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Abstract: The subject of motion planning for non-holonomic wheeled mobile robots moving on 

the plane and in particular the use of fuzzy and evolutionary strategies for achieving such 

motion tasks has been dealt with in this paper. The specific robotic system considered is a vehicle 

whose kinematics approximates that of a car. The configuration of this robot is represented by 

position and orientation of its main body in the plane and by angles of the steering wheels. Two 

control inputs are available for motion control viz. the velocity and the steering angle command. 

This treatise attempts to covers in a realistic manner many of the existing robotic vehicles by 

means of real hardware experiment. Moreover, the car-like robot is one of the simplest 

non-holonomic vehicles that displays the general characteristics and constrained 

maneuverability of systems with non-holonomicity. The car-like robotic system designed is able 

to parameterize its positions and surroundings and plan to execute trajectories through it while 

avoiding obstacles in its path. The control methods proposed in this paper does not require 

precise mathematical modeling of every aspect a car like system. The fuzzy controller provides a 

linguistic method of putting control task into action. The path planning task has been taken care 

of by an adaptive bio-inspired strategy commonly known as 'Firefly Algorithm'. 

 

Keywords: firefly algorithm, temporal difference q-learning, Ackerman steering constraint, 

nonholonomic motion planning, car parking. 

I. INTRODUCTION 

Population increase in large cities results an increase in the number of vehicles used by the 

community which causes an increasing demand for parking bays. So closed parking bays are very 

common in city life. Parking of a car in a parking lot may be agreed to be one of the most complex parts 

of the driving action. By the help of the improvements in computer technology, automatic control of 

local vehicle maneuvers to obtain a self-parking action is no more a fantasy. Most of the researches 

about this subject are done to develop a self-parking strategy and some to develop driver aid systems. 

The studies about self-navigating cars and mobile robots are also important because of the similar 

control techniques that are used. One of the studies about this subject is done in the München Technical 

University of Germany by Daxwanger and Schmidt [1]. In this study the acquisition and transfer of an 

experienced driver's skills to an automatic parking controller is performed. The interesting part of this 

study is the way of taking input information and approaches to cloning the skills of an expert driver. A 

CCD video image sensor is employed to collect data from the environment. The image sensor is 

composed of a gray-scale CCD camera which is combined with an aspheric mirror to perform an 

inverse perspective mapping of the scene in front of the vehicle. By the help of this set-up a 4 m x 4 m 

field of view is obtained. An integrated sensor-processing unit is also utilized to generate a gradient 
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image of the view to process data. No other information, such as the vehicle position relative to the 

goal location, is needed as extra input. In this study two approaches clone the skills of an expert driver 

are proposed and compared. A human driver is able to demonstrate his skills by parking a car in the 

parking bay instead of explicitly describing his information processing while generating an adequate 

steering action from visual information for parking. Imitating this "black-box" behavior and using the 

same obvious inputs and outputs leads to direct neural control architecture as the first approach. On the 

other hand, the expert driver may be able to describe his parking strategy roughly in terms of linguistic 

rules, which leads to a parking strategy that can be implemented by means of a fuzzy network as the 

second approach. A robot vehicle, which has car-like kinematics with one steering wheel and a driven 

rigid axle, is employed to get the experimental performance of the control architectures. The results are 

satisfactory with a cost of high signal processing requirements of the input data. Another interesting 

study about this subject is performed in Tottori University of Japan by Ohkita [2]. In this study fuzzy 

control theory is used for controlling an autonomous mobile robot with four wheels for parallel parking 

and fuzzy rules are derived by modeling driving actions of the conventional car. Six supersonic 

transducers are used for recognizing the position and attitude of the robot. A stepper motor is also 

employed to control and move the sensors to keep the suitable angle to the wall for preventing the 

occurrence of dead angles. The configuration of the supersonic transducer units of this study is 

presented in Fig. 1.1. In the study of Ohkita, three microprocessors are used for calculations and 

peripheral access. This kind of architecture seems bulky when combined with the number of the 

sensors. But using so many sensors has an advantage of an increase in the sampling rate of the input 

