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Abstract 
 

Path planning is one of the highly studied problems in 

the field of robotics. The problem has been solved using 

numerous statistical, soft computing and other 

approaches. In this paper we evolve the robotic path 

using Genetic Algorithms (GA). The GA generates 

solutions for the static map which disobeys the non-

holonomic constraints. Fuzzy Inference System (FIS) 

works on the generated path and extend the problem for 

dynamic environment. The results of GA serve as a 

guide for FIS planner. The FIS system was initially 

generated using rules from common sense. Once this 

model was ready, the fuzzy parameters were optimized 

by another GA. The GA tried to optimize the distance 

from the closest obstacle, total path length and the 

sharpest turn at any time in the journey of the robot. The 

resulting FIS was easily able to execute the plan of the 

robot in a dynamic environment. We tested the algorithm 

on various complex and simple paths. All paths 

generated were optimal in terms of path length and 

smoothness. Hence using a combination of GA along 

with FIS we were able to solve the problem of robotic 

path planning. 
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1. Introduction 
 

Robotics is a highly multi-disciplinary field that 

incorporates inputs from wireless systems, networks, 

cognition, image processing, AI, electrical, electronics 

and other related fields [1]. The whole problem of 

robotics include taking input from sensors, making of 

robotic world map [2], path planning, robot control [3], 

multi-robot coordination, high-end planning, etc [4]. Path 

Planning [5] is a specific problem in case of robots where 

we are given a map of the world. The problem is to 

compute a path for the robot that can guide it to reach a 

specific goal starting from a specific position. A path 

planning algorithm must ensure that if a solution is 

possible, it is found and returned. This is called as 

completeness of the algorithm [6]. It must also ensure that 

the algorithm gives its result within the specified amount 

of time [7]. Some of the commonly used maps include 

topographical maps [8], Voronoi maps [9, 10], hybrid 

maps [9], etc. Path planning usually gives its output to the 

robotic control. Various robot controllers have been 

designed. Some of them are built using the Adaptive 

Neuro-Fuzzy architecture [11]. 

 

It was earlier shown by the Kala et al. [7] that Genetic 

Algorithms (GA) generates good results for the problem 

of path planning. However, GA also generates very sharp 

paths which the real robot would find it very difficult to 

follow. These are called the non-holonomic constraints in 

the robot. The GA used in this paper algorithm gives the 

basic structure of the solution. This is a path of 

reasonably small length as well as low complexity or 

number of turns. This solution of GA acts as a guide for 

the Fuzzy Inference System (FIS) based planner. The FIS 

planner generates solution early especially in complex 

maps. The solutions follow the non-holonomic 

constraints. The initial fuzzy model used by the system 

was developed by experimentation and best of the 

understanding of the authors. Once this basic prototype 

was ready, GA was used to further optimize the model. 

  

The problem of path planning has been a very active area 

of research especially during the last decade. The 

problem has seen numerous methods and means that cater 

to the needs of the problems. A class of algorithms uses 

the potential method approach to navigate a robot [4]. In 

this approach, whenever the robot collides with a robot, a 

large potential is given. The potential increases if robot 

moves too close to the obstacle. The aim is the 

minimization of the potential. Pozna [12] solved the 

problem using a potential field approach for obstacle 

avoidance. Other potential field methods include [13]. 

Hui [14] gave a comparison between the Potential Field 

and the Soft Computing solutions. Various statistical 

approaches have also been used. This includes the work 

of Jolly [15] who used Bezier Curve for path planning. 

Goel [16] solved the problem for dynamic obstacles using 

an adaptive strategy. Quad Tree [17], Mesh [18], Pyramid 

[19] are representations that have been tried for better 

performance. Another good amount of work exists using 

the Soft Computing approaches especially Genetic 

Algorithms [20, 21, 22, 23], A* Algorithms [24] and 
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neural networks [7]. Shibata [25] used Fuzzy Logic for 

fitness evaluation of the paths generated. Various other 

approaches [26, 27] have also been proposed. Zhu [28] 

used the concepts of cell decomposition and hierarchal 

planning. Here they represented the cells using a concept 

of grayness denoting the obstacles. Uridylis [19] used a 

multi-level probability based pyramid for solving the path 

planning problem [19]. Hierarchical Planning can also be 

found in the work of Lai [29] and Shibata [25]. 

 

Along with the problem of path planning, the researchers 

have also studied the degrees of freedom and 

dimensionality as they have a deep impact on the 

problem. Jan [30] presented his work for solving in 3 

degrees of freedom. Chen [31] made an adaptive 

intelligent system and implemented using a Neuro-Fuzzy 

Controller and Performance Evaluator. Their system 

explored new actions using GA and generated new rules. 

