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Abstract—Research on automatic port inspections using robots has been carried out in the state-owned 

company Indonesia Port Corporation, Semarang Indonesia. However, increasing the efficiency of robotic 

inspections is critical because robots need to perform these tasks with much higher speeds than humans, while 

maintaining a high level of accuracy. The robot is equipped with sensors and computer vision technology to 

detect defects or problems that the human might miss. This aim is to increase overall inspection accuracy at a 

lower cost. In this research, introducing an optimized A* path planning algorithm that incorporating with the 

flood algorithm, node reductions process, and linear path planning optimization for an autonomous navigated 

port inspection robot. Our primary objective is to significantly increase the efficiency of the conventional A* 

algorithm in guiding robotic systems through complex paths. The proposed algorithm demonstrates 

exceptional efficiency in generating feasible paths, with success attributed to optimization steps that 

specifically target reducing node processing and enhancing route finding. The experimentation phase involves 

a comprehensive assessment of the algorithm using six key parameters: running time, number of nodes, 

number of turns, maximum turning angle, expansion nodes, and the total distances output. Through rigorous 

testing, the algorithm's performance is evaluated and compared against seven other current algorithms, 

namely A*, BestFirst, Dijkstra, BFS, DFS, Bidirectional A*, and Geometric A*. Results from the 

experiments reveal the algorithm's outstanding running time efficiency, surpassing all other algorithms tested. 

Notably, it exhibits a remarkable 6.5% improvement over the widely recognized Geometric A* algorithm. 

Keywords— Optimization A* Algorithm, Metaheuristic algorithm, Autonomous Navigated Inspection 

Robot, Path Planning Efficiency. 

 

 

I. INTRODUCTION 
In the current era of Industry 4.0, the logistics industry extensively employs automation 

technology to enhance the efficiency of active operational costs, in the part of 
transportation, labor, and maintenance processes. Consequently, many companies are 
adopting Automated Guided Vehicles (AGV) to address various docking requirements 
such as equipment and worker transportation, detection of hazardous chemicals, scanning 
robots, identification of goods, and tracking targets [1]. As the challenges at ports increase 
resulting in adding complexity to AGV usage for handling goods transportation therefore 
it becomes crucial to enhance the path planning scenarios for robots. This improvement 
allows them to effectively manage footprint calculations comprehensively and navigation 
processes while avoiding obstacles. 

In this research at the Port of Semarang, Indonesia, optimizing the Autonomous Path 
Planning Robot AGV algorithm for port inspections presents a very important challenge to 
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carry out the integration process between the existing Enterprise Resource Planning (ERP) 
System and the autonomous robot inspection operation process to obtain increased 
efficiency. The importance of path planning algorithms for autonomous robots in port 
inspection lies in their potential to revolutionize the efficiency and accuracy of the 
inspection process in the port environment. By implementing this it aims that suitable 
algorithms will increase the speed of inspections and ensure robots can maneuver through 
challenging terrain with precision and reliability. This research progress provides great 
hope for the port industry in Semarang by enabling more efficient inspection procedures 
and ultimately leading to increased safety, productivity and operational competitive 
advantage in port management. 

Our development strategy is focusing first on the global design of AGV before 
conducting the local design process. In our global design, a fundamental static resistance is 
obtained along with the entire start-to-finish route. Therefore, our path planning goal is to 
construct a navigation map of an unknown environment. Subsequently, the robot's task is 
to efficiently determine a low-cost and collision-free path to move from the starting point 
to the destination [2], [3]. The integration of AGVs into the logistics framework 
exemplifies an integrated and holistic data-driven system approach, leveraging automation 
to optimize various operational processes that become a major challenge in the whole 
logistic supply chain. As the challenges in our port logistics evolve, this will make a 
continuous refinement in automatic robot path planning strategies essential for ensuring 
the efficient movement of AGVs when faced with the reality of complex environments. 

