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HIGHLIGHTS:
The labour-intensive harvesting process leads to high production costs of apples.
Automatic mechanized harvesting reduces labour costs and enhances competitiveness.
Deep learning and collision-free path planning to achieve lossless harvesting of apples can replace manual harvesting.

ABSTRACT: Intelligent apple-harvesting robots use a staggered distribution of branches and leaves during operation,
causing problems such as slow motion planning, low operational efficiency, and high path cost for multi-degrees-of-
freedom (DOF) harvesting manipulators. This study presents an autonomous apple-harvestintg robotic arm-hand
composite system that aims to improve the operational efficiency of intelligent harvesting in dwarf anvil-planted aI}\)TE)\IIe
orchards. The machine vision system for fruit detection uses the deep learning convolutional neural network (CNN)
YOLOvV7 and RGB-D camera online detection coupling technology to rapidly recognise apples. The spatial depth
information of the fruit area was then extracted from the aligned d}é th image for precise positioning. Coordinate
transformation was used to obtain the coordinates of the fruit undIe):r the coordinate system of the manipulator.
Based on the informed rapid-exploration random tree (Informed-RRT*) algorithm and path-planning model, the
identified target apples were harvested without collision path planning. In an apIple—harvesting test, the recognition
accuracy of the visual system was 89.4%, and the average time to harvest a single apple was 9.69 s, which was 4.8%
faster than the mainstream general harvesting technology. Moreover, the harvesting time for a single apple was
reduced by 1.7%. Thus, the proposed system enabled accurate and efficient fruit harvesting.

Key words: apple harvesting robotic arm-hand composite, manipulator, deep learning, path planning, harvesting
sequence planning

RESUMO: Os robos de colheita inteligente de magés tém uma distribui¢do escalonada de galhos e folhas durante
a operacgdo, o que causa problemas como o planejamento de movimentos lentos, a baixa eficiéncia operacional e o
alto custo de trajetoria dos manipuladores de colheita com varios graus de liberdade (DOF). Este artigo apresenta
um sistema composto de brago-méo robético auténomo Fara colheita de magéds que visa melhorar a eficiéncia
operacional da colheita inteligente em pomares de magas plantadas com anéis andes. O sistema de visdo mecénica
para detecgdo de frutas usa a rede neural convolucional de aprendizagem profunda (CNN) YOLOv7 e uma tecnologia
de acoplamento de detec¢do on-line de cdmera RGB-D para reconhecer rapidamente as macds. Em seguida, as
informag6es de profundidade esgacial da drea da fruta sdo extraidas da imagem de profundidac%e alinhada para um
posicionamento preciso. A transformacdo de coordenadas é usada para obter as coordenadas da fruta no sistema de
coordenadas do manipulador. Com base no algoritmo de drvore aleatoria de exploragio rapida informada (Informed-
RRT*) e no modelo de planejamento de caminho, as magas-alvo identificadas sdo colhidas sem planejamento de
caminho de colisdo. Em um teste de colheita de magas, a precisio do reconhecimento do sistema visual foi de 89,4%,
e o tempo médio de colheita de uma tinica maga foi de 9,69 s, 4,8% mais rapido do que a tecnologia de colheita geral
convencional. Além disso, o tempo de colheita de uma inica magca foi reduzido em 1,7%. Assim, o sistema proposto
permite uma colheita de frutas precisa e eficiente.

Palavras-chave: composi¢éo robética de brago e méo para colheita de macé, manipulador, aprendizagem profunda,
planejamento de caminho; planejamento de sequéncia de colheita
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INTRODUCTION

Apples are the most abundant fruit tree cultivars in
northern China. According to statistics, the national apple
planting area reached 2.08808 million hectares in 2021, and
the national apple production reached 45.9734 million tons
(Yang et al., 2020). In apple production operations, fruit
harvesting is an important link (Legun et al., 2021) and is part
of seasonal, labour-intensive operations. However, with the
rapid advancement of urbanisation in China, the rural labour
force has decreased and aged, and labour costs have increased
significantly (Zhong et al., 2019). Thus, intelligent apple-
harvesting technology can help alleviate labour shortages,
reduce labour intensity, improve apple-harvesting quality and
efficiency, and improve planting efficiency (Tian et al., 2019).