In the field of multi-robot systems, Carpin [32] used an 

approximation algorithm to solve the problem of robotic 

coordination using the space-time data structures. They 

showed a compromise between speed and quality. 

Pradhan [33] solved a similar problem for unknown 

environments using Fuzzy Logic. Peasgood [34] solved 

the multi-robot planning problem ensuring completeness 

using Spanning Trees. Hazon [35] analyzed the 

completeness of the multi-robot coverage problem. Hara 

[36] gave the idea of using embedded networks as sensors 

for solving the problem. 

 

2. Algorithm Outline 
 

In this section we give a general outline to the algorithm 

that we have developed for solving the problem of robotic 

path planning. The general structure of the algorithm is 

given in figure 1. The algorithm starts by taking as input 

the graph. The GA runs on this map to generate a path P. 

This path is generated using an evolutionary strategy that 

optimizes both the path length and the complexity. The 

path P is a collection of points pi such that p1 is source 

node and pN is the goal node. These points are then used 

one after the other (other than the source) to act as guide 

for the Fuzzy Planner. As soon as the robot gets close 

enough by some predefined threshold amount to the 

region in which the goal cell is found, the next point in P 

becomes the goal and the robot has to move a step 

further. This goes on and on till the robot reaches the final 

block where the goal node is found. The FIS is used in 

every block for guiding the robot. After the last iteration, 

FIS planner is used to make the robot reach the exact cell 

where the goal is located. The training stage needs to be 

applied only once to generate the FIS. Afterwards the FIS 

may be used reputedly for all problems. First the initial 

FIS is generated and then the FIS parameters are 

optimized using GA. For this purpose benchmark maps 

were used. 

 

3. Fuzzy Planner 
 

The movement of the robot in the system is done by a FIS 

Planner. The initial FIS was generated by hit and trial 

method. The FIS is supposed to guide the robot to reach 

the goal position. The FIS tries to find out the optimal 

next move of the robot. 

 

3.1. Inputs and Outputs 
 

The FIS takes 4 inputs. There are angle to goal (α), 

distance from goal (dg), distance from obstacle (do) and 

turn to avoid obstacle (to). The angle to goal is the angle 

(α, measured along with sign) that the robot must turn in 

order to face the goal. This is measured by taking the 

difference in current angle of the obstacle (φ) and the 

angle of the robot (θ). The result is always between -180 

degrees and 180 degrees. This is shown in figure 2. 

 

The distance from goal (dg) is the distance between the 

robot and the goal position. This distance is normalized to 

lie between 0 and 1 by multiplying by a constant. 

Similarly the distance from obstacle (do) is the distance 

between the robot and the nearest obstacle found in the 

direction in which the robot is currently moving. This is 

also normalized to lie between 0 and 1. 

 

The turn to avoid obstacle angle (to) is a discrete input 

that is either ‗left‘, ‗no‘ or ‗right‘. These stand for 

counter-clockwise turn, no turn and clockwise turn 

respectively. This parameter represents the turn that the 

robot must make in order to avoid the closest obstacle. 

This input is measured by measuring the distance 

between the robot and the obstacle at three different 

angles. The first distance is the distance between the 

obstacle and the robot measured at the angle at which the 

robot is facing (a). The second distance is the same 

distance measured at an angle of dθ more (c). The third 

distance is measured at an angle dθ less (b). These three 

distances are given in figure 3.   

Generate 

Uncertain Map 

Use FIS planner using pi as 

goal and add result to path 

Generate initial FIS 

For all points pi 

in the solution by 

GA (i≥2) 

 

Optimize FIS parameters 

by GA 

P ← Evolved 

Path by GA  

Stop 

Training 

Testing 
Train FIS 

Fig 1. The Algorithm 



 

 

 

Fig 2. The angle to goal 

 

 

 

 

 

 

Fig 3.: Determination of Turn to avoid obstacle 

 

Various cases are now possible. The first case is c>b. 

This means that the obstacle was turned in such a way 

that turning in the clockwise direction made it even 

furtherer. In this case the preferred turn is clockwise with 

an output of ‗right‘. The second case is b>c. This means 

that the obstacle was turned in such a way that turning in 

the anti-clockwise direction made it even furtherer. In this 

case the preferred turn is anti-clockwise with an output of 

‗left‘. The third case is b=c. This is the case when the 

robot is vertically ahead of the robot. In such a case we 

follow a ‗left preferred‘ rule and take a ‗left‘ turn.  

 

There is a single output that measures the angle (β) that 

the robot should turn, along with direction.  

