile robots. Another modification of the ant colony algorithm
can be reviewed at [26]. Yong et al. implemented a cooperative algorithm for trajectory planning
for a set of robots using ACO [27]. Optimizing the route planning of a school bus using a
distributed ACO is presented in [28]. This brief review of trajectory planning using ACO will
mention two-hybrid implementations. In [29], Gigras et al. performed an ACO and PSO hybrid
algorithm. While in [30], Tao et al. merged ACO with fuzzy logic in both cases with acceptable
results.

Now comment on a couple of papers that use the bee colony algorithm in trajectory planning.
In this section, we start commenting on the work of Contreras-Cruz et al., who in [31] carried
out the implementation of the ABC for the planning of trajectories also using evolutionary
programming to soften the route obtained by ABC In [32], the best pathway for each of the

robots in the scenario is tried, calculated from the robots present. While in [33], it uses an



adaptive ABC approach to estimate the trajectories of robots by evaluating their implementation
in three different scenarios. Liang et al. [34] use the ABC to calculate a collision-free path
between two points efficiently. Finally, Chen et al. use a hybrid neuro-diffuse approach with

ABC to control a mobile robot [35].
2. System Elements

This section presents the different elements used to simulate the generation of the trajectories
using the metaheuristic algorithms of the ant colony and bee colony. These elements are the
maps, the robot, and the simulation environment.

Figure 1.- Maps used to validate the planning algorithms [36]
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2.1. Map representation

Ten maps were used to carry out the experiments presented in this paper. Figure 1 shows the
maps used. These maps represent the full maps proposed by the Department of Cybernetic
Intelligence and Mobile Robotics group of the University of Prague [36].

The maps used were drawn in the environment with a 5 pixels/cm ratio. The maps represent
different geometries, allowing us to validate the metaheuristic algorithms in different scenarios.
Figure 1 shows the starting and target points on each map. The starting point is marked by a
circumference (°), while the endpoint is represented by an asterisk (*). The trajectory calculation

will be carried out using the implemented metaheuristic algorithms among these points.
2.2. Robot employee

The mobile robot used to develop this work was a robot with a differential configuration, shown
in Figure 2. The diameter of the robot is a dimension of 10 cm. This robot is made using the
Vturtle module [37] developed in Python using VPython [38].

Figure 2. Virtual representation of the robot [37]

As can be seen in Figure 2, the robot has two main wheels and a freewheel. In addition, it has

a set of sensors that help not collide with the obstacles present in the environment. However,



given the characteristics of this work on this occasion, the sensors will not be used. Since the

robot only executes the trajectory that metaheuristic algorithms have previously calculated.
2.3.  Simulation environment

it was necessary to use a simulator to have a visualization that allowed us to appreciate the
robot's behavior when tracking the trajectory obtained.

For that reason, this work uses the environment developed in [37]. This environment was
created in Python and observed the robot's movement on the desired trajectory. This
environment offers us several things: a three-dimensional environment, a differential robot,

placing obstacles, the use of a pencil to trace the movement of the robot in the scenario.

Figure 3. Simulation environment

Source: own.
Adding different obstacles in the regions of our interest allowed us to make the maps used in a
three-dimensional environment. In the case of the robot, it has several sensors that were not
used for this work, but that can be very useful if it wants the robot to be reactive. The significant
point is that the robot can load a tool, which is a pencil that allows observing the trajectory made

by the robot in the environment.



3. Metaheuristic algorithms

The following paragraphs will review in a general way the metaheuristic algorithms
implemented, as well as the description of the parameters used for the planning of trajectories

in both ABC and ACO.
3.1. Artificial Bee Colony (ABC)

In order to solve the trajectory planning problem in a given environment, it was proposed that
the bees initialize in the same node. This node was called the origin. The possible paths that
would connect it to the target node would be created from this source. Therefore, the trajectory's
length would improve with the algorithm's iterations, obtaining minor and less distance between
the nodes. This procedure allowed eliminating the most extensive circuits to be replaced by the
shortest distance. This process of eliminating the most expensive solutions, such as the longer

trajectories, is known as elitism.

Figure 4. Flowchart for ABC
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In this way, the robot's path from the initial point to the final point in the trajectory obtained is
generated by the optimization obtained by the bee colony algorithm. Such optimization is

performed according to the flowchart shown in Figure 4.

Following the flowchart in Figure 4, the scout bees are initialized and built different paths that
connect the start node with the end node of the way. After the evaluation stage, the solutions
obtained are compared, allowing us to know the best route generated. This is done by emitting

to the surviving observers to select the best one by knowing the distance of the ways generated.

Subsequently, a local search is carried out, which allows improving the selected route until that
moment. It is evaluated if the criterion of stop in the exploration carried out of the previously
generated roads is met. The purpose of this is to stop exploring the environment and generate
new paths in case of not complying with the condition. Otherwise, if the condition is satisfied,
the unemployment condition of the algorithm is evaluated. Suppose this condition is not met,
the algorithm iterates to continue evaluating and comparing new paths generated. In case the
unemployment condition is met, the algorithm ends. This would indicate that the shortest route

has been found between the start and endpoints of the desired trajectory.

Finally, from the algorithm, as mentioned earlier, we proceed to simulate the trajectory obtained
in the environment made in Vpython with the differential robot in Figure 2. So, for each map
shown in Figure 1 and considering the initial and objective nodes, the following steps are

performed:

e Generate different trajectories without collision.
e Generate a random configuration on the map for each point configuration

¢ Find a collision-free path that connects the starting position to the target

Table 1 displays the values selected for the implementation of the algorithm.