In recent years, dense dwarf anvil planting and the
cultivation of apple orchards have become mainstream in
the combined development of orchard agronomy (Reig et al.,
2019), and supporting orchard-harvesting robot technology
has developed rapidly. In addition, significant progress has
been achieved in fruit identification and positioning, motion
simulation, trajectory planning, and flexible grasping.

At present, the success rate of apple-harvesting robots
remains mediocre, and failures are mostly due to the
obstruction of fruits by apple clusters, branches, leaves, and
other obstacles, as well as calibration and spatial positioning
errors caused by the harvesting system and the swinging of
branches and fruits (Zhang et al., 2016). To solve the above
problems, it was proposed an apple-harvesting robotic arm-
hand composite system that integrates a vision system, flexible
end effector, and manipulator, and features an intelligent
algorithm. In the vision system, the binocular visual camera
system is used as the main visual sensor, and a fruit deep
learning model is constructed to identify and locate the target
apple. Subsequently, the operation path of the manipulator with
the end effector was planned to complete the grasping action
and realise accurate and collision-free fruit harvesting. This
study presents an autonomous apple-harvesting robotic arm-
hand composite system that aims to improve the operational
efficiency of intelligent harvesting in dwarf anvil-planted apple
orchards.

MATERIAL AND METHODS

In the orchard scenario under the dense cultivation method
of a dwarf anvil, the high-density cluster distribution of apples,
staggered distribution of branches and leaves, and presence
of other obstacles pose challenges to the identification and
avoidance of harvesting (He et al., 2017). In this paper, it
is presented a harvesting system designed to realise precise
positioning and non-destructive grasping of apples in the
environment of a dense dwarf anvil-planted orchard. It
also presents an intelligent algorithm model, improves the
adaptability and robustness of the system, and demonstrates the
efficient harvesting operation of the harvesting manipulator-
hand complex.

The harvesting manipulator-hand complex hardware
system has a modular design that is mainly composed of a
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six-DOF manipulator, a RGB-D binocular stereo camera,
an end effector, and an upper computer. The manipulator
was selected from the six-DOF manipulatorUR5 of the
Danish UR Company as a carrier for the movement of the
end effector. The end effector adopts a three-finger flexible
adaptive bionic mechanical easy claw to achieve damage-
free fruit grasping. Based on YOLOV7 deep convolutional
neural network (CNN) model recognition, the binocular
stereo camera selects realsensed435i, which is responsible for
capturing images online and calculating depth, in addition to
combining the camera internal reference matrix to obtain the
3D spatial position of the fruit and complete fruit recognition
and positioning. The NVIDIA Jetson TX2 image edge
computing unit running Ubuntu 18.04 as the main controller
and the Python programming language were used to control
operational behaviours such as manipulator movement, end
effector closure, fruit detection, and data logging in the robot
operating system (ROS). The harvesting system software and
hardware are shown in Figure 1.

When harvesting apples from orchards, a multi-DOF
manipulator is used as the harvesting device, which is
combined with visual-based fruit recognition and trajectory
planning algorithms to perform automatic fruit harvesting.
The orchard harvesting scenario differs from the structured
working environment of a traditional industrial scenario. In
other words, the working environment of a harvesting robot is
a complex, changeable, and unstructured natural environment,

A.

Figure 1. Harvesting robot software system (A) and hardware
system (B)
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and obstacles such as naturally growing branches and immature
fruits create difficulties in harvesting by the manipulator. The
agronomy of different orchard cultivation types also affects
the harvesting operations. Orchard harvesting requires a
manipulator to comprehensively consider the cultivation
method of the fruit so that the harvested crop is within its
working space, based on an auxiliary sensor and dynamic
planning of the harvesting trajectory (Zhang et al., 2020). The
manipulator can then avoid obstacles (leaves and stems) and
accurately grasp the target fruit without injuring the plant.