 

3.2. Rules 
 

Rules are the driving force for the FIS. Based on these 

inputs, we frame the rules for the FIS to follow. The rules 

relate the inputs to the outputs. Each rule has a weight 

attached to it. Further some inputs have been applied with 

the not operator as well. All this makes it possible to 

frame the rules based on the system understanding. The 

rules can be classified into two major categories. The first 

category of rules tries to drive the robot towards the goal. 

The second category of rules tries to save the robot from 

obstacles. If an obstacle is very near, the second category 

of rules become very dominant. 11 rules are identified.  

 

4. Genetic Optimization of FIS 

Planner 
 

The Fuzzy model discussed in section 3 was an initial 

fuzzy model that was generated. The parameters of this 

model were decided by trial and error. In order to make 

this a scalable system, there were further optimizations 

that were necessary. This was done by the means of GA. 

The GA was supposed to optimize the fuzzy parameters 

for most optimal planning of the robotic path. There were 

a total of 32 fuzzy parameters that were optimized by the 

GA. These parameters were the parameter values of the 

various FIS membership functions. For this problem, we 

first created 3 maps that acted as benchmark maps for the 

GA. The GA was supposed to optimize the performance 

of the system against these maps. The first map was a 

simple map with no obstacles. The second map had single 

obstacles on the way from source to goal. The robot was 

supposed to avoid this path. The third map had many 

obstacles and the robot was supposed to find its way out 

of them. These maps are given in figure 4. 

 

(a) No Obstacle  (b)Single Obstacle 

 

 

 

 

 

 

 

 

 

 

 

 

 

(c) Many Obstacles 

Fig 4.: The Benchmark maps for Genetic Algorithms 

 

The fitness function for any of the map i tried to optimize 

three things (i) The total path length (Li) (ii) The 

maximum turn taken any time in the path (Ti) (iii) 
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Distance from the closest obstacle anytime in the run 

(Oi). All these were normalized to lie on a scale of 0 to 1. 

The total fitness for any map i may hence be given by (1) 

Fi = Li * (1-Oi) * Ti   (1) 

 

The fitness Fi for any graph hence lies between 0 and 1. 1 

is the maximum fitness a map can attain. If the robot at 

any time moves out of the map, or collides with an 

obstacle, we assign it a fitness value of 1. The GA would 

naturally result in deletion of such solutions in the course 

of generations. In this manner we handle infeasible 

solutions in GA. The total fitness (F) of any individual in 

GA is the sum of its score or fitness in all these three 

maps. This is given by (2). The total fitness can be 

anywhere between 0 and 3. 

 

F = F1 + F2 + F3    (2) 

 

5. Evolving Robotic Path by Genetic 

Algorithms 
 

In this algorithm we try to evolve the robotic path with 

the help of GA. It is natural that the better paths that GA 

can return would be as straight as possible without too 

many turns. We have already stated that the path returned 

by the GA is in form of a collection of points P. The total 

number of points in the path is known as path complexity. 

It is assumed that the robot can reach the goal from the 

source by travelling in a straight line between every 

adjacent pair of points (Pi, Pi+1) in this collection P. This 

is checked at every fitness call of the GA. If a straight 

line path is obstructed by some obstacle, the path is 

regarded as infeasible. Since we are interested in 

increasing the straightness, we claim that good solutions 

have as fewer points in this collection P as possible. In 

other words the complexity needs to be the least. It may 

be easily visualized that for an empty graph only the 

source and the destination would be present in P. 

Similarly if there is a unit obstacle in a way from source 

to destination, P may contain one point additional along 

with the source and the destination. The source and the 

destination would always be there in the solution, hence 

we do not consider them in the collection set rather add 

them before returning the solution. 

 

In order to control the size of the returned solution, we 

restrict the maximum number of points that the GA can 

sustain in any individual to α. We start with very less 

value of α (α =0). As the generations increase, we keep 

increasing the value of α. Here α increases as per the 

Gaussian curve. First the increase in value of α with 

respect to generations is very rapid. As the generations 

keep increasing, the rise in the value of α is not very vast. 

After few more generations α seems to be more or less 

constant. The relation between α and N, the number of 

generations is given by (3). Here g is the number of 

generation and σ and A are constants. 

 

α = A exp(-g2/2σ2)    (3) 

 

The solution pool at any time would be consisting of 

individuals of different length and fitness. Hence it is 

necessary to adapt a strategy for the Genetic Operators to 

be used between these chromosomes of unequal length. 

Also many new Genetic Operators may be required for 

the purpose of carrying out specialized operations 

specific to the problem. These are dealt one by one. 

