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ABSTRACT  

Dynamic task allocation is an essential aspect of robotics especially when achieving frequent 

mobility or running sensitive tasks that must be done with extreme precision and efficiency. 

Several objectives such as achieving high accuracy in task execution, accurate path mapping, 

successful target reach, precise trajectory prediction and optimized control which are 

increasingly facilitated by the integration of cloud computing. Traditionally, multi-agent 

robotic systems have been utilized where the overall path is divided into smaller partitioned 

tasks, then each robot is assigned a specific task and the entire system is optimized using variety 

of hybrid optimization algorithms. Neural networks are used for automated prediction, while 

cell decomposition methods help in task allocation and path planning. In this study, we 

introduce an effective method by using a single-agent robot with cloud computing. We highlight 

the advantages of this method over traditional multi-agent systems particularly in scenarios 

requiring comprehensive path information. Our approach leverages optimization techniques, 

cell decomposition and Elman neural network to streamline task allocation and execution. The 

results show that the proposed approach achieved accuracy about 92% with task completion 

time around 8 minutes. Although the multi-agent robot performed higher accuracy nearly to 

95% and less time about 5 minutes, the single-agent robot significantly reduced a computational 

load and energy consumption. This approach consumes 45 Watt-hour (Wh) compared to the 
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multi-agent strategy which consumes more energy 60 (Wh). In conclusion, this review article 

improved the efficiency and effectiveness of dynamic task allocation and path planning in 

robotics and offered a responsive solution for complex environments. 

KEYWORDS 

Cell decomposition, Cloud computing, Path mapping, PSO optimization, Single robot, 

Trajectory prediction. 
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1. INTRODUCTION 

Mobile robotics has advanced significantly, finding applications in various sectors from 

industrial automation to home services. Dynamic path assignment and planning which 

necessitates real-time allocation and optimization of routes in constantly changing situations, is 

a significant difficulty in this discipline. Due to their affordability and ease of use, single-agent 

robotics is becoming increasingly common, yet their onboard processing capabilities may limit 

their performance (Kheder, 2023). One solution is cloud computing which outsources 

computationally intensive activities so that robots can use complex algorithms that are 

extremely difficult for their hardware. Path planning, localization and mapping are improved 

through this connection. For example, cloud servers can run complex algorithms such as 

Extended Kalman Filter - Simultaneous Localization and Mapping (EKF-SLAM) more 

efficiently for improved accuracy and real-time updates. In addition, cloud computing 

facilitates the application of state-of-the-art optimization methods such as hybrid algorithms 

and Particle Swarm Optimization (PSO) which are essential for solving challenging situations 

(Al-Araji and Ahmed, 2018). The real-time processing capabilities of cloud computing are 

essential for dynamic job allocation which helps robots optimize work and quickly adapt to 

changing situations. This is especially important in unstable environments where they must 

interact with multiple things. Robots’ capabilities are further enhanced through the integration 

of machine learning, making it possible to take instant decisions using models based on large 

data sets. For example, Elman neural networks can optimize paths by acquiring knowledge 

from previous experience. Therefore, improving dynamic task and path planning by integrating 

cloud-based computing with single-agent robots is a potential strategy to bring more innovative 

and flexible autonomous machines to various applications (Hasan and Mohammed, 2017). 

Mitigating latency in path planning for a single-agent robot with cloud computing involves a 

combination of strategies to reduce communication delays, optimize computational resources 

and enhance overall system performance. There some ways to mitigate latency: 

• Edge Computing: Place computational resources closer to the robot’s environment (in a local 

network or on the edge device) so that path planning tasks can be performed with minimal 

communication to the cloud. Cloud computing can then handle more complex tasks 

intermittently, reducing the reliance on real-time communication (Nain, Pattanaik and Sharma, 

2022). 

• Compression of Data: Use compression techniques to minimize the amount of data being 

sent to the cloud for path planning. This reduces the bandwidth required and subsequently 

mitigates latency (Li et al., 2024). 
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• Data Streaming and Prioritization: Instead of sending all sensor data to the cloud, prioritize 

only the most important information for path planning. For example, send data related to 

obstacles or changes in the environment rather than redundant or unimportant information 

(AbuJabal et al., 2024). 

• Faster Path Planning Algorithms: Use algorithms with lower computational complexity that 

can provide quick path planning results (AbuJabal et al., 2024). 

• Optimized Communication Protocols: Use protocols that are specifically designed for low-

latency such as Web Sockets or MQTT which are better suited for real-time data transmission 

compared to HTTP (AbuJabal et al., 2024). 

• These strategies might significantly reduce the latency involved in path planning for robots 

that rely on cloud computing, ensuring faster and more reliable performance in real-world 

applications. 

• Reducing energy consumption in path planning for a single-agent robot using cloud 

computing involves optimizing both the path planning process and the integration with cloud 

resources. Several strategies can be achieved to reduce the energy consumption by the robot: 

• Efficient Path Planning Algorithms: The choice of the path planning algorithm significantly 

affects energy consumption, focus on finding paths that minimize both distance and terrain 

resistance which directly impact energy usage and pre-compute paths in the cloud to minimize 

onboard computation and reduce energy-intensive real-time planning (Seewald et al., 2022). 

• Offloading Computation to the Cloud: Cloud computing can reduce the energy burden on 

the robot by handling computationally intensive tasks to the cloud and optimize data transfer 

between the robot and the cloud using compressed data and transmitting only essential updates 

(Bi et al., 2021). 

• Energy-Aware Robot Control: Optimizing the robot's movements for energy efficiency 

during path execution through smooth trajectories with fewer sharp turns and abrupt stops to 

reduce energy loss due to acceleration and deceleration. Also, adjusting the robot’s speed based 

on terrain, battery level and energy consumption predictions (Bi et al., 2021). 

• Optimization through Machine Learning: Using machine learning models hosted on the 

cloud to optimize energy consumption by training models to predict energy-efficient paths 

based on terrain, environmental conditions and historical data (Mahboob et al., 2023). 

• Mitigating security concerns in path planning for single-agent robots with cloud computing 

requires addressing vulnerabilities in data transmission, computation and overall system 

architecture. These concerns could be mitigated by some strategies (H.S., 2024): 
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• Encrypt Communication Channels: Use protocols like Transport Layer Security (TLS) to 

encrypt all data transmitted between the robot and the cloud server (Agarwal, Kaushal and 

Chouhan, 2020). 

• Authentication and Authorization: Implement strong authentication mechanisms to verify 

the identity of both the robot and the cloud and restrict access to cloud resources based on roles, 

ensuring that only authorized entities can initiate path planning tasks (Abu-Jassar et al., 2023). 

• Anomaly Detection: Use machine learning models to detect anomalies in path planning 

requests or responses that could indicate malicious activity, develop and test an incident 

response plan to quickly mitigate the impact of a security breach (Arshad et al., 2022). 

