
Advances in Natural and Applied Sciences, 8(17) Special 2014, Pages: 41-47 

 

AENSI Journals 

Advances in Natural and Applied Sciences 

 
ISSN:1995-0772    EISSN: 1998-1090 

 

Journal home page: www.aensiweb.com/ANAS 

 

   

Corresponding Author: S. Abinaya, Department of Computer Science and Engineering, Thiagarajar College of  

Engineering.  

Hybrid Genetic Algorithm Approach for Mobile Robot Path Planning  
 
1
S. Abinaya, 

2
V. Hemanth Kumar, 

3
P. Srinivasa Karthic, 

4
D. Tamilselvi, 

5
S. Mercy Shalinie

 

 

1Affiliated to Anna University,Thiagarajar College of Engineering, Department of Computer Science and Engineering, S.Abinaya-UG 

Scholar, Madurai, India 

2Affiliated to Anna University,Velammal Engineering College, Department of Electrical and Electronics Engineering, P.Srinivasa Karthic-

UG Scholar, Chennai, India 

3Affiliated to Anna University,PSG College of Technology, Department of Applied Mathematics & Computational Science, V.Hemanth 
Kumar-UG Scholar, Coimbatore,India. 

4Affiliated to Anna University,Thiagarajar College of Engineering, Department of Computer Science and Engineering, D.Tamilselvi-

Faculty, Madurai,India. 

5Affiliated to Anna University,Thiagarajar College of Engineering, Department of Computer Science and Engineering, S.Abinaya-HOD, 

Madurai,India. 
 

A R T I C L E  I N F O   A B S T R A C T  

Article history: 

Received   3 September 2014 
Received in revised form 30 October 

2014 

Accepted 4 November 2014 
 

Keywords: 

Mobile Robot 
Genetic Algorithm 

GJK Algorithm 

Optimal Path 
Dynamic Obstacles 

 

 The proposed hybrid approach integrates the trajectory planning with the path planning 

for the mobile robot navigation in the indoor simulated environment. GA (Genetic 
Algorithm) makes the robot to choose the optimal path selection to reach the gol with 

global path planning. GJK distance algorithm supports the collision avoidance of 

convex shaped dynamic obstacles during navigation. The GJK algorithm finds the 
obstacles position in the environment and incorporates the value in the fitness function 

during every step movement of the robot and adds the internal mechanism of obstacles 

values into the Genetic Algorithm which makes the effective optimal path selection in 
the environment. To ensure statistical significance of the hybrid approach, paired 

sample„t‟ test were performed using SPSS tool. Hybrid GA takes less time over GA in 

various tests of different shapes of obstacles in the environment. The overall various 
shaped obstacles the average time taken to reach the goal by Hybrid GA (164.33 

seconds) is lesser than the GA (671.33seconds) in reaching the goal. Integration of the 

distance based algorithm with heuristic approach makes the best optimal path selection 
with the effective obstacle prediction and avoidance in the environment. 
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INTRODUCTION 
 

 During the last 50 years, robotics research is aimed at finding solutions for the expanding demands of 

applied robotics. The term mobile robot denotes a robotic system, consisting of a platform of locomotive 

elements that were used for carrying out different tasks in different places. In 1968, the robots were nothing but 

automated guided vehicles (AGVs), that were used for transporting tools by following a predefined trajectory 

(Elena Garcia, et al., 2007). At present, the research in this area deals with indoor and outdoor navigation for 

robots in many real time applications. There are increasing demands for potential applications of autonomous 

mobile robots in indoor environments, ranging from cleaning, surveillance, searching and rescue operations, in 

burning buildings during hostage crisis, to assisting the handicapped or elderly in and around the house. There 

are numerous difficulties and challenges that must be addressed before one can think of these applications. To 

be more specific, personal robotics applications in indoor environments must be safe, sensitive, inexpensive and 

above all human friendly.  

 The main issue for the mobile robot navigation is that it has to compute a route from the current position to 

the destination, and then navigate itself along that route, taking into consideration all the obstacles along the 

path. Path planning for mobile robots consists of finding a sequence of state transitions that leads a robot from 

its initial state to a desired goal state. Here, the states are meant to be different robot locations and the transitions 

represent actions taken by the robot. Each action by robot has an associated cost. A path is said to be optimal, if 

the sum total of its transition cost is minimal when compared to all other possible paths, starting from the initial 

state to the goal state (Yahja A.,2000). A planning algorithm is said to be complete when it finds whether a path 

exists or not in a finite time. Similarly, a planning algorithm is optimal if it finds the shortest and cost-effective 
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path. Several approaches exist for computing paths through a given map of the environment. In general, the two 

most popular techniques that determine the above are heuristic-based algorithms (Ray Jarvis(2008).,Sardjono 

Trihatmo and Jarvis., 2005) and randomized algorithms (Hui Ying Dong, et al,2011 , Peng Li,et al, 2011). 