data when compared to a positioned single sensor system. The fuzzy reasoning of the system is 

composed of three fuzzy rule groups each with three, five and seven rules respectively. The active rule 

group is determined according to the current state of the mobile robot. The performance of this system 

is satisfactory except the behaviors of the system during the absence of the walls. To overcome this 

problem, utilization of gyro-sensors and a CCD camera is recommended by the authors. Parking 

motion control of a car-like robot is discussed in the study of Motoji and Akira [3]. The constraints of 

steering operation and obstacle avoidance with a garage and walls are also considered and a motion 

planning and control method that is using a fuzzy neural network are presented. The fuzzy neural 

network system for parking motion is made to learn good motions by human operations to generate 

motion control strategy of parking and the system is used for parking motion planning and control. A 

similar study is performed by Moran and Nagai [4]. A new design method for autonomous parking 

systems by integrating fuzzy systems and neural networks is presented. In this study, a fuzzy driver is 

designed that is based on the experience of a human driver and it is refined by designing a fuzzy-neuro 

driver. Then the performance of both the fuzzy driver and fuzzy-neuro driver are analyzed and 

compared. Another study about this subject is performed by Kong and Kosko [5]. In this study, a fuzzy 

and a neural truck backer-upper control system are designed and compared. Vertical parking at the 

middle of one of the walls of a parking bay is performed by using a fuzzy control system with just 25 

rules. The results are satisfactory except some dead points. In the study of Fraichard and Garnier [6] 

motion control architecture for a car-like vehicle intended to move in dynamic and partially known 

environments is presented. The system is designed as a fuzzy controller and it is implemented and 

tested on a real computer-controlled car, equipped with sensors of limited precision and reliability. 

II. OVERVIEW OF THE SYSTEM 

An ATmega 328P microcontroller board is employed as the controller of the vehicle. Three 

servo-motors and a three-phase controller are driven with this board. The steering wheel is controlled 

with one of the servo-motors; the other two are used for the brakes. The three-phase controller is used 

to drive the electric motor of the car for traction. The steering angle is measured with an optical 
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encoder and two optical encoders are also mounted on the rear wheels to obtain the longitudinal 

velocity of the car and motion estimation. The system is equipped with a range measurement system of 

14 Polaroid 9000 ultrasonic sensors whose layout is presented in Fig. 1. 

 
Figure 1. Configuration of the supersonic transducer units 

Nowadays the usage of ultrasonic sensors for driver parking aid systems is popular. The layout of 

these sensors is similar to the sensor layout of the rear part of the vehicle that is presented in Fig. 1.2. It 

is also possible to use these sensors for designing intelligent types of these driver parking aid systems 

that will generate the parking maneuvers automatically. Some commercial research studies are also 

done by the car manufacturers. The problem can be defined as, “developing a system that will manage 

to generate the necessary parking maneuvers of a model car to park vertically at an arbitrary and 

marked position in a closed parking bay without hitting the boundaries of the environment”. The 

design of an evolutionary algorithm based control system is aimed in this paper study for the solution 

of the given problem. Excluding the model car chassis, the system that will be designed and 

manufactured within the scope of this paper study consists of the following components: A. a 

mechanical section consisting of a sensory housing group with its positioning equipment; B. an 

electrical section consisting of an embedded controller hardware which includes a microcontroller and 

all the necessary interfacing peripherals and a sensory system. Finally a software section consisting of 

the assembly code of the microcontroller that will interface with the peripherals and handle the fuzzy 

logic calculations along with path planning algorithm; and a computer program for PC environment to 

simplify the development, simulation, and tuning of the fuzzy control system. A photograph of the 

developed system is given in Fig. 2. 

 

 
 

Figure 2. Photograph of the system 
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The mechanical section of the system includes a model car chassis and a sensory housing group with 

its positioning equipment that is mounted on the model car chassis. The model car chassis is of type 

TA03F pro belt driven 4WD from Tamiya Plastic Model Company, Japan. It is a 1/50 scale 4WD 

racing car chassis, but in this paper study, the car will be actuated with rear wheel drive. The length and 

width of the model car chassis are 39 cm and 18 cm respectively. The distance between the axles is 26 

cm and the turning radius is 98 cm. The average speed of the car is 2.5 cm/s with the selected motor. 

