
 

Current Journal of Engineering and Science Research 

Volume 1, Issue 1, pp 18-26, November 2024 

ISSN (online): 3049-1738 

DOI: https://doi.org/10.47001/CJESR/2024.101003     

Available Online at https://www.cjesr.com  

 

Copyright © 2024 CJESR All Rights Reserved 
 

18 

Intercommunication in Multi Robotic Cleaning System with 

Efficient Route Planning Through Map Decomposition 

Benny George David 

Department of Computer Science & Design, Viswajyothi College of Engineering and Technology, Ernakulum, Kerala, India 

Abstract: Due to their effectiveness in performing cleaning activities in different contexts, cleaning robots have recently gained 

popularity. In this study, we propose a unique method based on map decomposition to guide and coordinate multiple cleaning 

robots to clean an entire area. The proposed method consists of three elements: finding the shortest and most efficient path, 

decomposing the map, and identifying obstacles. The best route each robot should take to cover the designated area is selected by 

the component that finds the shortest and most efficient path. Depending on the map decomposition component, each robot only 

covers the partial map assigned by the monitoring robot. The obstacle detection component enables robots to detect and avoid 

obstacles on their path. Simulated experiments were used to test the proposed method. The results show that it successfully controls 

and coordinates multiple cleaning robots to cover a large area based on map decomposition. Compared with traditional cleaning 

techniques, the strategy significantly increases cleaning efficiency and can be extended to clean large environments. The proposed 

method can be used in various areas, including airports, libraries and office complexes. 
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I. INTRODUCTION 

Cleaning robots have become more common in recent 

years due to their ability to perform cleaning tasks in different 

environments. A major challenge is to ensure that cleaning 

robots cover the entire area sufficiently and efficiently. 

Overlapping or uncleaned areas are among the challenges in 

coordinating and controlling multiple robots. In this research 

paper, we propose a method for controlling and coordinating 

multiple cleaning robots based on map decomposition to solve 

these problems. 

Our system consists of three essential parts: obstacle 

detection, map decomposition, and finding the shortest and most 

efficient route. The first part of the system involves creating 

algorithms to determine the shortest and most efficient route 

each robot should take to navigate its assigned submap. The 

second step, called map decomposition, involves dividing the 

map into smaller submaps. This way, each robot can effectively 

cover its own area thanks to inter-robot intercommunication. 

Reducing crosstalk increases the performance of cleaning robots 

by reducing the cleaning time. Obstacle detection is about 

developing algorithms to find and avoid obstacles on robot paths. 

The proposed solution seeks to optimize the cleaning process by 

effectively dividing the area and coordinating the movements of 

multiple robots. This approach will allow cleaning robots to 

clean the map effectively and efficiently and with less human 

intervention. 

II. BACKGROUND STUDY 

Global and local route planning, which is divided into 

online and offline route planning depending on the environment, 

are the two categories of route planning techniques discussed in 

this section. Many algorithms have been developed for real-time 

route planning systems, including traditional and heuristic 

approaches. This research presents a novel algorithm based on 

modified graph search algorithms to select the most efficient and 

shortest path for cleaning robots in a known environment with 

static obstacles. 

The Department of Electrical and Computer Engineering, 

Universidad Norte Sur presented an automated delivery robot 

with an obstacle detection and avoidance system that uses the 

Dijkstra algorithm to calculate the shortest route. This research 

used the modified Dijkstra algorithm and vector mapping to 

determine the ctual path is measured by the distance between 

rows and columns. 

The same way as the Dijkstra algorithm, but focuses its 

search on states with the highest probability of success, 
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potentially saving significant computation time. As part of their 

research Maren Bennewitz from an undisclosed institution 

proposed a fast pathfinding algorithm called Minimal Construct. 