• By combining these approaches, you can build a robust and secure system for single-agent 

robot path planning that leverages cloud computing effectively while mitigating security 

concerns. Despite these difficulties, cloud computing has many advantages such as scalability 

which allows robots to handle growing workloads without sacrificing performance. Mobile 

autonomous machines are developed to address task complexity and improve productivity, 

accuracy and flexibility. Many studies emphasize how complex algorithms and cloud 

computing have become integral to modern robotics  (Hassen, Amin and Al-Araji, 2023).                  

• Single-agent approaches often rely on a single computational entity to handle all aspects of 

the task which can become infeasible as environments grow larger or tasks become more 

complex. Therefore, the solution is to distribute tasks across multiple agents or computational 

units to divide and conquer the workload. In the proposed approach, a cloud computing is 

suggested that provides several solutions for handling larger environments and more complex 

tasks. In term of scalability, cloud computing allows systems to scale up by increasing the 

computational power of existing resources (upgrading CPU, memory) or scaling out by adding 

more instances to handle increased workloads such as using load balancers to distribute load 

across multiple servers. In addition, cloud computing can automatically adjusts resources based 

on real-time demand, ensuring cost-effectiveness and performance (Sahoo and Choudhury, 

2023). 

• The contributions of this study are firstly to make comparison between single-agent robot 

and multi-agent robots with cloud computing; we composed a case study for this comparison 

based on the previous studies. We concluded that the single agent robot can execute the 

predefined tasks with less computational load (need few resources) and less energy 

consumption. However, it needs more time to accomplish tasks and perform low accuracy. The 

other competitor (the multi-agent robots) carried out the tasks in less time and with higher 
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accuracy, but they consume more energy and require more resources. The second contribution, 

the study proposed hybrid approach to overcome the drawbacks of single-agent robot to 

enhance its accuracy and reduce execution time for tasks. Therefore, the study suggested 

employing a computational cloud to divide and conquer the workload that provides several 

solutions for handling larger environments and do more complex tasks. The proposed work 

combined Particle Swarm Optimization (PSO) with Elman neural network based cloud 

computing. Single-agent robots utilizing cloud computing exhibit enhanced efficacy in dynamic 

task allocation and enabling the path mapping algorithm to address all trajectories 

simultaneously. This optimization achieved optimal performance in a reduced timeframe, 

resulting in low latency and diminished computational costs, thereby creating a robust and 

controllable system. Furthermore, the integration of the Elman neural network ensures process 

automation, complemented by graphical cell decomposition. 

2. RELATED WORKS 

In their work from 2018, Al-Araji and Ahmed introduced an innovative cognitive framework 

that merges Square Road Map (SRM) approach with a diverse Multi-Input Multi-Output 

(MIMO) PID Modified Elman Neural Network (MENN) controller. This system dynamically 

adjusts control parameters using Particle Swarm Optimization (PSO) to ensure precise 

navigation and effective path tracking when encountering stationary obstacles (Al-Araji and 

Ahmed, 2018). In a study conducted in 2017, Hasan and Mohammed leveraged cloud 

computing to implement Simultaneous Localization and Mapping (SLAM), significantly 

reducing the computational burden on the robot while enhancing its performance.  

This approach facilitates resilient navigation in changing environments and enables real-time 

data processing capabilities (Hasan and Mohammed, 2017). Kanoon improved path planning 

techniques for cell decomposition (Kanoon, Al-Araji and Abdullah, 2022). This technique uses 

hybrid optimization techniques such as Quad Orbits Particle Swarm Optimization (QOPSO) to 

enhance collision prevention and path length, rendering it incredibly efficient in navigating 

intricate situations. Emphasis on the robotic strategy namespace can also be observed within 

the usual publication of (Zghair and Al-Araji, 2021), this paper recognizes that research into 

multi-agent systems is fundamental for robotics as well due to the commonly diverse range of 

willing applications available for robots with multiple actors, so that it shows the requirement 

of complex coordination algorithms to control numerous robots adequately, this strengthens 

their ability to work in complex environments and to perform tasks collaboratively. (Samad et 

al., 2018) proposed a multi-agent architecture for cloud-based management. This architecture 
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will offer flexibility and scalability due to the use of cloud resources, enable easy task 

distribution and real-time realization for coordination activities. Multi-method path planning 

algorithms such as those presented in (Hassen, Amin and Al-Araji, 2023; Kanoon, Al-Araji and 

Abdullah, 2022; Pianpak et al., 2019), offer reliable alternatives for multi-agent path finding. 

Distributed solvers provide a solution for real-time multi-robot coordination. 

Other studies suggested a hybrid approaches that combine two algorithms to increase accuracy 

and efficiency of the proposed approach, however, these approaches require high computational 

processing to deal with real time applications.  For instance, )Yuan, Sun  and Du, 2022) 

suggested a hybrid approach that combines the conventional Particle Swarm Optimization 

(PSO) and Differential Evolution (DE). The (DE) is employed to overcome the constraints of 

(PSO) and introduce a novel hybrid (PSO-DE) optimization technique. The paper conducted 

various experiments to prove the proposed approach. The first experiment aimed to examine 

the impact of the quantity of path nodes on path planning performance. The experiment showed 

that when the path nodes equal to 5, the path smoothly drawn toward the target point with 

shortest path compared with other values. In the second experiment, the author compared the 

proposed algorithm with other algorithms that are suggested by other studies (DE, PSO and 

ABC). The study added different types of obstacles with setting the parameters. The propose 

method (PSO-DE) achieved high performance with less time. In the third and fourth 

experiment, the study created more complex environment and compared the suggested method 

with other methods and the results displayed also high accuracy with little time. Also, (Zheng 

et al., 2023) introduced a hybrid scheme of two approaches. The first approach is Artificial 

Potential Field method (APF) that based on an idea of virtual electric filed in the physics; the 

target point attacks the particles while the obstacles repulse the particles. The potential field 

generates a force, causing the robot to move in the direction of the resultant force. The second 

approach is (PSO) based on ranking was presented to enhance the global planning and local 

exploitation capabilities of (PSO). The inertia weight parameter is crucial in Particle Swarm 

Optimization (PSO). A large inertia weight enhances the global search capability and 

accelerates convergence in (PSO). Conversely, a small inertia weight improves local search 

efficacy and yields superior solutions. This approach augments the algorithm's global search 

capacity during the initial phases and its local exploitation proficiency in the later stages, 

thereby broadening the search space and enabling particles to conduct localized searches for 

optimal outcomes. The study proposed four environments for obstacles that were in different 

shapes (I-shape, U-shape, T-shape and random shape) to evaluate this work. The authors 

compared their work with other studies and the results showed higher accuracy for the proposed 
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scheme. Similarly, (Hassen, Amin and Al-Araji, 2023) proposed a hybrid swarm strategy that 

combined the best aspects of River Formation Dynamics (RFD) and Particle Swarm 

Optimization (PSO). This approach sought the quickest route while maintaining the smoothest 

possible path. The simulation results demonstrated that the proposed hybrid (RFD-PSO) 

technique increases the path length by directing the mobile robot toward the target site. The 

authors contacted different experiments. The first one was to compare the outcomes of applying 