When we compare it too other contemporary researches, in later ones has focused on 
initial environmental modeling, beginning with a layout process to form a map of a 
geographical representation of the environment. Algorithms commonly used for 
environmental modeling include Voronoi, visibility graphs, and grid structures. Voronoi 
diagrams are often employed as a solution for puzzle-like navigation paths. For example, 
in the case of fast exploration on random trees (RRT), there are challenges like trap-space 
problems in mazes and S-shaped corridors. This algorithm proves effective in enhancing 
the efficiency of robot exploration time [4].  

However, mapping the location and position of the environment is crucial in scenarios 
such as catching fires for the safety purposes of victims and evacuation teams. Therefore, 
determining paths based on a visual model that closely resembles the original environment 
becomes important because robots will be more accurate in predicting path planning prior 
to the actions.  Meanwhile, in predicting paths, the researchers developed methods from 
two-dimensional and three-dimensional visual mapping based on sensor arrays. This 
development has an impact on the dynamics of the algorithm's computational load [5]–[7]. 
However, in the current situation of the algorithms, the grid structure is becoming the most 
fundamental aspect of the algorithm that is designed to represent the virtual environment 
for robot trackers and path planners that match reality. Hart et al. introduced the grid 
algorithm for the first time in 1968 [8]. Subsequently, many other researchers have applied 
this idea to various fields. Essentially, this algorithm simplifies the complexity of 
environmental characteristics, allowing for a more efficient computational load when 
calculating costs. 

Grid-based modeling is a simple and efficient approach to representing any 
environment because these array-based structures are easy to compute. Therefore, based 
on [9], this makes it easier to process and analyze data, especially in the context of 
complex environmental modeling such as port handling. This research chooses the grid-
based modeling because it enables us to integrate with existing software and systems. 
Furthermore, this modeling can also provide a high level of accuracy in measuring or 
representing the environment, especially when high resolution is required. By performing 
this process, not only for limited scope in port situations but also useful in various 
applications such as environmental monitoring, area mapping, and navigation [10], [11]. 
Additionally, by using this grid-based model, it can update easily when there are changes 
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in the environment, like the addition or removal of elements. Therefore, this paper justify 
using this model because it more reliable in dealing with environmental variations and 
changing conditions. 

When the locations are predicted, the grid method allows for the highly scale-based 
accurate mapping of environmental representations. This method will give the matching 
with the discrete nature of our system. This structure will divide the environment into 
small cells in a grid. Consequently, it provides our robots with an intricate understanding 
of the location and properties of each part of the environment. Therefore, the outcome 
includes the precise environmental target identification of obstacle locations, distances, 
and surface types. By providing it into real-world problems, this method allows 
positioning of the environmental representation in higher dimensions [12] which capability 
that not shared by other Voronoi and Visual methods. 

Following the general definition of creating the environmental model, the AGV 
undertakes a trial search process between the start and finish points. However, in its 
development there are three main searching algorithms were generally is being employed: 
interpolation-based search, bionic search, and geometric search-based algorithms. Each 
algorithm has its unique functions and characteristics. Interpolation-based search 
algorithms are typically implemented using a smooth non-linear curve interpolation basis, 
such as B-spline curve interpolation [13], Dubins [14], and other interpolation curves that 
suit the shape of the road and its environment. The smoothness and continuity of the curve 
representation's shape are crucial features in determining the speed and acceleration of the 
AGV [15]. However, this algorithm exhibits weaknesses in representation if the shape of 
the road represented has a non-standard dynamic shape [16]. 

