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Abstract: Mobile robot path planning is an important branch of research in robotics science. In this paper, a new approach for
solving mobile robot path planning in dynamic environments, based on the Swarm Intelligence Algorithms feature of an optimized
ABC algorithm is proposed. The proposed ABC will optimize the fuzzy rules’ parameters that have been used for On-line path
planning in dynamic environments. In this study, there is a proposed evaluation function, accordingly, the found path is smoother
and cleaner than the previous studies using other algorithms. In this research, the ABC and ACO are combined with fuzzy logic;
two algorithms are compared with each other. The performance of both combined algorithms in the execution speed and the number
of occurrences for obtaining the optimal path in various unknown environments have been evaluated using MATLAB simulation
methods. The obtained results from the comparison of the performance of these two algorithms developed optimization algorithms
for mobile robots’ path planning.
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1. Introduction

Path planning with obstacles avoidance in dynamic environments is an effective issue in robotics. Path Planning for a
mobile robot which is in an environment with different dynamic and static obstacles, is finding a Collision-free path
from the starting point to the destination [1]. In this regard, issues such as minimizing the travelled distance,
maintaining smooth trajectory or satisfying the clearance of route are important criteria affecting the optimality of the
selected routes [1, 2]. In robotics, depending on the length of the path traveled by the robot and performance time, we
need to follow an algorithm that it is able to plan safe collision free paths and find the shortest possible route [2, 3].
In a static environment, it is assumed that the roadmap is identified and the environments, with all its components, are
known, thus the algorithm has the ability to create the shortest path to move the robot toward the desired destination.
This approach in robotic path planning is called off-line method [4]. In an unknown environment, information from
the immediate space is obtained during the robot motion and the robot is completely dependent on local information
and its immediate position. Here, the goal is to obtain a reactive behavior in spite of slight data got from unknown
environment [5, 6]. The second type of path planning is via the sensors; they are affected by environmental changes
at the moment. This type of robotic path planning is called on-line. The traditional algorithms used for path planning
in the field of change or combination include: possible road map [8], based on the map [7], and cell decomposition
[9] which are based on mathematical programming. The second methods are heuristic. When the classical method of
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solving routing problems that have Np-hard nature are considered, Heuristic methods which were inspired from nature,
were introduced for various challenges encountered during robot motion planning [6. 11]. In the category of
exploration, soft computing includes: Neural Networks [10], Genetic algorithm [11, 12], the Simulated Annealing
algorithm [13], the Ant Colony Optimization algorithm [14], and Particle Swarm Optimizer algorithm [15]. In the last
decade, many optimization methods based on Swarm Intelligence Algorithms approaches have been proposed.
Artificial bee colony algorithm (ABC) is one of the newest optimization algorithms which was introduced by
Karaboga and is modeled based on the food seeking processes of the honey bees [16]. A bee colony consists of three
bee groups: employed bees, onlooker bees, and scout bees [16, 17]. Bee colony algorithm is a population-based
algorithm, and gains an optimal solution (or near-optimal solution) via a repetitive process, the global optimization
problem is suitable in every field of path planning [17]. The problem in the use of the evolutionary algorithm for
mobile robot path planning is the optimization process, which should be done before the robot moves (off-line), and
then the robot will move on the path [6,18]. Thus, On-line routing methods must be used for mobile robot path planning
in unknown environments with static and dynamic obstacles, where the position and movement of the obstacles are
not predefined. Fuzzy logic is an efficient method in an on-line node to node path planning for mobile robots in
dynamic environments [18, 19]. In this study, to determine the optimal path of mobile robots in an unknown and
dynamic environment, a new procedure is presented based on the determination of fuzzy rule table, which has a very
momentous efficacy on a fuzzy system performance. Due to path planning being a challenging problem of NP-hard
issue, in this case ABC algorithm is used to determine the optimum fuzzy rule table. This research presents a new
method that can plan local paths around the environment routes, and guide the moving robot toward the final
destination. This goal is achieved by the optimization of fuzzy rules table for the mobile robot motion by utilizing the
ABC algorithm. In this paper, the performances of ACO [20] and ABC algorithms have been compared in different
complexity environments. In this regard, both algorithms with speed and number of repetitions are evaluated in
different workspaces [21]. The workspaces included are: fixed obstacles with different shapes, sizes, positions and
also, dynamic obstacles with different speeds and movement in different directions [21]. The second section of the
paper presents the proposed Fuzzy-ABC algorithm, and robot's work spaces, which are designs fairly simple to highly
sophisticated. In the third section, the performances of Fuzzy-ACO and Fuzzy-ABC algorithms are compared in
unknown environments. The fourth section discusses the efficiency and effectiveness of these algorithms.