 Recent research has produced two fundamental paradigms for modelling indoor robot environments: the 

grid-based (metric) paradigm and the topological paradigm (Meng Wang and James N.K. Liu., 2008., LaValle, 

S. and Kuffner, J., 2001). Grid-based methods (Sebastin Thrun and Arno Bucken., 1996.,Moravec, H.P.,1988) 

are easy to build, represent and can produce accurate metric maps(Engelson and McDermott., 1992.,Peng Li,et 

al., 2011). The topological graphs (Kortenkamp, D. and Weymouth, T., 1994., Kuipers, B.J. and Y.T. Byun. A., 

1991) on the other hand, are difficult to construct and maintain in large-scale environments.  

 The task of computing an obstacle-free path for mobile robots is divided into global path planning and local 

path planning. In global path planning, prior information of workspace is available, and it normally deals with 

static environment (Pierce, D, and Kuipers, B., 1994). In local path planning, local information fetched by the 

sensors is used to build maps and compute the collision-free path for every move. As the present day 

requirement with the related domains is mostly dynamic, mobile robot which can adapt to dynamic environment 

is the need of the hour. So the current research is focused on path planning in dynamic environment. 

 

Hybrid genetic algorithm: 

 The Genetic Algorithm approach allows the addition of other techniques that complement and/or improve 

the results. A reliable navigation algorithm must be able to 1) Identify the current location of the robot, 2) Avoid 

any collisions, 3) Determine a path to the object. For this reason, the mobile robot navigation problem is a 

challenging problem, and a number of studies have been attempted, resulting in a significant number of 

solutions. A number of hybrid GA algorithms have been proposed to address these three important issues.   

 Joo, Y.H., Hwang, H.S., Kim, K.B. and Woo, K.B. ., (1997) applied fuzzy model with Genetic Algorithm 

to control the navigation of a mobile robot. The parameters defined in the fuzzy implications are identified by 

the genetic algorithm to minimize the error globally. This hybrid approach identifies the optimal parameters 

globally and the consequences of fuzzy implications simultaneously. Vadakkepat, P., Tan, K.C. and Wang, 

M.L.., (2000) proposed the Evolutionary Artificial Potential Field (EAPF) applied to real-time robot path 

planning. The artificial potential field method is combined with genetic algorithms, to derive optimal potential 

field functions. The proposed EAPF approach is capable of navigating robot(s) situated among moving 

obstacles.  

 Sadati, N. and Taheri, J., (2002) combined GA with the use of Hopfield Neural Networks, avoiding the 

collision of obstacles in the process of crossover between two distinct paths. By using this type of neural 

network, it is possible to add new nodes on the path of the robot, creating deviations along the way, and thus 

avoiding collision. Juang [19] proposed hybrid GA and PSO model, known as HGAPSO. In HGAPSO, 

individuals in a new generation are created, not only by crossover and mutation operation as in GA, but also by 

PSO.  

 Hachour, O.(2009) proposed Hybrid Intelligent Systems (HIS) for Intelligent Autonomous Vehicles (IAV) 

in unknown environment combining Genetic Algorithms (GA), Fuzzy Logic (FL), Neural Networks (NN) and 

Expert Systems (ES) in the simulated environment to avoid obstacles and to reach the goal. It is used in 

challenging applications such as service robots, micro-robots, biorobots, guard robots and warehousing robots. 

 CenZeng(2012) proposed three steps for robot path planning to increase the performance. MAKLINK graph 

theory is adopted to establish the free space model of mobile robots firstly, then Dijkstra algorithm is utilized for 

finding a feasible collision-free path, finally the global optimal path of mobile robots is obtained based on the 

hybrid algorithm of A* algorithm and genetic algorithm. Hsu-Chih Huang.(2012) combined GA with PSO in 

evolving new solutions by applying crossover and mutation operators on solutions constructed by particles. The 

hybrid algorithm avoids the premature convergence and time complexity in conventional GA and PSO 

algorithms.  

