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Abstract: This paper presents a hybrid path planning system for orchard weeding robots that integrates U-shaped and
Z-shaped patterns to generate a global path, ensuring effective coverage of weeds beneath fruit trees. The hybrid path
combines the short traversal distance of the U-shaped strategy with the high coverage rate of the Z-shaped strategy. Local
path planning, enabled by the Dynamic Window Approach (DWA), ensures real-time obstacle avoidance and smooth
turning. Simulations in Gazebo validate the system, showing that the hybrid path reduces traversal distance compared to
the Z-shaped path and improves coverage compared to the U-shaped path, while ensuring safe and efficient navigation in
dynamic orchard environments.
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1. INTRODUCTION

As the demand for automated agricultural manage-
ment continues to grow, the development of orchard
robots has become increasingly important [1]. Among
various operations, inter-row weeding remains particu-
larly challenging, as it requires autonomous navigation
to ensure complete coverage of the target area [2], while
accounting for the limited operation range of the weeding
robot. However, traditional row-based navigation strate-
gies often struggle to adapt to the unstructured nature of
orchard environments, where irregular tree spacing poses
significant challenges to reliable and efficient operation.
In such settings, effective navigation becomes particu-
larly critical.

Recent literature suggests that global path planning
in an unknown environment typically involves four key
steps: environment modeling, path generation, path op-
timization, and local path navigation [3]. To support
global navigation in unknown and unstructured environ-
ments, accurate mapping and localization are required.
To overcome the limitations of positioning and modeling
in such environments, modern approaches increasingly
adopt Simultaneous Localization and Mapping (SLAM)
techniques, which enable robots to perform localization
without relying on the Global Navigation Satellite Sys-
tem (GNSS). In orchard scenarios, GNSS signals are
often blocked by dense tree canopies, resulting in re-
duced positioning accuracy. Therefore, SLAM tech-
nology is particularly critical in these environments [4].
SLAM systems based on LiDAR and vision sensors have
demonstrated strong potential for autonomous operation
under GPS restricted conditions, and their performance
has been validated in simulation environments such as
Gazebo [5] and real environment [6].

To achieve effective traversal in specific environments,
common robot paths include the spiral, U-shaped, and
Z-shaped patterns [7]. The spiral pattern is often used
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for covering an area from the outside in, making it suit-
able for tasks that require sweeping a large area [8]. The
U-shaped pattern is applied in narrow, uniformly spaced
rows to minimize turning and traversal time, making it
an efficient choice for orchards with regularly spaced
trees [9]. In contrast, the Z-shaped pattern is used in
wider rows to allow the robot to maneuver closer to in-
dividual trees, thereby enhancing canopy coverage and
improving weed detection performance [10].

Although accurate positioning is a prerequisite, effec-
tive navigation further requires the integration of global
path planning and real-time obstacle avoidance. Tra-
ditional navigation frameworks typically separate these
two components: the global planner, which uses A* al-
gorithms [11] and the Dijkstra algorithm [12] to gener-
ate rough trajectories, and the local planner, usually im-
plemented via the DWA [13], Boundary Node Method
(BNM), and Path Enhancement Method (PEM) [14]. In
local planning, the global path is refined in real-time by
evaluating feasible control commands. While this archi-
tecture supports real-time responsiveness, it can generate
smooth and reliable trajectories in complex orchard en-
vironments, where narrow tree rows and dynamic obsta-
cles are prevalent [15, 16]. Therefore, a method that can
simultaneously account for local constraints and spatial
layout variations is essential for robust field deployment.

This study presents an autonomous orchard weeding
robot framework that integrates SLAM, hybrid path plan-
ning, and a layer navigation architecture. The system en-
ables efficient inspection and treatment of weeds beneath
fruit trees. The robot is required to patrol along a desig-
nated path while maximizing coverage of the weed detec-
tion and treatment areas, particularly under tree canopies.
To address the coverage limitations caused by irregular
row spacing, a hybrid cruising strategy is proposed. The
cruising mode is adjusted based on the measured inter-
row distance. After the global path is calculated using
A*, it is passed to the DWA for path optimization and
obstacle avoidance.
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Fig. 1 Orchard layout with heterogeneous row spacings.