2. Method

The determination of fuzzy rules table is considered to be a very important and effective issue on a fuzzy control
system, which is normally done by a skilled person manually confirming the table 1[19]. Manual determination of
fuzzy rules cannot be fully optimized. In the present study, there are two inputs each with 5 membership functions
and the output has also been fuzzified with 7 membership functions. As the result, total number of feasible solutions
for the determination of fuzzy rules table is 725. Therefore, fuzzy rules table optimal preparation is an NP problem
and the use of Swarm Intelligence Algorithms in this case seems to be very efficient. Our purpose, in this study, is to
optimize fuzzy rules in order to improve the route (regarding the route length) by means of artificial bee colony
algorithm. In fact, bee colony algorithm determines fuzzy rules in an optimal way with the aim to minimize the route
length by the robot. It is necessary to mention that optimization is only done for one time for the adjustment of fuzzy
parameters. Afterwards, the fuzzy control system will be optimized instantly for the future applications. The general
flowchart for this proposal is provided in Fig. 1.
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Figure 1: General flowchart for the proposed method of fuzzy rules table optimization by means of bee colony
algorithm.

In [21], Routing of mobile robots has been considered in known dynamic environments in three workspaces, including
relatively simple, moderately complex, and complex environments. Considering strengths and weaknesses of the
evolutionary algorithms, , three workspaces listed in [21] were used to improve the optimality criteria for dynamic
unknown environment. Bee colony algorithm is a population-based algorithm and gains an optimal solution (or near-
optimal solution) via a repetitive process. Bee colony algorithm begins like other complementary algorithms and
artificial intelligence with an initial random population, each of which is considered to be a nutrition source. The
location of each nutrition source in N-dimensional space indicates a possible solution for optimization problem, in
which N determines the number of optimization variables (N in this problem is the number of fuzzy rules and equal
to 25. After evaluating the initial population, a number of population members having the smallest cost function value
will be considered as the nominated employed bees (equivalent to the genetic algorithm). Upon producing the initial
random population, there exists two general stages in each algorithm iteration: the assessment of produced solutions
competence and population updating (producing the new population). These two consecutive stages are performed
repetitively by the time of reaching the termination. In this study, we have determined the termination number of
algorithm iterations. Population updating in the bee colony algorithm includes three phases: seeking the employed
bees, onlooker bees, and scout bees.

2.1 Producing the initial population

In the present study, a feasible solution is taken into account for a problem with one sequence with the length of 25.
Here, N is the total number of fuzzy rules, which equals to 25. As in Fig.2, if j membership function is allocated to i
rule in a feasible solution, i index in the equivalent sequence will be equal to j value.
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Figure 2: A feasible solution for problem: In this solution, fuzzy membership function 4 (medium) is considered for
the first rule output; membership function 1 (very-very low) is considered for the second rule; and membership
function 2 (very low) is considered for the third rule.

At the beginning, we produce a random initial bee population in N-dimensional space, in which N is the total number
of fuzzy rules. Equivalent to Fig.2, we determine parameters value separately from set {1, 2, 3... 7}. In other words,
each bee determines one membership function among the feasible modes of {1, 2, 3... 7} for any of the 25 rules. To
optimize the efficiency of this proposed method and to increase the algorithm convergence speed, we determine a
symmetrical manual table as in Table 1 [19] as the heuristic data. In equation (1), each initial solution is determined.

ginitial _ {HT(k) if rand < 8
Sk rand {1,2,3,...7} otherwise (1)

Where Sk-initial is the selected value for k£ rule membership function in an initial solution, HT (k) is the considered
value £ rule membership function in symmetrical manual Table.1 (19). In addition, f is a fixed parameter between 0
and 1, equaling to 0.8. Performance of the aforesaid technique is as follows: 80% of the fuzzy rules at each initial
stage is determined randomly from the manual table. The remaining rules will be considered randomly between 1 and
7. In other words, initial solutions are determined randomly in the vicinity of the symmetrical manual fuzzy rules
Table.1 (19).