The bionic algorithm is different from the interpolation algorithm which uses one or 
several fixed references which are patterned as search directions, meanwhile, the bionic 
algorithm uses search based on random reference searches. The name bionics refers to 
biological evolutionary events that naturally occur, where these evolutionary events occur 
randomly at the gene level in living creatures [17]. As mentioned above, the general 
algorithms that are often used in automatic path planning are genetic algorithm (GA) [18], 
particle swarm optimization (PSO) [19], and ant colony (AC) [20]. However, based on the 
findings, this type of algorithm generally requires an expensive computational process in 
its implementation [21] and is often stuck in a local optimum [22], as a result, they do not 
always get the exact path planning when dealing with complex environments. 

In contrast to bionic and interpolation-based algorithms, geometric algorithms are the 
most commonly used for path planning, such as Dijkstra's and A* algorithms. It is termed 
a geometric algorithm because it utilizes geometric calculations in representing the 
environment as grids. In comparison with the existing methods, A* is more efficient than 
Dijkstra, it is can be shown that based on the nature program, the robot doesn't need to 
traverse the entire grid to reach the goal point [23]. It calculates relative costs between 
grids to determine the movement position. 

From the definition, A* was first introduced by Hart [8] as a heuristic search algorithm. 
It was designed to offer efficiency and minimal time consumption. Despite its efficiency, 
when dealing with complex and large environments, it can lead to cross-path and zig-zag 
routes, therefore will reduce the robot's efficiency. Nonetheless, researchers still favor it 
for its suitability in the application of simple grid environments [24], [25], and its out 
performance of the RRT algorithm in UAV shortest path planning scenarios [26]. 

There are several methods that generally overcome the inefficiency of the A star 
algorithm. The two general methods for enhancing its accuracy are interference in 
preprocessing [27] and postprocessing [28]. In preprocessing interference, even though 
computationally expensive, is more effective than postprocessing because it calculates 
obstacles relative to the robot's position. On the other hand, in postprocessing optimization 
enhances the efficiency of the output path planning from the standard A* algorithm. 
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Therefore, focusing on efficiency considerations involves a trade-off between the real cost 
function due to the environment and the choice of the shortest distance. For example, a 
path design [30] aids ships in navigating through waves and obstacles. Similarly, another 
approach [31] uses Delaunay triangulation in preprocessing. They chose it despite its 
computation intensity due to its ability to save robot changes in obstacle avoidance. 
Moreover, a standard package by [32] improves the A* algorithm for UAVs in a three-
dimensional environment with sensor-calculated costs, demonstrating its applicability to 
dynamic obstacles. 

In the postprocessing optimization phase A* ensures the robot's location relative to the 
target and other fleets. The evidence by Sang et al. [33] was successfully used to enhance 
the effectiveness of multiple robot formations while avoiding collisions. Another 
breakthrough application focuses on the final process is a guided A* trail planning. This 
method uses guiding decisions based on the robot's environment understanding [34], 
applied to valet parking. However, a dynamic environment necessitates both global and 
local path planning for capturing the whole environment and avoiding collisions during 
sudden changes [35]. Despite the hybrid algorithm's success, AGV suffers from 
unnecessary steps during the searching phase, and mechanisms to control planning 
efficiency have yet to be established despite some optimization research on the A* 
algorithm. 

Our research challenges the claim of using hybrid preprocessing and postprocessing 
optimization algorithms performed on local processes only. Therefore, our research 
divides into two general-to-specific hybrid processes: the global process, also known as 
pre-processing, which recommends steps before entering the post-process, and the post-
process, which completes the path selection. In other words, it uses the global process of 
preprocessing that serves to offer recommendations for steps before entering the post-
process. This phase aims to find the most efficient distances based on the results. Our 
contributions can be summarized as follows: 

1. The process is initiated by creating a grid of the observed environment using 
rasterization software like Photoshop™ and then adjusted to the robot's scale and 
mapped the given input. Then it applies three types of grid characteristics, such as 
robot start position, target goal, and obstacles.  

2. The A* algorithm produces results for each step and makes the robot remember its 
path by using stack arrays. When the robot encounters a trapped area, the 
algorithm can retrace its steps until it reaches a new area. 

