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1. INTRODUCTION

Manual disaster mitigation at the Java-Bali power plant, particularly related to fire risks from coal dust
during electricity production, often requires halting operations. This leads to significant revenue loss and power
outages, highlighting the need for an automated solution to clean coal dust without interrupting production.
Coal dust poses severe risks, including self-combustion in coal barges, coal yards, hot surfaces, and crusher
bodies [1], [2]. Current manual cleaning processes not only pose health and safety risks to workers but also
necessitate production halts in the event of a disaster, leading to substantial revenue loss and negatively
impacting consumers [3], [4]. Therefore, an automated solution for continuous coal dust cleaning is urgently
needed.

The frequent manual cleaning required in coal-based power plants, especially in critical areas such as the
tripper area, poses substantial health risks and operational inefficiencies[5], [6]. Despite advancements in
robotic cleaning technologies, there remains a gap in integrating real-time dust detection with optimized robot
motion planning to maintain continuous operations. Previous studies have explored various aspects of robotic
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cleaning, including camera-based object detection and navigation algorithms[7]. However, these studies have
not fully addressed the integration of dust detection and autonomous cleaning in dynamic power plant
environments. Recent advancements in single-stage BFS and A* algorithms have shown potential, but their
application in complex industrial settings remains limited [8], [9].

Existing research on robotic cleaning in industrial environments has primarily focused on static object
detection and pathfinding. For instance, contour detection techniques have been employed for object
recognition in various settings [10], [11], [12]. However, these methods often lack the robustness needed for
real-time dust detection and cleaning in power plants. Additionally, while algorithms such as BFS and A* have
been utilized for path optimization, their performance in dynamic and dusty environments has not been
thoroughly evaluated [13].

This study bridges the gap by integrating a camera-based dust detection system with a dual-stage A*
algorithm for optimized path planning. Unlike traditional methods, this approach allows for continuous
monitoring and cleaning of coal dust, reducing the risk of fire hazards and enhancing overall operational
efficiency. The primary objective of this research is to develop and evaluate a dual-stage tracking method that
enables autonomous robots to clean coal dust continuously in power plants. Specifically, the study aims to:

1. Integrate real-time dust detection with robot motion planning.

2. Compare the performance of the dual-stage A* algorithm against single-stage BFS and A* algorithms.

3. Assess the practical implications of the proposed method for power plant operations, including reduced
downtime, improved safety, and cost savings.

Implementing an automated cleaning system in a power plant environment involves several challenges,
including handling variable lighting conditions for dust detection and ensuring reliable robot navigation in a
dynamic setting. These challenges necessitate robust algorithms and real-time data processing capabilities,
which this study addresses through the proposed dual-stage A* algorithm. The findings of this study have
significant practical implications for disaster mitigation in power plants. By enabling continuous coal dust
cleaning, the proposed method can reduce operational downtime, enhance worker safety, and lower
maintenance costs. Moreover, the approach can be scaled and adapted to other industrial settings where dust
accumulation poses similar risks. The integration of automated systems in industrial environments raises
important ethical and safety considerations, such as the potential displacement of workers and system
reliability. This study acknowledges these concerns and emphasizes the importance of ensuring that automated
solutions complement human labor, enhancing overall safety and efficiency without compromising
employment.

The research contribution is:
1. Developing a dual-stage A* algorithm for optimized cleaning path planning in power plants.
2. Demonstrating the practical benefits of integrating real-time dust detection with autonomous cleaning
to improve operational safety and efficiency.

By addressing the identified research gap, this study advances the state of the art in robotic cleaning

technologies and provides a viable solution for continuous coal dust cleaning in power plants

2. METHODS

This research focuses on the simulation of a dual-stage tracking method for optimizing cleaning tasks in
power plants, specifically targeting the Java-Bali power plant. The study has not yet been integrated with an
actual cleaning robot but lays the groundwork for future implementation. The methodology involves detailed
steps for data collection, preprocessing, object detection, pathfinding algorithms, and heuristic functions to
achieve efficient and effective cleaning. The data collection process involved gathering images from the tripper
area of the Java-Bali power plant, where coal dust accumulation is most critical. Preprocessing steps included
handling missing values, normalization, and outlier detection to ensure data quality. Coal dust detection was
performed using the HSV color space, effective in uncertain lighting conditions. Contours of detected dust
areas were identified and used as inputs for robot motion simulation. The algorithms evaluated include Greedy,
BFS (Breadth-First Search), and A*, with hyperparameter tuning performed using grid and random search
methods to optimize performance.

The experimental setup was conducted in a virtual environment simulating the conditions of the Java-
Bali power plant. The simulation track was designed with dimensions at a scale of 1:3 compared to the actual
tripper area, both in length and width. A single camera was positioned along the width of the track, centered,
and at a height scaled to 1:3 of the actual camera height in the plant. This setup ensured that the simulation
closely mimicked the real-world environment, providing relevant and accurate data for analysis. Hardware
specifications use 11th generation intel i7, 16 GB RAM, and 64-bit. The software uses phyton for simulation.

