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Abstract. The study of robot research necessitates the exploration of path planning. The goal of
this paper is to enable multiple robots with different functions to reach the designated place
quickly and accurately in the orchard environment. In comparison, avoiding collisions,
deadlocks, and other complications. This paper has chosen to employ the upgraded A-star
algorithm in the global layer as its strategy. An improved DWA algorithm is used in the local
layer. In addition, the Voronoi graph method is introduced to limit the search area and solve the
obstacle avoidance problem of multiple robots. The left-turn method is applied to the deadlock
problem of multiple robots. Finally, the obstacle avoidance efficiency in a multi-obstacle
environment is simulated to verify the algorithm's effectiveness.
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1. Introduction
Agricultural products are becoming increasingly sought after annually [1]. At the same time, the world
is facing a labor shortage. As the world's population increases, so does the need for food. With the
development of artificial intelligence, agricultural automation can help ease the burden on farmers [2].
Fruit harvesting is one of the most laborious tasks in the agricultural industry [3]. Mobile robots can
move autonomously without the help of humans. When the robot needs to perform a particular action,
a control system coordinates the robot to complete all the steps. Mobile robotics includes the fields of
movement, perception, cognition, and navigation [4]. Many countries around the world have developed
cucumbers, peppers, apples, oranges, peaches, and other picking robots [5]. The use of robots for fruit
picking has been studied for three decades. One of the first results in this field was the identification of
fruit by a black-and-white camera for picking [6]. In the path aspect, the path planning is realized by
wheel track. At present, mobile robot path planning has made great progress. However, for agricultural
robots, the path planning development is not yet mature due to the more complex environment [7].

Since 1980, developed countries in Europe and Japan have conducted much research on fruit and
vegetable-picking equipment [8]. A tomato-picking robot developed by Japanese researchers in 1980
was moved by wheeled tracks [9]. The picking speed is 15s/ piece. In 2019, the cucumber-picking robot
developed by Yang Changhui's team at China Agricultural University had a picking rate of 80.51% and
an obstacle avoidance success rate of 75.79% [10]. Although much research has been done in many
countries, the efficiency of fruit-picking robots is still low. Consequently, Agricultural Robot motion
planning has recently become a highly sought-after area of study [11].

Fruit-picking robots must have a well-thought-out plan in place. The picking efficiency of the robot
is significantly impacted. The orchard's security is also compromised [12]. Path planning is not only
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necessary to help the robot find the optimal picking path. In orchards, the distribution of fruit is usually
uneven. Multiple robots must work together in an orchard for tasks such as picking and transporting. If
the robot picks randomly, it will waste time and energy [13]. Therefore, the path planning task for fruit-
picking robots requires the following points. First, find the shortest and fastest picking route. Secondly,
the robot must have the ability to avoid obstacles. Obstacles mainly include prohibited obstacles and
dynamic obstacles. Forbidden obstacles are mainly composed of environmental elements, including fruit
trees, fences, rocks, pools etc. [14]. A fruit-picking robot entering a pool, rocks, or trees can cause
damage to the robot. Dynamic obstacles mainly include robots completing other tasks and workers
moving freely. Collisions between robots can cause damage to machines. Simultaneously, it is essential
to guarantee the protection of laborers in the orchard [15].

This paper contains six parts. We introduce the background and importance of agricultural robots
and path planning. Then we introduce several related and important path-planning algorithms'
advantages, disadvantages, and background. Next, we introduces the mathematical derivation, process,
and principles related to our algorithm. The next part obtains the results of different algorithms and
actual operation results through simulation testing. Then we summarize and compares the existing
algorithms and our improved algorithm. Finally, we summarize our results and concludes with an
introduction to our future work.

2. Related Work

A multitude of factors hinder the development of path-planning algorithms. There are two types of early
path planning. One is the Dijkstra algorithm proposed by Edsger W. Dijkstra in 1956 [16]. However,
Dijkstra's algorithm has some limitations. For example, Dijkstra's algorithm can only calculate correctly
in graphs with non-negative weights. In addition, dynamic graphs are recalculated every time,
dramatically affecting work efficiency.

