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Abstract: A novel approach based on particle swarm optimization has been presented in this paper for solving mobile robot
navigation task. The proposed technique tries to optimize the path generated by an intelligent mobile robot from
its source position to destination position in its work space. For solving this problem, a new fitness function has
been modelled, which satisfies the obstacle avoidance and optimal path traversal conditions. From the obtained
fitness values of each particle in the swarm, the robot moves towards the particle which is having optimal fitness
value. Simulation results are provided to validate the feasibility of the developed methodology in various unknown
environments.
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1. Introduction
Motion planning of an intelligent mobile robot is one of the most vital issues in the field of robotics, which includes thegeneration of optimal collision free trajectories within its work space and finally reaches its target position. Based onthis issue the path planning can be classified into two categories: global path planning and local path planning. In theformer type, the robot generates the path from its source position to goal position within its known static environments.In the latter, robot generates path trajectories within its completely unknown/ partially known environments.Since last decades, numerous researches have been devoted to solve the mobile robot path planning problem and varioustechniques such as artificial potential field, visibility graphs and cell decomposition method etc. have been proposed.Potential field method is [11] widely used because of its simple structure and easy execution, but this approach may facethe local minima problem, which leads to robot trap situation within its environments. Visibility graph [10] requires morecontrol accuracy, because its search path efficiency is low as described in [12]. In the cell decomposition approach [5],the environment is divided into a number of cells which are predefined in size and shape. This method is not suitable
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for real time path planning and can be used when the workspace of the robot is known. Although these methods are notnecessarily mutually exclusive, hybridization of them is often utilized for modelling motion planners.Kennedy and Eberhart [7] developed an evolutionary computational method named Particle Swarm Optimization (PSO),which was motivated by social behaviour of bird flocking or fish schooling. Because of its special features like proximity,quality, diverse response, stability and adaptability, it has been successfully implemented to solve many engineeringproblems. As explained by Hassan et al. [6], PSO is more efficient in computational view (uses less number of functionevaluations) than genetic algorithms. Because of its effectiveness and faster response, various authors have been applyingPSO for solving scientific problems such as unknown parameters estimation in nonlinear systems [1], bioinformatics [21],machine learning [17], job-shop scheduling [14] and constrained optimization problem [18] etc.Path planning of a mobile robot can be considered as a multi objective optimization problem, because it includesgeneration of trajectories from its source position to destination with less distance/time traversal and avoiding obstacleswithin its known/unknown environments. It has been proved by Venaygamoorty and Doctor [16], for optimal navigationof mobile sensors, that the time taken by convergence with PSO is ten times faster than the time taken by fuzzylogic. Zhang and Li [20] applied PSO for motion planning of a robot, when the work space is having the obstaclesof generalised polygons. But their implementation may not generate optimal paths in all situations. To overcomethis difficulty Qin et al. [12] applied PSO with mutation operator. But this approach requires a lot of work to adjustthe controlling parameters of PSO. Maschian and Sedighizadeh [9] have recently developed a novel PSO based motionplanner for an autonomous mobile robot. They have done a large amount of work for adjusting the controlling parametersof PSO and generating optimal trajectories between two successive robot positions. Even though, their work requiresan adaptive algorithm to generate the safest path within its environments.The above mentioned algorithms are useful only for known environments, but their implementation cannot be appliedfor unknown/partially known environments. Derr and Mannic [3] have outlined a PSO based computational methodfor motion planning of robots in noisy environments, but this methodology increases the robot search time in findingits target. Several researchers [4, 15] have applied PSO for obstacle avoidance in collective robotic search within therobotic noisy environments. Lu and Gang [8] have proposed an algorithm using PSO for generating optimal path of amobile robot in unknown environment. However their implementation lacks in adjusting the controlling parameters oftheir developed fitness function to improve the performance of the system architecture.To overcome the limitations of the past methodologies as explained above, such as robot trap situations in maze environ-ments, more robot search time for target seeking and mathematical complexity etc., a new system architecture has beendeveloped in this paper. Moreover, the present algorithm is used for target seeking in unknown robotic environments.The present research work aims to develop an efficient PSO based system architecture for solving the mobile robotnavigation problem. Motion planning of an intelligent mobile robot is considered here as a multi objective constrainedoptimization problem. A new fitness function has been modelled to solve this optimization problem. In other words,controlling parameters are tuned to get optimal trajectories within its environment. Finally, simulation results arepresented to verify the effectiveness of the developed algorithm in various robotic maze environments.
2. Mathematical modeling of PSO
PSO is a population based methodology, which was inspired by social behaviour of bird flocking or fish schooling. Thepopulation considered in PSO is called swarm and its individuals are known as particles. So a swarm in PSO can bedefined as a set S = {P1, P2, P3, . . . , Pn}. Where P1, P2, P3, . . . , Pn are ‘n’ number of particles in the swarm. Theseparticles are assumed to move within the search space. While the particles are moving, their new positions can be updatedwith a proper position shift called velocity. Let us consider the positions of ‘n’ particles are: {x1, x2, x3, . . . , xn} andtheir velocities are: {v1, v2, v3, . . . , vn}. The new velocity of each particle is obtained from the communicated informationof particles among the swarm. It can be done in terms of memory i.e. each particle stores its best position, it has evervisited during its search. The best position decided by each particle is called position best and is indicated by Xpbest .So there are ‘n’ number of position best values for ‘n’ particles in the swarm.Now the particles in the swarm are mutually communicating their experience and they will approximate to one globalbest position, ever visited by all particles as shown in Figure 1. Selection of global best position can be done bycalculating the fitness values of each particle in the swarm.The particle which is having the best fitness can be treated as the global best position and is represented by Xgbest .