The final weight of the car is measured to be 2.5 kg at the end of the study. 

The sensory housing group is composed of a base plate which is made of PVC, an aluminum rotary 

table, a stepper motor and its coupling and a shield for direction sensor in order to obtain directional 

characteristics. A general view of the sensory housing group with the sensors mounted on can be seen 

in Fig. 3. 

 

 
 

Figure 3. General view of the sensory housing group 

The sensory housing group is mounted on the car chassis through the holes on the base plate. The 

sketch of the car chassis showing the base plate mounting pins is presented in Fig. 4. 

 

 

 
Figure 4. Sketch of the car chassis 

Interfacing to the environment and fuzzy logic calculations are performed by the microcontroller, so 

it is the core of the system. Controlling action starts with the scanning of the parking bay. The rotary 

table is activated by the actuation of the stepper motor. Since the sensory system is mounted on the 

rotary table, all the position data and parking place data can be obtained by a 360-degree rotation of it. 

These values are the outputs of the controller and they are fed to the steering servo motor and DC 

traction motor respectively to generate the parking maneuver. This controlling action is repeated until 

the parking process is completed. Information related to the design of both the mechanical and 

electrical components of the developed system can be found in the following sections. 

http://www.ijntse.com/


Abhishek Ghosh Roy et. al. / International Journal of New Technologies in Science and Engineering 

Vol. 4, Issue. 3, 2016, ISSN 2349-0780 

 

Available online @ www.ijntse.com                                                                 15 

A. The Mechanical Section 

In this section, the components of the sensory housing group will be explained. This part of the 

system is composed of a base plate, a rotary table, a stepper motor and its coupling and a shield for 

direction sensor. The base plate is the component which holds all the other components and it is used to 

mount the sensory housing group on the model car chassis. Technical drawing of this component can 

be seen in Fig. 5(a). Since the electrical hardware is also placed on the base plate, a non-conducting 

material should be used for manufacturing this component. For this purpose, it is manufactured from 4 

mm width PVC plate. 

 
Figure 5(a). Technical drawing of the base plate 

 

An L-shape rotary table is manufactured for housing the sensors. This component is actuated by a 

stepper motor and it is connected to the motor with a coupling element. The material of the rotary table 

is 2 mm width sheet aluminum. This part is mounted to the coupling element by two M3 screws. The 

coupling element is machined from polyethylene. A table index sensor is used for preventing the 

possibility of the accumulation of positioning errors of the rotary table due to miss of step pulses. With 

this sensor, the absolute position of the rotary table can be determined at a fixed angle. This sensor is a 

slot type IR optical interrupter switch and the position of the table is determined by the breaking of the 

IR light by a tiny piece of aluminum mounted on the rotary table. A component is manufactured from 

0.5 mm width sheet aluminum for mounting this sensor to the stepper motor body. The technical 

drawing of this part can be seen in Fig. 5(b). 

 

 
Figure 5(b). Technical drawing of the index sensor holder 

 

For steering we have adhered to Ackermann steering geometry is a geometric arrangement of 

linkages in the steering of a car or other vehicle designed to solve the problem of wheels on the inside 

and outside of a turn needing to trace out circles of different radius the suggestive drawing is in Fig. 6. 
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Figure 6. Ackerman steering geometry 

B. The Electrical Section 

In this section, the designed controller hardware and its interfacing peripherals with sensors and 

motors will be explained with the characteristics of the components. In Fig. 6 the block diagram of the 

hardware is presented. 

 

 

 
Figure 7. Block diagram of the hardware 

 

 
Figure 8. Block diagram of the control system 
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Selection of the microcontroller is an important step in the design because the microcontroller is the 

core of the hardware. There are many alternatives in the market. Motorola 68HCXX series, Intel 8251, 

Arizona Microchip PIC 16F series and Atmel AT 89 C series can be given as alternatives. Among these 

microcontroller families, there is one with built-in fuzzy logic instructions. It is 68HC12, which is a 

powerful and fast math capable 16-bit microcontroller from Motorola. However, due to the 

background of the author of this study about coding with assembly language for Microchip AVR 

ATmega 48PA, ATmega 88PA, ATmega 168PA, ATmega 328P series, a microcontroller from this 

company is selected as the development platform. The selected microcontroller is ATmega 328P [7]. 