3. For the optimization purposes that run in the local process, this research took the 
traversed path result given from point 2 is then rearranged using the flood 
algorithm.  

Therefore based on this research, it presents a comprehensive solution for optimizing 

the A* path-planning algorithm in AGV for port inspection robots in a way for more 

efficient and adaptive in real-world applications. 

 

II. RESEARCH METHODS 
This research is based on a case study conducted at the port of Semarang, Indonesia. 

This study foundation comes from the work of Tang et al. [29] in modeling the port 

environment through the rasterization process and subsequent algorithm testing. The 

development of this path planning algorithm involves three essential components that 

each of which is elucidated. In the initial section, the process of building environmental 

models using rasterization is explained. This technique comprises several stages, starting 

from the acquisition of satellite images of port maps located in Semarang, Indonesia, to 

the segmentation of image dimensions into a grid map. The second stage of the A* 

algorithm takes shape by storing the results of each step in an array in order to memory 
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for the further process. This section delves into the algorithm's formation and 

implementation of locations virtual mapping. In the step of final process, our approach 

details the distance selection technique by utilizing the flood algorithm. We found that 

integration of this technique gives further enhance of overall performance and accuracy 

of the path planning algorithm. We apply this algorithm in the practical case study at the 

port of Semarang, Indonesia. It showcase the efficacy of the proposed methodology in 

real-world scenarios. 

A. Modelling environment using rasterization 

In Figure 1a, the satellite map of the container port post 8 north of Semarang, 

Indonesia, was obtained from the results of a Google Earth™ map capture, where these 

results will be the background scenario for testing and studying the trail planning 

algorithm created. The rasterization process is intended to simplify the presentation of 

curves and contours of complex container and road images. Before the process begins, it 

will divide the contours of the border walls between the container storage areas. So, it 

turns out that the container counter and boundary walls will be colored black and the road 

will be colored white (Figure 1b). 

Since our aim is testing the path planning algorithm, the original details of the grid 

representation are not paid much attention, in accordance with reference [29]. Based on 

these reference results, the grid mapping results that are balanced in terms of performance 

and feasibility are in an area of 50 x 50 grids. Figure 1b is the output rasterization grids 

map from the satellite map. To store information into the grid, column and row 

numbering, it uses encoder relative to the grid positions. In this works, it uses special 

technique to deliver process cost inside the grids. Contrast to Tang et. al. which only 

concern of limited cost calculation codes, it determines selecting serial numbering, rows 

and columns for applying two-dimensional cost calculations. Furthermore, it has the 

advantage of supporting parallelization of cost calculations and ease of searching for 

specific positions on the map compared with the robot's real position in the position 

coordinate system. 

 

  
(a) Image from satellite map (b) 50x50 map rasterization results. 

Figure 1. Rasterization as a technique for simplifying three-dimensional simulation of ports from (a) input 

Semarang’s port image from satellite map to (b) the 50x50 rasterization output. 
 

B. Preprocessing: Grids, Representation and Positioning 
In designing the algorithm, we must look at the important problem of why AGVs need 

automatic navigation to the shortest distance. This aims to ensure that the robot can 
provide high consumption efficiency for battery use and provide high working speed so 
that the inspection process can run quickly and avoid bottlenecks. As is known in real 
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company management, all business process movements have costs, so the longer the 
process takes, the more profits you get. 

The considerations used as a benchmark are complex situations at the start and the 
furthest possible end location, so that we can predict the estimated cost of battery 
consumption in one trip to determine how long the robot will work. However, when the 
robot works for the first time to open a road, the complexity of the environmental situation 
makes the calculation of battery consumption cost efficiency is uncertain. Therefore, while 
we are operating the robot, we have to know the combination calculations that are possible 
for the robot to find an efficient path in the existing area. Based on the proposition, robot’s 
distance d from ith obstacle can be defined as: 

  (   )        (1) 
 

Where radius    is length from the robot to its circumference; while    is radius of 
from the obstacle. Ideally, robot needs to reduce the travel distance while avoiding 
obstacles. Therefore, total distance by robot is       relative from current position     

robot has passed: (     ). 