The harvesting operation of the apple-harvesting robotic
arm-hand complex can be divided into three stages. (1) During
the visual inspection stage of the harvesting robot, the camera
captures an image in real time, and the main control machine
determines the presence of harvestable apples through the
visual model. (2) In the positioning stage after detecting a
mature, harvestable apple by the vision system, the camera
acquires images after the manipulator becomes relatively
stationary, thereby reducing the relative spatial position error
of the target apple. The system then identifies the target apple
using a CNN to complete the spatial positioning. (3) In the
execution stage, the harvesting sequence of the target apples
is planned by the end effector such that the robotic arm-hand
complex physically interacts with the fruits. All ripe fruits in
the field of view can then be harvested and placed in harvesting
order. After one fruit is harvested, the complex returns to
its initial position and enters the thread of the next harvest,
thereby repeating the harvesting process. If the operation fails,
the fruit is not harvested and the robotic arm hand returns to
the starting point.

Owing to the excellent feature learning and feature
extraction abilities of a CNN (Schertz & Brown, 1968),
combined with the stable depth extraction ability of a RGB-D
binocular vision sensor, a coupled model designed to detect and
localise target fruits was designed. The canopy of the standard
orchard with dense planting of a dwarf anvil is completely
narrow, the fruit distribution is similar to that of the “fruit wall’,
the topology of the fruit is simple, and the obstacle avoidance
planning is easy to achieve.

The primary condition for the automatic harvesting of
apples is the detection and positioning of an apple on a tree
(Bloch et al., 2018). Apple detection aims to separate apples
from a complex orchard background (i.e., mixed scenes
of leaves, branches, and other fruits). Fruit localisation
attempts to calculate the 3D space for apple detection more
accurately than a camera coordinate system. This system uses
an Intel RealSensed435i RGB-D double-sided visual sensor
to collect environmental information. The visual system
has the advantages of structural compactness, small volume
proportion, and high accuracy (Hayashi et al., 2010).

In the complex, unstructured environment of orchards,
the detection and positioning of apples can be subject to
interference, such as leaf occlusion and mutual occlusion
between fruits (Xiong et al., 2020). To solve these problems
and improve the robustness and stability of the apple model
recognition, the YOLOV?7 deep neural network detection
algorithm was used. To train the network, sample datasets
were collected from an apple demonstration base in
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Shangluojia Village, in the southern mountainous area of
Licheng District, Jinan City, Shandong Province, and from an
apple demonstration base in Lanting New Village, Longkou
City, Yantai City, Shandong Province. The apple trees at
the demonstration base were planted densely using dwarf
anvils, and the cultivars used were Yantai red Fuji apples. The
position and height of the end effector equipped with the
camera were simulated during collection. The sample image
had 2,350 spokes with a resolution of 2532 x 1170 pixels, and
the acquisition device was an Apple iPhone 12. The height of
the apple trees was 2.5-3 m, the diameter was 2.4 m. Labelme
labelling software was used to label the images and generate
the annotation files required for training.

YOLOV7 is currently the mainstream detection model, and
the detection accuracy and speed are higher than other single-
stage detection models in 5-160 FPS. The network structure is
illustrated in Figure 2. At the input end of the model, the input
pixels were first converted into an apple orchard image of 640 x
640 x 3 channels and the original sample was adaptively filled
during the process of scaling and filling. During training, the
network obtains the prediction box from the initial anchor
box calculation, calculates the real box through the adaptive
anchor box, and updates it in reverse.

Backbone: Through the feature extraction network, a
four-layer CBS module was first used for feature extraction.
The feature map contains 160 x 160 x 128 channels, and
through multilayer efficient layer aggregation network (ELAN)
and maximum pooling (MP) modules, in which the ELAN
controls the shortest and longest gradient paths, the feature
extraction ability of the network can be enhanced with stronger
robustness. The role of MP is downsampling; that is, it outputs
feature maps C3, C4, and C5 as 80 x 80 x 128, 40 x 40 x 256,
and 20 x 20 x 1024 channels, respectively. The head had a PA
Net structure. First, the channel is reduced by SPPCSP for
C5. Then, upsampling is performed from top to bottom, and
C3 and C4 are fused to obtain feature maps P3, P4, and P5.
Then, upsampling is performed from the bottom up, and P4
and P5 are fused. For the feature map output by the neck, the
1*1 convolution was used for prediction after adjusting the
channel using Rep Conv.