Furthermore, Dijkstra's algorithm cannot consider more complex requirements for practical
applications [17]. In 1958, Richard Bellman and Lester Ford independently created the Bellman-Ford
algorithm, which was one of the earliest approaches to the problem [18]. Bellman-Ford addresses the
issue of Dijkstra's algorithm's inability to accommodate negative weights. Dynamic programming forms
the foundation of the Bellman-Ford algorithm. Therefore, it is much easier to implement than Dijkstra's
priority queue. It can also be used for preprocessing of more complex algorithms. However, like Dijkstra,
Bellman-Ford's algorithm only works in dynamic environments. Because when the environment
changes, it needs to recalculate the path. It will undoubtedly waste computing power and reduce
efficiency. To sum up, the Bellman-Ford algorithm is superior to the Dijkstra algorithm in an
environment with negative weight. If there is no negative weight, Dijkstra's algorithm is more efficient.

A star algorithm was proposed by Peter Hart, Nils Nilsson, and Bertram Raphael in 1968 [19].
Dijkstra's algorithm is integrated with a heuristic function in a star algorithm. It surpasses Dijkstra’s
algorithm in terms of efficiency. Dijkstra's algorithm prioritizes breadth, while the search lacks visibility.
Moreover, always find the overall optimal path. However, A star algorithm depends on selecting a
heuristic function, and setting parameters will significantly affect the search efficiency. In addition, the
above algorithms are limited to raster maps.

In 1980, with the development of robotics, path planning became a hot issue again and broke through
the form of raster maps that could be applied to high-dimensional Spaces. In the year 2000, a technique
of random selection was suggested. Rapidly exploring Random Trees (RRT) and Probabilistic
Roadmaps (PRM) are two classical methods of random sampling. RRT algorithm can explore ample
space quickly and be applied to high dimensional space [20]. Nevertheless, the RRT algorithm usually
cannot find the optimal path. Furthermore, the results obtained from each calculation may be different
and are random. LE Kavraki first proposed the PRM algorithm, P Svestka et al. in 1996 [21]. The PRM
algorithm first sets some sampling points in the environment. Then, remove the issue in the obstacle.
Next, connect the sampling points with line segments. Then, drag the line of the farther point and the
line through the obstacle. Finally, the Dijkstra or The star algorithm determines the distance between
the starting point and the endpoint through calculations. This method simplifies planning space so paths
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can be found quickly and efficiently. The PRM algorithm is suitable for high-latitude robot planning.
The PRM algorithm requires a considerable amount of time to construct a map, and the resulting maps
may take up a considerable amount of storage capacity. Due to the complexity of the orchard
environment, dynamic map planning ability needs to be improved.

The Voronoi diagram is also called Dirichlet tessellation. In 1908, Ukrainian mathematician Georgy
Voronoi began research and proposed the foundation of Voronoi [22]. With the development of
computer technology, Voronoi diagrams have also made outstanding contributions to robot path
planning. Lloyd's algorithm takes advantage of the non-overlapping nature of the buffered VVoronoi cell
(BVC) and uses sensors to collect data in a convex environment [23]. Typically, the seed resides within
the BVC due to the inherent uncertainty of the robot. Ding designates the robot's location as a zone of
unpredictability (UV)[24]. This approach confines the robot to the Veno cell to ensure a safety buffer
between the robot and the obstacle. Subsequently, Chen suggests the utilization of the convex uncertain
Voronoi (CUV) diagram to guarantee the robot's security [25].