2.2 Competency evaluation of the solutions (nectar amount)

At each iteration after population updating, the mistake related to solutions (bees) must be evaluated by the target
function. Mistake of bee i is evaluated by (2) and nectar (competency) is gained through (3):

Cost;=L; (
Firti=1/Cost; C

W N

)
)

In the above relations, Costi and fitti are the mistake value and nectar value for bee i, respectively. Li is the total length
of finished route by the mobile robot per each equivalent solution to i bee.
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2.3. Equations Updating the solutions
2.3.1. Employed bees phase

In the beginning, the employed bees start seeking without knowing anything about the environment, select the initial
solutions randomly, and keep their nutrition sources in their memory. At each iteration, each employed bee selects a
nutrition source in the vicinity of its previous solution. As all the employed bees complete their seeking process, they
will share their information of the nutrition source with other bees in the beehive. The more amount of nectar or better
quality of nutrition source than the earlier ones, the bee keeps that new nutrition source in mind and forgets the earlier
solution. Otherwise, it will keep the same earlier solution in mind (employed bees seeking phase).

2.3.2 Onlooker bees phase

At each iteration, a number of employed bees that have received the biggest amount of nectar will be selected and the
onlooker bees will start seeking in their neighborhood. In fact, these onlooker bees start seeking near the nutrition
sources with the biggest amount of nectar so as to be able to gain higher quality solutions in the vicinity of earlier
sources (onlooker bees seeking phase). If we suppose M as the number of selected employed bees, number of onlooker
bees allocated to any of these employed bees is gained through the following:

o)

Where Ny is the number of onlooker bees that are located in the neighborhood of k selected employed bees, and Nec;
is the nectar value (fitness) of the i employed bee. In addition, No is the total number of onlooker bees.

2.3.3 Scout bees phase

At each iteration, those employed bees that had ineffective seeking during the recent iterations (with no optimization)
will become scout bees. The, each scout bee will select a random solution as per relation (1) without knowing the
environment (scout bees seeking phase). Selection of scout bees is done through a parameter called limit: if the mistake
by an employed bee is more than limit value, that bee will become a scout one.

2.4 Proposed method for the neighborhood seeking in onlookers and employed bees phase

In this study, a method is proposed for the neighborhood seeking in onlookers and employed bees phase. In this
method, number of fuzzy rules being changed in the solution are considered equal to a parameter called Nm for each
bee seeking a new solution in the vicinity of an earlier solution. The value of this parameter along the program is
determined from Nmmax to Nmmin linearly. The neighborhood in this proposed method, the algorithm searches
globally in the initial iterations and this search becomes more localized as it approaches the end of the algorithm and
optimal solution, as (5) below:

Nm = Nimpyax + (iter/itermax) - (NmMimin-N1mmax) )

Where iter-max is the total number of algorithm iterations and ifer is the number for the present algorithm iteration.
The above steps are repeated until the termination condition is established. In this study, the ABC termination
condition is considered with the completion of iterations number of the algorithm. According to the previous
information, in order to solve the problem of mobile robot path planning, using the optimization of fuzzy logic based
on proposed ABC algorithm; expressed flowchart is shown in Fig.3. There are Two-dimensional maps (21), they are
fixed obstacles with different numbers, shapes and coordinates in the environment. Moving obstacles with different
speeds and in different directions are marked with red circles. Start and goal points are in different situations. This
difference is due to the fact that a robot workspace is like the real world, in Table 1. To achieve a favorable comparison
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with the ABC to evaluate several times with different parameters and operators, and the best values of the parameters
and the best operators are selected. The final parameters are shown in Table 2 below.