For the apples detected in the bounding box, the
location information was calculated by combining the depth
information from the RealSense RGB-D camera. Combined
with the depth and anchor frame information, the Cartesian
position of the apples was determined by back-projection, and
iterative calculations were performed on each apple to obtain
the position of apple detection under 2-bit pixels.

When the vision system recognises multiple apples to be
picked and outputs the spatial coordinates, the order in which
the outputs are formed is random. If the manipulator picks
randomly in this order, it can easily cause the gripper to collide
with the apples around the target apple (Ouf, 2023), causing
the apple to be picked to shake and the real position to shift
from the initial position. Therefore, a reasonable picking order
can overcome problems such as interference errors caused by
end effectors during the picking process.

In a group of apples, the end actuator preferentially picks
the smallest apple near the apple (De-Anetal., 2011), and the
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Figure 2. Structure diagram of the YOLOV7 visual recognition network

area near the apple will be empty, which will reduce collisions
with the target fruit during the operation of the end actuator,
thereby reducing the target fruit, thereby reducing, the error
caused by the target apple offset. Therefore, it is necessary
to calculate the number of apples around the apples. The
YOLOV?7 detector predicts the pixel position of the fruit,
which is marked with a boundary frame. The boundary box
generally contains coordinates in the upper-left and lower-
right corners. As shown in Eqgs. 1 and 2, the coordinates of
the centre of the circle are determined by the bounding box.
The radius of the fitted circle was calculated using Eq. 3. The
quality of the fruit can be estimated according to Types 1
and 2. The relative distance between the apples is calculated
using Eq. 4. Then, Eq. 5 is used to determine whether the
two apples obscure each other or not, if the distance between
the centroids of the fruits is less than the sum of the radii of
the fitted circles of the two apples, then the two apples are
overlapping. Finally, the two apples can be adjacent to each
other.

Rev. Bras. Eng. Agric. Ambiental, v.28, n.9, 277280, 2024.
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where:
(x/, y) - coordinates of the geometric center of the apple
marked as i;
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(x5 v,) - coordinates of the upper left corner of the
bounding box;

(x,5 y¥,,) - coordinates of the lower right corner of the
bounding box;

r, - radius of the apple fitting circle; and,

L, - distance between the centres of the geometric circles

of the two apples.

Next, the apple to be picked with the least number of
adjacent apples is listed as the first harvestable object, and
after the picking is complete, its information is removed
from the sequence, and the next target to be harvested is
iteratively calculated until all the apples in the field of view
are harvested. In addition, if the same number of apples is
adjacent to the harvestable apples, based on the experience of
manually picking and selecting ripe apples with the shortest
relative distance in the field of view, the depth parameter
outputs from the depth sensor are compared, and apples with
the shortest distance from the vision sensor are selected for
priority harvesting. When harvesting using this model, it can
be ensured that each apple to be picked has the least number
of apples in its vicinity, thereby reducing the error caused by
end-effector interference. The centre of the apple represents the
distance between the two apples, as shown in Figures 3A and B.
After sorting, picking robots can harvest apples in a reasonable
order. As shown in Figure 3D, six apples were selected. Among
them, the robot prioritises picking the top, which is marked
as one apple (the minimum number near the apple). Multiple
apples is near an apple are shown in Figure 3C.

After hand-eye calibration, the rotation and translation
matrix from the camera coordinate system to the manipulator
coordinate system is obtained. Therefore, only the camera
coordinates output by the vision system must be converted into
manipulator coordinates through coordinate transformation.