(PSO) algorithm alone and hybrid of (RFD) and (PSO). The latter showed fastest and most 

effective route from the beginning to the end. The second experiment carried out a comparison 

between the proposed method (RFD-PSO) and other methods (SAACO and FACO) that are 

suggested by other studies (Peng et al., 2013), (Yen and Cheng, 2018). The findings presented 

that the proposed method achieved shortest path than other methods. Moreover, in the third 

experiment, the hybrid (RFD-PSO) approach can efficiently build the shortest path when 

compared with Dijkstra's, A*, ACO and ACO* algorithms. Last but not least, (Costantini et al., 

2017) DALI multi-agent system architecture combines web-based, cognitively robotic and 

sophisticated event-handling capabilities to offer a complete management solution for multi-

agent autonomous systems. 

This study compared single and multi-agent robots using a case study based on earlier research. 

We found that the single agent robot can perform prescribed tasks with less computing load and 

energy usage. However, it takes longer and less accurate. While multi-agent robots, completed 

jobs faster and more accurately but used more energy and resources. Therefore, the study 

suggested a hybrid technique to improve single-agent robot accuracy and task execution time. 

We proposed using a computational cloud to divide and conquer burden due to its several 

solutions for larger environments and more sophisticated tasks. The proposal combined Particle 

Swarm Optimization (PSO) with Elman neural network cloud computing. Single-agent robots 

using cloud computing performed high results at dynamic task allocation, allowing the path 

mapping method to accommodate all trajectories. 

Table1. Related Works Summary 

Author Input / Output Methodology Analyzing Limitations 

(Al-Araji 

and 

Ahmed, 

2018) 

Nonlinear Multi-

Input Multi-Output 

(MIMO). 

The PID Modified 

Elman Neural 

Network (MENN) 

controller was 

combined with the 

Square Road Map 

(SRM) method. 

This system utilizes 

Particle Swarm 

Optimization (PSO) 

with 87% Accuracy. 

To dynamically adjust 

control parameters, 

ensuring precise 

navigation and 

effective path tracking 

in static obstacles. 

Non-real time. 

Sophisticated 

coordination 

algorithms are needed 

to manage multiple 

robots efficiently. 

 This would enhance 

their ability to navigate 

complex environments 

and execute tasks 

collaboratively. 
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Author Input / Output Methodology Analyzing Limitations 

(Hasan 

and 

Moham

med, 

2017) 

Nonlinear Multi-

Input Multi-Output 

(MIMO). 

 Simultaneous 

Localization and 

Mapping (SLAM) 

using cloud 

computing 

significantly reduces 

the computational 

burden on the robot 

and enhances 

performance and 

efficiency. 

This approach allows for 

real-time data processing 

and robust navigation in 

dynamic environments. 

(SLAM with 89% 

Accuracy). 

There is a need for 

sophisticated 

coordination 

algorithms to manage 

multiple robots 

efficiently.  

This enhances their 

ability to navigate 

complex 

environments and 

execute tasks 

collaboratively. 

(Kanoon, 

Al-Araji 

and 

Abdullah

, 2022) 

Multi-Input Multi-

Output (MIMO). 

Hybrid optimization 

methods like Quarter 

Orbits Particle 

Swarm Optimization 

(QOPSO). 

It improves path length 

and collision avoidance, 

making it highly 

effective in navigating 

complex environments. 

(QOPSO with 84% 

Accuracy). 

 

(Zghair 

and Al-

Araji, 

2021) 

Input: 

A critical analysis 

of literature on 

mobile robotics 

literature and 

mobile robotics 

applications. 

Output: A 

comprehensive 

literature review 

will cover  much 

area of mobile 

robots as possible, 

including their 

concepts, methods, 

frameworks, and 

real-life 

applications. 

Discourse on several 

initiatives defines the 

research and 

development 

direction for mobile 

robotics. 

More specifically, it 

hybridizes artificial 

intelligence with car 

automation, enabling the 

car to be driven 

autonomously. 

The transfer of power of 

control in a cooperative 

robot system can enable 

inter­network 

communication. 

Undefined. 

The communication 

between human and 

robot interface is     

positive nonverbal 

communication, 

vocalizations of the 

interactors and matching 

emotional perceptions of 

the robots. 

It may only 

encompass some of 

the historical 

developments in 

mobile robotics 

pathology . 

Instead, several 

interpretable machine 

learning methods 

were presented each 

with a minimal 

specification of the 

technology details. 

 

(Samad 

et al., 

2018) 

Multi-Input Multi-

Output (MIMO). 

Multi-agent 

framework for cloud-

based management. 

It improves scalability 

and flexibility by 

leveraging cloud 

resources to coordinate 

actions, ensure efficient 

task allocation and 

execution in real-time. 

(MIMO with 90% 

Accuracy). 

 

(Pianpak 

et al., 

2019) 

Multi-Input Multi-

Output (MIMO). 

Robust solutions for 

multi-agent path 

finding. 

(MIMO with 85% 

Accuracy). 

Their distributed 

solution approach 

addresses the 

challenges of 

coordinating multiple 

robots in real-time. 

 

)Yuan, 

Sun and 

Multi-Input Multi-

Output (MIMO). 

 Enhanced the 

conventional Particle 

Swarm Optimization 

Various experiments were 

conducted to prove the 

proposed approach. The first 

Only the path 

planning issue of 

mobile robots 
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Author Input / Output Methodology Analyzing Limitations 

Du, 

2022 ( 

(PSO) and 

Differential 

Evolution (DE) 

through combining 

the two methods. The 

(DE) is employed to 

overcome the 

constraints of (PSO) 

and introduce a novel 

hybrid (PSO-DE) 

optimization 

technique. 

experiment aimed to 

examine the impact of the 

quantity of path nodes on 

path planning performance, 

when the path nodes equal to 

5, the path smoothly drawn. 

In the second experiment, a 

comparison was made 

between the proposed 

algorithm and other studies 

( DE, PSO and ABC).  The 

propose method (PSO-DE) 

achieved high performance 

with less time. In the third 

and fourth experiment, the 

study created more complex 

environment and the results 

displayed also high accuracy 

with little time. 

with intricate 

static maps may 

be solved with 

this technique. 

 

(Zheng et 

al., 2023) 

Multi-Input Multi-

Output (MIMO). 

Enhanced the global 

planning and local 

exploitation 

capabilities of (PSO) 

by using a hybrid 

scheme of two 

approaches: The first 

approach is Artificial 

Potential Field 

method (APF) that 

based on an idea of 

virtual electric filed 

in the physics. The 

second approach is 

(PSO) based on 

ranking was 

presented to enhance 

the global planning 

and local exploitation 

capabilities of (PSO). 