Table 1: The configuration of ant colony algorithm parameters.
q

'@ -
Parameter Value | e ﬁm‘:"u ]
Max Iteration 50 - i1
Population 10 Dlack e of dynanic Gbomcies for Every ]
00T

Number of Employed Bees 5 . I
Number of Onlooker Bees s [ Deternne bee ey shppibom J
pinEq. (1) 0.8 Il
Nlllnm 3 Produce random mitial population:

Solution for each bee 1s determnad via relaton
Nmmin 1 (1). (amy the output of bee represent a fiuzry ruls)

|
Sm;l;& the mabl:;zb« s route by means
. . . Ay
Table 2. Details of the applied working space. Q;E:EP;‘ m m“m#ﬂ
: I S
Item Value Decsrmine the path lensth maveled by
Working space length& width | 5m&5Sm 5'3‘* s, x‘“;ni,? 'ﬂ:‘:
Networking angle 45° (8 modes)
Number of square fixed | 8 [ m‘,‘?gg" J Updating phase of
obstacles Onlooker bess
Number of triangular fixed | 3 _ — -
obstacles - I
Number of circular fixed | 4
obstacles
Number of hexagon fixed | 5
obstacles [ Determine optimized fuzzy rales mble ]
Number of movable obstacles 3
Max. robot view radus 30cm 4 >
- - Robot movement on the path desizned

Robot radius margin 10cm [ J

Figure 3: Proposed method flowchart based on bee colony algorithm

3. The Simulation Results

The simulation has been conducted on the three work spaces in order to evaluate the performance of bee colony
algorithm. The proposed method finds a smoother, cleaner and safer route between the initial and final points; it is
based on optimized fuzzy rules via proposed ABC algorithm. In other words, the production of random population
means that each bee considers one output for each fuzzy rule, then the competency evaluation of each colony is
obtained by each bee by considering the fuzzy rules table, which results in optimal routes for sets of starting and
ending points. The average path length for different paths is considered as a criterion for suitability evaluation of bees.
It should be noted that in proposed method based on the combination of fuzzy and ABC algorithms, routing is done
only once in off-line mode, which results in optimization of parameters in fuzzy rules table.
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In this study, for the simulation, three different workspaces with four different initial and final positions were assumed.
As a result, for the solution of each bee, 12 different paths are produced by using fuzzy logic. Average length of the
route found by each bee in 12 different paths is considered as a criterion for eligibility evaluation of each colony.
Then, path planning based on fuzzy logic for each point between start and end points is done by utilizing the optimized
rules table. Also, the running time of proposed routing algorithm via the combination of ABC and fuzzy logic is very
similar to routing elapsed time with fuzzy logic method (manually setting the table). However, here the track length
traveled by the robot is much shorter and smoother than the path traveled with fuzzy logic [19] and with ACO based
fuzzy [20]. The optimal table by ABC is demonstrated in Table 3. Run-time using a laptop computer with Intel Dual
core processor with a processing speed of 4GHz and 16GB RAM, with Windows 8, by Matlab R2013 software, was
354 minutes, but then for routing for each specific input and output modes, based on fuzzy logic routing is performed
using the optimized rules table. In fact, with this method, the ABC algorithm will determine the optimal elements of
fuzzy rule table, with the aim to reduce the robot's path. According to Fig. 4, it is one of the peculiarities of routing in
a quite complicated environment by the proposed Fuzzy-ABC algorithm.

g ' ]
Table 3. Table of optimized fuzzy rules obtained by ABC algorithm. : . l.' . .-. hod @ y ) e
I e BN : H, N,
Inputl: Input 2: Output:
Distance to the | Angle difference | priority of the .
nearest obstacle | with respect to | next node election |
target o
Very Low Very low Low
Very Low Low Very low
Very Low Medium Very low
Very Low High Very low
Very s Low Very high Very low
Low Very low Low
Low low Very low
Low Medium Very low
Low High Very low
Low Very high Very low
Medium Very low Low
Medium Low Very low
Medium Medium Very low
Medium High Low
Medium Very high Low
High Very low Low
High Low Medium
High Medium Medium
High High Medium
High Very high Medium
Very high Very low Low
Very high low Medium
Very high Medium Medium :
Very high High High Fig4. Routing with the propossd ABC-Fuzzy algorithm in quits complicatsd
Very high Very high Very low environment start at (3, 50) and end at (420,400), 723.82 cm path length.
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The three environments are simulated in two-dimensional spaces, the proposed algorithm improved fuzzy rules table
in [20] with the evolutionary characteristics of the ABC. Thus, the walking robot can select the optimal path in any
situation without any collision with obstacles, which may be at any speed, direction, and shape in front of robots.
Table 3, compares the performance of the proposed Fuzzy-ABC algorithm with the proposed Fuzzy algorithm in [20],
and other algorithms combined with fuzzy. In different environments path length found by the proposed Fuzzy-ABC
algorithm which is far less than the others optimal algorithms proposed in [21]. This is due to optimization of fuzzy
rules table in [21] by a sophisticated expert with evolutionary ABC algorithm. The path length is expressed in
centimeters.