The main contributions of this study are as follows:
• A hybrid path planning strategy that dynamically
switches between U-shaped and Z-shaped traversal
modes based on spatial layout and task objectives,
thereby improving coverage performance and adaptabil-
ity in orchard environments.
• A layer navigation architecture that integrates A* for
global path planning and the DWA for local naviga-
tion, enabling real-time, obstacle-aware path execution in
complex orchard scenarios.

The remainder of this paper is organized as follows:
Section 2 shows the main problem of orchard weed robot.
Section 3 presents the hybrid path planning method and
system design. Section 4 reports the simulation results.
Section 5 concludes the paper and outlines future direc-
tions.

2. PROBLEM FORMULATION
2.1. Environment and Assumptions

To ensure effective weed detection and treatment un-
der trees, the robot’s operation range must fully cover the
areas of interest. However, as shown in Fig. 1, irregular
tree spacing may cause certain regions to fall outside the
robot’s effective operating range R, leading to incomplete
coverage.

The following assumptions are made:
• The robot operates with a finite operation range R cen-
tered around its current position.
• All trees are detectable and accurately mapped during
SLAM preprocessing.
• Non-tree obstacles are ignored due to minimal impact
in controlled orchards; dynamic obstacles are handled in
real-time using the DWA.

2.2. Coverage Completeness
The coverage rate is quantitatively evaluated based on

the overlap between the robot’s sensing region and the
target areas around the trees. Each tree Tj is associ-
ated with a target area defined as a circle centered at
(w

(j)
x , w

(j)
y ) with a fixed radius T .

The coverage rate η is mathematically defined as:

η =

(∑N
j=1 Area(R ∩ Tj)∑N

j=1 Area(Tj)

)
× 100%, (1)

where Area(R∩Tj) denotes the intersection area between
R and Tj , and N is the total number of trees. A coverage
rate η close to 100% indicates that the majority of the
tree target areas are effectively inspected and treated by
the robot during its patrol.

The use of hybrid paths can effectively improve the
robot’s coverage capability in orchard environments with
varying spacing and achieve shorter paths.

3. METHOD
This section introduces the proposed autonomous path

planning and navigation system tailored for orchard envi-
ronments. The system integrates several functional mod-
ules, including environmental mapping, tree extraction
and row grouping, global path planning based on hybrid
U-shaped and Z-shaped strategies, local obstacle avoid-
ance using the DWA. Each module’s design and under-
lying mathematical formulation are presented in detail in
the following sections.

3.1. SLAM and Coordinate Transform
In this study, environmental data and real-time percep-

tion from a Velodyne LiDAR sensor are integrated using
the SLAM Toolbox framework to construct a 2D orchard
map. Through continuous updates, the system accurately
tracks the spatial distribution of fruit trees, providing es-
sential information for path planning. During subsequent
visits to the same environment, the robot leverages the
previously built offline map for localization and naviga-
tion. This map, once binarized, allows for the identifi-
cation of individual tree positions. Given that each tree
typically spans multiple pixels in the occupancy grid, a
Euclidean distance-based clustering algorithm is applied
with a threshold derived from actual tree dimensions to
merge nearby pixels into unified tree entities. This pro-
cess enables automatic estimation of the number of tree
rows and the number of trees per row, significantly im-
proving the efficiency of global path planning.

The transformation from pixel coordinates (px, py) to
world coordinates (wx, wy) is given by:{

wx = x0 + r · px
wy = y0 + r · (H − py).

(2)

This transformation converts pixel coordinates into real-
world positions using the map resolution r and origin pa-
rameters (x0, y0), and (H − py) accounts for the vertical
inversion between image and world coordinates.

3.2. Hybrid Global Path Planning
To accommodate varying orchard layouts, this study

proposes a hybrid path planning strategy that integrates
U-shaped path planning, typically used for structured
orchard navigation, and Z-shaped path planning, often
employed in coverage intensive inspection tasks. The
U-shaped strategy offers efficient traversal with mini-
mal maneuvering in orchards with uniform row spac-
ing, whereas the Z-shaped strategy provides finer control
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around individual trees, facilitating detailed inspection in
irregular layouts.

