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Abstract 
 
Robotic applications demand an intelligent selection of the optimal path by 

exploring and learning the environment. Concurrently, the robots should be 

capable of reaching the goal points at a given discrete-time by eliminating 

the obstacles. The work presented here performed a provable cooperative 

autonomous robot without facilitating the prior knowledge about the terrain 

environment. The main contribution of the work was to explore and resolve 

the issue of terrain exploration and exposure by deploying cuckoo-type 

robots in an efficient manner. The work composes of the three algorithms, 

namely: Q-learning, Cellular Automata (CA) and Cuckoo Search 

Optimization (CSO). The objective of this system becomes complex when 

the automation was performed over the optimal sets of actions. A variety of 

interacting components were used which require the parallel process of 

reinforcement learning. Finally, the output of the system was to provide 

collision free navigation in an unknown environment. 
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1 Introduction 
 

In the modern era, the scope of robotic applications has been increasing 

gradually with the scope of technology developments. So far, the use of 

robotic applications has been least deployed due to certain complexities 

faced by the developers during actions of deployment such as settings of 

motion variables, planning of paths, box pushing, and so on. The applications 

of the robots have been widely adopted from engineering fields to the 

agricultural fields. Planning of the path is an important task in robotic 

applications, and it is difficult to create a setup environment for the same. 

Thus, the researchers are more fascinated to study the path planning in robots 

by avoiding the obstacles. Many techniques are invented to control the 

movements of autonomous vehicles.  

In order to identify the obstacles, the touch and infra-red sensors are used 

in their working area. The position of the target area is generally observed by 

Radio Frequency (RF) sensors. Along with these, the machine vision 

approaches are deployed to locate the accurate position of the robots.   

In the course of autonomous robot applications, the finding of accurate 

positions becomes a challenging task. It belongs to the class of heuristic 

approaches. The concept of the heuristic approach was to resolve the sub 

problems by learning the past experiences, so as to cope up with the solution 

of new problems. Henceforth, different learning models are established such 

as reinforcement learning [1], deep learning, and so on.  It was observed that 

minimized fabrication, the procedure, and localized navigation models are of 

prime importance. The main goal of the robotic system was to operate in a 

collaborative manner without any obstacles. When the robots are performing 

collaboratively, the automation tasks become quite simpler and easier. The 

advantages of collaborative learning based robots are presented as follows:  

(a)     It offers a distributed solution i.e. reduced time, space, and robotic 

functions.  

(b)     The parallel performance of robots has ignited the different tasks 

of different applications.  

(c)     Duplicating potentialities have increased the robustness and the 

reliability of the other robots.  

(d)     It supports different kinds of operations with more expandability.  

Despite its numerous benefits, the most common issue that prevails is 

„the path planning by avoiding the obstacles‟ (or) planning the paths 

according to the requirements of the industrial application.  In this context, 

„robot navigation‟ becomes an active and fascinating research area. The main 

focus of this work was to find out the shortest path amongst the available 

paths. The significant metrics of the robot path planning was the estimation 

between the time taken to start from the target as well as reaching the targets. 

With the association of different sensors, efficient environments have been 

created by the robotic system.  
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In this work, the concepts of cellular automata and the Q-learning was 

one of the reinforcement learning models that have been explored. In 

addition to that, one of the well-known optimization techniques, the CSO has 

also been explored here. The further section of the paper focuses on the 

primitives used for designing the model; followed by the design and 

explanation of the model. 

 

2 Primitives of the New Optimization Technique 
 

This section portrays the primitive concepts used to design a new 

optimization technique. Reinforcement Learning (RL) helps out by taking a 

sequence of decisions in which the robots gain experience to learn how to 

reach their goals in a complex environment by an effective choice selection 

of actions performed over the environment, even in the uncertain learning 

model.  If the learning data was not facilitated, some actions are performed to 

learn about the controls in robots. The imminent section of this paper focuses 

on the Components of the proposed system. 

 

2.1 Q-Learning Methodology 
 

According to the (Sutton and Barto, 2018), Reinforcement Learning is 

known as a „goal-oriented machine learning system‟. To begin the task, 

initially, it interacts with the environment and then takes the decisive steps. 