3. Problem Formulation
In the 1990s, two algorithms, the Dynamic Window Approach (DWA) and the Space-Time A*
algorithm, were developed to address the challenge of dynamic environment planning and moving
obstacles in intricate settings [26]. The DWA algorithm is a component of the local path planning
algorithm. The DWA algorithm establishes a velocity space (v,0) based on the present location and
speed of the mobile robot. The robot's path at these velocities is subsequently computed. The trajectory
is assessed by the evaluation function. Subsequently, the velocity that aligns with the ideal path is chosen
as the velocity of the robot. In the end, continue cycling until the mobile robot arrives at the intended
location. The DWA algorithm is capable of swiftly responding to any hindrances in its surroundings.
Therefore, the DWA algorithm suits local path planning in an unknown environment. However,
DWA is primarily concerned with local navigation. So, DWA is only sometimes able to find the global
optimal path. Moreover, falling into deadlocks or obstacle avoidance difficulties in complex
environments is easy. Space-Time A* (STA¥*) uses a time-space grid [27]. Each represents a specific
location and time. If another robot arrives at position X at time T. This location will not be available to
other robots. STA* avoids obstacles at specific locations at specific times. However, the computing
requirements are often more significant. STA* is typically used in multi-robot systems or highly
dynamic environments. Orchard environments are complex but do not require many robots working
simultaneously. Therefore, STA* is not suitable for orchard environments. The Voronoi diagram
algorithm offers a method for circumventing obstacles in order to maintain the highest possible distance
between the robot and the obstacle. The Voronoi graph algorithm initially utilizes the boundary points
of obstacles within the surroundings to produce Voronoi graphs. The robot will traverse the periphery
of the Voronoi diagram. Subsequently, employ either Dijkstra's algorithm or A star algorithm to
determine the most efficient route connecting the initial and final points. The Voronoi graph algorithm
fails to determine the most direct route. Despite this, he is able to maintain a safe distance between the
robot and any hindrances. By making the path strategy smoother, we can get good results.

3.1. Astar

The heuristic function is utilized by a star algorithm. The actual consumption from the node to node n
is denoted by g(n), while the estimated consumption from the node to the target node is represented by
h(n) [28]. This calculation is more effective than Dijkstra's algorithm [28].

f(n) = g(n) + h(n) )

A heuristic search is employed by a star algorithm to regulate the expansion of nodes. The
fundamental concept of this approach is to determine the path nodes by means of the evaluation function.
Slowly advance towards the desired location by enlarging the subordinate nodes. Go from the beginning
to the end to create a plan of action. A star algorithm is depth-first to reduce search volume. The
advantages of the A star algorithm are simple, fast, and adaptable to global static programming. However,
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there is room for improvement in path smoothness, locally optimal path, and path planning in dynamic
environments. The detailed steps of the A star algorithm is shown in Figure 1.

Starting from the starting node S, point s is used as
the surrogate detection point and placed in the open-list.

Y

Look for nodes
around node s (up to 8). Put them on the open-list.

'

Delete nodes in the open-list. Put S in the close-list
(points in the close-list do not need to be detected).

Y
Calculate the cost function F(n).

G(n) represents the movement cost from the starting
node to the specified node. H(n) represents the expected
consumption from the specified node to the
endpoint. The calculation method of H(n) ignores
obstacles. Only move horizontally, vertically, and at a 45-
degree Angle.

Select point a with the most petite F(n) value in the
open-list. Move point a from open-list to close-list.

Y

Check the adjacent and reachable squares around node
A. Obstacles and nodes in the close list are not
considered. Adds points that are not in the open-list to
the open-list.

Y

Find the smallest F(n) point from the open-list.
Furthermore, move the node from open-list to close-list.
Loop the process until the shortest path is found.

Figure 1. A Star flow chart

3.2. Rapidly exploring Random Trees (RRT)

As illustrated in Figure 2. The RRT algorithm considers the starting point of the root node and performs
spatial dot sampling. Select a point X (rand) at random from the given space and ascertain the nearest
node X (near) of X (rand); the branch's growth direction involves connecting two points. Subsequently,
establish a new starting point X (new) by determining the step size, which is the termination point of the
step size. This process is repeated until all obstacles are bypassed and the target point is reached [29].
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set X(init), X(goal), M

Random sampling X(rand)

YES
Xrand inside the barrier

delete Xi

Traverse through the node
collection to calculate the nearest
node X(near)