      ∑√(       )
 
 (       )

 
   

   

 
(2) 

Stability when robot is moving is expressing with turning angle   must be less than the 
maximum angle needed to turn      (its value will be determined by trial and error). 
Where     ,   , and      are the adjacent nodes. 

 (            )       (3) 

 

C. Algorithm Design 
By careful investigation and exploration, in algorithm design in Figure 2, we divide the 

algorithm processing series into three parts. The first part is designing a regular A* 
algorithm, then the results are fed to the Flood algorithm and then we carry out an 
optimization process by searching for nodes that make the robot change its direction of 
movement and then finally we carry out a linear reconstruction of the robot's path in the 
optimization algorithm section. In this first part of the process, we utilize the regular A* 
algorithm developed by [8], where this processing begins by looking for 8 neighbors who 
are not barriers and then put them in the open list. Next, the cost function equation 
      is calculated for each neighbor. In this study we use the Manhattan distance for 
heuristic costs.  

After A star finds the desired path, then in the second part of the process we employ the 
Flood algorithm to find the most efficient path selected from the numbering of increments 
carried out from the end to the start position. So, it can be said that, the shortest distance is 
searching for paths from the node with the smallest number closest to the current node 
until we find the final destination. The final result of the path obtained is stored in the 
optimization list variable. In the third process we carry out an iterative process to find 
which nodes have the same direction to be collected into one reference node. After all the 
reference nodes have been collected, then proceed with creating a new path using linear 
equations with the condition that the new path does not hit a barrier. 

This third process will significantly improve the efficiency of path planning algorithm 

because it ensures the refinement of raw path planning from second process of flood 

algorithm into the most efficient output. In this research we employ linear equation 

because it will give higher efficiency and smoothness of robot’s movement, minimizing 

arbitrary directional changes and potential errors.  
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The robustness of our algorithm lies in its ability to dynamically adapt and optimize 

paths in real condition and making it superior to traditional methods. In the testing 

process we through comprehensive assessment by comparing with other algorithms such 

as BestFirst, Dijkstra, BFS, DFS, Bidirectional A*, and Geometric A*. As result our 

proposed method consistently demonstrates improved performance metrics. 

 
 

Figure 2. Proposed Algorithm. 
 

III. RESULT AND DISCUSSION 
A. Result 

Creating grid maps with different specifications is essential for evaluating the 

effectiveness of the A* algorithm. The grids with contrast specifications represent the 

diversity of real-world scenarios where the algorithm is applied. By testing the algorithm 

on grids of various sizes, resolutions, or configurations, we assess its adaptability and 

robustness in different environments. However, the effectiveness of an algorithm can vary 

depending on the characteristics of the problem it is applied to. Moreover in employing 

the research, testing different grid specifications determine whether the A* algorithm 

generalizes well across a range of scenarios or only effective in specific conditions. 

Therefore, grid maps of different sizes and complexities help assess the scalability of the 

algorithm. 

To determine the superiority of the algorithm based on its development, the severity of 

the algorithm's computational load is simulated on differences in grid map sizes. In real 

applications, the area of the box is analogous to the area of the robot's change range from 

the previous position to the next unit box. It also includes the spatial sensor range which 

determines what type of spatial information is in the sensor reception environment. 

Therefore, one box also includes the minimum movement that the robot can do. So,   

squares are the units we use to represent the robot's movement. 
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Experiments were carried out in two grid resolution of 50x50 and 100x100. In this 

experiment, only two specifications are recommended. Meanwhile, the previous 

experiment used other specifications at a size of 20x20, but because the results did not 

change much with a size of 50x50, to save on the process, this experiment only used two 

sizes. Next, we set up the experiment according to the standard with the start point at 

(   ) and finish at (         ). We orient these positions so that path planning is not 

affected when we change the grid resolution. Figure 3 shows the process. 