 Gilbert, E.G., Johnson, D.W. and Keerthi, S.S.,(1988) prove that the algorithm‟s comparably low 

complexity is a consequence of its mathematical programming origin. GJK uses support mapping functions to 

describe geometrical objects and reduces the problem of computing the distance between two objects to the 

simpler task of computing the distance of one object to the origin, which is achieved by using the Minkowski 

Difference. Van den Bergen, G.(1999) proposed that the GJK implementation is much easier to compute the 

actual distance. The proposed Hybrid techniques differ from the above literature by means of considering the 

geometrical values of obstacles. Collision detection is a low level process in a motion planning system, which 

must execute before higher level processes can proceed. For this reason, collision detection algorithms must be 

fast and reduce the time to reach the goal. The collision detection algorithm like GJK has roots in computational 

geometry. The proposal is to combine GJK and Genetic Algorithm to balance each algorithm out and to provide 

for excellent robot navigation. 
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Proposed hybrid genetic algorithm: 

 GA is used for global path planning and GJK for obstacle avoidance. Hybrid algorithm integrates the local 

and global navigation systems. The global system plans the path using a global approach using GA and in the 

fitness value calculation it computes the distance between the robot and the obstacles using the Minkowski 

distance formula. The GJK continuously computes the obstacles position with respect to the robot movement, 

updates to GA global path planning. According to the obstacles current position, GA finds the optimal path. If 

an obstacle obstructs this path, the robot uses the GJK computed value and pre plans the optimal global path to 

reach the goal. During the fitness value calculation, based on obstacle position and shape, the GJK agent 

computes the Minkowski difference between the robot and the obstacle with respect to the origin. The prediction 

of the obstacles shape and position in prior, makes the genetic algorithm agent incorporate local obstacles 

position in advance and find the optimal path selection. 

 During the fitness value calculation, based on obstacle position and shape, GJK Agent computes 

Minkowski difference between the robot and obstacle with respect to origin. Prediction of obstacles shape and 

position in prior, makes the Genetic Algorithm Agent to incorporate local obstacles position in advance and find 

the optimal path selection. The flowchart representation for the above process is given in Figure 1.1. 

 

 
 

Fig. 1.1: Flow chart for Hybrid Approach Using GA and GJK 

 

 Figure 1.1 shows the hybrid approach applied for the optimal path selection. First the source, destination, 

and obstacles position were selected. Multiple paths were generated with the initial population. The fitness of 

each chromosome in the population is then evaluated by the inclusion of the GJK algorithm weight value. The 

GJK uses Minkowski difference between the robot and obstacles with respect to origin. The fitness value 

supports the GA to predict the obstacles position in prior and selects the optimal path without collision. Since 
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the geometric parameter values of obstacles position are added with the fitness value, prior detection makes the 

GA to select the optimal path. The hybrid approach balances each algorithm out and provides for excellent robot 

navigation. The main idea is to use the Genetic Algorithm initially finding the general course for the optimal 

path selection and the GJK to smooth out any problems that may occur along the way due to obstacles. Since the 

trajectory planning is added as part of obstacle detection, GA gives the optimal solution with less computation 

time and effective obstacle prediction and avoidance in the environment. The hybrid process is as follows.  

 

Step 1: 

 In the proposed indoor simulated environment, the Source, Obstacles and Target position were selected. 

Two obstacles were considered.  

 

Step 2: 

 Figure 1.2.shows that the population of the initial solutions are generated randomly.  

  

 
  
Fig. 1.2: Initial Population between Source and Target 

 

Step 3: 

 The Fitness Function is calculated using the equation 1  

 F = Σkdj(1+Wj)               (1) 

 where 

 dj  - is the distance between two adjacent genes,  

 Wj  - is the damping coefficient of j
th

 gene 

 k  - is the total grids a mobile robot will move over  

 d - 1, if horizontal or vertical direction, 0.414 if diagonal 

 Wj is calculated using the GJK agent by considering the source and the obstacle. 

 

Step 4: 

 Selection Process: A Roulette wheel selection takes place. The basic part of the selection process is to 

stochastically select from one generation to create the basis for the next generation. The requirement is that the 

fittest individuals have a greater chance of survival than the weaker ones. This replicates nature that fitter 

individuals will tend to have a better probability of survival and will go forward to form the mating pool for the 

next generation. Weaker individuals are not without a chance. In nature such individuals may have genetic 

coding that may prove useful to future generations. In the fitness proportionate selection, as in all selection 

methods, the fitness function assigns fitness to possible solutions or chromosomes. This fitness level is used to 

associate a probability of selection with each individual chromosome. If fi is the fitness of individual i in the 

population, its probability of being selected is 

pi = fi/(total fitness)   where total fitness=sum(individual fitness(fi))  

 

Step 5: 

Reproduction Process:  

 Figure 1.4 shows that the Crossover takes place for two randomly selected chromosomes at one or more 

points. Parts of the chromosome are exchanged to give birth to new chromosomes. 