3.2.1. U-shaped Cruise Strategy
The U-shaped cruise strategy is designed for orchards

with evenly spaced rows, aiming to minimize overall path
length while ensuring full coverage. In this method, two
navigation points are assigned per row, creating an al-
ternating left-right trajectory across adjacent rows. Turn
points are inserted at the ends of each row to facilitate
smooth transitions. The path initiates from a safe start-
ing position located at the upper-left of the first row and
terminates at the lower end of the final row, completing a
full traversal of the orchard.

The initial waypoint P0 is defined in the pixel coordi-
nate system as:

p(0)x = min(xrow0)− dextra, (3)

p(0)y = yrow0
− 2dsafe, (4)

where dextra is an additional buffer beyond the tree bound-
ary, and dsafe =

s
r , with s representing the safety margin.

To define turning zones between rows, the midpoint
between each consecutive pair i and i+ 1 is computed:

y
(i)
mid =

yrowi + yrowi+1

2
, (5)

which guides the robot through U-turn transitions.
To avoid tree collisions, each waypoint P must satisfy

the minimum distance constraint from every tree Tk:

dis(P, Tk) =
√
(px − xk)2 + (py − yk)2 ≥ dsafe, (6)

where Tk = (xk, yk) denotes the pixel coordinates of
the k-th tree. The trajectory alternates between the left-
most and rightmost extents of each row, with U-turns at
the ends forming a continuous path. The resulting set of
waypoints {Pk} constitutes the global path for orchard
navigation.

3.2.2. Z-shaped Cruise Strategy
To address the potential coverage gaps caused by the

limited operating range R of the robot when using a U-
shaped pattern, a Z-shaped path planning strategy is in-
troduced to improve area coverage. This strategy gen-
erates a zigzag trajectory by assigning two navigation
points for each tree: one placed above (top) and one be-
low (bottom) the tree, separated by a predefined safety
distance. Additionally, offset turning points are appended
at the end of each row to facilitate smooth transitions.
These navigation points are initially generated in pixel
coordinates and subsequently transformed into world co-
ordinates using (2).

Since the trajectory begins at the upper-left corner,
cross-row transitions consistently occur at the rightmost
tree of each row. Therefore, a turning point is placed be-
yond the last tree in each row, ensuring that transitions
lie in free space. This point is computed using a search-
based method to adjust the position if necessary, ensuring
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Fig. 2 Flowchart of the hybrid path planning strategy.

all navigation and turning points are in traversable areas.
Each navigation and turning point is uniquely indexed to
ensure path ordering.

The total number of waypoints in the Z-shaped path is
computed as 2N + t, where N is the total number of trees,
and t represents the turning points at the end of each row.

To ensure complete row coverage, the robot alter-
nates between top and bottom points while travers-
ing each tree row. At the end of each row, a turn-
ing point guides the transition. For example, in row
i, the robot visits top points in ascending index order
(Top(i, 0),Top(i, 1), . . .), then passes through Turn(i),
and subsequently visits the bottom points in descending
order (Bottom(i,m−1),Bottom(i,m−2), . . .).

3.2.3. Hybrid U-shaped and Z-shaped Cruise Strategy
To address varying row spacings in orchard environ-

ments, a hybrid navigation point generation strategy is
proposed. This method dynamically selects between U-
shaped and Z-shaped patterns based on the inter-row dis-
tance. As illustrated in Fig. 2, the process begins by
grouping fruit trees into rows according to their Y co-
ordinates, followed by the computation of distances d be-
tween adjacent rows.

When the inter-row distance is equal to or greater than
robot sensing range RS, as shown in Fig. 1, a Z-shaped
pattern is applied: two rows of navigation points are gen-
erated one positioned 1 meter below each tree in row i,
and another 1 meter above the corresponding tree in row
i + 1. Conversely, if the spacing is less than RS, a U-
shaped pattern is adopted, with navigation points placed
at the midpoints between the closest tree pairs in adja-
cent rows. To facilitate smooth transitions between rows,
1-meter turning extensions are added at the end of each
row. The final navigation trajectory is computed using the
A* algorithm, which connects all navigation points while
balancing inspection coverage and traversal efficiency.