The algorithm finds the shortest path by traversing visibility 

graphs. The algorithm is much faster than more advanced 

visibility graph algorithms because it only calculates the 

necessary part of the visibility graph around obstacles that block 

the path. To find the shortest path for a robot moving in a 

corrupted environment, Mohammed Aldarwbi and Uthman 

Baroudi from the Department of Computer Science at the 

University of New Brunswick in New Brunswick, Canada, 

invented an approach called FreeD*. This method combines the 

advantages of the D*, Dijkstra, and APF (Artificial Potential 

Field) algorithms. If there are unknown obstacles between the 

sub-paths, the technique integrates them into a single diagonal 

path and uses Dijkstra to optimize the generated path. APF is 

then used to avoid unidentified obstacles. [2] The results show 

that FreeD* can find the shortest path while avoiding unexpected 

obstacles, and the newly added systems lead to a reduction in the 

false positive rate from 1,400 to 501, or about 65%. 

 

 

Figure 1: Overview of our exploration pipeline 

In addition, duplicate paths in embedded decomposed maps 

prevent robots from cleaning efficiently because the full map is 

not known [6]. Effective distribution of cleaning among multiple 

cleaning robots requires assigning tasks to multiple robots, 

resilience is one of the most serious problems in centralized 

techniques. Real-time obstacle detection for an intelligent 

cleaning robot using a 3D depth sensor by S. Y. Kim et al. 

(2016) presents a real-time obstacle detection system for a 

cleaning robot using a 3D depth sensor. The system employs an 

RGBD camera to capture depth information of the environment 

and uses this data to detect obstacles in real-time. The proposed 

method is tested in various environments and is shown to be 

effective in detecting obstacles with high accuracy. [10] 

Autonomous robot navigation and obstacle detection using 

ultrasonic sensor and Raspberry Pi by H. M. Sabra et al. (2017) 

describes a low-cost autonomous cleaning robot system that uses 

an ultrasonic sensor and Raspberry Pi for obstacle detection and 

navigation. The system uses the ultrasonic sensor to detect 

obstacles and then calculates the distance and direction of the 

obstacles. The Raspberry Pi then uses this information to control 

the motors of the robot and navigate it to its destination. [11] 

Obstacle detection and avoidance for a cleaning robot using a 

combination of LIDAR and an RGBD camera by S.  

H. Park et al. (2018) propose an obstacle detection and 

avoidance system for a cleaning robot using a combination of a 

LIDAR and an RGBD camera. The system uses LIDAR for 

mapping and detecting obstacles in the environment, and the 

RGBD camera for obstacle recognition and avoidance. The 

proposed system is tested in various scenarios and has been 

shown to be effective in detecting and avoiding obstacles in real-

time. [12] 

Overall, these research papers demonstrate various 

approaches to obstacle detection and avoidance for cleaning 

robots using different sensors and algorithms. The proposed 

methods aim to improve the accuracy and robustness of obstacle 

detection and avoidance systems for cleaning robots, ultimately 

enhancing their safety and effectiveness. 
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III. PROPOSED SYSTEM 

a) Tools and technologies: 

In this study, the Webots simulation tool was utilized to 

create a virtual environment with diverse obstacles and multiple 

robots. Webots, an open-source platform, facilitated the 

implementation of C-based robot controllers. The tool allowed 

for the creation of realistic cleaning scenarios. Multiple robots 

were deployed, and their coordination and intercommunication 

were supported by Webots. This combination provided a flexible 

and accurate simulation environment to evaluate the proposed 

method. By using Webots and C programming, it could optimize 

the performance and coordination of cleaning robots, enhancing 

efficiency in large-area cleaning tasks. 

b) Find the shortest and most efficient path: 

1) Path planning 

 Route optimization: Several path planning methods will be 

applied, and data on each path's energy usage will be 

gathered. The algorithm that generates the most direct and 

economical path will be chosen. 

 Changing Velocity and Acceleration: Using the chosen path 

planning method, the robot's velocity and acceleration will 

be changed to reduce energy consumption. 

 

Figure 2: The flowchart of our multi-robotic system for cleaning 

2) Energy consumption simulation 

Simulate Energy Consumption: The distance traveled by 

the robot will be calculated, and the robot's velocity and 

acceleration will be adjusted to minimize energy consumption. 

The simulation will be run multiple times to collect data for 

different paths. 

3) Analyze Data: 

The energy consumption data will be analyzed to identify 

the shortest and most energy-efficient path for the cleaning robot. 

4) Limitation and ethical consideration 

The assumption that the simulation environment adequately 

represents the real world and the limits of the Webots simulation 

engine in effectively reproducing realworld physics are two 

limitations of this study. Ethics: As this study exclusively uses 

simulation-based research, no ethical issues are pertinent to it. 