III. PROPOSED MODIFIED FIREFLY ALGORITHM (AFA) 

The position of a firefly represents a possible solution to the optimization problem and the light 

intensity at the position of the firefly corresponds to the fitness of the associated solution.  Each firefly 

changes its position iteratively by moving towards brighter and more attractive locations of other 

fireflies in order to obtain optimal solutions. 

The attractiveness of a firefly
iX  to other more attractive one

iX is proportional to the light intensity 

seen by adjacent fireflies and it exponentially decreases with the distance between them. If there is not 

a more attractive firefly than a particular one, it will move randomly. The attractiveness β of each 

firefly is described by a monotonically decreasing function of the distance r between any two fireflies 

[8] as given in Eq. (1).    

 ( ) exp( ), 1m

or r   m        (1) 

where β0 denotes the maximum attractiveness (at r = 0) and γ is the light absorption coefficient, which 

controls the decrease of the light intensity. 

The distance between two fireflies i and j at positions 
iX and jX  can be defined as follows [2]. 

 
2

, , ,
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i j i j i k j k

k

r X X x x


      (2) 

where ,i kx  is the kth component of the spatial coordinate 
iX of ith firefly of dimension D. 

The movement of ith firefly ( )iX t  to another more attractive (brighter) jth ( )jX t firefly at the tth 

generation is determined by the following form [9].   

        

 , , , , ,( 1) ( ) ( ) ( ( ) ( )) ( 0.5)i k i k i j j k i kx t x t r x t x t rand           (3) 

where the second term denotes attractiveness of ( )iX t  to ( )jX t and the last term is used for the random 

movement if there is no brighter firefly than ( )iX t . 

A. Adaptive Selection of γ using Temporal Difference Q-Learning 

The performance of the fireflies is evaluated based on their fitness, as proposed in [10]. High 

performing fireflies are rewarded with positive immediate reward, whereas low performing fireflies 

are penalized. The reward/penalty given to a firefly is stored in the Q-table using the TDQL learning 

rule. A meme pool of the parameter γ is maintained to select light absorption coefficient for the 

individual firefly of the FA 

The row indices of the Q-table represent states S1, S2,…, SNP of the population obtained from the last 

iteration of the FA algorithm. A fitness function based rank evaluation of individual fireflies is used to 

allocate the member to a specific state.  Let fi be the fitness of the ith firefly in the last iteration. A 
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ranking policy is designed to compute normalized fitness
1

/ ,
NP

i i

j

f f i


 , and then sort them in 

descending order. The r-th element of the sorted list has rank r, and this member is allocated to state Sr. 

this is repeated for all r=1 to NP. The column indices of the Q-table correspond to uniformly quantized 

values of the light absorption coefficients to be used in the evolutionary algorithm. Let the parameter 

under consideration be γ with possible quantized values γ1, γ2, …, γ10, then Q(Si, γj) represents the total 

reward given to a member at state Si for selecting γ=γj. The Roulette-choice strategy is used to select a 

particular value of γ from the meme pool. This selection is realized by generating a random number r 

between (0, 1) and then we determine γj, such that the cumulative probability of γ= γ1 through γj-1 is 

less than a randomly generated number r, and the cumulative probability for γ=γ1 through γ=γj is 

greater than r. symbolically, we need to hold: 
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where the probability of selection of γ=γj from the meme pool {γ1, γ2, …, γ10} is given by 
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      (5) 

This is based on the fact that if Q(Si, γj)> Q(Si, γk),   k, then selection of γ=γj at state Si by the firefly 

was rewarded many times before in the evolution process. Naturally, the learning experience will guide 

member to select γ=γj with a high probability when the firefly is at state Si.         