 

 
Figure 3. Proses comparison of a map between two scenarios with specification: 50x50 (ii) & (iii) grids and 

100x100 (iv) & (v) grids. 

 
Table 1. Comparison of experimental data in the two categories based on Semarang’s port environment 
 

Map-Size Parameters A* AF Our 

50x50 PT (ms) 5.45 5.73 5.97 

RPT (s) 55.5 46.5 36.27 

NN (poin) 111 93 20 

TD (m) 122.1 102.3 87 

100x100 APT (ms) 7.658 8.285 9.997 

RPT (s) 125.5 95.5 76.4 

NN (poin) 251 191 18 

TD (m) 276.1 210.1 201 

 
The results from Table 1 obtains the most optimal results using the algorithm offered, 

using four test parameters such as algorithm processing time (PT in seconds), estimated 
processing time on the robot (RPT), number of nodes (NN) used by the robot, and total 
distance (TD in meters) traveled by robot. We compared three main scenarios to be able to 
show significant improvements internally in this case, namely traditional A*, A* with 
Flood Algorithm (AF) and our development results. 

Furthermore, in Fig. 4, in order to test the reliability of this algorithm, we utilized tests 

from [29]. What is interesting about this test is the similarity of the themes and research 

models used. We use test specifications with type 6 map categories from [29] with a map 
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size of 100x100. We tested using six types of parameters, namely, running time, number 

of nodes, number of turns, max turning angle, expansion nodes, and total distances. We 

also compare with other seven algorithms namely A*, BFS, Dijkstra, BestFirst, DFS, and 

Geometric A*. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 4. Comparison of our approach and other different algorithms based on parameters (a) Running 

time, (b) Number of nodes, (c) Number of turns, (d) Maximum of turning angle, (e) Number of expansion 

nodes, and (f) Total distances. 

 

B. Discussion 

The template is designed so that author affiliations are not repeated each time for 

multiple authors of the same affiliation. Please keep your affiliations as succinct as 

possible (for example, do not differentiate among departments of the same organization). 

This template was designed for two affiliations. 

 

1) Simulation using Semarang’s port scenario 

In table 1, the results obtained for the processing time parameters of our developed 

algorithm get the longest time, namely 5.975 seconds for a map size of 50x50 and 9.97 
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seconds for a map size of 100x100, while the A* and flood algorithms and the regular A* 

algorithm get the time for a map size. 50x50 5.73 and 5.45 seconds and 8.28 and 7.65 

seconds for map size 100x100. This is because in its processing our algorithm uses 

additional processing to linearize the resulting path from the processing of the A* based 

on the Flood algorithm. On average it takes us 20% longer than the A* based on the 

Flood algorithm. However, in terms of the estimated processing time parameters for 

robots in carrying out their tasks, our algorithm has the fastest time in all map size 

categories, namely in map size 50x50 our algorithm has a time of 36.27 seconds, 

meanwhile the A* algorithm with Flood and the regular A* algorithm has times of 46.5 

and 55.5 seconds. In the map size 100x100 category, our algorithm has a time of 76.4 

seconds and the A* algorithm with Flood and the regular A* algorithm have a time of 

95.5 and 125.5 seconds. So, our algorithm has a time of 20% faster than the A* algorithm 

with Flood. 

The aim of designing this algorithm is to be more optimal, we use a method of 

reducing the nodes passed so that the robot processing time can be faster. Therefore, a 

linearization process is used which is demonstrated by our algorithm's node reduction, 

namely in the map size category 50x50, which is 20 from 93 and 111 for the A* 

algorithm with Flood and the regular A* algorithm. Meanwhile, in a map size of 

100x100, our algorithm has 18 nodes out of 191 and 251 for the A* algorithm with Flood 

and the regular A*. In other words, our algorithm has an average node reduction of 

15.46% of the A* algorithm with Flood. 