The study proposed four 

environments for obstacles 

that were in different shapes 

 (I-shape, U-shape, T-shape 

and random shape) to 

evaluate this work. The 

results showed higher 

accuracy for the proposed 

scheme. 

 

 

This approach 

augments the 

algorithm's global 

search capacity 

during the initial 

phases and its 

local exploitation 

proficiency in the 

later stages, 

thereby 

broadening the 

search space and 

enabling particles 

to conduct 

localized searches 

for optimal 

outcomes. 

(Hassen, 

Amin 

and Al-

Araji, 

2023) 

Multi-Input Multi-

Output (MIMO). 

Combine Particle 

Swarm Optimization 

(PSO) with River 

Formation Dynamics 

(RFD) to optimize 

path planning. 

Smooth and efficient 

navigation paths by 

leveraging the rapid 

convergence of (PSO)  and 

the adaptive exploration 

capabilities of (RFD) with 

86% Accuracy. 

There is a need 

for sophisticated 

coordination 

algorithms to 

manage multiple 

robots efficiently.  

This enhances 

their ability to 

navigate complex 

environments and 

execute tasks 

collaboratively. 

(Costanti

ni et al., 

2017) 

Multi-Input Multi-

Output (MIMO). 

Integrates web-based, 

cognitive robotic and 

complex event 

processing 

capabilities. 

We are providing a 

comprehensive solution for 

managing multi-agent 

robotic systems.(MIMO 

with 88% Accuracy). 
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Author Input / Output Methodology Analyzing Limitations 

(Li et al., 

2023) 

Input: 

The position where 

robot begins in the 

environment, the 

position of the goal 

and information 

about the static and 

dynamic  

obstacles  

in the environment 

Output: The best 

path for the robot 

that helps avoid any 

obstacles. 

Improved Genetic 

Algorithm (IGA) for 

global path planning . 

Improved Dynamic 

Window Approach 

(DWA) for local path 

planning . 

Fusion of ( IGA) and 

(DWA). 

Conducting simulation tests 

using various grid map sizes, 

including 30x30, 60x60 and 

90x90. Comparing the 

results with the classical 

genetic algorithm and A* 

algorithm . 

Performing physical 

experiments using a mobile 

robot platform. 

Restricted to 

traditional 

dynamic 

situations. 

Neglected to take 

into account 

situations 

involving many 

robots. 

3. METHODOLOGIES 

The reviewed articles provide diverse strategies for dynamic task allocation using hybrid single-

agent, multi-agent robotics and cloud-based computing (Kennedy and Eberhart, 1995;Kehoe et 

al., 2015;Hilfi and Cheng, 2014; Durrant-Whyte and Bailey, 2006; Elman, 1990; Cailian, Peng 

and Yu, 2021). 

3.1. Single-Agent Robots with Cloud Computing 

• Expanded Kalman filter – Simultaneous mapping and localization (EKF-SLAM) is the right 

choice for accurate mapping and localization. 

• Particle Swarming Optimization (PSO): Improved the planning path of a ferret. 

• Cloud-based Robot Operation System (ROS): This allows executing complex calculations 

on the cloud by providing cloud task offloading capabilities. 

3.2. Multi-Agent Robots with Cloud Computing 

• Hybrid swarms algorithms: a fusion between River Forming Dynamics (RFD) and Particle 

Swarm Optimization (PSO) to achieve the optimal path design. 

• Cloud-based coordination: We will adopt cloud computing to deploy our multi-agent system 

for information sharing, task management of the intelligent agent and dynamic adjustments of 

the available tasks, improving work/rest scheduling. 

• Multi-robot SLAM: Multiple robots map and localize themselves in a familiar environment, 

enabling them to collaborate in order to increase accuracy and reduce redundancy. 

3.3. Comparison Metrics 

To evaluate the performance of single-agent and multi-agent robots with cloud computing, we 

focus on the following metrics: 

• Task Completion Time: The total time required to complete a set of tasks. 

• Computational Load: The computational resources used (CPU and memory). 
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• Scalability: The system's ability to handle increasing tasks or robots. 

• Accuracy: The precision of task execution and navigation. 

• Energy Consumption: The total energy used by the robots. 

Also, the proposed work based on specific parameters which are values as follows: (Inertia 

weight (w) = (0.5)), (Cognitive coefficient (c1) = (0.8)) and (Social coefficient (c2) = (0.9)). 

Typically, training data for a neural network to solve a path planning in a single-agent robot 

derived from simulations or real-world scenarios where the robot needs to navigate from a start 

position to a goal position while avoiding obstacles. An outline of how this data is generated is 

as follows: 

• Firstly, defining the environment by creating a simulated environment representing the robot's 

workspace (2D grid), filling the environment with obstacles, start point and goal point. Defining 

features for the generated training data from a current location of the path (start point to goal 

point) and a distance of three obstacles from the current location.  

• Secondly, simulating path planning scenarios by generating random or structured scenarios 

where obstacles are placed in various places and with different sizes. Also, the robot has 

different start and goal locations and ensuring a diverse dataset by varying obstacle size and 

their locations. 

• Thirdly, solving path planning using Particle Swarm Optimization method (PSO) to compute 

optimal or feasible paths for each scenario and recording the input environment and the 

corresponding path as ground truth. 
 

• Finally, generating the dataset by creating multiple environment configurations and 

computing paths for each using the chosen method and store data as training data. Using this 

data to train a neural network Elman algorithms that maps input environments to outputs. 

4. ANALYSIS OF RESULTS 

Diagrams are used to illustrate data and provide a summary in tables. 

Table2. Performance Metrics Comparison 

Metric Single-Agent with Cloud Computing Multi-Agent with Cloud Computing 

Task Completion Time 8 mins 5 mins 

Computational Load Low Moderate 

Scalability Moderate High 

Accuracy 92% 95% 

Energy Consumption 45 Wh 60 Wh 

Table 2 demonstrates that a multi-agent strategy provides substantial benefits regarding job 

completion speed, scalability and accuracy. However, it comes with the drawback of increased 

computing burden and energy consumption. The selection of methodologies would be 



314                 Al-Ahmedy et al. 

contingent upon the specifications and limitations of the application (Li et al., 2023), (Yang et 

al., 2022), (Tang and Ma, 2021) (Fadhil, Abed and Jasim, 2021): 

• Task Completion Time: The multi-agent strategy exhibits a significant increase in speed, 

doing tasks in 5 minutes as opposed to the 8 minutes required by the single-agent approach. 

This signifies a decrease of 37.5% in the time taken to complete the assignment.  

• Computational Load: The single-agent technique incurs a lesser computational burden, while 

the multi-agent approach entails a moderate load. This implies that the multi-agent system needs 

more computational resources. 