The adaptation of Q(Si, γj) is done through a reward/penalty mechanism as used in classical TDQL. 

Let a member at state Si on selection of γj moves to a new state Sk. If the fitness of the member 

increases due to transition from Si to Sk, then Q(Si, γj) will be updated following Eq. 6 with a positive 

reward function:  reward(Si, γj) = increase in fitness of the member,  where 

 
/

/( , ) (1- ) ( , ) ( ( , ) ( , ))maxi j i j i j kQ S Q S  reward S Q S  


         (6) 

else Q(Si, γj) will be evaluated by Eq. 6 with a negative reward= k , of constant value [11], however, 

small. Here λ and ρ represent the learning rate and the discount factor respectively. 

B. Probabilistic Selection of α 

Assume that the probability of applying αk in the candidate pool to a firefly in the current population 

is probk, k=[1, 10]. The probabilities with respect to each k  are initialized as 1/10, i.e., all αk’s (k= [1, 

10]) have the equal probability to be chosen. At the generation t, after evaluating all the generated 

co-ordinates of the fireflies, the number of fireflies generated by the αk with higher fitness in the next 

generation is recorded as nsk,t, while the number of fireflies generated by the αk without any fitness 

improvement in the next generation is recorded as nfk,t. 

We introduce success and failure memories to store these numbers within a fixed number of previous 

generations hereby named learning period (LP), as illustrated, once the memories overflow after LP 

generations, the earliest records stored in the memories, i.e. nsk,t-LP or nfk,t-LP, will be removed so that 

those numbers calculated in the current generation can be stored in the memories, as shown in Fig. 2. 

After the initial LP generations, the probabilities of choosing α will be updated at each subsequent 

generation based on the success and failure memories. For example, at the generation t, the probability 

of choosing αk is updated by 
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Where Sk,t represents the success rate of the fireflies generated by αk within the previous LP 

generations with respect to generation t. The small constant value  =0.01 is used to avoid the possible 

null success rates. 

IV. APPLICATION IN AUTOMATIC CAR PARKING PROBLEM 

The objective of this paper study is the design, construction and performance testing of a vehicle 

system that has car-like kinematics and an embedded fuzzy controller for this vehicle that will manage 

self-parking action. Implementing fuzzy logic control to embedded control systems is a popular trend. 

Generally, commercial fuzzy controller development tools are used during the fuzzy control system 

design process for embedded systems. This paper study is a good example with its hardware 

architecture and user-friendly computer software for fuzzy system design for an embedded system and 

it may be a good alternative to the commercial development tools for embedded systems. The 

formulation considers the evaluation of the next position of the car-like robots from their current 

position in a given parking area with a set of static obstacles. The mathematical model derived relies on 

state space modeling of a car like robot with front wheel steering and rear wheel drive. The steering 

arrangement conforms to the Ackerman steering constraint (i.e. the normal to the car tire tracks for any 

nonzero steering angle are concurrent). The assumptions made in order to derive the state space 

mathematical model of the car like robot are as follows. 

▪ The current configuration and goal configuration of each car-like robot is known with respect 

to a given inertial frame of reference. 

▪ The path planning problem of each robot is executed in steps until all the robots reach their 

respective goals. 

▪ All the obstacles considered are of uniform geometric shape.  

▪ There is no tire slipping motion involved during the traversal of derived trajectory. 

▪ The vehicle does not collide with the obstacles if a safe distance is maintained between their 

centers of mass.     

▪ The trajectory executed by the center of mass of a vehicle is circular for a constant non-zero 

steering angle. 

▪ The vehicle chassis approximates a perfect rigid body to a considerable degree of accuracy. 

▪ Vehicle Kinematics: For the specific case of front wheel steered vehicle (car-like robot) with 

Ackerman steering constraint the vehicle must satisfy certain conditions in order to be able to 

turn sleep free [12]. The constraint equation is given in Eq. 10.   