153



PSO based path planner of an autonomous mobile robot

Figure 1. Basic structure of PSO for global best approximation.

The determination of Xgbest indicates the completion of one PSO iteration. This process will be continued until maximumnumber of iterations has occurred or the robot has reached its target. Once finding each Xpbest and swarm Xgbest , thevelocity and position of each particle will be updated according to Eqs. (1) & (2).
vi (k + 1) = vi (k) + C1 ∗ rand1 ∗ (Xpbest−x i

)+ C2 ∗ rand2 ∗ (Xgbest−x i). (1)
And

xi (k + 1) = xi + vi (k + 1) (2)where k is the iteration counter; rand1 and rand2 are random variables and C1 and C2 are cognitive and socialparameters.
3. Mobile robot system architecture
PSO can be applied to mobile robot navigation by defining a fitness function as well as transforming it into a minimizationproblem. The efficiency of a motion planner depends on two conditions: the primary condition is that the robot has togenerate trajectories by avoiding obstacles and escaping traps; and the second condition is that the robot has to reachits target by travelling short distance in minimum possible time. In order to find fitness of each individual, a fitnessfunction has to develop, which should meet the above mentioned aspects.If the robot is not sensing any obstacles in its environment, the robot can move towards its destination. Therefore it isnot necessary to apply any adaptive mechanism to move the robot within its work space. But it is a very difficult task togenerate trajectories for an autonomous mobile robot when it senses obstacles in its environment. The present researchwork develops a PSO based system architecture for obtaining optimal path trajectories when the robot senses obstacleswithin its work space. In this way the developed system architecture will work for generating optimal path trajectoriesof an autonomous mobile robot within its unknown environments and the flow chart for this methodology is representedin Figure 2.
3.1. Fitness function development
As explained in the previous section it is necessary to find the fitness value of each particle in the swarm. For thispurpose a new fitness function has to be modelled by satisfying the following conditions.1. First priority condition: The fitness of particle should maintain the maximal distance from the nearest obstacle,in other words the fitness function is indirectly proportional to the distance between the particle and its nearestobstacle. Because of this condition, a repulsive action is generated between the particle and the obstacle.

⇒ Fi ∝
(1/distPiNOb

) for 1 ≤ i ≤ n, (3)
where distPiNOb indicates the distance between ith particle and the nearest obstacle.
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Figure 2. Flow chart for mobile robot navigation using PSO.

2. Second priority condition: The fitness of particle should maintain the minimal distance from the robot’s destination,in other words the fitness function is directly proportional to the distance between the particle and the target.Because of this condition, an attractive action is generated between the particle and the target in order to movethe robot towards its destination.
⇒ Fi ∝

(
distPiT

) for 1 ≤ i ≤ n (4)
where distPiT indicates the distance between ith particle and the target position.From the above mentioned conditions shown by Eqs. (3) and (4), the required fitness function should maintain both theattractive action towards its target and the repulsive action towards the nearest obstacle and the final form of the fitnessfunction can be generated as represented by Eq. (5).