This hybrid strategy integrates the shortest length of
the U-shaped pattern with the fine-grained inspection ca-
pability of the Z-shaped pattern. By dynamically ad-
justing the navigation mode based on local spatial char-
acteristics, the system adapts to heterogeneous orchard
layouts, ensuring comprehensive tree coverage and opti-
mized path length for autonomous navigation.

3.3. Local Path Planning using DWA
The DWA is employed for local path planning, en-

abling the robot to navigate toward global waypoints
while avoiding obstacles and responding to grass detec-
tion events. The DWA planner evaluates multiple con-
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Fig. 3 Path planning performance in a simulated environment with varying tree spacing. (a) U-shaped path. (b) Z-shaped
path. (c) Hybrid path. The red dashed line in (c) represents the trajectory generated by combining the DWA.

Fig. 4 Linear velocity and angular velocity profile during
patrol.

trol rollouts in parallel to generate optimal control com-
mands (v, ω), minimizing a cost function that balances
goal alignment, velocity maintenance, and obstacle clear-
ance.

3.3.1. Trajectory Rollout
For each candidate control pair (v, ω), a trajectory is

simulated over Tsim/∆t steps using a forward kinematic
model:

xt+1 = xt + v · cos(θt) ·∆t. (7)
yt+1 = yt + v · sin(θt) ·∆t. (8)
θt+1 = θt + ω ·∆t. (9)

Here, xt and yt denote the robot’s position at time t,
and θt is the orientation angle. The position updates in (7)
and (8) are governed by the current heading, which dic-
tates the motion direction for a given linear velocity v.

The heading angle is updated in (9), where ω is the
angular velocity input. The equation integrates ω over
timestep ∆t across the total simulation duration Tsim,
modeling the robot’s rotational motion. Thus, ω directly
shapes the trajectory’s curvature. By adjusting the ratio
of v to ω, the turning radius tr = v

ω can be controlled.

3.3.2. Cost Function Evaluation
Each trajectory is evaluated using a weighted sum of

three cost components C:

C(v, ω) = wang · Cang + wvel · Cvel + wobs · Cobs. (10)

The angle cost Cang is defined as Cang = π − |∆θ|,
where ∆θ is the angle difference between the target di-
rection and the final orientation of the trajectory. The
velocity cost Cvel is defined as Cvel = v, where v is
the linear velocity of the control command. The ob-
stacle cost Cobs is defined as Cobs = min(disobstacle),
where disobstacle = −score, and score is a weighted sum
of nearby costmap values. Higher scores near obstacles
yield more negative disobstacle, penalizing unsafe trajecto-
ries. During navigation, the robot switches between three
driving states: approaching a target, moving straight, and
turning. Each state uses different weights in the cost func-
tion; angular alignment wangle is emphasized during turn-
ing and approach, while linear velocity wvel is prioritized
during straight motion to enhance efficiency.

3.3.3. Summary
The DWA local planner enables real-time and re-

sponsive navigation in orchard environments by optimiz-
ing control commands for trajectory tracking and obsta-
cle avoidance. By dynamically adjusting the weighting
factors within the cost function, the planner can adapt
the generated control commands to different navigation
states.

4. SIMULATION

An orchard simulation was built in Gazebo, with
Robot Operating System 2 (ROS2) handling communica-
tion and control. The system processes sensor data (im-
ages and LiDAR) in real time and sends velocity com-
mands for autonomous patrol. As shown in Fig. 1, the or-
chard includes three tree rows, with 4 m and 1.5 m spac-
ing between rows.

Fig. 3 illustrates three distinct path planning strategies.
For each strategy, both the path length and the corre-
sponding coverage rate are evaluated using (1), with the
results summarized in Table 1. The results from the Ta-
ble 1 clearly highlight the advantages of the Hybrid path.
In terms of traversal efficiency, the Hybrid path reduces
the total distance traveled by 13.7 meters compared to
the Z-shaped path, resulting in a more efficient weeding
process. Furthermore, while the Hybrid path’s coverage
rate is only 0.5% lower than the Z-shaped path, it signif-
icantly outperforms the U-shaped path, with an increase
of 19.5% in coverage. This demonstrates that the Hy-
brid path effectively balances path length reduction and
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Fig. 5 Path planning performance in a simulated environment with areas lacking trees. (a) U-shaped path. (b) Z-shaped
path. (c) Hybrid path.