The real-time performance, scalability, and energy consumption of the algorithms were evaluated using
statistical tests, including t-tests. Ethical and safety considerations, such as worker displacement and system

Optimizing Cleaning Path for Coal Dust Removal Using Dual Stage Tracking Method (Ira Kumalasari)


http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&

944 Jurnal Ilmiah Teknik Elektro Komputer dan Informatika (JITEKI) ISSN: 2338-3070
Vol. 10, No. 4, December 2024, pp. 942-959

reliability, were also addressed to ensure the responsible deployment of automated systems. This study's
findings indicate that the dual-stage A* algorithm significantly reduces energy consumption and grid traversal
compared to single-stage methods. Future research should focus on real-world implementation, addressing
overfitting, false positives and negatives, and further scalability. By integrating advanced techniques and
conducting longitudinal studies, the robustness and efficiency of the algorithm can be enhanced for broader
industrial applications.

2.1. Object Detection

Detecting coal dust is essential for maintaining cleanliness in power plants. This study utilizes the HSV
(Hue, Saturation, Value) color space due to its effectiveness under varying lighting conditions and its
operational efficiency. Coal dust appears as solid black in images, corresponding to specific HSV values. The
HSV method separates color information from intensity, simplifying processing and reducing system load
compared to RGB, where color and brightness are combined[14]. This approach is both computationally
efficient and effective for real-time detection in industrial environments [15]. The decision to use HSV is based
on its robustness in handling lighting changes, which are common in industrial settings[16]. Unlike RGB,
where changes in lighting can alter color appearance, HSV maintains consistent hue values, ensuring reliable
detection of black coal dust despite fluctuations in lighting. This robustness is crucial, as the lux levels in both
the experimental setup and the actual site were carefully controlled (average lux = 225, minimum lux = 115,
maximum lux = 244). These controlled conditions confirmed that HSV is effective, allowing the system to
perform in real-time without compromising accuracy. Using HSV for coal dust detection provides the system
with lower computational requirements and higher accuracy in variable lighting conditions. Its simplicity and
effectiveness make it ideal for real-time applications in power plants. While advanced techniques like YOLO
or Mask R-CNN offer high accuracy[17], [18], they are unnecessary for this application and would introduce
excessive computational complexity. Therefore, HSV is the best choice for the current experimental setup,
considering the controlled lighting and need for efficiency. The implementation involves using the HSV color
space to detect coal dust, where the dust appears as solid black with a hue value of 0. This approach is effective
even in environments with uncertain lighting. Data collection was performed to obtain contour magnitudes
using rule-based logic, and these results were used as input for robot motion planning. The camera used for
capturing images had a resolution of 1920x1080 pixels, ensuring high-quality data for accurate detection.

In pseudocode 1, the initial stage was the creation of a database to obtain data from image results in the
form of contour classification from the color of detected coal dust [19]. Subsequently, the data was processed
by the robot to determine the location of dust to be cleaned. The database was stored in Excel files daily and
this was used to determine the trend of dust scattered on the floor daily. Image acquisition was performed using
a resolution of 1080p/301fps resolution (1920 pixelsx1080 pixels), then normalized to 720p/30fps (maximum
1280 pixelsx720 pixels) adjusted to the specifications of the computer screen. This was intended to facilitate
more accessible monitoring for the operator. Then, the normalized image was converted into an HSV image
with a range of lower (0, 0, 0) and upper (179, 255, 30). Subsequently, the image was converted to HSV, after
which contours were identified in the mask [20]. In the frame, a grid measuring 96 x 54 was employed, where
one grid box is worth 200 pixels and declared dirty if the black image was >100 pixels. Then, the contours are
arranged in a list based on their contour area. The sequence numbering of this contour list commences with the
smallest contour area and progresses toward the starting point, with the most significant area assigned the
highest sequence number. The data can be exported for use in determining the robot's motion path.

Pseudocode 1: Object Detection
CREATE directory for saving images using current date if not exists
INITIALIZE image counter
WHILE True
CAPTURE and resize image, convert to HSV
CREATE mask to detect black color, find contours in mask
COPY image for drawing
INITIALIZE data list for Excel
FOR each contour with area > 1
CALCULATE dark intensity, contour centroid
DRAW centroid and contour info on image
APPEND contour data to list
SAVE DataFrame to Excel, processed images, and histograms
WAIT for 15 minutes
INCREMENT image counter
END
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2.2. Searching Algorithm

In this study, searching algorithms such as BFS, A*, and the Greedy algorithm were employed for path
planning. These algorithms differ from machine learning techniques in that they do not rely on data-driven
training. Instead, they operate based on predefined rules and heuristics, systematically exploring paths to find
the most efficient route. Their use ensures predictable and efficient pathfinding, making them particularly
suitable for well-defined environments like power plants, where the complexity of machine learning models is
not necessary.

2.2.1. Greedy Algorithm

This algorithm employs local heuristics to make decisions at each step to optimize the regional solution.
In many cases, local heuristics in greedy algorithms are relatively straightforward, often using directly available
information to make decisions. Greedy algorithm formula refers to equation (1) [21].