Obstacle-avoidance path planning is a key technology in
fruit and vegetable harvesting. This refers to the path from
the starting point to the target point given the position of the
obstacles and the position of the start and target (Fu et al., 2020).
However, the fruit harvest in orchards currently has a long
harvest cycle, short window of freshness, fragile appearance,
random growth location, and many other challenges, such
as branches and leaves, a complicated working environment,
and other factors. To solve the problem of high-dimensional
planning, researchers have proposed sampling-based motion
planning algorithms based on fast-search random trees.

For example, RRT have excellent characteristics and do not
require modelling obstacles or exploring high-dimensional
spaces. A Cartesian space obstacle is mapped onto the joint
space. Subsequently, the free motion space of the manipulator
is obtained, and the A* heuristic search algorithm is used to
search the path in the free space of the manipulator. The square
with the lowest current “cost” is then selected according to
the extension node for the next search until the end point
has been searched to plan the path with the lowest cost. This
algorithm adopts an ant colony algorithm that combines the
principle of positive feedback of information with a heuristic
algorithm (Nguyen et al., 2013). Alternatively, based on deep
reinforcement learning (DRL), a reward mechanism for
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A.

Figure 3. Apple image centre coordinate positioning (A), apple
centre coordinate distance (B), harvesting sequence example
1 (C), harvesting sequence example 2 (D)
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training can be established that rewards the desired path, and
plan a suitable obstacle avoidance path (Xu et al., 2023).

Although the orchard under the dwarf-anvil-dense-planting
standard is more standardised, the staggered distribution of
its fruit growth branches gives the orchard the characteristics
of a typical unstructured complex scene, which requires the
path planned by the end path of the manipulator to avoid
obstacles. Simultaneously, to improve the movement efficiency
and reduce unnecessary repeated path points to reduce the
probability of collision, the path length should be short, the
coverage area should be small, and unnecessary collisions
should be reduced (Wang & He, 2021). When a fruit is detected,
the manipulator moves the end effector to a position where it
can be harvested without obstacles. The manipulator moves by
changing the angles of the six motors on the arm to control the
joints. Solving the joint angle of a manipulator at a given target
position is called an inverse kinematics problem, and multiple
solutions typically exist. According to the Unified Robot
Description Format (URDF) used to describe the harvesting
system model, the motion control of the manipulator is realised
using a special motion planning software, ROS Movelt, which
provides several motion planners and inverse kinematics
solvers. For obstacle avoidance, it is necessary to choose IK-
FAST and the Open Motion Planning Library (OMPL package
with Informed-RRT*) as kinematics solvers. The hand-eye
calibration process is shown in Figure 4.

The optimal programming problem is defined as finding a
collision-free (X , obstacle space) path from the initial position
X, to the target location X in state space X, =X -X
oo X Xgoal, X, € X,0[0,1] > X, . For the best path cost,
the current solution state subset X, X, f(x) is the shortest
path cost from X to X .

The RRT is suitable for solving the motion-planning
problem of a high-dimensional space; therefore, it is widely
used in motion planning. The RRT is a random expansion
method in a global environment, with a constant step size
and randomly extended tree growth, and is used to generate
a collision-free path from the starting point to the target
point. Because the expansion of the RRT is random, it can
easily cause redundant operations in a global environment.
The asymptotically optimal RRT (RRT*) achieves asymptotic
optimisation by rewiring the nodes and then obtaining
the optimal path through continuous iteration (Ma et al,,
2023). RRT* obtains the optimal solution but also entails a
huge amount of computation. The informed-RRT * ellipsoid
subset convergence is illustrated in Figure 5. Informed-RRT*

Figure 4. Hand-eye calibration is completed using Easyhand
to obtain a hand-eye transformation matrix

Rev. Bras. Eng. Agric. Ambiental, v.28, n.9, 277280, 2024.
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A.

Figure 5. Example of Informed-RRT* ellipsoid subset
convergence (A, B, and C)
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performs the centralised optimal planning of paths using
ellipsoid subset sampling. However, because the sum of the
distances between the points in the ellipse and the two focal
points is less than the sum of the distances between the points
on the ellipse and the two focal points, the newly generated
path length in the ellipse is shorter than the length of the path
outside the ellipse. Thus, as the number of iterations increases,
the elliptical space continues to shrink, and the length of the
path decreases. Finally, an optimal solution is obtained.