Finding the quickest and most energy-efficient route for a 

cleaning robot is one major objective of this research. We 

suggest using the A* algorithm and Dijkstra's algorithm, two 

path-planning techniques, to achieve this. The most energy-

efficient method may be found by utilizing either one of the 

algorithms alone or in combination. 

 

Figure 3: Finding the shortest and most efficient route 

Once a node is selected, the algorithm checks if it is the last 

node. If so, the route has been found and the algorithm exists. 
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Otherwise, the algorithm generates all neighbor nodes of the 

current node and calculates their preliminary g and f values. 

c) Map decomposition and sub-map assigning: 

In the beginning, a group of cleaning robots is divided into 

two groups called supervisor robot which is responsible for 

decomposing the map into sub-maps and sub-map cleaning 

robots. Utilizing a method that involves map decomposition, the 

objective of the supervisor robot is to explore the whole of the 

map. This robot's goal is to create a series of more detailed sub-

maps by partitioning them into smaller regions. 

After the supervisor robot has finished the process of 

exploration and decomposition, it will begin to build submaps 

based on the divisions that have been found. After that, the slave-

cleaning robots are given responsibility for these sub-maps. Each 

robot that is used to clean sub-maps has a particular sub-map that 

is responsible for properly cleaning. 

 

Figure 4: Summary of proposed CPP method 

The cleaning chores for each sub-map are carried out by 

the robots that are allocated to that sub-map. They make use of a 

wide variety of cleaning methods and approaches to clean the 

areas that are specifically delegated to them in an efficient and 

effective manner. 

The supervisor robot and the sub-map cleaning robots work 

together to finish cleaning the entire area. They involve a 

cleaning distribution approach to guarantee that all areas of the 

map are thoroughly cleaned, and the cleaning procedure does not 

include any instances of overlap or omission. The consequence 

of the robots working together and coordinating their efforts 

results in the thorough and methodical cleaning of the whole area 

that has been allocated. 

 

Figure 5: Flow chart for map decomposition 

d)  Obstacles Identification when changing light intensity: 

Obstacle detection is a critical function for any cleaning 

robot. In Webots simulation, there are several ways to detect 

obstacles, depending on the specific sensors that are available on 

the robot. 

In a Webots simulation, a cleaning robot can utilize a 

combination of cameras, GPS sensors, LiDAR, and distance 

sensors to effectively detect and overcome obstacles. Cameras 

provide visual input, allowing the robot to perceive its 

environment. The robot's image processing algorithms analyze 

the camera feed to identify objects or obstacles in its path. By 

detecting changes in pixel values or using object recognition 

techniques, the robot can determine the presence and location of 

obstacles. Cameras can also assist in identifying specific features 

or landmarks, aiding in navigation. 

GPS sensors provide global positioning information, 

allowing the robot to determine its location within the simulated 

environment accurately. Although not directly used for obstacle 

detection, GPS sensors are valuable for mapping the 
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environment and creating a reference for navigation. By 

combining GPS data with other sensor inputs, the robot enhances 

obstacle detection and path planning. 

LiDAR sensors provide accurate distance measurements, 

allowing the cleaning robot to detect objects even in low light 

conditions. By analyzing the point cloud data generated by 

LiDAR, the robot can identify and avoid obstacles effectively. 

Distance sensors, such as ultrasonic or infrared sensors, 

detect objects near the robot. These sensors are particularly 

useful for detecting objects close to the ground or at a short 

distance from the robot. They provide valuable information for 

obstacle avoidance and navigation in tight spaces. 

By combining the information from these sensors, the 

cleaning robot creates a comprehensive understanding of its 

environment. Control algorithms process the sensor data to make 

informed decisions on obstacle detection, path planning, and 

avoidance strategies. This enables the robot to navigate 

autonomously and clean the environment effectively while 

avoiding obstacles and potential collisions. 