Table 1. Parameters used for ABC.

Parameter Value
Num. Cycles N*50
Num. Bees 80, 100, 200
No. food sources | 75

Source: own.
3.2.  Ant Colony Optimization (ACO)

The Ant Colony optimization algorithm serves to find the shortest path in a graph. The main
feature of this graph is that each node represents a place that the ant can visit, and each arc

that joins these nodes has an associated cost that makes it more or less attractive.

However, a graph search does not solve trajectory planning problems since the work
environment is a discrete scenario with free and forbidden regions. Being the free regions, the
areas that the ants can visit and, for their part, the existing obstacles on the map will be

prohibited areas for these.

Therefore, ants must find the shortest path from the nest to food. In other words, they must go
from the starting point to the target point within the assigned map. In this case, there are no
arches. In addition, the nodes are equivalent to spaces on the map. This allows the ant to move

to any free position within the free zones.

Another critical point is that the pheromone must be deposited in the areas visited by ants, thus
generating a heuristic of movement preference that depends on the distance between the ant

and the desired final configuration.

However, ants cannot move without having a possible route to follow. It is necessary to
generate random nodes to construct a probabilistic map stored as a graph. The nodes are
collision-free configurations, and the edges are feasible trajectories between these

configurations.



The goal is to build a connected graph, and then the search phase responsible for finding a

path through the graph that connects the initial and final configurations.

The results were obtained by planning the trajectories from an initial configuration from the

algorithm shown in Figure 5.

Figure 5. Algorithm for planning trajectories using ACO
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Source: own.

To determine the values of the parameters to be used in the experimentation stage, the values
suggested in the literature for implementations of the ACO algorithm showed better
performance was chosen. These parameters are the number of routes generated, the rate of

evaporation of the pheromone, the level of the pheromone trail, and the number of ants.

The number of routes generated corresponds to the number of cycles performed by the
algorithm multiplied by the number of ants in each cycle. That is the total of solutions that the

algorithm calculates. We chose to use 50 cycles for each iteration of the algorithm performed.



In addition, it was determined to use three different numbers of ants to carry out the experiments

carried out in this work. These were 80,100 and 200 ants.

The evaporation rate of the pheromone, represented by p, is the speed with which an ant fade
leaves the trail. The value used was 0.1 since it showed a better result than with other values

analyzed.

In the case of the value corresponding to the level of the pheromone trace, Dorigo [3] suggests
using a minimal value. Therefore, it was decided to use the value of 0.0001 to implement this
algorithm. This parameter is represented by t0. Table 2 is appreciated in a concentrated way,

both the parameters used in the implementation of ACO and the corresponding values for each

of them.
Table 2. Parameters used for ACO.

Parameter Value

Num. Cycles | N*50

Num. ants 80, 100, 200

p 0.1

70 0.0001
Source: own.

4. Results

Once the two algorithms were implemented, the relevant tests were carried out for each of
them. For each map depicted in Figure 1, 50 executions were performed with each algorithm.
The parameters considered to evaluate performance were runtime speed and path length.
What was interesting was obtaining a fast implementation that obtained the minor travel. From
these 50 executions were obtained the average value of execution time and path length

performed by each of the algorithms in each map evaluated.



Figure 6 shows the execution time of the algorithms implemented for each of the ten maps.
Also, in Figure 6, it is possible to see that the ACO algorithm spends a more significant amount
of time finding the best route between the start and end points given for each map. It was the

implementation of ABC the one that obtained better performance in time.

Figure 6. Runtime performance
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Source: own.
Figure 7. Performance of the path length obtained.
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Figure 7, is shown the performance of ABC and ACO in the path length obtained for each map
evaluated. In the same way, as for speed performance, 50 runs were used for each map shown

in Figure 1. It is shown in Figure 7 the average values of these executions.

Figure 8. Route found by ABC for map number 1.

(d)

(9)
Source: own.

In Figure 8, we can see different captures of the trajectory that was obtained by the ABC
algorithm for map number 1 shown in Figure 1. In the figure, we can see that the robot executes
the planned trajectory without colliding. The stroke, in yellow color, allows us to realize how

many nodes it visits between the initial and final points. In this case, there are five nodes



considering the target node. Although it could have a trajectory with fewer nodes, it must be
taken into account that when calculating the trajectory in each map, a margin is added to the

obstacles due to the robot's size.

Figure 9. Trajectories found by ABC for other of the maps evaluated.
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Source: own.

The trajectories obtained for maps 2 to 10 (see Figure 1) are shown in Figure 9. These
trajectories were generated with the bee colony algorithm because it was better in the tests
carried out, and what was sought was to have an efficient planner. We can highlight from the

trajectories obtained that although parts on the maps could be assumed that the path found



would be as direct as possible, this is not always the case. This is because the nodes initialized
by the algorithm are random, allowing some edges in the path. The path found is the shortest

in each of the maps.
5. Conclusions

The tests performed for the trajectory planning problem with each of the algorithms, both ACO
and ABC applied to the evaluated maps, showed that the implementation of the ABC algorithm
was the one that obtained a better performance both in speed and in the length of trajectory

found.

Another relevant point observed while evaluating the implementations in scenarios used is the
metaheuristic algorithms. In this case, ACO and ABC are robust because a route between the
starting and ending points for each map evaluated is always found as long as there was a route

between those points.
Some directives to continue this work that has been considered are those listed below:

e Validate the ACO and ABC algorithms in a real robot. Mainly ABC that gave better
results.

e Implement other metaheuristic algorithms for more exhaustive comparison

e Evaluate the performance of algorithms in real scenarios.

e Perform the smoothing of the obtained path
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