The heuristic domain is an ellipse focusing on the start X__
and target points , and the eccentricity of the ellipse C_ /C,
is the ratio of the theoretical minimum cost of the initial state
C_. and the target state to the cost of finding the best solution
thus far, C,  (Figure 6).

Figure 6. A brief illustration of the ellipsoid subset

RESULTS AND DISCUSSION

An experimental design was used to evaluate the training
recognition advantages and disadvantages of different
algorithms using labelled apple datasets. The datasets were
divided into training and validation sets in a 7:3 ratio. The
model training adopted a deep learning workstation. The
CPU was an Intel Core i7-10875H, the graphics card was
RTX2060 6 g, the operating system was Ubuntu 18.04, the
programming language was Python, and the libraries included
pytorchl.11 and opencv4.1. The vision system was deployed
in the GPU, CUDA was used for acceleration, and detection
was completed in the CPU. To ensure that the anchor box
values had a minimal impact on the trained model during
training, this experiment adapted the anchor box values to the
datasets. Before model training, the k-means + + clustering
algorithm was used for the homemade apple datasets to
obtain the corresponding prediction box (Table 1). Three
detection algorithms (YOLOV4, YOLOV5s, and YOLOV7)
were evaluated. All training sets used 300 epochs with a batch
size of eight. The initial and minimum learning rates of the
optimiser were set to 0.01 and 0.001, respectively, which are
the results of experience.

Three performance metrics (precision, recall, and
mAP@0.5:0.95) were used to evaluate the detector. Precision
is the ratio of the correctly predicted target to the total number
of predicted targets. Recall represents the ratio of correctly
predicted targets to all labelled targets. The metric mAP0.5:0.95
represents the average mAP for different cross-joint thresholds

Table 1. kmeans++Anchor box value
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(IoU) from 0.5 to 0.95. After training 300 batches, the indices
converged and stabilised. As shown in Table 2, the YOLOV7
detector outperformed the other object detection algorithms in
the apple dataset, with an accuracy of 0.894, recall of 0.79, and
mAPO0.5:0.95 0of 0.915. Figure 7 compares the recognition effect

Table 2. Comparison of performance parameters of vision
model detection algorithms

Figure 7. Comparison of detection performance of YOLOV4
(A), YOLOVS5s (B), and YOLOV7 (C)

Rev. Bras. Eng. Agric. Ambiental, v.28, n.9, €277280, 2024.
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of the three algorithms: YOLOV4 and YOLOV5s algorithms
both have leakage detection (the leakage apples are marked
with a red round box); the YOLOV?7 algorithm is better than
the other algorithms in terms of the detection effect. According
to Figure 8, the YOLOV7 algorithm is in the training stage of
300 epochs. The speed of convergence in mAP is greater than
that of the other algorithms, and the accuracy is also better
than that of the other two algorithms.

This experiment compared the results of the RRT, RRT*, and
Informed-RRT* for path planning through 2D visualisation.
As shown in Table 3, the informed-RRT * sampling nodes
were better than those of the RRT and weaker than those of
the RRT*, lagging behind the other two algorithms in terms
of sampling time. However, as shown in Figure 9, under the
same obstacle space, Informed-RRT* has relevant paths that are
better than those of the RRT and RRT* in terms of smoothness
and path length*. Moreover, in the unstructured scenario
of orchards, redundant repeated paths and unsmooth paths
increase the probability of collision between the manipulator
and obstacles, such as fruit trees (Nguyen et al., 2013).
Therefore, collision-free harvesting of the orchard would be
affected, and the time difference used in the planning would be
within the acceptable range of harvesting (Zhang et al., 2016).
Accordingly, Informed-RRT * algorithm was selected as the
final path-planning algorithm for the manipulator.