Generally, an RL control agent is imbibed with every control problem that 

communicates with the state of the environment iteratively. The actions 

modify according to the change of signals as well as the duration of the 

actions. It depends on the behavior policies , , feedback reinforce reward 

„r‟ which estimates from waiting time, delaying time, and the transit time, 

next states „s‟ and its transition probability „P‟. The policies are optimized by 

the RL agents based on the mapping between possible states S and possible 

actions A with learning factor, discount factor, and the rewards. During the 

process of learning, the policies are tuned up with the rewards until it reaches 

the goals. The below fig.1 portrays the illustration of the learning process in 

reinforcement learning. 

 

 
Fig. 1: Illustration of the learning process in reinforcement learning (Sutton and 

Barto, 2018). 



                                                                                                                  
 

 

 

 

 

 
3318 Niharika Singh et.al 

 

Each control was recognized by a state-action pair, and thus, the value 

function of the RL was calculated by the reward of each state. The value of 

the state was the derivation from the discounted reward in the long term for 

policy from state„s‟.It was given as,  

                                                                             (eq.1) 

The above eqn.1 was viewed in the bellman form and it was given as, 

                (eq.2) 

The value of the action was denoted as „Q-value‟ which consists of a 

long-term discounted reward on the selected action a and the state „s‟ with 

respect to the policy  was given as,  

            (eq.3) 
It was further decomposed into bellman form as,  

           (eq.4) 
About RL algorithms, Q-Learning was one of the well-known RL 

algorithms that serve as off-policy. Irrespective of the policy, the learning 

process of the actions were explored independently. In the viewpoint of Q-

learning, the RL agent picks the actions „a‟ from the possible set of actions A 

based on the highest Q-value. The Q-values were computed by a greedy 

searching process.  The computed Q-values were preserved in a matrix, 

which were referred to as „Q-table‟, which consists of discrete values. It 

computes the state value s from the set of states‟ S in coordination with 

action value a from the set of actions A. While computation, the learning 

policies were updated in a greedy manner for every step process. The 

updated Q-values were learnt by the following eqn. (5).  

                                    (eq.5) 

Where, - At the learning step k, the Q-value was updated; - 

Present Q- value stored in the Q-table; r - Present reward value during the k-

steps of the learning process; s - Present state value during the k-steps of the 

learning process; a - Present action value during the k-steps of the learning 

process; - A modifiable learning rate.    

 

2.2 Cellular Automata (CA) 
 

CA is one of the branches of modern science that represents the high-

complex process by its intrinsic discrete nature via digital processors. Most 

of the robotic applications are decentralized by nature. Henceforth, CA 

establishes new transition rules with the help of neighboring cells and the 

possible states of the cell. In general definition, it forms a dynamical system 

by performing local interactions with the components of the navigation 

systems. Initially, it consists of N cells in a lattice. Each cell possesses a 

unique identification pattern in its local connections.  
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This common pattern used to communicate with other cells. Here, a 

transition rule for each state of a cell i at time t+1 was computed for 

interacting with the neighborhood cells. Let be the finite sets of the d-

dimensional lattices and be the set of the finite fields. The cells 

communicated in the lattice are generally represented in map form, and 

therefore, it was given as,  

          (eq.6) 

It was further expressed mathematically as,  

  ---> at time t, the state s of the cell i, which comes under   .  

 The states of the neighborhood cells and the current cells are 

stored.   

Then, the transition rule of a cell in lattice was given as,  

           (eq.7) 

Where, Size of the neighborhood was represented as n.  

 - It gives the information of neighborhood state for the cell i as 

function of  

 These phenomenal characteristics in CA have helped for the path-

planning process by exploring the goal attraction and local decision making. 

With the usage of the sensor of a robots, a local decision and state of the 

neighborhood at each discrete step were computed by the CA rules i.e. 

transition rule. The target was to navigate the deployed robots to reach a goal 

point in a straight line. While performing from initial points, an obstacle was 

faced. To cope up with an obstacle and also at the same time, reaching the 

goal point as a team has been established through a desirable navigation 

pattern. The robotic environment was in 2 -dimensional form with a square 

of cells with side l. In general, the size of the robot may be larger than the l, 

even so, it was viewed as a single cell. The information about the state of the 

neighborhood cells were collected by using the robot's infrared proximity 

sensors. It was assessed by two navigation patterns, via, triangular and linear 

pattern. The transition rules for a robot system were employed by two views: 

First rule: It helps on how to deviate from the obstacles; Second rule: It helps 

to control the navigations.  