Pseudocode 2: Greedy Algorithm
If length of nearest _coordinates > 1:

Sort nearest_coordinates based on x value and then x+y value « equation (1)
Set nearest coordinate to the first element in nearest coordinates

H(n) = |(xp—x5)+(yp—ys)| (D

X5 and y; means destination coordinates. x;, and y,, means coordinates at this time.

2.2.2. BFS Algorithm

In path planning using the Breadth-First Search (BFS) algorithm, the main objective was to identify the
shortest path between two points in a graph. This is analogous to identifying the most expedient route on a
map, where BFS operates by systematically traversing the graph from the initial vertex, evaluating its
immediate neighbors initially before progressing to more distant vertices [22]. The BFS process commences
with the placement of the initial point of departure into a queue [23]. Subsequently, the Breadth-First Search
(BFS) algorithm will examine each neighbor of the initial point, noting the distance, and proceed to traverse
from one point to another by tallying the number of steps taken. This process is illustrated in the code snippet
3.

Pseudocode 3: BFS
def bfs(grid, x, y, visited, end_x, end_y):
if (x, y) == (end_x, end_y): return -1
visited[x][y] = True
for dx, dy in [(1, 0), (-1, 0), (0, 1), (0, -1)]: dfs(grid, x + dx, y + dy, visited, end_x, end_y)

def run_bfs(world):
world.dfs_route, print("dfs start"), dfs(world.graph, world.start x, world.start y, world.is_visited, world.end_x,
world.end y)

best path length = len(grid world.dfs best route)

2.2.3. A* Algorithm

The A* algorithm is a graph search method designed to efficiently identify the shortest path from a
starting point to a target. This algorithm combines two approaches: breadth-first search and weighted search,
by using a heuristic function that estimates the lowest cost from the current node to the target node [24]. The
A* algorithm calculates the total cost value using the function f{n) =g(n) + h(n), where g(n) is the cost from
the start node to node n and A(n) represents the estimated cost from node n to the goal [25]. This ensures that
the node most promising to reach the goal at the lowest cost is evaluated first [26]. The detailed information is
presented in pseudocode 4.

The operation of A* employs two lists, consisting of an Open List for nodes to be evaluated and a Closed
List for nodes that have already been evaluated. Starting from the initial node, the algorithm adds this node to
the Open List. Then, the algorithm selects the node with the lowest f/ value from the Open List, moves it to the
Closed List, and evaluates all its neighbors. If a neighbor is located in the Closed List, it is ignored, while if it
is in the Open List, the algorithm updates the f value if the new path is cheaper. This process persists until the
goal node is found in the Open List, ensuring that the resulting path is the shortest.
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Pseudocode 4: A*
Initialize open_set, parent, g_score, f score with start
While open_set not empty:
current = node in open_set with min f score
If current is end, return trace path from parent
Remove current from open_set
For each neighbor of current:
new_g =g score[current] + distance (current, neighbor)
Ifnew_g < g score[neighbor]:
parent[neighbor] = current
g_score[neighbor] =new_g
f score[neighbor] = new_g + heuristic (neighbor, end)
If neighbor not in open_set, add to open_set
Return None
Function main(file):
Set coordinates, scan grid, run a_star(grid world)

2.3. Shorts Distance Search

The Octile and Manhattan heuristics are commonly used for grid-based pathfinding. The Manhattan
heuristic is simpler and works well when movement is restricted to horizontal and vertical directions, but does
not account for diagonal movement. The Octile heuristic, which includes diagonal movements, gives more
accurate results in grid environments where such movements are allowed, but incurs higher computational
costs. Euclidean Distance, another common heuristic, is accurate for continuous spaces but not suitable for
grid-based systems. The selection of heuristics in this research uses the Octile and Manhattan Heuristics
because this research is grid-based, and these heuristics balance accuracy and computational efficiency.

2.3.1. Octile Heuristic

In the A-star search method, all inputs are analyzed, and all of the obtained routes are evaluated before
reaching a search solution. This algorithm is used in two conditions:

a) First condition: To identify the shortest distance between the updated start point and the outer limit of the
contour area, which serves as the starting point for the obstacle area to be cleared.
b) Second condition: To identify the shortest distance within the contour.

This study employed the Octile Distance heuristic function, which combined the Manhattan and
Chebyshev distance functions. This approach was utilized when movement was permitted in eight directions,
with diagonal movement incurring a higher cost (usually sqrt (2)). The octile heuristic formula refers to
equation (2) [27]. The octile heuristic is illustrated in pseudocode 5.