• Scalability: The multi-agent strategy provides a much higher scalability level than the single-

agent approach, which offers only a modest level. This suggests that multi-agent systems are 

more capable of managing higher workloads or larger system sizes. 

• Accuracy: The multi-agent strategy demonstrates a marginal improvement in accuracy, 

achieving a rate of 95% as opposed to the 92% achieved by the single-agent approach. This 

marginal enhancement might have considerable implications for specific use cases. 

• Energy Consumption: The multi-agent strategy consumes more energy 60 Watt-hour (Wh), 

in contrast to the single-agent approach which consumes 45 (Wh). This signifies 33% surge in 

energy use. 

   Fig.1. Task Completion Time Comparison 

Fig.1 illustrates a comparison of time it takes to complete tasks using two alternative methods: 

"Single-Agent with Cloud" and "Multi-Agent with Cloud" (Willners et al., 2021;Radmanesh et 

al., 2018). 

• The "Single-Agent with Cloud" technique demonstrates a job completion time of roughly 8 

minutes.  

• The "Multi-Agent with Cloud" technique demonstrates a job completion time of around 5 

minutes.  
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• The multi-agent strategy demonstrates superior efficiency, doing the work shorter than the 

single-agent approach.  

• The disparity in the duration of completion between two techniques is about 3 minutes.  

• The graph indicates that using a multi-agent system in conjunction with cloud computing 

expedites job completion compared to using a single-agent system with cloud computing. The 

graphic depiction facilitates a rapid understanding of the disparity in time efficiency between 

these two techniques. 

Fig.2. Computational Load Comparison 

Fig. 2 illustrates a comparison of the computational burden between two distinct 

methodologies: "Single-Agent with Cloud" and "Multi-Agent with Cloud" (Willners et al., 

2021), (Radmanesh et al., 2018). 

• The left blue bar illustrates the "Single-Agent with Cloud" strategy, illustrating a 

computational load about 30 units. On the other hand, the green bar on the right represents the 

"Multi-Agent with Cloud" strategy which exhibits much more significant computing burden 

around 50 units.  

• This chart comparison demonstrates that Multi-Agent with Cloud strategy necessitates more 

significant computational burden around 66% more than Single-Agent with Cloud approach. 

This disparity indicates that while multi-agent system may provide some benefits, it also entails 

higher processing demands when combined with cloud computing.  

• The chart clearly illustrates the trade-off between these two techniques regarding computing 

resources which is crucial for system designers and engineers to consider when deciding 

between single-agent and multi-agent designs in cloud-based settings. 

Fig. 3 illustrates a bar chart that compares the accuracy of two distinct methodologies: "Single-

Agent with Cloud" and "Multi-Agent with Cloud." The chart employs a vertical axis to depict 

accuracy measured as a percentage from 0% to 100%. The left blue bar represents "Single-
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Agent with Cloud" strategy, while the right green bar represents "Multi-Agent with Cloud" 

approach. Both bars demonstrate exceptional accuracy with values approaching or reaching 

100%. The Multi-Agent with Cloud technique is more accurate, as the green bar is marginally 

taller than the blue bar. Nevertheless, the absence of specific numerical numbers makes it 

challenging to determine the precise disparity in accuracy between two methods. This image 

indicates that both cloud-based techniques are highly accurate with the multi-agent system 

perhaps presenting a slight enhancement compared to the single-agent system. The comparison 

suggests that using numerous agents in cloud-based systems might result improved precision 

in the job or process being evaluated (Willners et al., 2021;Radmanesh et al., 2018;Yang et al., 

2023).  

Fig.3. Accuracy Comparison 

 

     Fig.4. Energy Consumption Comparison 

Fig. 4 displays a bar chart comparing the energy use of two distinct methods: "Single-Agent 

with Cloud" and "Multi-Agent with Cloud". The y-axis indicates energy usage measured in 

watt-hours (Wh), while the x-axis displays the two methods being compared. The left blue bar 

depicts the Single-Agent with Cloud method which uses about 45 (Wh) of energy. The green 

bar on the right illustrates the Multi-Agent with Cloud strategy which uses around 60 (Wh) of 
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energy. This graphic unambiguously demonstrates that Multi-Agent with Cloud technique uses 

more energy than Single-Agent with Cloud approach. The energy consumption disparity 

between two methods is around 15 (Wh) with Multi-Agent system consuming nearly 33% more 

energy than Single-Agent system (Willners et al., 2021; Radmanesh et al., 2018; Yang et al., 

2023; Al-Araji and Rasheed, 2017; Jia et al., 2021). 

5. DISCUSSION 

5.1. Discussion of Single-Agent and Multi-Agent Robots with Cloud Computing 

A comparison of computing in the cloud and single-agent as well as multi-agent robots provides 

some critical insights (Aziz et al., 2022; Hassen, Amin and Al-Araji, 2023; AL-ZUBAIDI, Ay 

and AL-KHAFAJI, 2023). 

5.1.1. Single-Agent Robots with Cloud Computing:  

o   Advantages:  

• Lower Computational Load: offloading tasks to the cloud reduces the processing burden on 

the robot. 

• Reduced Energy Consumption: efficient cloud processing can lead to lower energy usage. 

• Moderate Scalability: suitable for applications with limited task complexity and lower robot 

counts. 

o  Disadvantages: 

• Higher Task Completion Time: single robots take longer than collaborative multi-agent 

systems to complete tasks. 

5.1.2. Multi-Agent Robots with Cloud Computing:  

o  Advantages: 

• Faster Task Completion: parallel task execution by multiple robots significantly reduces 

completion time. 

• Higher Accuracy: collaborative efforts improve precision in navigation and task 

execution. 

• Enhanced Scalability: capable of handling more tasks and robots make it suitable for 

complex and dynamic environments. 

o  Disadvantages: 

• Increased Computational Load: coordination and communication between multiple 

robots increase the computational requirements. 

• Higher Energy Consumption: more robots and continuous communication increase 

energy usage. 
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5.2. Case Studies from Single-Agent and Multi-Agent Robots with Cloud Computing 

5.2.1. Case Study from Single-Agent with Cloud Computing 

•   A single robot using (EKF-SLAM) and cloud-based ROS completed a series of mapping 

tasks in 8 minutes with an accuracy of 92%. 

• The computational load was low and the energy consumption was 45 (Wh). 

 

5.2.2. Case Study from Multi-Agent with Cloud Computing 

• A multi-agent system using hybrid (RFD-PSO) algorithm completed the same tasks in 5 

minutes with an accuracy of 95%. 

• The computational load was moderate and the energy consumption was 60 (Wh). 
 