These two rules were generalized through master-slave control 

architecture. The relative position of other robots and its navigation patterns 

were given by following this architecture. The main robot obtains the 

position‟s information of other robots in its team, then, it decides on what 

rule to apply for further process. Henceforth, this process requires a 

decentralized control system which was given by CA based approaches. A 

navigation pattern was the one, which was eventually deviated from the 

obstacles. Thereby, the strategies followed in path planning process were: 

Building of neighboring cells; Decision making process of transition rules 

and Applying transition rules on actions of robots.  
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The possible states of the deployed robots were Free (Fr), Robot (Ro) 

and Obstacle (Ob). Based on the measurement readings of the sensors, the 

neighborhood cells were formed. The information about the neighborhood 

cells were preserved in vector form as, V= { , , , , , , , , } 

and stored the current angle of rotation. It was assumed that  5 angles of 

rotation were possible. Consider an instance, that a robot wants to navigate 

from south to the north, then the possible angle of rotations should be 

computed as, and also shown in fig. 2.  
Fig. 2: Spatial neighbourhood 

   

   

   

The initial points  to  was ;  to was ;  to  was ;  to  

was and ;  to   was - .At a given time step t, two kinds of discrete 

movements of a robot were possible, the first movement was navigation to its 

next cell by monitoring the present orientation of cells and the second 

movement was rotation of the present orientation of cells. During the 

movement process, the distance was calculated as, l for neighboring cells and  

  for diagonal cells. Each cell was updated by its current states s, just by 

defining the next movement of the robots using the transition rule of CA. 

Overall, a transition rule was the combination of the present state of the 

neighborhood and the angle of rotation . With the help of a generated set of 

rules i.e control rule and the deviation rule. Each robot recognizes the 

neighborhood and attains the target points. If any obstacle occurs, then an 

alternate deviation rule will be used, else, the control rule will be used.  

Owing to the deviation rule, it was further encountered with  two sets of 

rules, one deals with the movement of next cell i and the second deals with 

the movement of a robot. A pair of rules were being applied over the 

navigation control of the robots, the first rule determines the state of the 

robot within the cell i.e. state is free (or) not and the second rule determines 

the navigation of the robot, if it is free.  

In this manner, the CA rules were generated for the deployment of 

multiple robots. Finally, the formation control rule will guide the multiple 

robots at each time step t, to reach the goal points. It also helps to eliminate 

the obstacles by taking reverse orientation, and makes the robot attain its 

prior paths. It also indicates, if the robot is on axis, the robot will be 

forwarded, else, it will take diagonal steps to move the robots. However, the 

main problem was the application of deviation rules, when an obstacle was 

found in the planned paths.  
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2.3 Cuckoo Search Optimization  
 

The chief responsibility of deploying CSO was to select optimal paths 

from the set of available paths. The set of available paths were learned from 

the Q-Learning and the cellular automata process. Optimization was an 

essential process for efficient autonomous robots. Since it was an unknown 

environment,a tremendous amount of variety of obstacles were being 

populated. Selecting an optimal path in an unknown environment was a 

complex and challenging task. If the robot needs to attain its goal point 

without any obstacles, then a different sensor was deployed over the real-

time environment. CSO belongs to the class of metaheuristic search models. 

Inspired by the swarming behavior of the birds, a searching process was 

instantiated by the researchers. In specific to, laying eggs on the nest of host 

birds by its parasitic behavior was explored. It was the simplest algorithm, 

when compared to the Genetic Algorithm (GA) and Particle Swarm 

Optimization (PSO). It takes less simulation parameters than the other 

optimization models. Generally, an intrinsic and aggressive reproductive way 

was followed by the cuckoo birds. It lays the eggs over the nest of other birds 

and that host birds may hatch (or) brood the chicks. In some cases, the host 

bird destroys the eggs, when the laid eggs are someone else's, (or) it 

demolishes the nest. It was one of the recently developed algorithms that 

resolves the optimization problems by its parasitic behavior of its species. It 

also makes use of levy flight behavior of the birds, so as to build the new 

nests at each iteration.  Levy flight behavior was a behavioral type that deals 

with the random walk process, wherein, each step was scaled up by the 

distribution of probability.  According to the law of power, the probability 

distribution of levy flight was given as,  

           (eq.8) 

Where,  was an infinite variance that ranges from 1 to 3. 