Fi = W1 ∗ distPiT + W2 ∗ (1/distPiNOb
) (5)
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where W1and W2are the proportionality constants/controlling parameters can be varying according to the positions ofparticle, target and nearest obstacle.For example, if a mobile robot has sensed a certain number of obstacles (Sob) within its sensing range, then the robotcan detect the nearest obstacle according to reflected radiation intensity from the sensed obstacles. Consider the robotis represented as a point (robotx, roboty) in X,Y–plane and centres of sensed obstacles be (obx i, obyi) for 1 ≤ i ≤ Sob.Then the distance between the robot and the sensed obstacles can be obtained from Eq. (6):
(distROb)i = √(robotx − obx i)2 + (roboty− obyi

)2 for 1 ≤ i ≤ Sob (6)
From the calculated ‘Sob’ number of distance values, the obstacle which is having minimum distROb can be selected asthe nearest obstacle. Once the robot detects the nearest obstacle (NOb) within its sensing range, it will generate arandom population/swarm around it within the sensing range. So one fitness function (F) is required to calculate thefitness of each particle in the swarm for further robot movements.Let the positions of particle, target and nearest obstacle be represented in X,Y-plane as (pxi , pyi ), (goalx, goaly) and(NObx , NOby), then the distance from each particle to the robot’s destination and nearest obstacle can be calculatedfrom Eqss (7) and (8).

distpiT = √(pxi − goalx
)2 + (pyi − goaly

)2 (7)
distpiNOb = √(pxi −NObx

)2 + (pyi −NOby
)2 (8)

By observing Eq. (6), the particle which is having the minimum fitness value can be treated as Xgbest , because thatparticle (Xgbest) is away from the nearest obstacle and close to the goal position. The selection of Xgbest will becontinued for several cycles until the robot is away from the sensed obstacles or it reaches its destination. Thealgorithm for PSO based mobile robot navigation is as follows:
Step 1: Initialize robot source and destination positions.
Step 2: Robot moves until it senses any obstacles or its target position.
Step 3: If robot senses any obstacles, apply PSO.
Step 4: Initialize positions and velocities of random population.
Step 5: Obtain each particle’s Xpbest and swarm Xgbest .
Step 6: Find out new positions and velocities of each particle by using Eqs. (1) and (2)
Step 7: Repeat steps 4, 5 and 6 until the robot is away from the sensed obstacles.
Step 8: Repeat step 2 until robot reaches its destination.

Note: The velocities of particles in the swarm are here used for obtaining their position best and swarm global
best position; but the particle velocities are not influencing the the robot’s velocity.

Once the robot detects global best position among the swarm, it will start its motion towards the Xgbest . In this manner,iterations will be continued until the robot is away from the sensed obstacles or maximum possible number of cycles hasreached.
4. Simulation results
From Eq. (5), it can be noticed that the particle among the swarm which is having minimum fitness value is consideredas Xgbest . The first controlling parameter W1 in Eq. (5) indicates the closeness of the particle to the robot’s target andsecond controlling parameter W2 indicates the particle far away from the nearest obstacle. So Xgbest can be obtainedby minimizing the fitness function as shown in Eq. (5). High value of W1 indicates the particle is very close to thetarget and low value of W1 indicates the particle is far from the robot’s target. Similarly, high value of W2 indicates theparticle is maintaining more distance from the nearest obstacle and low value of W2 indicates the particle is very close
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Table 1. Experimental results for W1=0.5 to 0.65 and W2=750 to 900.

W1 W2 Robot travelled distance (cm) Collision free path(Yes/No)0.5 750 545.2 Yes800 532.8 Yes (Min.)850 537.6 Yes900 538 Yes0.55 750 505.2 No800 543.2 Yes850 527.6 No900 537.6 Yes0.6 750 504.4 No800 505.2 No850 505.2 No900 545.2 Yes0.65 750 494.8 No800 497.6 No850 505.2 No900 505.2 No
to the nearest obstacle. So it is required to adjust the controlling parameters of fitness function, to low W1 and high
W2 values.During the analysis, population (=80) is initialized randomly by defining their positions and velocities around the robotwithin its sensing range (say 20 units for calculation purpose) and velocities of particles are varying from 0 to 5.
4.1. Controlling parameters
For getting feasible paths generated by the robot, it is necessary to tune the fitness parameters as explained above. Asdiscussed in the previous section, the primary objective of the work is to obtain collision free path and target seekingis the secondary priority, therefore the obstacle avoidance parameter W2 should convey more weight than the targetseeking parameter W2.A large number of experiments have been carried out at various values of W1 and W2 as outlined in Appendix A. It showsthat the robot is generating feasible paths at the values of W1 in the range of [0,1] and W2 in the range of [150,900].Analysis has been carried out at various values of W1 and W2 by keeping the PSO parameters C1 = 1 and C2 = 1.