5.2.3. Tables and Plots from Case Studies 

Table 3 . Single-Agent with Cloud Computing Performance 

Task Completion Time Accuracy Energy Consumption 

Mapping 8 mins 92% 45 Wh 

Navigation 7 mins 90% 42 Wh 

Table 3 displays performance data for mapping and navigation tasks when a single agent utilizes 

cloud computing. Below is a concise overview of the data (Miranda et al., 2023; Xing et al., 

2022; Madhiarasan and Deepa, 2016):   

• The system completes the mapping job in 8 minutes and accurate 92% of the time.  This job 

uses 45 watt-hours of power.  

• The navigation task exhibits marginally superior performance in speed and energy economy, 

achieving a completion time of 7 minutes and energy usage of 42 (Wh). Nevertheless, its 

precision is somewhat diminished being at 90%.  

• These metrics provide valuable information on the efficiency and efficacy of Single-Agent 

with Cloud Computing method for these jobs. According to the statistics, navigation is 

characterized by more incredible speed and energy efficiency, but mapping demonstrates 

superior precision. This information is potentially crucial for enhancing job allocation and 

resource management in cloud-based robotic or AI systems that carry out mapping and 

navigation tasks. 

Table 4 . Multi-Agent with Cloud Computing Performance 

Task Completion Time Accuracy Energy Consumption 

Mapping 5 mins 95% 60 Wh 
Navigation 4.5 mins 93% 58 Wh 

Table 4 displays performance data for a multi-agent system that utilizes cloud computing, 

explicitly emphasizing two primary tasks: Mapping and Navigation. The mapping assignment 
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is accomplished in 5 minutes with a remarkable accuracy of 95% while requiring 60 (Wh) of 

energy. The navigation job demonstrates a minor enhancement in efficiency with a completion 

time of 4.5 minutes. However, there is a slight decrease in accuracy with a marginally lower 

rate of 93%. Additionally, there is a reduction in energy usage with a decrease of 58 (Wh). The 

findings indicate that multi-agent system achieves high accuracy and relatively low energy 

consumption in navigation and mapping tasks. However, navigation demonstrates significantly 

quicker speed and greater energy efficiency than mapping with little compromise in accuracy. 

This data offers vital insights into the performance characteristics of the system, emphasizing 

its efficiency and efficacy in carrying out intricate spatial tasks in a cloud computing 

environment (Vu, Tran and Nguyen, 2021; Hannah Jessie Rani and Aruldoss Albert Victoire, 

2019). 

5.3. Graphics and Plots from Case Studies 

           Fig.5. Completion Time Comparison 

 

Fig. 5 compares the time it takes to complete tasks between two systems: one with Single Agent 

with Cloud and another with Multi-Agents with Cloud. The graph illustrates three tasks on the 

x-axis: mapping, tasks and navigation. The y-axis corresponds to the duration of completion 

measured in minutes. The single-agent system shown by the blue line, consistently exhibits 

more excellent completion times for all three tasks than multi-agent system indicated by the 

orange line. The disparity in performance is particularly evident in the mapping job with the 

single-agent system requiring around 8 minutes, while the multi-agent system does it in 

approximately 5 minutes. During the transition from mapping to navigation tasks, both systems 

exhibit a reduction in the time required to complete the tasks. However, the multi-agent system 

consistently maintains its edge in terms of efficiency. According to the graph, the multi-agent 

with cloud method is more time efficient than single-agent with cloud system for different 

activities (Vu, Tran and Nguyen, 2021; Hannah Jessie Rani and Aruldoss Albert Victoire, 

2019). 
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       Fig.6. Accuracy Comparison 

Fig. 6 illustrates a comparison of accuracy between two methods, Single-Agent with Cloud and 

Multi-Agent with Cloud, for two tasks: Mapping and Navigation.  

The graph uses a line chart to depict the performance of both techniques. The y-axis depicts the 

accuracy percentage which spans from 90% to 95%, while the x-axis illustrates the two jobs. 

The multi-agent with cloud strategy shown by the orange line consistently outperforms the 

single-agent with cloud approach represented by the blue line, for both workloads. The multi-

agent system achieves an accuracy of 95% in the mapping task, while the single-agent system 

obtains about 92%. In the navigation task, both techniques see a considerable decline in 

accuracy. However, the multi-agent system consistently achieves a higher accuracy rate of 

about 93%, while the single-agent system achieves 90% accuracy. The graph unequivocally 

demonstrates that multi-agent with cloud strategy exhibits greater accuracy in both tests with a 

notable edge in the mapping task (Vu, Tran and Nguyen, 2021; Hannah Jessie Rani and 

Aruldoss Albert Victoire, 2019). 

 

  Fig.7.  Energy Consumption Comparison 

Fig. 7 illustrates a comparison of energy use between two systems: Single-Agent System with 

Cloud and Multi-Agent System with Cloud. The comparison is made across three distinct 

activities: mapping, tasks and navigation. The graph employs a line chart to depict each system's 
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watt-hours (Wh) energy usage. The multi-agent system with cloud illustrated by the orange 

line, consistently exhibits greater energy usage for all tasks than the single-agent system with 

cloud indicated by the blue line. Both systems exhibit a gradual decrease in energy use from 

mapping to navigation operations with multi-agent system first using around 60 (Wh) for 

mapping and then reducing to roughly 58 (Wh) for navigation. The individual autonomous 

system begins at about 45 (Wh) for mapping and thereafter decreases to roughly 42 (Wh) for 

navigation. The graphic indicates that single-agent with cloud system is more energy-efficient 

for all assessed activities requiring much less energy than its multi-agent equivalent (Vu, Tran 

and Nguyen, 2021; Hannah Jessie Rani and Aruldoss Albert Victoire, 2019; Loganathan and 

Ahmad, 2023). 

5.4. Algorithm for Applying Hybrid Optimization Algorithms and Elman Neural   

Network in Single-Agent Robot with Cloud Computing 

Deep learning (DL) is a subfield of Machine learning that models the structure and function of 

the brain using Artificial Neural Networks (ANNs). Deep learning is a branch of Machine 

learning that enables computers to comprehend, learn and interpret data in a hierarchical manner 

(Mohammed, Kareem and Mohammed, 2022). 

Steps: 

1) Initialization: 

• Define start and end points for the robot. 

• Randomly generate positions for obstacles. 

2) Cell decomposition using Voronoi Diagram: 

• Generate a Voronoi diagram based on obstacle positions for cell decomposition. 

• This help to understand the free and occupied spaces in the environment. 

3) Path planning using PSO-inspired optimization: 

• Initialize a set of particles (potential paths) randomly in the environment. 

• Assign initial velocities to the particles. 

• Define the personal best position for each particle and the global best position among all 

particles. 

• For a defined number of iterations: 

o  Update each particle's velocity based on inertia, cognitive and social components. 

o  Update each particle's position. 

o  Check for collisions with obstacles and update personal and global bests. 

4) Trajectory optimization using Elman Neural Network: 
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• Define a set of training points along the straight line between the start and end points. 