Pseudocode 5: octile heuristic

octile distance < equation (2)

distances = [octile_distance(x, current_coordinate) for x in coordinates]
min_distance = min(distances)

END

x = |xg — x|
y=lyo —nl ()
d(x,y) = max(|x|, |y]) + /(2 = 1). min(|x], [y])

d(x,y) represents the heuristic value, x = |x, — x;|means Calculating the difference between the x-
coordinate of the current point and the goal, y = |y, — v, | refers to calculating the difference between the y-
coordinate of the current point and the destination, max(|x|, |y|) is the maximum value of the difference in x
and y coordinates. This represents the most significant number of steps required if we only moved diagonally.
Meanwhile, min(|x|, |y|) is the minimum value of the difference in x and y coordinates. This represents the
smallest number of required steps if we only moved diagonally. Further, V2 covers calculating the square root
of 2, which is the length of the diagonal in the grid. \/ (2 — 1).min(]x]|, |y]) means multiplies the diagonal
length by the minimum value of steps, which represents the number of steps required to move diagonally and

the number of steps already calculated horizontally or vertically. max(|x|, |y|) + \/(2 — 1).min(|x], [y]) is
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the return of the number of horizontal/vertical steps (the largest between dx and dy) plus the number of diagonal
steps, which is the approximate octile distance between the current point and the destination.

2.3.2. Manhattan Heuristic

The A* algorithm represents the shortest path-finding algorithm for path planning [28]. The Manhattan
heuristic was used to measure the distance between two points on the grid based on horizontal and vertical
movements only. Point x is the updated start point, while y covers the destination point obtained from the
processing results of the octile distance algorithm in the first condition. The Manhattan heuristic formula refers
to equation (3) [29], [30]. Pseudocode 6 illustrates that robot motion between the initial point and the final
point along the contour is conducted using A*, with the heuristic employed being Manhattan. The heuristic
value can be observed in f* score. The total A* value or grid was passed based on the minimum value of /" score,
which was then added to the g_score value.

Pseudocode 6: A* with Manhattan heuristic
f score[neighbor] = new_g + heuristic (neighbor, end) < equation (3)

d(x,y) = X% + yil 3)

d(x,y) means point to be executed, x; means the coordinate of the i-th x point, and y; means i-th x-is point
coordinate.

2.4. Path Planning of a Mobile Robot

A laboratory is the site of research or experimentation. It may be a building or a room dedicated to this
purpose [31]. When controlling a robot, the selection of the right path becomes a fundamental problem [32].
Consequently, the objective of path selection or planning is to assist the robot in identifying the shortest or
most optimal route between two points (Field [33]). In some cases, the optimal path is different from the
shortest path [34]. Nevertheless, it is subject to a number of criteria, including the minimization of the number
of turns or robot movements without colliding with obstacles [35]. Path selection systems on robots can be
categorized into several types, including optimal path selection in robot work areas and robot work area maps
[36]. Path selection of robot motion can be performed using single stage and dual stage. Path planning for a
single stage represents the robot movement based on the list of contours obtained from object detection. While
the dual stage for robot motion is divided into 2 stages, the first stage is grouping contours based on groups
and the second stage is completing contours based on the largest group to the smallest group.

2.4.1. Path Selection using Single-Stage

In single-stage path selection, the BFS and A* algorithms are compared to find the fastest path and clean
dust in the detected contours [37]. The heuristic employed was the Octile distance heuristic for designing
contours using the Greedy algorithm. For single-stage BFS, pseudocode two is provided in pseudocode 7.

Pseudocode 7: Single Stage BFS
START

// Path Completion
. Find the nearest contour point to the Start point using Octile Heuristic
. Calculate the distance from the Start point to the nearest contour point
. Execute the path using BFS to find the closest path
. Update the Start point to the nearest contour point
. Find the nearest point inside the contour using Greedy Algorithm
. Execute the path using BFS to find the closest path
. Update the Start point to the last executed point
. Check if all contour areas are completed
- If no, repeat from step 1
- If yes, proceed to STOP

0NN B W~

STOP

In pseudocode 7, the robot will start its movement following the contour list obtained from object
detection. The shortest point between the destination point and the starting point can be identified from the list
using the octile heuristic. Subsequently, the A* algorithm was employed to determine the optimal motion path
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between the destination point and the start point. Once the destination point was identified, it was removed
from the obstacle list, and the latest updated start point was recorded. Subsequently, the point that must be
resolved in the contour employs the greedy algorithm. This process continued to repeat until all the contour
lists were resolved and the robot returned to the stop point.

The difference for the single stage A* is in solving the closest path between the updated start point and
the destination point at the beginning of the contour obtained from the octile heuristic formula. The difference
is presented in pseudocode 8. For solving inside the contour, it is the same as single-stage BFS.

Pseudocode 8: Single Stage A*
3. Use A* (Manhattan Heuristic) to find the shortest path from the Start point to the nearest contour point
6. Execute the path using A* (Manhattan Heuristic) to find the closest path

2.4.2. Path Selection using Dual-Stage
Dual-stage path selection represents an advancement from single-stage path selection, which fails to
consider the contour area. For dual-stage pathfinding, the contour area serves as the main key [38], [39]. The
robot is guided by the largest contour area [40], [41].
In dual-stage path selection, there are two stages for robot motion being utilized, as described in the following,
a) The first stage was used to group contours based on the area obtained from image processing. From the list
of contours obtained, it was grouped based on formula (1).