Figure 3. Mobile robot paths for Table 1 (W1 and W2) parameters consideration.
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Table 2. Experimental results for various C1and C2.

C1 C2 Robot travelled distance (cm) Collision free path(Yes/No)0.5 0.5 533.2 Yes1 533 Yes1.5 532.6 Yes2 529.6 No1 0.5 533 Yes1 532.8 Yes1.5 532 Yes (Min.)2 530.4 No1.5 0.5 534 Yes1 533.6 Yes1.5 532.8 Yes2 531.6 No2 0.5 534.2 Yes1 534.2 Yes1.5 534.6 Yes2 534.8 Yes
From the above statistical results, it is concluded that the robot is generating most favorable paths at W1=0.5 and
W2=800. The next step is to adjust the social and cognitive parameters C1 and C2 in order to get better results thanthe previous analysis.

Figure 4. Mobile robot paths for Table 2 (C1 and C2) parameters consideration.

From Table 2, the results showed that the robot is generating most favorable and shortest paths at C1 = 1 and C2 = 1.5.The collision free path generated by a mobile robot within its search space is shown in Figure 2 at the values of W1=0.5and W2=800 and C1=1 and C2=1.5.Robot motion in magenta colour path is the indication of obstacle free environment; blue points around the robotrepresent random particle distribution within its sensing range when the robot senses any obstacles in its search space;and small cyan coloured circles represent the global best positions obtained by calculating fitness value of each particle.Trajectories in black colour represent the most feasible path obtained by the proposed PSO algorithm.
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Figure 5. Robot motion in the case of single obstacle avoidance.

4.2. Comparison with previous system architectures
1. Das et al. [2] have implemented a well known heuristic A* algorithm for solving mobile robot navigation in staticunknown environment. In their work, they considered the cost function as the time metric of distance travelled bythe mobile robot. The aim of their work was to minimize the cost function by using A* algorithm. In other wordsthe total distance travelled by the mobile robot from its initial position to destination should be minimum. Laterthey applied the proposed methodology to a Khepera II mobile robot in an unknown static environment.

Figure 6. Path obtained by Das et al. [2].

2. Secchi et al. [13] have presented an effective control law for obstacle avoidance in unknown environments. Theproposed control system concerns two loops, namely the position control loop and the impedance control loop.Impedance here refers to a function of the distance between the robot and the sensed obstacles. Finally theyimplemented their algorithm to a Pioneer mobile robot in order to verify the performance of the control system.
3. Zawawi et al. [19] have described an efficient system architecture development for an autonomous mobile robotusing visual simultaneous Localization, mapping and Particle swarm optimization. Their developed methodologyis suitable for navigating a mobile robot in indoor environments.
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Figure 7. Path obtained by present motion planner.

Figure 8. Path obtained by Secchi et al.

From the visual inspection of the results shown in Figure 6-11, it has been noticed that the current motion planner isgiving better results as compared to results obtained by Das et al. [2], Secchi et al. [13] and Zawawi et al. [19] whenthe robot is navigating within its search space for target seeking.
4.3. Simulation results in maze environments
Figure 12(a) to Figure 12(e) show the motion or path generation of an autonomous mobile robot in various mazeenvironments. Simulation results are presented to verify the capability of a mobile robot, how it can generate mostfeasible trajectories in order to reach its destination within its unknown search space, by using the proposed PSO basedsystem architecture. Figure 12(a)-12(c) represent the robot moving either in the left or right direction according to itstarget position. Figure 12(d) represents the robot and target positions in a vertical line. Figure 12(e) represents therobot path generation in a concave shape maze environment.
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Figure 9. Path obtained by present motion planner.

Figure 10. Robot Path by Secchi et al.

Figure 11. Path obtained by present motion planner.
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(a) (b)

(c) (d)

(e)
Figure 12. Path generation in maze environments.