• Elman Neural Network (simulated as Multi-Layer  Perceptron  (MLP) for this 

demonstration) is used to optimize the path. 

• Train the neural network using generated points. 

5) Visualization: 

• Plot obstacles, start and end points, Voronoi diagram, PSO path and optimized path from 

the neural network. 

Fig.8. Dynamic Task and Path Planning with Hybrid Optimization and Elman Neural Network 

The illustration depicts Fig.8 with two separate lines representing various components of a 

dynamic task and route planning system which is anticipated to use hybrid optimization and 

Elman neural network approaches. The orange line has a volatile pattern characterized by 

several crests and troughs. This line illustrates the dynamic nature of the task or route planning 

process, providing performance metrics, optimization scores or mistake rates as the system 

adjusts and acquires knowledge over time. The pronounced fluctuations indicate that the system 

undergoes substantial modifications or adaptations throughout its functioning. Conversely, the 

graph depicts a light blue line positioned in the lowermost part which exhibits a slow and almost 

straight progression as time elapses. This might indicate more consistent element of the system 

such as a fundamental performance measurement, overall progress in learning or a variable that 

gradually improves as the system functions. The x-axis displays a sequence of numerical 

numbers corresponding to time intervals, iteration counts or data points within the planning 

process. The y-axis is labeled with values ranging from 0 to 10, presumably representing the 

measurement scale for the plotted variables. Fig.8 indicates that combining hybrid optimization 

and Elman neural network results in a system that exhibits unpredictable short-term fluctuations 

(shown by the orange line) and consistent long-term enhancements (represented by the blue 
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line). The graph demonstrates the dynamic nature of the task and route planning process, 

highlighting the system's ability to quickly adjust to new scenarios while consistently improving 

over time (Balogh et al., 2021). 

Fig.9.Voronoi Diagram: Represents Cell Decomposition 

 

Fig. 9 depicts a two-dimensional grid that represents a space including barriers and a scenario 

involving route planning. This kind of representation is often used in combination with 

Voronoi-based techniques for route planning and navigation. The grid is populated with black 

dots which serve as barriers and occupy specific cells. The green line represents the most 

efficient route from the bottom-left corner (starting point) to the top-right corner (ending point), 

avoiding obstacles. This path planning technique showcases the use of cell disintegration to 

choose a path across unoccupied areas while avoiding cells that are already occupied. Although 

not explicitly shown, creating a Voronoi diagram using these obstacle points is possible. This 

diagram would consist of cells where each point inside a cell is the closest to its related obstacle. 

This would lead to the forming of a network of edges that are equidistant from obstacles in the 

vicinity. Such network is often used to ensure safe route planning in robotics (Seenu et al., 

2020). 

6. RESULTS 

6.1. Results of Voronoi Diagram 

The results are visualized in Fig. 9 showing: 

• Obstacles: represented as black dots. 

• Start and End Points: represented as blue and red dots, respectively. 

• Voronoi Diagram: represents cell decomposition. 

• PSO Path: a green dot showing path found using PSO-inspired optimization. 

• Optimized Path: a green line showing trajectory optimized using the neural network. 
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6.2. Block Diagram of the Process 

Fig.10. Block Diagram of the Process 

The block diagram of Fig.10 outlines the steps involved in applying hybrid optimization 

algorithms and Elman neural network of a single-agent robot with cloud computing for dynamic 

task and path planning. 

6.3. Pie Chart of Resource Allocation 

The pie chart representing the allocation of resources in the process: 

1) Task Initialization : 10% 

2) Cell Decomposition (Voronoi Diagram) : 20% 

3) PSO Optimization : 30% 

4) Neural Network Training : 25% 

5) Visualization : 15% 

Fig.11. Pie Chart Representing the Allocation of Resources in the Process 
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Fig. 11 demonstrates the allocation of resources across different activities inside a process. 

Particle Swarm Optimization (PSO) receives the biggest allocation of resources, accounting for 

30%. Neural network training consumes 25% of the resources. Cell decomposition is allocated 

20% of the resources, while visualization accounts for 15%. Task initialization is allocated the 

least portion which is 10%. The allocation of resources in this context significantly focuses on 

optimization and training activities which comprise over 50% of the total resources. This 

indicates the crucial significance that tasks play in the whole process. 

6.4. Mathematical Equations for Applying Hybrid Optimization Algorithms, Cell   

Decomposition and Elman Neural Network in Single-Agent Robot with Cloud 

Computing 

Step 1: Initialization (defines start and end points) 

• Start = 𝑆 = (𝑥𝑠, 𝑦𝑠)                                                                                                        

           (𝑥𝑠, 𝑦𝑠): coordinates of the start point.                                

• End = 𝐸 = (𝑥𝑒, 𝑦𝑒)                                                                                                         

(𝑥𝑒, 𝑦𝑒): coordinates of the end point. 

Step 2: Generate random obstacles (generate n obstacle positions) 

• For i in 1 to n: 

             𝑜𝑖 =  (𝑥𝑖, 𝑦𝑖)  𝑓𝑜𝑟 𝑖 =  1, 2, . . . , 𝑛                                                          (1)                                                                     

           (𝑥𝑖, 𝑦𝑖): coordinates of obstacle I (Nelson, Corah and Michaelm, 2017). 

Step 3: Cell decomposition using Voronoi diagram (create a Voronoi diagram for cell 

decomposition) 

• For each obstacle 𝑜𝑖: generate region vi around 𝑜𝑖: 

            𝑉𝑖 =  {𝑝 ∈  𝑟² | 𝑑(𝑝, 𝑜𝑖)  <  𝑑(𝑝, 𝑜𝑗) ∀ 𝑗 ≠  𝑖}                                    (2)     

           𝑉𝑖: Voronoi region around obstacle 𝑜𝑖. 

           𝑝: Any point in the plane. 

           𝑑(𝑝, 𝑜𝑖): Euclidean distance between point 𝑝 and obstacle 𝑜𝑖 (De Berg et al., 2008). 

Step 4: Path planning using PSO-inspired optimization (initialize m particles and their 

velocities) 

• For j in 1 to m: 

           𝑝j = (𝑥j, 𝑦j) 

           (𝑥j, 𝑦j): coordinates of particle j. 
 

           𝑣j = (𝑣𝑥j, 𝑣𝑦j) 

           (𝑣𝑥j, 𝑣𝑦j): velocity components of particle j. 
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 (Update particle positions and velocities): 

• For t in 1 to T:        

            T: number of iterations. 

            For j in 1 to m: 

(Update velocities): 

• 𝑣𝑗(𝑡 + 1)  =  𝜔 ∗  𝑣𝑗(𝑡)  +  𝑐1 ∗  𝑟1 ∗  (𝑝𝑗_𝑏𝑒𝑠𝑡 −  𝑝𝑗(𝑡))  +  𝑐2 ∗  𝑟2 ∗

 (𝑔_𝑏𝑒𝑠𝑡 −  𝑝𝑗(𝑡))                                                                                            (3)   

                                                                                                                                                                                     

             𝜔: Inertia weight.  