Pseudocode 9: groups contour
Read Excel file into a pandas DataFrame df
Remove commas from 'Area’ column and round the values
Sort df based on 'Area’ column
Group data by 'Label' and 'Contour Number' into grouped_data
Flatten grouped data into flattened data
Initialize grid_world object with dimensions m=96 and n=54
Initialize an empty list obstacles
Initialize an empty set checked
For each obstacle in flattened data:
Add obstacle to grid world
If obstacle is not in checked, add it to obstacles list
Initialize an empty list obstacle groups
For each obstacle in obstacles, perform flood fill on grid world, update checked, and append to obstacle groups
Remove empty obstacle groups from obstacle groups
Sort obstacle groups based on their length (number of cells) < Equation (4)
Combine obstacle groups based on their length into obstacle groups combined

T
On =1 4)

Equation (4) shows the pheromone, with n representing the value of each division of the grouping, Tg
is the total grid value of the black-colored grid, and On is the nth barrier group obtained from the total grid
divided by 2 for each grouping. Pheromone 1 results are summarized in Table 1. Table 1 illustrates the
utilization of six groups for contour grouping, which facilitates the robot's ability to discern which portion of
the contour requires immediate attention. The sequence of groups that must be addressed initially is 1-2-3-4-
5-6.

Table 1. Obstacle grub division is based on the number of grids.
n  number of Grids (On) Group Range Group

0 5184 0 -

1 2592 0 -

2 1296 1 grid > 1296

3 648 2 648 < grid > 1296
4 324 3 324 < grid > 648
5 162 4 81 <grid > 324

6 81 5 40 < grid > 81

7 405 6 0 <grid > 40
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b) The second stage was the selection of the largest contour area to be completed by the greedy algorithm.
The starting point of the contour was determined by comparing the same contour in the grub using the A*
algorithm (Octile heuristic function) and followed by the selection of the shortest path at the beginning of
the path to the starting point of the contour using the A* algorithm (Manhattan heuristic). Completion of
the area within the contour was determined using A* (Octile distance function), and solving within the
contour was performed using the Greedy algorithm [42], [43], which can be seen in Pseudocode 10.

Pseudocode 10: Dual stage A*
START

// Stage 1: Grouping Contours

1. Find the largest contour group

2. Get the closest contour point to the Start point using Octile Heuristic

3. Compare which contour has the closest point to the Start point

4. If multiple contours are the same, find the nearest path from the contour point to the Start point using A*
(Manhattan Heuristic)

5. Update the Start point to the closest contour point

// Stage 2: Path Completion
6. Find the nearest path within the contour using Octile Heuristic
7. Get the closest point from the contour start point to the point to be executed
8. Execute the path using A* (Manhattan Heuristic) to find the closest path
9. Use Greedy Algorithm to complete the path within the contour
10. Execute the path using A* (Manhattan Heuristic) to find the closest path
11. Update the Start point to the last executed point
12. Check if all contour areas are completed
- If no, repeat Stage 2
- If yes, proceed to STOP

STOP

2.5. Energy Consumption

Energy consumption is a critical factor in the operation of mobile robots, particularly in tasks such as
cleaning where the robot must operate efficiently to conserve energy and complete its tasks effectively. This
section details the methodology used to simulate and analyze the energy consumption of the robot during its
operation. As the research is based on simulation, energy consumption was evaluated by estimating motor
power usage and vacuuming under different conditions. The movement of the robot for single-stage and dual-
stage requires energy consumption [44]. The division of energy into three states is presented in Fig. 1. Where
2t represents the energy consumption for the robot moving forward without sucking coal dust, 3t is the energy
consumption for the robot moving forward and vacuuming coal dust, and 4t is the energy consumption for the
robot turning left and right and performing vacuuming.

g =
5

(a) (b) (©

Fig. 1. (a) energy consumption for 2t, (b) energy consumption for 3t, (b) energy consumption for 4t

2.6. Evaluation using t-test

T-test in path planning involved systematically evaluating and comparing the performance of three path
planning algorithms (single stage BFS, single stage A*, and dual stage A*) in finding optimal paths in complex
environments [45]. This testing aims to ascertain the efficacy of these algorithms in identifying the right path
efficiently and according to the set criteria. The path planning test included the Environment, Test Scenario,
and Evaluation Metrics [46]. The environment can be a grid, two-dimensional space, or any other simulated
environment that reflects the conditions encountered in practical applications [47]. The test scenario included
the start point, endpoint, and destination location in contours that must be traversed [48]. Evaluation metrics
were used to measure the performance of the path-planning algorithm. Some common metrics used are path
cost, execution time, and path quality [49]. Path cost (C) represents the total cost of the path taken by the robot,
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calculated as the sum of the costs of all segments in the path, considering factors such as distance traveled and
energy consumed [50]. Execution time (T) measures the total time taken by the algorithm to compute the path
from the start to the goal, indicating the algorithm's efficiency[51]. Path quality (Q) evaluates the smoothness
and efficiency of the path, considering factors such as the number of turns and deviations from the optimal
path. These metrics were collected from multiple simulation runs for each algorithm, providing a robust dataset
for statistical analysis. A series of t-tests were conducted to compare the effectiveness of different approaches,
providing a comprehensive assessment of the algorithms' performance in various scenarios.