  

 cot cot /o i W L     (9) 

where i  and 0 are the inner and outer steering angles of the vehicle. The mass center of the vehicle 

of length L and width W executes a circular trajectory of radius R is given by  
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2 2 2

2 cotR a L     (10) 

where steering angle of the equivalent bicycle model (will be discussed 

shortly), 1

0cot (cot cot )i

    and a2 is the distance between rear wheel axle center and the center of 

mass of the vehicle Fig. 7. 

Now consider a wheel Fig. 4.4 that rolls on a plane while keeping its body vertical the system is a 

commonly referred as a unicycle. Its configuration can be described by a vector q of three generalized 

coordinates x, y, and the angle   measuring the wheel orientation with respect to the x-axis. The 

system generalized values cannot assume independent values, in particular, they must satisfy the 

constraint 

  

 [sin cos ][ ] 0Tx y      (11) 

 The robot we are dealing with follows closely the kinematics of that of an automobile. For the sake of 

simplicity let us assume that two wheels on each axle collapse into a single wheel located at the 

midpoint of the axle, of which front wheel can be steered and orientation of the rear wheel is fixed. 

This arrangement is referred to as the equivalent bicycle model of a car like robot .The generalized 

coordinates are  

 ( , , , )q x y     (12) 

Where x and y are cartesian coordinates of the rear wheel,  denotes the orientation of the car body 

with respect to the positive direction of the x-axis and φ is the steering angle. If the car has a rear- 

wheel driving the car kinematics is given by  

  

 1 2[ ] [cos sin tan( / ) 0] [0 0 0 1]T T Tx y L u u        (13) 

where u1 is the velocity is input and u2 are the steering input. There is a model singularity 

at / 2   ; where the first vector field has a discontinuity corresponds to the car becoming jammed 

when the front wheel is normal to the longitudinal axis of the body. Although in our case the 

importance of this singularity is limited due to the restricted range of steering angle   viz. [- 5/π  , 

+ 5/π   ]. 

Space Requirement: The kinematic steering condition can be used to evaluate the space requirement 

of a vehicle during a tuning maneuver. Let consider the front wheel of a two-wheel vehicle, steered in 

accordance with Ackerman geometry. 

The outer point of a vehicle will execute a trajectory of maximum radius Rmax, whereas a point on the 

inner side of the vehicle will execute a trajectory of minimum radius Rmin. The front outer point has an 

overhang distance g from the axle. The width of the ring-shaped area, as shown in Fig. 7, occupied by 

the vehicle while executing a turning maneuver is then given by 

  

 
2 2( / tan 2 ) ( ) / tanR L W L g L         (14) 
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                                       Figure 7. Space requirement for turning maneuver  

 

 

The principles used in [6] are also followed so that the car-like robot is able to approximate an 

automobile kinematics. Let (xi, yi, θi) be the current position and orientation of the ith car at time t, (x'i, 

y'i, θ'i) be the next position and orientation of the same robot at time (t + t) for small t, u1= vi  be the 

current velocity of the ith robot, and (xig, yig, θig) be the goal position and orientation of the robot Fig. 

4.7. 

 
Figure 8. Current and next position of the ith car 

 

It is apparent from Fig. 8 that  

  

 

( ) ( ) t/L*tan( (t)) 

( ) ( ) cos( ( ))

( ) ( ) sin( ( ))

i i i i

i i i i

i i i i

t t v

x t x t v t t

y t y t v t t

   

   

   

  





  (15) 

For convenience in programming, we set t =1. Now, in the three-dimensional configuration space, 

we need to select the next location of the car (x'i, y'i, θ'i), such that the line joining {(xi, yi, θi), (x'i, y'i, 

θ'i)} and {(x'i, y'i, θ'i), (xig, yig, θig)} do not touch the obstacle Fig. 9. 