5. Conclusion and future work
A new computational method has been proposed for solving path planning problem of an intelligent mobile robot, basedon Particle Swarm Optimization. The developed algorithm is effective in avoiding obstacles and generating optimalpaths within its unknown environments. The trajectories generated by the robot are based on the selection of globalbest position in each iteration. Among the swarm, the particle which is having the minimum fitness is considering asthe global best position. Therefore, the robot moves towards the global best position and this process is continuedfor several iterations until the robot reaches its target position. A large number of experiments have been carried outfor adjusting the controlling parameters of the modelled fitness function. Simulation results show the capability of themobile robot, how effectively the robot is generating trajectories with the help of the developed algorithm, by avoidingobstacles, escaping traps and reaches to its goal position within its unknown maze environments.Although the proposed methodology solves the local minima problem up to a certain level than the previous researchersas addressed in introduction part, it requires some reinforcement learning strategy to achieve better results. The pathobtained by the robot may not be globally optimal, but it can be achieved by developing some adaptive strategy for thecurrent methodology. As future work, the proposed algorithm has to be applied to real robotic environments.
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Appendix A: Tuning of parameters
A.1. Tuning of W1 and W2Velocity of each particle depends on the parameters C1 and C2; and rand1 and rand2. Usually the random values
rand1 and rand2 are varying in the range of [0,1], these values are influencing the particle velocity but not the robottravelled distance. For simplicity these values are adjusted to a fixed value ‘1’. The fitness parameters W1 and W2 canbe adjusted according to the mobile robot travelled distance within its work space. It means C1 and C2 are indirectlyeffecting (to find Xgbest) while tuning the parameters W1 and W2. For easy consideration, simulation experiments areconducted at the values of C1 = 1 and C2 = 1.PSO parameters: rand1 = rand2 = C1 = C2 = 1While performing the analysis, there are four possible cases as follows:
Case 1: High values of W1(≥ 1) and High values of W2(≥ 150)
Table A1. Experimental results for Case 1.

W1 W2 Robot travelled distance (cm) Collision free path (Yes/No)1 150 457.2 No300 460.8 No450 466.4 No600 477.6 No750 488 No900 481.6 No2 150 453.2 No300 457.2 No450 459.6 No600 460.8 No750 466 No900 466.4 No3 150 453.2 No300 453.2 No450 457.2 No600 460.8 No750 459.6 No900 460.8 No

Figure A1. Mobile robot path for Case 1.

164



BBVL Deepak, Dayal R. Parhi

Case 2 : High values of W1(≥ 1) and Low values of W2(≤ 150)
Table A2. Experimental results for Case 2.

W2 W2 Robot travelled distance (cm) Collision free path (Yes/No)1 0 457.2 No50 461.6 No100 464.4 No150 465.6 No2 0 455.6 No50 474 No100 455.6 No150 461.6 No3 0 462 No50 455.2 No100 462.8 No150 462.8 No

Figure A2. Mobile robot path for Case 2.
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Case 3: Low values of W1(≤ 1) and Low values of W2(≤ 150)
Table A3. Experimental results for Case 3.

W2 W2 path travelled (cm) Collision free path (Yes/No)0 0 566.4 Robot follows zigzag motion (Yes)50 519.6 Robot takes more navigational time (Yes)100 553.2 Robot follows zigzag motion (Yes)150 553.2 Robot follows zigzag motion (Yes)0.3 0 455.6 No50 456.4 No100 467.6 No150 471.6 No0.6 0 458.4 No50 472.8 No100 465.6 No150 463.2 No0.9 0 484 No50 460.8 No100 453.2 No150 462 No

Figure A3. Mobile robot path for Case 3.
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Case 4: Low values of W1(≤ 1) and High values of W2(≥ 150)
Table A4. Experimental results for Case 4.

W1 W2 Robot travelled distance (cm) Collision free path (Yes/No)0.1 150 545.2 Yes300 625.2 Yes450 613.2 Yes600 553.2 Yes750 553.2 Yes900 553.2 Yes0.3 150 466.4 No300 488.4 No450 545.2 Yes600 580 Yes750 661.2 Yes900 625.2 Yes0.5 150 460.8 No300 477.6 No450 481.6 No600 497.6 No750 545.2 Yes900 538 Yes (Min.)0.7 150 460 No300 466.4 No450 481.6 No600 488 No750 484.4 No900 499.6 No0.9 150 457.2 No300 460.8 No450 466.4 No600 481.6 No750 488 No900 488.4 No

Figure A4. Mobile robot path for Case 4.
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By observing the results from Table A1 to A3, the robot cannot satisfy the primary criterion i.e. avoiding the obstacle infirst three cases. The robot is generating collision free paths in some situations, when W1 and W2 values according toCase 4. By observing the results from first two cases, it can be noticed that the robot cannot generate a collision freepath at larger values of W1 (>1). From Table A4, it can be observed that the robot is generating least distance path atthe values of W1=0.5 and W2=900. So it is necessary to carry out the experiments at W1=0.5 to 0.65 and W2=750 to900 to find the best path travelled by the mobile robot.

168


	Introduction
	Mathematical modeling of PSO
	Mobile robot system architecture
	Simulation results
	Conclusion and future work
	References
	Appendix A: Tuning of parameters