Table4. Comparison of the proposad alzorithm in different Compared Lenght of Paths
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e - =|lao|l=zp2| =| = 1000
workspace £ g ] - ~En C 3
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simple G50 |wenwy | E( 28|82 2] 3 g o ==ACO_Fuzzy
workspaces |l a2l 2] 3] 2 ~ 200 it ICA_Fuzzy
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R_e_ag\el_\' 055 glel 2] 2|2 2 1 2 3 4 S
:glrﬁls;a:es G039 (#50.465) ;-: § E Dj "_:. g Workspace 3
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simple 075 | esosss Zl2|12| 2| 2| 2 Fiz. 5 Comparison of path length in quite complicatad workspace by the
[p) ) N ) . .
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Figure 6: Comparison of running time of evolutionary
algorithms proposed for routing in three workspaces
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4. Discussion

Path planning plays an important role in all mobile robots in different fields. They must quickly and robustly perform
useful tasks in a complex, dynamic, known and unknown environments. With respect to different environments of
mobile robots, different algorithms and methods have been used. Between them for a known environment with fixed
obstacles, ABC routing has better performance than ACO. There are a many methods in this field, but most work
spaces for mobile robots are areas with fixed and moving obstacles in a different direction and speed, that are famous
as the dynamic complicated known environments. There is less research in unknown dynamic environment field.
Therefore, due to the lack of mapping and also the shortage of mobility functions of barriers, ACO in [18] and ABC
alone are not working. Collective intelligence algorithms are useful in off-line methods, but it is necessary to have
detailed information about the environment and mobility functions of obstacles, in these cases, real-time methods
must be utilized. Thus, fuzzy rules table plays an important role in robots routing in complex environments. Fuzzy
rules table is usually set by an expert; tables cannot be fully optimized. Therefore, the evolutionary ABC has been
used in this study. With respect to optimality criteria, the purposed ABC affects the fuzzy table which has been set by
an expert, and offers efficient routing of mobile robots. Hence, mobile robots can find their ways with optimality
criteria, in every unknown environment with different complexity. In each iteration, each bee according to the
selection probability relationship in proposed ABC, for each of the fuzzy rules, determine an output, and eventually
produce a solution. As a result, fuzzy control systems based on the table produced for each bee, for all pairs of
considered initial and final points routing is done.

5. Conclusion

Optimal path planning is a principal problem in the mobile robot field. For navigation in an environment similar to
real environments, on-line methods are needed. Among these methods, fuzzy logic is a good option for solving this
kind of problem. Thus, the basis of fuzzy logic is the determination of fuzzy rules table, which is done by an expert.
When, fuzzy rules table is determined manually, table cannot be completely optimized. Therefore, considering that
determining the fuzzy rules table is a kind of NP problem, using ABC, this algorithm is inspired by collective
intelligence. For instance, bees find areas (nods) which have flowers with huge amount of nectar, and this intelligence
is used to find the best or optimal points in optimization problems. This proposed algorithm improves fuzzy rules
table. The table is determined by an expert according to the optimality criteria. Optimality criteria include the time,
the short and safe length and the smoothness of the path in this article and finally optimizes the elements of table.
Then, the proposed hybrid algorithm enables the mobile robot to pass the optimal path at the right time to achieve the
goal in every unknown environment with any obstacle. Also, the proposed algorithm has been able to improve the
length distances travelled by a mobile robot in every unknown environment by changing the evaluation function. The
shorter and smoother path resulted from the evaluation function proposed in the complex dynamic spaces. Advantages
and limitations of both algorithms can bring together a variety of applications in planning the robot's path in future.
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