Fig. 6 Path planning performance in a simulated environment with varying tree spacing. (a) U-shaped path. (b) Z-shaped
path. (c) Hybrid path. The yellow markers in (c) represent obstacles in the orchard.

Fig. 7 Linear velocity and angular velocity profile during
obstacle.

coverage performance, offering a superior solution for
orchard weeding tasks. These results indicate that the
hybrid path can effectively balance path efficiency and
coverage performance. Specifically, it can significantly
reduce path length and energy consumption compared to
the Z-shaped path, while avoiding the substantial cover-
age loss observed when using the U-shaped path alone.

Table 1 Comparison of path length and coverage rate η
under different strategies

Path Type U-shape Z-shape Hybrid
Length (m) 71.5 100.2 86.5

η (%) 80.0 100.0 99.5

Fig. 3(c) shows the odometry paths, demonstrating
how the local planner further refines the hybrid global
path using the DWA. Table 2 summarizes the weights
used by the DWA algorithm to adjust the robot’s (v, ω).
During turning, the robot’s kinematic constraints are con-

sidered, and the ratio between v and ω is adjusted to pro-
duce a smooth trajectory, thereby effectively controlling
the turning radius. As shown in Fig. 4, the robot is ac-
tively turning when ω remains nonzero and is not the re-
sult of a small angular error. By limiting the ratio between
v and ω, the turning angle can be controlled and the turn-
ing speed can be reduced, allowing the robot to perform
smooth turns.

Table 2 Weight configurations for different states.

State wangle wvel wobs

Near Goal 0.6 0.05 0.1
Turning Mode 0.5 0.05 0.1
Straight Driving 0.025 0.1 0.1

Fig. 5 demonstrates that even when the number of trees
in each row of the orchard varies, the robot can plan its
global path according to the current situation, effectively
avoiding areas without trees. The three path planning
methods proposed are capable of achieving this result.
Fig. 6(c) illustrates the robot’s obstacle avoidance capa-
bility, showing that it can return to the planned trajectory
after avoiding obstacles. In Fig. 7, a particularly large ω is
generated when the robot passes the first and second ob-
stacles along the straight section, indicating that the robot
is very close to the obstacles and triggering large-angle
maneuvers for avoidance. After bypassing the obstacles,
the robot returns to the original planned path.

In summary, the simulation results validate the effec-
tiveness of the proposed hybrid path planning framework.
The hybrid strategy successfully balances path efficiency
and coverage performance, achieving near complete cov-
erage with a reduced path length compared to conven-
tional strategies. Moreover, the integration of DWA
enables the robot to perform smooth turns and robust
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obstacle avoidance in a dynamically changing environ-
ment, ensuring safe and efficient autonomous navigation
throughout the orchard.

5. CONCLUSION AND FUTURE WORK
This research makes an important contribution to the

field of path planning for autonomous orchard weeding
robots. A hybrid cruising strategy, combining U-shaped
and Z-shaped patterns, is proposed to dynamically adapt
to different orchard layouts and operational requirements,
achieving a high degree of coverage and a shortened op-
eration path. In addition, a hybrid path planning frame-
work is developed by integrating the A* algorithm for
global path generation with the DWA algorithm for real-
time local obstacle avoidance, ensuring safe and efficient
navigation in complex orchard environments.

In future work, the mobile platform can be extended
beyond weed detection to support tasks such as pest iden-
tification, fruit ripeness assessment, and disease monitor-
ing by training dedicated visual models. These exten-
sions are aimed at establishing a comprehensive, smart
orchard management system that will improve overall
agricultural productivity and promote the advancement of
smart farming technologies. Subsequently, both simula-
tion and field experiments will be conducted to validate
the proposed functions and assess system performance,
thereby ensuring the feasibility and practical applicabil-
ity of the system in real-world agricultural environments.
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