             𝑐1 ,𝑐2: Cognitive and social coefficients. 

             𝑟1,𝑟2: Random numbers between 0 and 1. 

             𝑝𝑗_𝑏𝑒𝑠𝑡: Personal best position of particle j. 

             𝑔_𝑏𝑒𝑠𝑡: Global best position among all particles (Kennedy and Eberhart, 1995). 

(Update positions): 

• 𝑃𝑗(𝑡 + 1)  =  𝑝𝑗(𝑡)  +  𝑣𝑗(𝑡 + 1)                                                           (4)    

(Check for collisions with obstacles): 

•   If collision (𝑝𝑗, 𝑜𝑖)  >  𝑟𝑖 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖                                                                                   

              ri: radius of obstacle I.      
 

(Update personal and global bests): 

• i𝑓 𝑓(𝑝𝑗(𝑡 + 1)) <  𝑓(𝑃𝑗_𝑏𝑒𝑠𝑡): 

• 𝑃𝑗_𝑏𝑒𝑠𝑡 =  𝑝𝑗(𝑡 + 1) 

Update personal best if current position is better.      

• 𝑖𝑓 𝑓(𝑝𝑗(𝑡 + 1))  <  𝑓(𝑔_𝑏𝑒𝑠𝑡): 

• 𝑔_𝑏𝑒𝑠𝑡 =  𝑝𝑗(𝑡 + 1) 

Update global best if current position is better. 

Step 5: Trajectory optimization using Elman neural network (define training points along the 

straight line between start and end points) 

• For k in 0 to N: 

           𝑇𝑘 =  (𝑥𝑘, 𝑦𝑘)  =  (𝑥𝑠 +  𝑘 ∗  (𝑥𝑒 −  𝑥𝑠) / 𝑁, 𝑦𝑠 +  𝑘 ∗  (𝑦𝑒 −  𝑦𝑠) / 𝑁)             (5)                                 

            𝑇𝑘: Training point k. 

           𝑁: Total number of training points (Gasparetto et al., 2015). 

Train the Elman Neural Network (initialize Elman Neural Network) 

• For t in 1 to T:   
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           T: number of training epochs. 
 

(Update hidden state) 

• ℎ(𝑡)  =  𝜎(𝑊𝑥ℎ ∗  𝑥(𝑡)  +  𝑊ℎℎ ∗  ℎ(𝑡 − 1) +  𝑏ℎ)                                  (6) 

            ℎ(𝑡): Hidden state at time t.  

            𝑥(𝑡): Input at time t. 

            𝑊𝑥ℎ: Weight matrix for input to the hidden layer. 

            𝑊ℎℎ: Weight matrix for hidden-to-hidden layer. 

            𝑏ℎ: Bias for the hidden layer. 

            𝜎: Activation function. 
 

(Computed output): 

• 𝑦(𝑡)  =  𝑊ℎ𝑦 ∗  ℎ(𝑡)  +  𝑏𝑦                                                                                   (7)                                  

            𝑦(𝑡): Output at time t. 

            𝑊ℎ𝑦: Weight matrix for hidden to the output layer. 

            𝑏𝑦: Bias for the output layer (Elman, 1990). 
 

(Predict optimized trajectory): 

• For k in 0 to N: 

            𝑦𝑘 =  𝑁𝑁(𝑇𝑘)                                                                                                        (8)                                                                                      

           𝑦𝑘: Predicted trajectory points k. 

          𝑁𝑁: Trained Neural Network (Tolstaya et al., 2020). 
 

Step 6: Visualization (plot the results) 

• Plot obstacles, start and end points, Voronoi diagram, PSO path and optimized path 

from the neural network (Wu et al., 2021). 

6.5.  Summary of Equations 

• Obstacle positions: 

𝑜𝑖 =  (𝑥𝑖, 𝑦𝑖)  for i =  1, 2, . . . , n                                                                          (9)   

• Voronoi diagram: 

             𝑉𝑖 =  {𝑝 ∈  𝑟² | 𝑑(𝑝, 𝑜𝑖)  <  𝑑(𝑝, 𝑜𝑗) ∀ 𝑗 ≠  𝑖}                                                  (10)                                                   

• PSO optimization (velocity update): 

           𝑣𝑗(𝑡 + 1)  =  𝜔 ∗  𝑣𝑗(𝑡)  +  𝑐1 ∗  𝑟1 ∗  (𝑝𝑗_𝑏𝑒𝑠𝑡 −  𝑝𝑗(𝑡))  +  𝑐2 ∗  𝑟2 ∗

 (𝑔_𝑏𝑒𝑠𝑡 −            𝑝𝑗(𝑡))                                                                                                                (11)                                            

• Position update: 

      𝑃𝑗(𝑡 + 1)  =  𝑝𝑗(𝑡)  +  𝑣𝑗(𝑡 + 1)                                                                         (12) 
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• Training points: 

     𝑇𝑘 =  (𝑥𝑘, 𝑦𝑘)  =  (𝑥𝑠 +  𝑘 ∗  (𝑥𝑒 −  𝑥𝑠) / 𝑁, 𝑦𝑠 +  𝑘 ∗  (𝑦𝑒 −  𝑦𝑠) / 𝑁)       (13)                                                            

• Elman neural network: 

      ℎ(𝑡)  =  ó(𝑊𝑥ℎ ∗  𝑥(𝑡)  +  𝑊ℎℎ ∗  ℎ(𝑡 − 1)  +  𝑏ℎ)                                            (14)         

            𝑦(𝑡)  =  𝑊ℎ𝑦 ∗  ℎ(𝑡)  +  𝑏𝑦                                                                                    (15)                           

• Predict trajectory:  

𝑦𝑘 =  𝑁𝑁(𝑇𝑘)                                                                                                         (16) 

7. CONCLUSION 

From previous work, we can conclude that single agent robots with cloud computing behave 

more effectively for dynamic task allocation, making path mapping algorithm deal with all 

trajectories at one time and optimization will reach its best fit in less time, making the model 

has low latency, less computational cost which result in the robust controllable system and with 

Elman neural network automation of process guaranteed together with graphical cell 

decomposition. In future work, we will use our model to increase accuracy and optimize path 

planning in single agent robot by using more cloud computational resources. This model could 

be applicable in several practical applications across diverse fields. These applications utilize 

the computing power and scalability of cloud-based systems to improve the robot's efficiency, 

adaptability and decision-making abilities. Examples of these applications include self-driving 

cars navigating roads and highways, robots transporting items in extensive warehouses for 

inventory management or order fulfillment, robots utilized in disaster-affected regions for 

exploration or victim rescue and drones conducting inspections, surveillance or deliveries. 
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