For a given time t, one egg was yielded by the cuckoo, and, concurrently, 

it dumps the eggs in another nest in an arbitrary process. The nest with the 

quality of eggs was treated as the best nest, and it was forwarded to the next 

process. A fixed number of host nests was assumed, and then the egg 

presented in the nest of the host bird was calculated as, probability  

In some cases, the host birds may build new nests at different locations and 

thus, rule c will be maximized (or) minimized based on the random solutions. 

In the viewpoint of maximization problem, the grade of the fitness value was 

directly proportional to the objective value. In simple terms, the solution 

represents the egg in the nest and the new solution represents the cuckoo 

eggs. The attainment of a better solution for a nest was the ultimate goal of 

this system. It can be further extended in the case of resolving multiple eggs 

in the nest. A new solution was generated by levy flight behavior was given 

as,  
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         (eq.9) 

Where,  tends to change its size according to the defined problem area. 

In most cases, it was generally assumed to be 1. The above eqn. (11) follows 

a random walk, which was formulated by Markov chain process [15] i.e. the 

next location of the egg was determined by its previous location ( ) and its 

probability of transition ( ).  was the entry wise multiplication 

operator which helps to explore more search space for longer time. 

 

3 Design of the System 
 

This section covers the design of the proposed hybrid model for 

autonomous robotic system in a dynamic environment [3]. It covers the 

assumptions required for the system designx.  

 

3.1 Exploration of Terrain and the Coverage of the Robotic 
Environment 
 

Nowadays, most of the robotic applications demand that robots should 

intelligently select the optimal path by exploring and learning the 

environment. Concurrently, the robots should be capable of reaching the goal 

points at a given discrete-time by eliminating the obstacles. In some cases, 

with the help of past learning and experiences, it should be able to respond to 

the dynamic requests. By adopting technological developments, multi-robots 

are being deployed in an unknown environment that offers a higher level of 

scalability, robustness, and a reduction in the redundancy.  

Along with that, path exploration and coverage are handled effectively, 

to achieve a collaborative environment. Depending upon the area covered by 

the deployed sensors, the robot can learn the environment and it was also not 

facilitated with any prior information.  While sensing the environment, 

robots share many aspects of the exploration process. Despite that, 

exploration covers the boundaries of the environment, even at remote 

sensing, whereas coverage senses the working area of the environment. It 

was a need that the designing of the proposed algorithms should meet the 

requirements of performance enhancement of multi-robot instead of 

optimizing the sequence number of actions.  

Coverage analysis will help out to build an efficient path planning 

process. The geometrical properties of the coverage area should be identified 

and performed with the cellular decomposition of the environment. Once the 

cells are decomposed, then searching based coverage algorithms are 

deployed. The coverage algorithm develops a high level of complexity in the 

unstructured (or) unknown environment due to the placement of the furniture 

and dynamic change of human behaviors.  
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3.2 Model and the Assumptions 
 

The robots know only about its original position. The sensors deployed 

in it, have to automatically detect the obstacle concerning its environment. 

The unknown environment was divided into the grid cells with a size of 20 

cells. These cells were sensed by the built-in sensors of the robot. During the 

central placement of the robots, the cells of an entire area were covered. It 

was also assumed that the range of the robot‟s sensor was capable of 

recognizing the obstacles in the three-dimensional orthogonal view of the 

neighboring cells. During the course of robots in a cell, an individual 

spanning tree was administered for each exploration process of a cell. The 

present location of the cell was taken as an input to the algorithm, and the 

output was the spanning tree of that robot. Since it scans by orthogonal 

views, all positions i.e. up/ down/ top/ bottom were visited. The below fig. 3 

illustrates the sensing directions of the cells, where it depicts the position of 

the robots (RP), Obstacles (O), and the intermediate cells (a, b and c).  

 
Fig. 3: Sensing direction of the cells. 

 

Here, the robots can label the visited cells, which enables the 

differentiation of the covered and uncovered robot cells. With the help of 

intermediate cells, the subcells were also covered by the robots in a defined 

terrain. The covered cells were frequently updated in the Q-table. This table 

permits to easily cover the uncovered cells by constantly pushing the cells 

into the stack S. Later on, according to our experiments, the covered cells 

were taken up for the further analytic process, via, path planning. The 

deployed robots were homogeneous by nature in which the cells were 

accessible from any position. It was also assumed that robots implement 

independently due to the design of decentralized algorithms.  
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There were constraints of the proposed algorithm for an unknown 

environment. Firstly, a planar structure of terrain was considered which was 

continuous and encircled with an outer boundary. Also, it was partitioned 

into 2D square cells which compose of 4- subcells. Further, Robots were 

moving continuously between two adjacent subcells. Additionally, it follows 

a complete path-coverage i.e. starting and ending point of the subcells 

remains unique. Last, of all, Robot takes only one move at a particular 

period.   