3.  RESULTS AND DISCUSSION
3.1. Object Detection

Data collection was carried out eight times. The coal dust utilized in each experiment weighed 100 grams.
The distance between the tripper and the floor was 1m, with a random distribution area. Fig. 2 shows the results
of object detection from the camera. In accordance with the method used, a grid containing dust less than 100
pixels is eliminated. The contour list is numbered based on the obstacle group, starting from the smallest
obstacle group value to the largest obstacle group. The contour area of each tested image is illustrated in Fig.
3.

(b)

Fig. 2. (a) Camera shot results in test case #5, (b) Object detection results in test case #5
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Fig. 3. Contour area graph of each tested image
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The distribution of the contour area obtained from the random test results demonstrates that eight tests
were carried out. The largest contour area is in group 5, with a total grid area of 279. The lowest is in group 6,
with a total grid area of 2. The test images exhibit the most significant amount of area in test case #7 and the
least in test case #3.

3.2. Energy and Accuracy Used Using 3 Modellings
3.2.1. Single-stage BFS

Fig. 4 shows one example of testing the test data for test case #5, wherein the robot's motion starts from
path 4-3-2-1-6-5, with a total energy required of 1137981. In Fig. 4, all grids are signified by the color orange,
indicating that the robot has passed all grids, in accordance with the BFS theory where all grids will be passed
until the destination point is found. The robot moves from the right side to the left. If the robot is on the x-axis
of grid number 96, the robot will move rows and start from grid number 96 until it finds the destination point
and snakes. This process will persist until all searches for updated start paths to the contour are completed.

Fig. 4. Robot motion in test case #5

3.2.2. Single-stage A*
Fig. 5 presents one example of testing the test data of test case #5, where the robot's motion starts from
path 4-3-2-1-6-5, with a total energy requirement of 2147.

Fig. 5. Robot motion in test case #5
3.2.3. Dual-stage A*

Fig. 6 shows an example of testing the test data of test case #5, where the robot's motion starts from
path 6-5-2-3-4-1 and has a total energy requirement of 2496.

T
aaaua

Fig. 6. Robot motion in test case #5
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3.3. Comparison between Single Stage and Dual Stage

The grid completion was garnered from the average ratio between the number of grids passed in each
algorithm and the number of grids to complete. As illustrated in Fig. 7, single-stage BFS modeling is markedly
ineffective due to the prolonged time required for completion. This is evidenced by the average number of
grids that must be completed, which is approximately 687 times. In the case of single-stage A*, the grid
completion is approximately 1.6 times the grid that must be completed. In contrast, for dual-stage A*, the grid
completion is around 1.7 times the grid to be solved. Single-stage A* is the most effective pathfinding method,
followed by dual-stage A* and single-stage BFS. For instance, single-stage A* requires approximately 0.1
fewer times compared to dual-stage A*.

As illustrated in Fig. 7 and Fig.8, the greater number of passed grids represents higher required energy.
This is further substantiated in Fig. 9, which depicts that the single-stage BFS algorithm necessitates the highest
energy consumption. Conversely, the single-stage A* algorithm exhibits the lowest energy consumption. The
average difference in energy consumption between dual-stage A* and single-stage A* is 169.

Heatmap of Total Grid Skipped Table

Number of grids to complete - 348 388 506 429 510 464 509 581 500000
400000
Single Stage BFS - 219786 212968 32 345656 sosols RELEREN 317521 302264
300000
single Stage A* - 576 772 752 694 700 470 866 856 _ 200000
Dual Stage A* - 600 736 860 650 870 716 976 950 [ 100000

: ' | ! ! \ : '
Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test
Image processing results

Fig. 7. Graph of settlement results using single-stage and dual-stage

Heatmap of Total Grid Based on Energy Consumption Share
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Fig. 7. Graph of total grid based on energy consumption share

When the robot moves to a grid with no dust (2t), all three algorithms transverse through a larger number
of grids than when the robot moves to a grid with dust (3t and 4t). Single stage BFS (2t) has a larger total grid
than single stage A* (2t) and dual stage A* (2t). For single stage A* (2t) and dual stage A* (2t), the pathfinding
is nearly identical and more effective than single-stage BFS (2t). For path completion within the contour, all
three are almost equally efficient.

Heatmap of Total Energy Table 1e6
Single Stage BFS - 440094 426554 971404 692006 1137981 277040 635847 605426 Lo
0.8
Single Stage A*- 1658 2162 2244 2085 2147 1276 2537 2609 0.6
- 0.4
Dual Stage A*- 1716 2097 2470 1994 2496 1767 2741 2788 -0.2
| ' ' ' I I | !
Test 1 Test 2 Test 3 Test 4 Test 5 Test & Test 7 Test 8

Image processing results

Fig. 8. Total energy graph
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Table 2. Performance of the three Algorithms
Performance (second)
Single Stage BFS  Single Stage A* Dual Stage A*

Image processing results Number of grids to complete

Test 1 348 1230 29 2582
Test 2 388 1172 36 262
Test 3 506 3870 292 43
Test 4 429 4051 30 29
Test 5 510 4105 44 358
Test 6 464 366 142 20
Test 7 509 1515 26% 28
Test 8 581 1602 252 30
*best performance

The real time performance measured is in simulating the motion of the robor from the start point to the
stop point, without comparing with the actual robor motion in the field. As illustrated in Table 2, the
performance of the three algorithms shows that Single Stage A*'s computation time is almost similar as Dual
Stage A*'s, while BFS requires much longer computation time. Single Stage A* demonstrates superior
performance in four test images, while Dual Stage A* performs best in four other test images.