 

 
Figure 9. Selection of (x'i, y'i, θ'i) from (xi, yi, θi) to avoid collision with obstacle 

 

Now, the automatic car parking problem can be formulated as a constrained optimization problem in 

the present context. The objective function for the proposed optimization problem is given by 

  

 1 1 2 2 3 3 4 4f C f C f C f C f      (16) 

 Where 
    

 
2 2 2 2 2 2

1

1

{ ( - ) ( - ) ( - ) ( - ) ( - ) ( - ) }
n

i i i i i i i ig i ig i ig

i

f x x y y x x y y


                 (17) 
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Minimization of f1 confirms that the car like robots will follow the shortest paths from their current 

configuration (xi, yi, θi) to their respective goal configuration (xig, yig, θig) for i= [1, n]. Let dij be the 

distance between the centres of mass of the ith and the jth cars’ current positions, di'j' be the same for 

their next positions. Then f2 represents the constraint that the ith car will not hit its jth kin, approaching 

the ith car (i.e., di'j'< dij), is given by di'j'  2L > 0. Let the distance between next position of the ith car and 

static obstacle is given as di-obs . Minimization of f3 facilitates collision avoidance with static 

obstacles. f4 ensures that the area occupied by the vehicle in maneuvering is also optimized. Here iR  

and iR  are the next and the current width of the ring occupied by the vehicle during turning. Here C1, 

C2, C3, and C4 are scale factors. In our experiments, we used C1=10, C2= 50, C3= 100 and C4= 5. These 

parameters are set in a manner to have all the terms on the right hand side of Eq. 16 in the same order of 

magnitude.  

V.  EXPERIMENT AND COMPUTER SIMULATION 

The automatic car parking problem was implemented in MATLAB on a Pentium processor. 

Extensive experiments were performed with 50 world maps of diverse configurations. One of our 

experimental world-maps with 2 dark obstacles, given starting and goal positions of 6 circular 

soft-bwkots, and theoretical (straight line paths) and planned trajectories (curved paths) obtained by 

minimization of Eq. 16 in each step of planning using AFA. To determine a quantitative measure of the 

relative performance of different algorithms, two metrics are used here [13]. 

A. Average total path deviation (ATPD) 

 Let Pik be a path from the starting point Si to the goal point Gi generated by the program for i-th car in 

the k-th run. If Pi1, Pi2,…, Pik are the paths generated over k runs then the average total path traversed 

(ATPT) by ith car is given by
1

k

ij

j

P k


  and for n cars in the parking space the average total path 

deviation (ATPD) is 1 /( )
1

n
i

k P kPi ideal ijj  
  . 

B. Average Uncovered Target Distance 

Given a goal position Gi and the current position Ci of a car on a workspace for n cars, uncovered 

target distance UTD= 1
n

i ii G C  . Now, for k runs of the program, we evaluate the average of UTDs 

and call it the average uncovered target distance (AUTD). For all experiments conducted in this study, 

we considered k=10. 

It is noted from Fig. 10 that the larger the velocity settings of the cars in program run, the faster is the 

fall off in the AUTD profile. In Fig. 11, we see that the larger the number of cars, the slower the 

convergence, which, in turn, causes a delayed fall-off in AUTD. We note from Fig. 12, that ATPD is a 

non-decreasing function of number of cars for a constant number of obstacles. An intuitive 

interpretation of this phenomenon is that with increase in number of cars, cars face more constraints to 

plan local trajectories, thereby increasing ATPD. The same observations follow from Fig. 13. 
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Figure 10. AUTD vs. Number of steps with velocity as variable (for number of obstacles=5(constant))  
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Figure 11. AUTD vs. Number of steps with number of cars as variable (for number of obstacles=8(constant)) 
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Figure 12.  ATPD vs. Number of cars with number of obstacles as variables (for velocity=12 unit (constant)) 
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Figure 13. ATPD vs. Number of obstacles with number of cars as variables (for velocity=12 unit (constant)) 

VI. CONCLUSION  

As demonstrated by the simulation results. The proposed planner can generate nice paths satisfying 

the nonholonomic problem of car-like mobile robots. The comparison is obvious. And the tests in 

different environments show the robustness of this planner. Modified Firefly Algorithm (MFA) has 

been proposed by utilizing composite benefit of Firefly Algorithm (FA) for global exploration and 

Temporal Difference Q-Learning (TDQL) for local tuning of the absorption coefficient. In MFA, the 
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parameter α is also probabilistically assigned to each firefly for their movement according to the 

probabilities gradually learned from the experience to generate improved solutions. 
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