 

3.3 A Hybrid Model for Autonomous Navigation 
 

The proposed scheme, for autonomous navigation and path planning 

using three terminologies as discussed earlier. A “novel optimization using 

Q-learning” which tries to develop an intelligent selection of an optimal 

shortest path for the robots in a dynamic environment. The proposed scheme 

was a kind of self-learning process. The scheme performs incrementally by 

constructing multiple Q-table for multiple robots at concurrent time steps. It 

was assumed that each of the robots was presumed from its starting positions 

(S1….Sk) of the terrain. The challenge of this study was to find the optimal 

shortest path from the k-subpaths of the k-robots. On the other side, it was 

cautiously monitored that the entire terrain was covered by the robots. Along 

with these lines, the robot covers each of its subcells only once.  

During the navigation process of the robots, some controlled actions 

were performed which were known as behavioral properties. Here, four 

behaviors were recognized such as choice of the cells, identification of the 

boundary, avoidance of the obstacles, and the movements.  

The proposed schemes are explained as follows:  

 

3.3.1 Q-Learning Algorithm  
  

This algorithm aims to learn about the behavior of the cells and their 

subcells during the navigation process of robots. To make an efficient 

sequence of decisions, this algorithm takes trial and error on the defined 

parameters. The deployed robots initiate the working process by just learning 

the environment via reward and penalty process. Here, the selected action 

was accurate, then the learned data was represented as „reward‟ else it was 

labeled as „penalty‟. This learning process was done by the Markov Process 

and thus, decisions made from this process are known as „The Markov 

Decision Process‟. The term „Markov‟ was coined because it portrays the 

future states based on the information provided by the present states. Let S = 

{S1,....Sk} be the set of states and t be the present time of the states. Then, 

the probability state of markov process was given as,  

P [St+1|St] = P[St+1|S1, S2, · · · , St]                                                        (eq.9)  
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Since the robots were homogeneous by nature, the markov chain under 

the transition probability was independent towards time t, which was given 

as,  

P[St+1 = s'|St = s] = P[St = s'|St−1 = s]                                                  (eq.10)  

 Let the tuple (S, P) be the Markov chain process, in which S represents 

the finite set of the states map and the P be the transition probability matrix 

of the state. The objective of the proposed Q-learning algorithm was to 

maximize the rewards of a robot by taking a consequence series of actions in 

the dynamic robotic environment. The rewards were maximized by learning 

the environment and presenting it in the form of transition maps.  

Step 1: Initializing the Q-table  

 The learning process was started by creating the Q-table. It was projected 

as m * n matrix, where m was the representation of the number of states and 

n was the representation of the number of actions. It consists of four actions, 

via, up, down, left and the right and five states, via, start, idle, correct path, 

wrong path, and the end.  

Step 2: Selecting an action  

 Depending on the robotic environment, the learning process begins by 

selecting anyone action at a time t.  

Step 3: Performing an action  

 Here, the actions were performed based on time steps. The robots learn 

the environment by collecting the previous and past states of the cells by 

taking the series of actions. Initially, the Q-value in the Q-table was 

represented to be 0. Consider an instance, (action a) right ( ) performed to 

start (state s) the process, then the Q-table was updated by using the Bellman 

equation. The exploration process begins by performing a greedy strategy on 

the dynamic environment. Therefore, the sample updated Q-table according 

to the Bellman equation was shown in table. 1.  
Table 1: Updated Q table 

Action Up Down Left Right 

Start 0 0 0 1 

Idle 0 0 0 0 

Correct Path 0 0 0 0 

Wrong Path 0 0 0 0 

End 0 0 1 0 

Step 4: Measuring the rewards 

 This was the crucial step that helped to build an efficient path planning. 