Fig. 10 shows a test case of dual-stage A* performing best compared to single-stage A*. The test results
demonstrate that dual-stage A* exhibits superior performance when the contour group difference between
contours is pronounced (test cases #1, #2, and #4) and the largest contour grub is situated in grub 4 (test cases
#1, #4, and #5).

For the test case Fig. 11, the optimal performance of single stage A* is contingent upon the proximity of
the contour group. To illustrate, the group identified within the processed object detection between group 4 and
group 5 (test case #3, test case #6, and test case #8), and in instances where the number of contours is
considerable (test case #7), will yield superior results when the aforementioned proximity is maintained.

(c) (d)
Fig. 9. (a) test case #1, (b) test case #2, (c) test case #4, (d) test case #5

Table 3 presents that the Single Stage BFS completion and Single Stage A* trajectories are the same. Both
algorithms prioritize the removal of coal dust in the vicinity of the initial point of departure and the updated
starting point, effectively disregarding the surrounding contour area. Conversely, Dual Stage A* addresses the
largest contour first and progresses to the most minute contour. An illustrative representation of the traversed
path for the test can be observed in Fig. 4, Fig. 5, and Fig. 6.

Optimizing Cleaning Path for Coal Dust Removal Using Dual Stage Tracking Method (Ira Kumalasari)


http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&

954 Jurnal Ilmiah Teknik Elektro Komputer dan Informatika (JITEKI) ISSN: 2338-3070
Vol. 10, No. 4, December 2024, pp. 942-959

B TR

(c) (d)
Fig. 10. (a) test case #3, (b) test case #6, (c) test case #7, (d) test case #8.

Table 3. Path trajectory of each test

Image processing Trajectory
results Single Stage BFS Single Stage A* Dual Stage A*

Test 1 2-3-1 2-3-1 3-2-1

Test 2 9-1-5-7-4-2-3-6-8 9-1-5-7-4-2-3-6-8 9-8-7-5-1-4-2-3-6

Test 3 7-2-1-6-8-5-4-3 7-2-1-6-8-5-4-3 8-7-6-5-4-1-2-3

Test 4 2-1 2-1 2-1

Test 5 4-3-2-1-6-5 4-3-2-1-6-5 6-5-2-3-4-1

Test 6 1-2-8-6-3-7-4-5 1-2-8-3-7-4-6-5 8-7-3-6-5-4-2-1

Test 7 3-13-14-6-11-1-2-15-17-16- 3-13-14-6-11-1-2-15-17-16- 16-17-15-2-7-1-11-12-6-14-
9-4-5-8-10-12-7 9-4-5-8-10-12-7 5-4-9-8-3-13-10

Test 8 7-5-1-8-6-9-2-3-4 7-5-1-8-6-9-2-3-4 9-8-6-7-5-1-3-4-2

3.4. Comparison between Single Stage and Dual Stage evaluation using t-test

From Table 4, the results of the T-test analysis indicate a significant difference between the Single Stage
BFS algorithm and the Single Stage A* and Dual Stage A* algorithms in terms of the total energy used and the
number of grids traversed. Single Stage BFS has a mean total energy of 648294 with a standard deviation of
287462.3, which is much higher than Single Stage A* with a mean of 2089.75 and a standard deviation of
439.25. The exceedingly small p-value (8.86947E-06) confirms this significant difference. Analogous
outcomes are observed when contrasting the Single Stage BFS with Dual Stage A*, where a p-value of
8.89411E-06 substantiates that Single Stage BFS uses much more energy than Dual Stage A*. Therefore, the
Single Stage A* and Dual Stage A* algorithms are the most efficacious in terms of energy efficiency.

Table 5 illustrates that the Single Stage BFS algorithm traverses a significantly greater number of grids
than both Single Stage A* and Dual Stage A*. The mean total grid traversed by the Single Stage BFS algorithm
is 323,812.25, with a standard deviation of 143,677.51. In comparison, the mean traversed grids for Single
Stage A* and Dual Stage A* are 710.75 and 794.75, respectively. The p-values of 8.83449E-06 and 8.85892E-
06 for the comparisons with Single Stage A* and Dual Stage A* indicate a statistically significant difference.
However, the comparison between Single Stage A* and Dual Stage A* indicates no significant difference in
the number of grids traversed, with a p-value of 0.120079071. With respect to the number of traversed grids,
the Single Stage A* and Dual Stage A* algorithms demonstrate superior performance relative to Single Stage
BFS.