Generate a new node X(new) from
X(near) in stepsize steps

X(near) and X(new) line up Xi to
pass through obstacles

Add X(new) to the
collection and set the
X(new) parent node to

X(near)
NO T

stulate that the distance betwee
X(new) and X(goal) is less than the
stepsize

YES

Exit the loop and retrace the
path

Figure 2. RRT flow chart

3.3. Dynamic window Approach

The Dynamic Window Approach (DWA) is a technique that allows for the selection of paths at a local
level. DWA converts the robot's movement into velocity space. Regional path planning is performed
while following constraints. Despite this, the DWA algorithm rapidly descends into the local optimal
dilemma and cannot locate the global optimal path. Another disadvantage is that it is susceptible to the
environment. Recalculation is required when circumstances change. Therefore, it is not efficient in
complex environments.

The DWA algorithm first collects real-time velocity samples of the robot. The motion trajectories
generated in a period under the sample velocity are predicted and evaluated. The ideal path is chosen to
guide the robot's movement in accordance with the optimal path. The present linear and angular velocity
of the robot determines the kinematic depiction of the robot. DWA algorithm mainly has three steps:
velocity sampling, trajectory prediction, estimation, and evaluation [30].
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3.3.1. Velocity sampling. The environment and the speed of the robot motor mainly limit the robot's
speed. The robot has some limitations in velocity sampling space V; (v, w).

The first is the speed boundary limit, according to the maximum motor speed of the robot and
environmental restrictions. The velocity sampling space can then be described as 1;,,.

Vi = {0, @) | v € [Vimin, Vmax), © € [0min, Omax] } 2)

In the formula, v,,;,and v,,,4,are the robot's minimum and maximum linear velocities, respectively.
Wmin and Wmax are the minimum and maximum angular velocities, respectively.

The second is acceleration limitation, also due to the robot's motor limitations. The robot's linear and
angular acceleration are both constrained by boundaries. When the robot's acceleration and deceleration
are the same, the velocity sampling space V,; can be described as the following formula.

vE
V,=4{(v,w
={@o)

(3)

[UC ~ Wpnax X At,ve + Qomax X At]
[we — ay,, ., XA, w. +ay, X At]}
The final is the environmental obstacles limit. The robot must have real-time dynamic obstacle

avoidance ability in the orchard environment. Therefore, the constraint condition that the robot does not
collide with the surrounding environment at a particular time is expressed as V.

_)v € [vmin,\/Z -dist(v, w) - avmax] } (4)
w € [wmin:\/z -dist(v, ) - aa)max]

In the formula, dist(v, ) indicates the gap between the simulated path and the environmental
barrier in the present situation. When the robot is very close to the environmental obstacle, it will safely
avoid it with minimum speed. To put it succinctly, the robot's velocity sampling space is the point where
three velocity Spaces intersect.

V.=V,nV;NV, (5)

3.3.2. Generate Motion Candidates. After determining the sampling space V;, the DWA algorithm reads
the speed data at a specific sampling frequency. The sampling frequencies E,, and E,, of the linear and
angular velocities are set in the velocity space, respectively. The angular velocity can also be calculated
mathematically. The number of data sets of the sampling speed can be determined. As shown below, the
upper and lower limits of the velocity space for vy,ign, View: Whigh» Wiow-

n = [(Vhigh — View)/Ev] - [%W] o
After sampling a group of(v, w), trajectory prediction is made by the robot kinematics model.

3.3.3. Select Best Motion. After determining the range of velocity constraints, many simulated
trajectories obtained are evaluated and selected. Choose an optimal path corresponding to the speed of
the drive. This path is considered optimal in the current environment while satisfying the robot's dynamic
constraints. The evaluation formula is as follows.

Gv,w) = a(a - heading (v, w)) + a(ﬁ -dist(v, w))
+0(y - velocity(v, w)) (7)

In this equation heading(v, w)is the azimuth evaluation function. Its function is to evaluate the error
A6 of the Angle between the direction of the end position of the trajectory and the line of the target point
generated at the current sampling speed. Anddist (v, w) is the distance evaluation function measures the
proximity between the simulated trajectory and the obstacle at the present velocity. The
velocity(v, w) is a velocity evaluation function. It represents the magnitude of the current velocity,
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which can be expressed directly in terms of the magnitude of the current linear velocity. a, £, and y are
the coefficients of the evaluation function.