To verify the effectiveness of the harvesting system, a
harvesting planning test based on the steps shown in Figure 10
was conducted using a harvesting robotic arm-hand complex.

Figure 8. mAPO0.5: 0.95 comparison of convergence line charts
of each algorithm

Table 3. Detection results of RRT, RRT*, and Informed-RRT*
in terms of the number of sampling nodes and planning time

Rev. Bras. Eng. Agric. Ambiental, v.28, n.9, 277280, 2024.
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The harvesting rate and harvesting time were used as
evaluation indicators, where harvesting rate refers to the
ratio of the number of apples harvested to the total number
of apples that can be harvested. The harvesting time refers to
the time required to harvest a single apple, including the time
spent on each step.

Six sets of experiments were set up for the RRT, RRT*,
informed-RRT*, and each of the three algorithms to fuse the
picking and harvesting sequences. Each group comprised 40

A.

Continued on next page
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Continued from Figure 9
D.
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Figure 9. Demonstration of three path planning algorithms RRT (A, B, and C), RRT* (D, E, and F) and Informed-RRT* (G, H,

and I) in three different 2D scenarios.

effective picking tests. The six effective picking groups were 28,
28,30, 25, 26, and 29. After the harvested apples had rested for
48 hours at 24 °C, no visible abrasions or injuries were found.

From the results of the harvesting test in Table 4, it can be
seen that the actual number of harvests and harvesting rate
using the harvesting planning strategy were slightly higher
than those without the strategy. This is because the harvest-

planning strategy can reduce the effect of dense fruits on the
accurate grasping of the manipulator. However, the harvesting
rate using the RRT path planning algorithm was slightly higher
than that using the Informed-RRT* algorithm. Nevertheless,
in terms of the average harvesting time, the efficiency of the
Informed-RRT* algorithm was higher, and the movement
path of the RRT algorithm was longer than that of Informed-

Rev. Bras. Eng. Agric. Ambiental, v.28, n.9, €277280, 2024.
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Figure 10. Fruit harvesting equipment completing the process of one harvest

Table 4. Results of harvesting experiments

RRT* in actual harvesting; therefore, various performance
indicators were comprehensive. After the harvesting planning
strategy was adopted, the harvesting rate of the RRT (75%)
was better than that of the Informed-RRT* (72.5%); however,
the average harvesting time of the former (12.89 s) was
longer than that of the latter (12.69 s). Because the informed-
RRT* algorithm ensured optimal paths, which reduced the
possibility of redundant movements of the manipulator,
and because the RRT path was not asymptotically optimal,
the fast harvesting of fruits was also one of the performance
indicators considered during the harvesting (Xiong et al,,
2020); therefore, considering the two indicators of harvesting
average time and harvesting rate, the use of Informed-RRT*
algorithm and harvesting strategy had a certain optimization
effect on harvesting.

CONCLUSIONS

1. An apple harvesting device adapted to the background of
dwarfanvil dense planting and cultivation method was designed.

2. The visual perception system and mechanical system
coordination design were integrated into hardware.

3. Visual neural network model recognition and manipulator
path-planning obstacle avoidance problems were integrated in
the software.

4. These steps aimed to solve the problem of apple cluster
distribution recognition in unstructured scenes and obstacle
avoidance of fruit branches, leaves, and other obstacles around
the target fruit. In this study, based on the accurate detection
of a visual neural network and sequence planning of fruits to
be harvested, a reasonable harvesting order for fruits under
high-density distribution was obtained.

5. Furthermore, a 3D model of an orchard was established
based on an RGB-D binocular vision sensor, and collision-free
path planning of the manipulator was completed using the
informed-RRT* algorithm.

Rev. Bras. Eng. Agric. Ambiental, v.28, n.9, 277280, 2024.

6. The latter algorithm solves the inverse kinematics problem
and introduces ellipsoid subsets to obtain the optimal solution
to complete the harvesting of a single apple from one thread.
Thus, the proposed system enabled accurate and efficient
fruit harvesting. These results can help improve the technical
capabilities of future intelligent apple-harvesting robots.
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