As presented in Table 6, the Single Stage BFS algorithm exhibits significantly inferior performance
compared to both Single Stage A* and Dual Stage A*. With a mean performance of 2238.875 and a standard
deviation of 1512.81, Single Stage BFS performs much less than Single Stage A* with a mean of 29.125 and
Dual Stage A* with a mean of 29.5. The relatively small p-values (0.000508904 and 0.000509577) serve to
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confirm the significance of this observed difference. Nevertheless, no significant distinction in performance is
evident between Single Stage A* and Dual Stage A*, as indicated by a p-value of 0.462622907. In terms of
performance, both Single Stage A* and Dual Stage A* are the most effective, demonstrating that these two
algorithms are more efficient and effective than Single Stage BFS.

Table 4. The result of the t-test total energy
Single Stage Bfs  Single Stage A*  Dual Stage A*
Mean 648294.00 2089.75 2258.63
Deviasi 287462.30 439.25 421.94

P-value - 8.86947E-06
P-value - 8.89411E-06
P-value - 0.222987722

Alpha (0)=0.05

Table 5. The result of the t-test total passed grid
Single Stage Bfs  Single Stage A*  Dual Stage A*

Mean 323812.25 710.75 794.75
Deviasi 143677.51 134.78 139.08
P-value - 8.83449E-06

P-value - 8.85892E-06
P-value - 0.120079071

Table 6. The result of the t-test performance
Single Stage Bfs  Single Stage A*  Dual Stage A*

Mean 2238.875 29.125 29.5
Deviasi 1512.81 8.66 6.95
P-value - 0.000508904

P-value - 0.000509577
P-value - 0.462622907

The results of the testing demonstrate that the Dual Stage A* algorithm is the best among those tested,
demonstrating superior efficiency and performance in various measured aspects. The Dual Stage A* algorithm
was observed to exhibit superior energy efficiency compared to Single Stage BFS, with a notable discrepancy
(p-value of 8.89411E-06). Furthermore, this algorithm traverses a significantly smaller number of grids than
Single Stage BFS, with a p-value of 8.85892E-06. The results demonstrate that Dual Stage A* outperforms
Single Stage BFS in terms of mean performance, with a significantly lower value (29.5 compared to 2238.875)
and a very small p-value (0.000509577). Although there is no significant difference in energy usage and the
number of grids traversed between Single Stage A* and Dual Stage A*, the performance of Dual Stage A*
remains slightly superior, with a lower standard deviation (6.95 compared to 8.66), indicating greater
consistency.

This research addresses the gap between the detection of coal dust using camera-based robots and the
optimization of cleaning through advanced motion planning algorithms. By effectively integrating these
components, the study enhances operational efficiency and safety and lays the groundwork for predictive
maintenance strategies in industrial cleaning applications. Future developments could focus on real-time
adaptation to dynamically changing dust patterns and further refinement of motion planning algorithms to
maximize efficiency in various environmental conditions.

This research offers a valuable contribution to the advancement of robotics technology for automated
cleaning applications in industrial environments. By focusing on the integration between object detection using
cameras and navigation algorithms such as Single Stage A* and Dual Stage A*, this research highlights the
potential for improving operational efficiency and workplace safety. The findings demonstrate that using the
Dual Stage A* navigation algorithm can reduce the time to complete the robot's journey and optimize the
required energy consumption. This has positive implications for reducing operational costs and increasing
productivity in industrial sectors that require regular cleaning of hazardous or dusty areas. However, the
discussion should prioritize enhancing the integration between object detection and robot navigation to provide
a more holistic and effective solution in practical applications.

On the other hand, this research also identified deficiencies that must be addressed in developing and
implementing this technology. One of the primary challenges is the system's reliance on the camera's image
quality and object detection accuracy. The system's overall performance may be affected by variability in
environmental conditions, such as changes in light or irregular dust patterns. Furthermore, the intricacy of
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implementation on an industrial scale necessitates a meticulous approach to risk management and integration
with existing infrastructure. Additional consideration should be given to safety, particularly in interactions
between robots and human workers in dynamic and potentially hazardous work environments. Ongoing
discourse should culminate in initiatives to address these challenges by developing more reliable technologies
and integrative solutions that can be more widely adopted across industries.

4. CONCLUSION

This study presents a detailed exploration of single-stage and dual-stage path planning algorithms,
specifically BFS, A*, and Greedy, for optimizing the navigation of mobile robots in complex environments.
The simulation results indicate that while single-stage algorithms, such as BFS and A*, are effective in certain
scenarios, the dual-stage approach provides significant improvements in handling larger contour areas by
grouping and prioritizing them. This leads to more efficient path planning and better utilization of the robot's
capabilities. The evaluation metrics, including path cost, execution time, and path quality, demonstrate the
superiority of the dual-stage algorithm in achieving lower path costs and higher path quality compared to
single-stage methods.

Future work will focus on real-time performance evaluations and the integration of dynamic obstacle
handling to further enhance the practical applicability of the proposed algorithms. Additionally, exploring
ensemble methods and incorporating energy-based constraints into the pathfinding algorithms could provide
further improvements in robustness and efficiency. The study also acknowledges potential limitations, such as
the reliance on simulation data, which may not fully capture real-world complexities. Therefore, subsequent
research will involve validating the algorithms in real-world environments to ensure their reliability and
effectiveness in practical applications.
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