It was evaluated by the function Q(s,a). The learning rate was determined at 

the initial step.  
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The function Q(s,a) will continuously learn the environment until the 

criteria of learning rate terminates. The maximized Q-value of an action at 

that state was rewarded. The bellman equation was given as:  

                       (eq.11)  

Where,  

 ----> Updated (new) Q-value for the state and action;    ----> 

Present Q- values;   ----> Rate of learning ;   ----> Rewards taken for 

an action at a state ;   ----> Rate of discount ;   ---> Maximum 

Expected future rewards ; Here, the rewards are symbolized as follows, (+ 1) 

---> When the current step was closer to the goal ; (-1) ----> When the 

current step hits the obstacles ; (0) ----> When the current step was in idle 

state. 
Table. 2: Final Q-table 

Action Up Down Left Right 

Start 0 0 0 1 

Idle 0 0 0 0 

Correct Path 0 43 12 0 

Wrong Path 12 0 23 0 

End 0 0 1 0 

 

The above table 2 represents the sample final Q- table. In this way, the 

Q-learning algorithm has helped to find (or) learn about the unknown 

environment. In the study, it was known for collecting the data for the 

training process using the Q-learning algorithm. The estimation of reward 

value portrays the robust learning model that enhances the performance of 

the system. Likewise, the discount factor helps to estimate the data by an 

agent which was greatly helpful to deal with the shortest path planning. It 

reduces the effects of data over fitting. Fig. 6 presents the workflow of the Q-

learning algorithm. 
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Fig. 6: Flowchart of the Q-learning algorithm 

 

3.3.2 Cellular Automata & Cuckoo Search Optimization 
  

Once the training data process was created, then the position of the 

robots were explored by the concepts of cellular automata. Here, the 

objective of the study becomes more complex because of finding the optimal 

actions from the set of actions. Since the environment was projected into a 

grid of cells, each cell contributes as a learning component. During the 

learning process, the best actions were learned to recommend the 

neighboring components for further actions. In our study, an optimal action 

selection from a set of actions was done by a parallel reinforcement learning 

process. By doing so, system was able to manage all kinds of actions as well 

as preserve the time and space complexity of the environment. Once the 

optimal action was selected, then the optimal shortest path was analyzed 

using CSO. Initially, the position of the robots by performing an action in a 

state was explored using cellular automata. It was a hybrid learning model 

that combines the learning process and the automation process of a cell of a 

robot in a dynamic environment. With the help of Q-learning, the automation 

process by determining the local rules. The objective of this study was to 

explore the fullest capability of maximizing the expected reward function for 

each learning automation process. Let the aggregate number of actions at cell 

i be  and the action to be chosen be . Then, the set of actions of cell „I‟ 

was denoted as . Let be the policy strategies associated 

with it and be the number of neighbors of cell i.  
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At step k, the probability of selecting  was given as and be the 

policy strategy over   , and the average actions of reinforcement learning 

at time step k was given as . Let be the index value of the 

neighboring cells.  

 The learning system operates on the probability of the set of actions. 

Initially, the joint distribution of the actions was estimated by the maximum 

empirical rewards. It conjoins with other learning automata even on 

neighborhood cells. The obtained CA combines with the probability of joint 

distribution, so as to form a single optimal action (or) superaction. The action 

increases gradually by their selected probability.  During the exploration 

process, the probability of the superactions was acquired. Each selected 

action in the neighborhood was continuously observed and their empirical 

values were updated frequently. Every performed action sent feedback from 

the environment to its learning component. Depending upon the obtained 

feedbacks and the probability distributions, the estimated Q-table was 

updated.  

Based on the selection, a mutated greedy selection process was done. 

Initially, the maximum expected reward action must be selected. Here, let us 

assume  be the present action. Then, the new-action from the selected 

action was computed as,  

                                       (eq.12)  

Where,  

                          (eq.13)  

 The above eqn. (13), was continuously operated for all maximum 

expected reward of superaction. Then, the reinforcement learning vector 

was calculated for the chosen superaction=1, as below.,  

+1) =                    

                                                                   (eq.14)  

)                                             (eq.15)  

 

 

 

            (eq.16) 

 The above process was continued until the stopping criterion was met. 

During each time step k, the selected superaction was learned via learning 

component i.e. neighborhood cells. Since each action was performed 

separately, the learning process became more viable.   
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The probability of empirical distribution of all super action was then 

given as input to the optimizing system. The constructed maps assisted to 

track their position and planning time of the navigation. In order to achieve 

our main goal of this study, this optimization technique has been very helpful 

in our unknown environment.The mathematical procedure discussed above 

leads to the self-learning process for autonomous navigation of the mobile 

device. During the implementation of the above process, the following things 

were inferred. Firstly, the robot can attain its target point, even in the 

presence of obstacles. In some cases, dynamic obstacles are also created. 