1) Obstacles Detection in Low light Environment Simulation: 

In a Webots simulation environment, a cleaning robot can 

employ LiDAR sensors, infrared sensors, and cameras to detect 

obstacles effectively, even in low light conditions. LiDAR 

sensors emit laser beams and measure their return time to 

identify objects in the environment, independent of ambient 

lighting. This technology is particularly useful for obstacle 

detection in low-light environments. By analyzing the point 

cloud data generated by LiDAR, the cleaning robot can 

accurately determine the distance and location of obstacles, 

enabling successful navigation. 

Infrared sensors, on the other hand, can detect objects 

based on emitted or reflected infrared radiation. They operate 

independently of visible light and are well-suited for obstacle 

detection in low-light conditions. The cleaning robot can utilize 

infrared sensors to provide proximity information, allowing it to 

detect obstacles in its immediate surroundings. 

By analyzing the received infrared signals, the robot can 

identify objects or obstacles and take appropriate actions to avoid 

them. Cameras play a vital role in providing visual input to the 

cleaning robot, enabling it to perceive the environment. 

 

Figure 6: Extracting Geometric Cues of Doors and Rooms 
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Although cameras may be affected by low light conditions, 

there are techniques to enhance their performance. The robot can 

utilize cameras with low-light capabilities or employ image 

processing algorithms designed specifically for lowlight 

environments. By analyzing the camera feed, the robot's 

algorithms can identify changes in pixel values or use object 

recognition techniques to detect obstacles. 

Cameras also offer contextual information, such as 

identifying landmarks or specific features in the environment, 

which aids in navigation and obstacle avoidance. By integrating 

the data from LiDAR sensors, infrared sensors, and cameras, the 

cleaning robot can create a comprehensive understanding of its 

environment, even in low light conditions. The robot's control 

algorithms process this sensor data to make informed decisions 

on obstacle detection, path planning, and avoidance strategies. 

For instance, if an obstacle is detected by LiDAR or infrared 

sensors, the robot can utilize the camera to further analyze the 

obstacle and gather more detailed information for navigation. By 

combining the information from these sensors, the cleaning robot 

can autonomously navigate, avoid obstacles, and effectively 

clean the environment, even when faced with low-light 

conditions. 

2) Visualization: 

To visualize obstacle detection in low light conditions 

using RViz in Webots and visualize the light condition, you can 

follow a series of steps. First, set up your Webots simulation 

environment to replicate low light conditions by adjusting the 

lighting parameters. This can involve reducing the intensity of 

light sources or adding filters to simulate low-light 

environments. 

Next, enable the necessary sensor data output in your 

Webots simulation. Configure sensors like LiDAR, infrared 

sensors, and cameras to output relevant data such as point cloud 

data, distance measurements, and image frames. This data will be 

used for visualization in RViz. To establish communication 

between Webots and RViz, set up the ROS (Robot Operating 

System) interface in Webots. This allows for the transfer of 

sensor data from Webots to RViz for visualization purposes. 

Launch RViz and configure the necessary settings to 

visualize the obstacle detection and light condition. This 

typically involves adding appropriate RViz plugins and 

configuring them accordingly. To visualize obstacle detection, 

import and visualize the sensor data in RViz. Use plugins like 

"PointCloud2" for LiDAR data, adjusting parameters such as 

point size, color scheme, and intensity values. For infrared sensor 

data, use plugins like "MarkerArray" to visualize detected 

obstacles as markers, or use the "Image" plugin to display 

distance maps. Camera data can be visualized using the "Image" 

plugin to display the captured images or video stream. 

To visualize the light condition, you can add additional 

visual elements or overlays in RViz. For example, create a 

custom marker or object in RViz representing the lighting 

conditions, such as a sphere indicating the light source's position 

and intensity. Adjust the marker's color or opacity to accurately 

represent the low light conditions. 

With the sensor data and light condition visualizations set 

up in RViz, you can observe and analyze the obstacle detection 

and the simulated low light conditions. This allows you to 

evaluate the performance of the cleaning robot's obstacle 

detection algorithms and assess the impact of low light on its 

capabilities. 

By following these steps, you can effectively utilize RViz 

in Webots to visualize obstacle detection in low-light conditions 

and visualize the simulated lighting conditions. This 

comprehensive visualization provides valuable insights into the 

cleaning robot's perception and performance under challenging 

lighting situations. 