 

5.1. Individual Representation 
 

Here each individual is a potential solution to the problem 

of path planning that we are dealing. The individuals are 

a collection of points that the robot must access in 

sequential order in order to reach the goal. The source 

and the goal are not present in the collection of points. 

Each point has a x coordinate and a y coordinate. We 

place a constraint on the individuals. Suppose a line is 

drawn from the source to the destination. Imagine a line 

sweeping perpendicular to this line from the source to the 

destination. All points represented by the solution need to 

be sorted in the order of sweep of this line. This means 

that every movement of the robot would take it closer to 

the destination. If any individual generated during any 

operation disobeys this rule, it needs to be repaired via a 

repair operation where this sorting takes place. The 

chromosomes in this case would be of varying sizes. 

  

5.2. Crossover 
 

Here we derive a strategy that carries out crossover 

operation between two chromosomes that are of unequal 

length. The first task that we do is to make the length of 

the chromosomes equal. This may be done by duplicating 

random points in the smaller chromosome, until the 

lengths of both chromosomes are same. Duplication 

creates the new point at the same index to keep the sorted 

order same. Now one point crossover is carried out in 

which half the points are taken from first parent and half 

from the other. Duplicate points from the generated child 

are deleted. This many times would result in killing of 

smaller solutions which do not generate results. 

 

5.3. Mutation 
 

Mutation selects points in the individual at random and 

moves them over the graph by some arbitrary percentage. 

The percentage depends upon the mutation rate used in 

the algorithmic implementation. 

 

5.4. Add Points 
 

Add Points when applied over an individual causes it to 

requests for an addition of a point in its collection. If it is 

less than α, then the request may be granted with a 

probability p. The probability p is inversely proportional 

to the chromosome length.  

 

5.5. Add Individual 
 

Add Individual operator inserts new large sized solutions 

in the population pool. As the generations grow the need 

of larger population size would be necessary. This 

operator inserts individual at a rate R that increases 

similar to that of α.  

 

 

 



 

 

5.6. Flush Population 
 

Flush Population operator that is active mainly at start of 

the algorithm when the total number of points (α) is much 

less that the least number of points to solve the problem. 

This operator deletes all small infeasible solutions and 

replaces them with relatively big feasible solutions.  

 

5.7. Elite 
 

Elite passes the best individuals of lower generation to 

the higher generation. This operator ensures that the best 

individuals do not get deformed with generations due to 

genetic operations. 

 

5.8. Fitness Function 
 

The fitness function is simply the length of the total path 

that may be computed by the point wise traversal. If 

traveling at some path results in a collision, then the 

maximum fitness function is assigned to the individual 

and the individual is regarded as infeasible. An extra 

penalty of L * β is added where L is the path complexity 

or the number of points in the chromosome representation 

and β is a constant.  

 

6. Simulations and Results 
 

In order to test the working of the algorithm, we made a 

simulation engine of ourselves. All simulations were 

done on a 2.0 dual core system with 1 GB RAM. The 

initial map was taken as an input in form of an image. 

The image depicted the obstacles as black regions and the 

path as the white region. First the FIS Planner was made 

and implemented. Then the FIS planner was optimized by 

using GA. Then this optimized model was implemented 

and tried on the benchmark problems. The system was 

then tried on numerous maps with varying obstacles. 

These are given in the next sub-sections. 

 

6.1. Genetic Optimizations of FIS Parameters 
 

The purpose of the GA was to find out the exact 

parameter values for the FIS. 32 such parameters were 

identified that needed optimizations. The Matlab GA 

toolkit was applied for the optimization purposes. The 

population was represented by the double vector 

mechanism. The population size was fixed to 50. Rank 

based fitness scaling was used. Stochastic Uniform 

selection was used. The crossover rate was 0.8 with elite 

count as 2. Gaussian Mutation function was used with a 

scale and spread of 1 each. The GA was made to run over 

100 generations. It took about 1 hr 15 mins for the GA to 

complete the generations. 

 

The GA search space consisted of the region around the 

value chosen by the hit and trial method of the 32 

parameters on both sides by 10%. This means if the value 

of any parameter was x, the GA was supposed to 

optimize it in the search region of x-0.1*L to x+0.1*L 

where L is the total range of values that x can take. It is 

natural that on the basis of rules framed, the solution was 

not likely to be present in any other region. This provided 

ample of space for GA to locate the global minima and at 

the same time making the space finite to search for 

possible solutions.  

 

The first tests were applied at the benchmark problems. 

This was an attempt to see the behavior of the algorithm 

at the benchmark problems. Since these benchmark 

problems were applied on low resolution graph of size 

100X100, there was no need to run the GA algorithm. 