So, the final result we get from implementing this algorithm is a reduction in the 

distance the robot travels in carrying out its tasks. In the 50x50 map size category, the 

robot's travel results are 87 meters from 102.3 and 122.1 meters in the A* algorithm with 

regular Flood and A*. Furthermore, in the map size 100x100 category the robot's travel 

results were 201 meters from 210.1 and 276.1 meters in the A* algorithm with Flood and 

regular A*. Our algorithm has an average distance reduction of 9.64% from the A* 

algorithm with Flood. 

 

   

(a)                                                                                          (b) 

Figure 5. Final routes from our approach: (a) Reduce nodes (orange) from found path (yellow); (b) 

Optimization (blue) reconstructed from reduced nodes 

 

2) Simulation using different port scenarios using different algorithms 

In the Figure 4, it can be presented that the running time parameter (the time the robot 

completes its work) for our algorithm has the most efficient value, namely 275,823 

seconds compared to other algorithms. When compared with the geometric algorithm 
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there is a difference of 6.5% better. In this table, the Bestfirst algorithm gets the most 

wasteful results, namely with a travel time of 396.64 seconds or 30.4% more inefficient 

than our algorithm. In this experiment, we also found that the results of the node 

reduction process caused the robot to increase processing time efficiency. Our 

experiments in table 2 show that our proposed algorithm produces 31 nodes from the total 

node expansion obtained, which is 136. From these results, even though our number of 

node expansions is 24.8% greater than the Geometric algorithm, we have succeeded in 

reducing the total number of node expansions by 77%. So based on this, with a total 

distance of 138 meters we obtain an optimum processing time of 275,823 seconds. 

Figure 5.a shows that the robot has succeeded in getting the optimal working path 

(yellow). Meanwhile, results of the nodes found for reducing the work process are shown 

in orange. Meanwhile in figure 4.b. shows the new linear optimization path (blue) 

obtained from the linear equations on the reduction node path. We also found that the 

max turning angle of our approach is 45 degree which is the most efficient angle. 

 

IV. CONCLUSION 
In this research, we present a novel optimized A* path planning algorithm. Our 

objective is to improve the efficiency of the conventional A* algorithm, particularly in 

the context of pathfinding robots deployed in port environments. We shows the 

experiments success that conducted demonstrate that our proposed algorithm exhibits a 

higher efficiency rate in generating feasible paths. This algorithm gives evidence that the 

application is attributed to optimization steps, which also involve the reduction of node 

processing and the improvement of route finding through the use of a new route 

calculated from linear equations between adjacent reduction nodes. In general holistic 

applications, our approach evidently effectively shortens the path length compared to the 

ordinary A* algorithm. 

The experimentation phase involves a comprehensive assessment of the algorithm 

using six key parameters: running time, number of nodes, number of turns, maximum 

turning angle, expansion nodes, and the total distances output. Through rigorous testing, 

the algorithm's performance is evaluated and compared against seven other algorithms, 

namely A*, BestFirst, Dijkstra, BFS, DFS, Bidirectional A*, and Geometric A*. Results 

from the experiments reveal the algorithm's outstanding running time efficiency, 

surpassing all other algorithms tested. Notably, it exhibits a remarkable 6.5% 

improvement over the widely recognized Geometric A* algorithm. 

For future experiments, several key considerations should be addressed. Firstly, the 

real-world implementation of our approach in AGV (Automated Guided Vehicle) robots 

needs thorough investigation. We are aware that factors such as hardware design strategy 

and movement strategy play a crucial role in ensuring a high success rate. Additionally, in 

real-world applications, dynamic scene environments must be taken into account. 

Therefore, the robot should be equipped with sensor-actuator systems for motion analysis 

to avoid collisions. 
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