3.4. Buffered Voronoi Diagram
Voronoi diagrams can divide the plane according to a specific set of points. The Euclidean distance
between any two points p and g can be expressed as follows.

dist(p,q) = (px — 0:)* + (py — 4)° (8)

Let S be a set of distinct points p; in the plane, where i = 1,2,...,n. The VVoronoi region R(p;) for a
point p; is defined as:

— 2
R(p;) ={q € R? | Vp; € S\{p;},d(q,p) < d(q.p;)} C)
Environment and | The first step is to input the environmental
Obstacle Input< data, including obstacles and boundaries.<
Generation of This involves dividing the space into
Voronoi Diagram+’ regions based on the proximity to a set of

points or obstacles.<

A

Identification of The nodes (vertices) and edges of the
Nodes and Edges<’ Voronoi diagram are identified.<

l

Path Selection«

From the generated Voronoi diagram,

A\

potential paths are identified.<

Shortest Path Among the possible paths, the shortest or
Calculation<’ most efficient path is calculated.<

This route can be used for navigation,
Output of Planned ensuring safe and efficient travel avoiding
Route« obstacles.<

Adjustments and The path may need to be adjusted in

A\

Re-planninge response to changes, like moving obstacles

or new environmental data.<'

Figure 3. Several steps for path planning using VVoronoi diagrams

As shown in Figure 3. There are several steps for path planning using Voronoi diagrams. To begin
with, the robot's movement setting and the mobile robot's condition are established. The initial action is
to devise a route for every mobile robot, commencing from the initial point and concluding at the
endpoint, while partitioning the buffered VVoronoi cells to form the map. Subsequently, the mobile robot
commenced its journey along the designated path. Once the unit time has elapsed, all robots come to a
halt and proceed to redraw the buffered VVoronoi diagram. Subsequently, the robots recommence their
movement and replicate the procedure.
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4, Simulation

4.1. Astar

In Figure 4, the obstacle is represented by black, the robot's starting point is indicated by the red dot, the
robot's target position is indicated by the green dot, and the robot's trajectory is indicated by the green
line. There are two routes in the picture. The route above is shorter. When the path is clear, the robot
chooses the upper path. The robot determines the following path when we add an obstacle that blocks
the path. The A star algorithm is able to find the optimal path according to the simulation results. A
reliable path can be obtained by setting an appropriate heuristic function. This path can be used as a
reference path to participate in the evaluation function of the subsequent DWA algorithm.

" "y " ("n "y "

Figure 4. Simulation results of the A-star algorithm. The obstacle is represented by the black, the starting
point by the red dot, the end point by the green dot, and the planned path by the green line.

4.2. Rapidly exploring Random Trees

Likewise, in Figure 5, the red dot signifies the robot's initial location, the green dot denotes the robot's
desired destination, the black dot represents the obstacle's boundary, the blue dot indicates the randomly
generated endpoint, the blue line signifies the developed branch, and the red line signifies the ultimate
planned path. In the comparison of the two figures in Figure 5, we can see the comparison of the planned
route of the robot when there are obstacles and when there are no obstacles. The path of the robot is not
optimal when there are no obstacles. When there are obstacles, the robot can quickly get the general
direction of action. After smoothing the path curve, it can be used as an influence factor of the DWA
evaluation function. The approximate direction of the path obtained quickly can reduce the range of the
simulated way in DWA algorithm.

158



Proceedings of the 4th International Conference on Signal Processing and Machine Learning
DOI: 10.54254/2755-2721/79/20241597

Figure 5. RRT algorithm simulation results. The black circle represents the hindrance, the blue line
signifies the connection between arbitrary points, the red line signifies the intended route, the red point
signifies the commencement and the green point signifies the conclusion.