 

Step 6: 

 Mutation takes place contrary to the usual procedures and here a randomly selected node is deleted. The 

process is repeated for “n” number of generations until the source reaches the target. 
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Fig. 1.4: Crossovers 

  

Performance analysis and discussions: 

 Figure 2.1 shows the optimal path selection with the same shape of two obstacles included in the 10  10 

Environment. The Initial assumptions made in the environment are the population size of 26 chromosomes, with 

the crossover probability of 0.9 and mutation probability of 0.02. 

  

 
   

Fig. 2.1: Simulation Results for Optimal Path Selection. 

 

 In Fig.2.1 simulation results the GJK continuously computes the obstacles position with respect to the robot 

movement, updates to GA global path planning. According to the obstacles current position, GA finds the 

optimal path. If an obstacle obstructs this path, the robot uses the GJK computed value and pre plans the optimal 

global path to reach the goal. During the fitness value calculation, based on obstacle position and shape, the GJK 

agent computes the Minkowski difference between the robot and the obstacle with respect to the origin. The 

prediction of the obstacles shape and position in prior, makes the genetic algorithm agent incorporate local 

obstacles position in advance and find the optimal path selection. Various obstacles are tested with the proposed 

hybrid algorithm. Since the GJK predicts the obstacles in prior and integrates with GA, the optimal solution is 

found with less time compared to the traditional GA. The path cost is also less. Table 1 shows the hybrid 

approach results. As the obstacle prediction and position are scheduled by the GJK agent, the Genetic algorithm 
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agent includes the local mechanism during the fitness calculation and finds the optimal path selection with 

minimum time. 

 
Table 1: Hybrid Approach Results. 

S. No. Obstacle Shape Path Cost Time to reach the Goal (milliseconds) 

1 Triangle 15824 406 

2 Rectangle 17514 328 

3 Irregular 16672 250 

 

 The inclusion of trajectory planning which includes the obstacle nature during fitness evaluation takes 

minimum time when compared to the GA results obtained in the previous chapter. The Hybrid approach makes 

the GA to support motion planning and the GJK to predict the obstacle position in prior.  

 

Statistical analysis: 

 For different shapes of obstacles in the environment, Hybrid GA reaches less time to reach the goal without 

collision when compared with GA. While testing the GA with various shapes of obstacles in the environment it 

takes longer time to reach the goal comparing with the Hybrid GA. Hybrid GA takes less time over GA in 

various tests of different shapes of obstacles in the environment. Similarly in the overall various shaped 

obstacles the average time taken by Hybrid GA (164.33) is lesser than the GA (671.33) in reaching the goal. The 

SPSS tool is used to find the paired sampled statistics of time to reach the goal for DTA and traditional DT. 

Table 2 shows the Mean, the Standard Deviation and Standard Error Mean. 

  
Table 2: Paired Sample Statistics 

Obstacles Hybrid GA – Path Cost GA – Path Cost 

Triangle shaped obstacle 152 600 

Rectangle shaped obstacle 175 694 

Irregular shaped obstacles 166 720 

Mean 164.33 671.33 

Std. Deviation 11.59 63.13 

Std. Error Mean 6.69 36.45 

 

 In this example, the “t” value is -16.26. The column labelled "d.f" gives the degrees of freedom associated 

with the t test. In this example, there are 2 degrees of freedom. The column labelled Sig. (2-tailed) gives the “p” 

value associated with the test. The “p” value is 0.004 which is less than 0.05 which shows that there is a 

statistically significant difference between the mean differences in time to reach the goal with Hybrid GA 

compared to GA.  

 
Table 3: Inferential Statistics 

Paired Samples Test 

Type of 

Test 

Comparison Paired Differences t value d.f 

Mean Std. 

Deviation 

Std. Error 

Mean 

95% Confidence Interval of 

the Difference 

Lower Upper 

Pair 1 Hybrid GA Path 

Cost and 

GA Path Cost 

-507.00 54.01 31.18 -641.17 -372.83 -16.26 2.00 

 

Conclusion: 

  The results shows that the optimal path is found for various shapes and sizes of the obstacles within a 

minimum time since the trajectory information is immediately available to the robot. GJK finds the obstacles 

position and incorporates the value in the fitness function during every step movement of the robot in the grid 

environment and adds the internal mechanism of obstacles values in to the genetic algorithm which makes 

effective optimal path selection in the environment.  

 The Heuristic algorithm supports for the optimal path selection and Distance based GJK agent predicts the 

obstacle position in prior. Both algorithms together implemented in the simulated environment selects the 

optimal path with less time compared to the results obtained from conventional GA. 
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