Direct FIS planner was used. The maps are shown in 

figure 4. The path traced by the algorithm after 

optimization is given in figure 5. In all cases the source is 

the top left corner of the map and the goal is the bottom 

right corner of the map. 

 
(a) Map 1 

 

 
(b) Map 2 

 
(c) Map 3 

Fig 5.: The path traced by robot for benchmark maps 

 

The solutions generated by the algorithm were all smooth 

so that the robot can be easily turned as per requirements. 

They were all of optimal length. In each case the robot 

was easily able to steer its way by avoiding obstacles and 

reach the goal node. In all the cases the robot was initially 

facing at the direction of the X-axis and not towards the 

goal. This is the reason why we see a smooth transition in 

path and angle at the starting points in the graph.  



 

 

6.2 Results 

The actual testing of the algorithm was done by making it 

solve new maps. In all the maps the algorithm was 

supposed to find out the final path of the robot. This 

happened in two stages. In the first stage the algorithm 

used GA to compute the set of landmark points in the 

entire map. In the second stage the trained FIS from 

section 6.1 was used to smooth the path obeying the non-

holonomic constraints. 

 

The population was represented by the discussed 

technique. In all simulations, the population size was 

fixed to 700. Rank based fitness scaling was used. 

Stochastic Uniform selection was used. The crossover 

rate was 0.7 with elite count as 2. Mutation rate was fixed 

to be 0.06. The GA was made to run over 500-1000 

generations depending upon the map used. The maximum 

value of the complexity (A) was fixed to be 6 and 

associated σ was fixed to 0.3 times the total generations. 

β was fixed to 0.15 times the total map perimeter. 

 

We tested the algorithm against 3 maps. This time the 

maps were of larger size of 1000X1000. Many obstacles 

were places in between the source and the goal. The robot 

was supposed to reach the goal from the source. The top 

left corner is the source and bottom left corner is the goal. 

In all the cases, the source was fixed as the top left corner 

and the goal was fixed as the bottom right corner. The 

results along with the maps for these cases are shown in 

figure 6(a), (b) and (c). 

 

In all the cases we can easily see that the algorithm tried 

to optimize not only the total path length but also the 

complexity. Both these parameters have different roles to 

play in the entire algorithm. The total path length tries to 

optimize the net traversal of the robot. At the same time 

the complexity factor tries to return a path that would be 

simple to work with using the FIS planner as it may be 

easily smoothened. Further lesser turns would mean more 

straightness and a higher speed of travelling. This would 

in turn give a lot of advantage to the robot to run at a high 

speed and reach the goal. The FIS planner further did a 

lot of smoothening of the path generated by the GA. This 

is clearly seen in the results that show a smooth change in 

angles as the robot travels. The path thus generated has 

the discussed advantages. 

 

7. Conclusions 
 

In this paper we had proposed a method to solve the 

problem of path planning using a combination of 

evolutionary strategy for evolving robotic path along with 

FIS Planner. We tested the algorithm for various test 

cases. In all the test cases we observed that the algorithm 

was able to find the correct solution. The solutions 

generated by the algorithm were very optimal. They took 

relatively small times to solve for each of the map 

presented. Further, the solutions obeyed the non-holmic 

constraints and the path generated by the algorithm can 

be easily used by any robotic controller to move the robot 

physically.  

 

 

 

 
(a) Map 1 

 
(b) Map 2  

 
(c) Map 3 

Fig 6.: The path traced by robot for more maps 

 

 

The evolutionary strategy adopted was very useful in path 

planning in static environments where the planning led to 

very small paths being generated which had a broad area 

that was highly straight. The straightness of the path was 

mainly due to the preference given to the shorter 

solutions with lesser complexity. 

 

The FIS Planner used GA for parametric optimizations. 

This would enable the solution to be adapted to any type 

of robot or any type of map as per the problem 

requirements. This gives sufficient freedom for the person 

implementing to decide its own set of requirements and 

constraints. The algorithm would adapt itself to these 

constraints and generate the system accordingly.  

 

The experimentation done in this paper was mainly on 

static environment. The algorithm may be further adapted 

for modeling mobile obstacles in a space time graph. This 

would make an effective algorithm that is also able to 

predict their movements. Formulation of more benchmark 

problems covering all cases that a robot may face in real 

life may also be done for the genetic optimizations. 

Further the FIS rules may be more intensively studied and 

modified in the future. The algorithm is yet to be studied 



 

 

in a way that balances or tunes the effects of the 

Evolutionary Path Planning with that of the FIS planner. 
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