4.3. Dynamic window Approach

Figure 6 shows the simulation of the DWA algorithm. The red circle in the figure symbolizes the
hindrance, the blue line signifies the trajectory of motion, and the green region signifies the simulated
path. By comparing different barriers, it can be observed that when the obstacles are dense and complex,
the robot will fall into a dead end and cannot get rid of them.

Figure 6. DWA algorithm simulation results. The red circles are obstacles and the blue line is the final
path.

However, it has excellent responsiveness to moving obstacles and unknown environments by taking
the path of the A star algorithm as the impact factor of the evaluation function. The general direction
provided by the RRT algorithm can avoid the situation where the robot is trapped in a local dead end.
Although this algorithm requires a lot of memory, it will significantly improve the practical effect of
DWA. This approach solves the situation where the DWA would be stuck in a local dead end. It also
reduces the number of simulated paths generated to improve speed by providing a strategy of general
direction.

4.4. Buffered Voronoi Diagram

As shown in Figure 7. Gray squares are obstacles. Different colored circles represent the robot's position.
Rectangles of different colors represent robot buffer distances. Lines of different colors represent the
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robot's final movement trajectory. It can be seen that the buffer area changes when the robot is closer to
obstacles or other robots. Constrain the robot's predicted trajectory within the buffer area. This approach
facilitates the avoidance of obstacles between robots and robots, as well as between robots and obstacles.

Figure 7. Gray squares are obstacles. Different colored circles represent the robot's position. Rectangles
of different colors represent robot buffer distances. Lines of different colors represent the robot's final
movement trajectory.

5. Results and Discussion

As shown in Figure 8, the first picture shows the path generated by the RRT algorithm and the results
of the improved DWA algorithm. In the figure, the dark blue line is the path forged by RRT, and the red
line is the final planned path of RRT. Light blue is the robot's actual running path. Without departing
from the main course of RRT planning, it has good results in both global optimal and local optimal. And
benefit from RRT's fast path generation at the beginning of a movement. Robots can run faster when
facing complex environments during actual activities. This is reflected in exercise time. When only
using the original DWA algorithm, the time to reach the endpoint in this environment is 1 minute and
04 seconds. The running time is 47 seconds, with RRT pre-obtaining the path and factoring it into an
evaluation function. Without considering the time required to pre-compute RRT path planning, the
efficiency is increased by approximately 36%. The effect of this improvement is pronounced in actual
use.

0 00000000000000,

¥

(o 0o o o o o (o o o o o o o )

Figure 8. Enhance the outcomes of the DWA algorithm simulation. Obstacles are symbolized by circles,
running paths are indicated by blue lines, and paths generated by RRT are represented by red lines.
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6. Conclusion

This paper introduces the development history and prospects of fruit-picking robots. Next, six path-
planning algorithms with good results are introduced, and our improved algorithm is proposed. First,
the RRT algorithm is used to build a map environment quickly, and the PRM algorithm is used to build
a more detailed map environment after reaching a certain threshold. Subsequently, the evaluation
function of the DWA algorithm incorporates the path obtained through the A star algorithm, which
emphasizes the global shortest path, and the VVoronoi graph algorithm, which emphasizes robot safety
and enhanced obstacle avoidance efficiency. In practical application, the weights of different influence
factors of different robot path-planning evaluation functions can be changed according to the structures
and work needed to achieve the robot's safety and efficiency. Finally, our hypothesis is verified by
simulation data. The results of the simulation experiment agree with the prediction. Picking robots on
the map can efficiently realize path planning and avoid collision problems. This result shows that our
proposed path-planning strategy and obstacle avoidance effect are feasible. Simulation experiments
preliminarily verify the feasibility of our algorithm in an ideal MATLAB environment. Next, our work
is to continue to find the feasibility of this algorithm in practical applications and other influencing
factors. Moreover, we improved our algorithm to improve work efficiency. We will continue to improve
the path-planning algorithm in the future. At the same time, issues such as global optimality, local
optimality, and dynamic obstacle avoidance are considered. Moreover, apply theoretical research to
actual agricultural robots to test the results.
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