3) Limitations: 

Simulations may not fully capture the computational 

constraints and limitations of real-world systems. Detection 

algorithms and processing times in the simulation may differ 

from real-time requirements. Evaluating the performance of 

obstacle detection algorithms in terms of computational 

efficiency and responsiveness may require additional 

considerations. 

4) Algorithm for obstacle detection: 

Canny Edge Detection is a popular algorithm for detecting 

image edges. Although it is not typically used to directly detect 

obstacles in a cleaning environment, it can be used as part of a 

broader obstacle detection process. A hysteresis threshold is then 

edges above a certain intensity threshold and remove edges 

below a lower threshold. In the context of cleaning robots, Canny 

edge detection can be used as part of a broader obstacle detection 

process that includes thresholding and segmentation algorithms. 

For example, Canny's edge detection algorithm can be applied to 

an image on the robot the resulting edges can be used to identify 
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areas of interest in the image that could correspond to potential 

obstacles in the cleaning environment. 

 

 Figure 7: Flow chart for map decomposition 

To refine obstacle detection, additional processing steps 

can be applied to the identified regions of interest. For example, 

Object detection algorithms can also be used to classify regions 

of interest and determine if they are obstacles or other objects in 

the environment. 

Below are the general steps to implement the refined edge 

detection algorithm for obstacle detection in a cleaning 

environment: 

 Image will be captured from the camera. 

 Have to convert the images to grayscale. 

 Apply Gaussian blur image conditions to reduce noise. 

 Calculate the gradient of the image using the Sobel operator 

or other edge detection techniques. 

 Apply hysteresis thresholding using the Canny algorithm. 

 Identify regions of interest in the image based on detected 

edges. 

 Apply morphological operations (erosion, dilation) to 

remove small objects or fill gaps. 

 Use object detection algorithms to classify regions of 

interest as obstacles or other objects. 

 Update the robot's obstacle detection system with new 

obstacle locations. 

 Repeat for subsequent images captured by the robot. 

IV. RESULTS AND DISCUSSION 

Using a computer simulator and Webot, the proposed 

strategy was put into practice to control and coordinate multiple 

cleaning robots based on map decomposition. Using URDF, the 

physical properties of a cleaning robot as well as its model were 

described. The environment was designed to look like a normal 

house, with furniture, walls, and other obstacles, using Webot 

objects. 

The environment was successfully divided into smaller 

sub-areas, which were then assigned to multiple cleaning robots 

by the system. To avoid collisions and overlapping coverage 

areas, robots interact with each other. The robots' trajectories 

contained obstacles that were identified and effectively avoided 

by the obstacle detection algorithms. 

 

Figure 8: Robot repetition time 

Each robot was able to navigate its designated area using 

the shortest and most efficient path according to the path 
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planning algorithms. The proposed approach based on map 

decomposition to control and coordinate multiple cleaning robots 

of cleaning operations. The system cleans a larger area in less 

time, more efficiently and with less human interaction by 

dividing the environment into smaller submaps and assigning 

them to multiple cleaning robots. The effectiveness and 

efficiency of the system also benefits from route planning and 

obstacle detection algorithms. The proposed approach has 

several limitations. The system assumes that the environment is 

static and does not take into account changes that may occur 

during the cleaning process. The system also assumes that the 

cleaning robots have the same physical properties and 

capabilities and are identical. This is not necessarily the case in 

real-world situations where different types of cleaning robots 

could be used. The system may still need to be evaluated and 

validated in real-world conditions, even if it has already been 

tested with the Webots simulator. 

V. CONCLUSION 

In summary, our proposed approach to control and 

coordinate multiple cleaning robots significantly increases the 

efficiency and effectiveness of cleaning operations by 

decomposing maps, identifying obstacles, and finding the 

shortest and most efficient route. Our method can minimize the 

need for human interaction while expanding the coverage area of 

robots by optimizing the cleaning process. To achieve optimal 

efficiency and reduce the risk of collision, additional work can 

be done to further optimize route planning, obstacle detection, 

and intercom algorithms. Research could also focus on 

developing smarter cleaning robots that can adapt to different 

environments. The usefulness and feasibility of the proposed 

approach in many sectors can be demonstrated through further 

testing and deployment in real-world conditions. 
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