Thus, the formation of rectangular shape of the grid points has helped the 

robot to find its paths, so as to attain the targets. Also, the deployed robots 

can also eliminate (or resolve) the obstacles from the opposite directions i.e. 

obstacles presented in the inner boundary as well as an outer boundary. 

Further, it ensures that the robot takes the obstacles free- movement. It also 

ensures that the shortest path is being taken and thereby, the minimum cost 

and minimum time are also guaranteed. In addition, it is really helpful for all 

sorts of dynamic environments.  

The proposed scheme takes a discrete control over the robotic learning 

agents, which was helpful for an efficient dynamic path planning process. To 

begin this, path planning was carried out on some barrier constraints which 

are known as obstacles. With the help of discrete steps of time, the robots are 

permitted to navigate on the planned paths. Likewise, the learning rate was 

defined to be less than the sensing range of the sensor associated with the 

robot. At each step, robots look for the availability of the obstacles in the 

navigation process. Along with that, the position of the obstacles was also 

estimated. If the robot finds any obstacles with its distance step, then a new 

obstacles free path was suggested by the cuckoo search model. 

Algorithm :  

Input: A= No. of actions ,  S < R: No. of actions to be selected,   (λ(j))_jϵN: 

Rate of the learning , (η(j))_jϵN: Rate of the averaging factor ,(γ(j))_jϵN: 

Rate of the discount factor. 

Output: 

1. While  ( Maximum Generation < Stopping criteria) , do 

2. For each cell C, do 

3.                  Explore the cells with (λ(j))_jϵN  

4.                  Select the best action as α_i (k) 

5.   Performing greedy selection process to obtain maximum expected reward 

for the action α_i (k) 

6.      Select the reinforcement vector for all α_i (k),Set k <--k +1 

7. end for  

8. Do, Finding the set of paths by observing the cells. 

9. For    Robot Cell (C) ≠Target Cell (T)  

10.         Find the best cell  

11.         Evaluate with the free cell 
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12. end                 

13. Finding the paths   ,Do 

14. Initiating the set of paths as Cuckoos  

15. Defining objective function, f(N),N=(N1,N2,....Nd )
T 

16. For (F_i  == Best (f(N)),     F_i ++)  

17. Obtain the best solutions i.e. best path (P) 

18. end for 

19. end do. 

Here, the point of the obstacle and the present position of the robot was 

declared as the starting point. Now, again the path was planned between the 

new starting point and the target point in connection with new intermediate 

points. Then, an optimal distance value was estimated, only if the robot does 

not face any obstacles during the navigation process. Here, the path 

exploration process was done by two processes, namely, local navigation and 

global navigation process.  

 

3.3.2.1 Local Search Navigation Process  
  

Here, the robot was assisted with a straight line that contains the starting 

point and the target point. This path was followed by the robots until it 

recognizes the obstacles. The detected obstacles can be resolved by deviating 

from the current position of the robot, which was frequently updated by the 

learning component. Then, a new position and new distance will be updated 

for assisting the upcoming robots. In this process, the position of the target 

point was already known to the robots.   

 

3.3.2.2 Global Search Navigation Process 
 

It was a type of planning process where the robot moves randomly with 

the prior information known to them. It was the process of choosing the best 

way to reach its target points by information loaded in it.  Thus for global 

path planning, the decision of the moving robot from a starting point to a 

goal was already made and then the robot was released into the specified 

environment.  

 

4 Conclusion 
 

Thus, from the proposed algorithm the chance of collision eliminated due 

to grid based decomposition model. Once the segmentation of the unknown 

environment was approximately analyzed and decomposed under a balanced 

process, a way has been paved for robots to differentiate the areas between  
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the obstacles and the non-obstacles regions. Thus, the multi-robot can 

efficiently navigate by its parallel execution of tasks.  

In the aspects of scalability, by finding the fittest shortest paths under 

reduced time can easily accommodate the data operations of the robots. The 

use of cuckoo search algorithms has significantly utilized the given 

resources. Along with that, task allocation and the speed of the robots are 

also assured. By the help of Q-learning algorithm, the assigned tasks are 

easily completed by the robots with the use of training data.   
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