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Abstract: Litchi is a highly favored fruit with high economic value. Mechanical automation of litchi
picking is a key link for improving the quality and efficiency of litchi harvesting. Our research team
has been conducting experiments to develop a visual-based litchi picking robot. However, in the early
physical prototype experiments, we found that, although picking points were successfully located,
litchi picking failed due to random obstructions of the picking points. In this study, the physical
prototype of the litchi picking robot previously developed by our research team was upgraded
by integrating a visual system for actively removing obstructions. A framework for an artificial
intelligence algorithm was proposed for a robot vision system to locate picking points and to identify
obstruction situations at picking points. An intelligent control algorithm was developed to control
the obstruction removal device to implement obstruction removal operations by combining with the
obstruction situation at the picking point. Based on the spatial redundancy of a picking point and
the obstruction, the feeding posture of the robot was determined. The experiment showed that the
precision of segmenting litchi fruits and branches was 88.1%, the recognition success rate of picking
point recognition was 88%, the average error of picking point localization was 2.8511 mm, and an
overall success rate of end-effector feeding was 81.3%. These results showed that the developed litchi
picking robot could effectively implement obstruction removal.

Keywords: fruit harvesting; picking robot; litchi picking; visual perception; obstruction removal

1. Introduction

Litchi is a tropical string fruit that is native to southern China. The China Agriculture
Research System of Litchi and Longan (CARSLL) data reveal that China produces more than
half of the global litchi supply, accounting for more than 60% of the global litchi output [1].
Litchi is a high commercial value fruit due to its ornamental and nutritional values. At
present, manual picking of litchis is still the main way to harvest litchis. Aiming at the
shortage of agricultural labor population in the future, vigorously developing agricultural
automation equipment will be an inevitable trend.

The development of automatic picking robots is of great significance to improve
fruit production efficiency and to save labor costs [2]. The fundamental step of automatic
fruit picking is to perceive the fruit growth environment and recognize the fruit. Based
on actively perceiving devices such as lidar instruments [3], RGB cameras [4], binocular
cameras [5], RGB-D cameras [6], and haptic sensors [7], picking robots can recognize the
fruit and locate the spatial position of the fruit, and thus plan the picking path to implement
picking operations [8].
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Surface features of a fruit such as size, shape, texture, and color can be used to rec-
ognize the fruit [9,10]. Various methods including convex hull theory-based analysis [11],
support vector machine (SVM) classification [12], contour-based analysis [13], morphologi-
cal analysis [14], and the Ostu algorithm [15] have been used to recognize apple, cucumber,
oil palm fruit, citrus, and tomato, respectively, and these techniques have achieved ideal
recognition results. However, due to random obstruction interference and the influence
of varying lighting in the fruit growing environment, accurate recognition of fruit targets
cannot be achieved by developing a single feature-based method.

With the rapid development of deep learning technology, various deep learning
networks have been applied in the field of fruit recognition. Salim et al. used DensenNet-
201 and Xception deep learning models to identify different types of fruits, which were
used in various stages of the production and sales chain of fruits [16]. The object of picking
and identifying string-type fruits such as litchi and longan was the fruit bearing branch
rather than the fruit itself. The YOLO series of algorithms, as excellent deep learning
models, have gradually been exerting their advantages in the field of fruit recognition. For
litchi recognition in a natural environment, different types of improved YOLO models
have been developed. An improved YOLOv3-Microny network has been used to segment
litchi fruits [17]; YOLOv5 models combined with attention mechanism have been used
to recognize litchi fruits [18,19]; a YOLACT network has been proposed for litchi main
branch recognition [20]. Li et al. used MHSA-YOLOv8 for maturity grading detection
and counting of tomato fruits [21]. The above methods achieved ideal recognition of fruits
in a non-interference environment; however, when an external interference occurred or
the target to be picked was obstructed, the robot did not have the ability to actively resist
interference, and then the picking operation on the original recognition result failed or
damaged the fruits.

Scholars have used mechanical design theory and visual perception theory to design
harvesting robots with the ability to actively resist external interference. Zou et al. de-
signed an end-effector with visual fault tolerance that could be applied to avoid dynamic
interferences in picking fruit targets [22]. A generalized picking robot system model has
been established to reduce the influence of external disturbances on the picking using
a reconstruction method of a robotic cyber-physical system (CPS) [23]. Monocular and
binocular visual perception methods combined with digital image processing technology
have contributed many ideal examples for resisting external interferences when picking
fruits. Xiong et al. used visual perception methods to simulate the movement state of
litchi fruits when disturbed and simplified it into pendulum motion to implement picking
operations [24]. A monocular visual perception algorithm has been proposed to resist
the interference caused by night environment on the recognition and localization of litchi
targets by a picking robot [25]. Yin et al. proposed a visual estimation algorithm for citrus
posture in unstructured environments to cope with the randomization of fruit growth. They
developed and integrated a fully automatic citrus picking robot system with an overall
success rate of 87.2% [26]. However, under the influence of dynamic factors such as wind,
the visual representation of the disturbed state and the visual perception of the motion
characteristics of the robot have not been explored, which needs further study.

Based on the above research status analysis, in this study, we developed a robot active
perception system to actively remove random obstructions for litchi picking robots using
an artificial intelligence algorithm framework. The random obstruction in this study is the
situation where external factors obstruct the litchi fruit picking point that will be cut by the
robot. The main contributions of this research are as follows:

• By combining the YOLOv8 model with monocular and binocular image processing
technology, a method for identifying and locating litchi picking points was studied.

• An intelligence algorithm was proposed for determining the types of obstructions at
the picking points.

• A control method for actively removing obstructions based on visual perception was
developed. The feeding and picking posture of the robotic arm was studied.
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Experiments was conducted to verify the performance of the proposed method for
actively removing obstructions for litchi picking robots.

2. Materials and Methods
2.1. System and Process of Obstruction Removal
2.1.1. System Composition

The proposed litchi picking robotic system for actively removing obstructions includes
hardware and software components. As shown in Figure 1, the hardware components
consist of a robotic arm, an end-effector, a binocular vision camera, an industrial personal
computer (IPC), a moving device, a collection device, and an obstruction removal unit. The
moving device can move according to a predetermined motion trace. When a litchi target
appears in the robot’s field of view, the robot interrupts the motion of the moving device
on the predetermined motion trace. Then, the moving device moves in the direction of the
target located by the visual system. When it reaches the working range (1367.5 mm) of
the robotic, the moving device stops, and the robot performs subsequent operations. The
robotic arm is an industrial robotic arm with six degrees of freedom, with a load-bearing
capacity of 5 kg. The binocular camera is an RGB-D camera with a baseline length of
120 mm and a focal length of 2.12 mm, which can output images with a resolution of
2208 × 1242 and has a minimum pixel unit of 2 µm × 2 µm. The IPC has configurations
of an Intel i5-13600KF processor, with 32G RAM, and a NVIDIA GeForce RTX 4080 GPU
(graphics processing unit). The obstruction removal unit consists of a gas pump and a
spray gun. The end-effector is a reciprocating scissor type gripper controlled by a cylinder,
consisting of a pruning part and a clamping part. By controlling the movement of the
pneumatic slider through a pneumatic valve, the end-effector can be opened and closed.
When opened, the external width of the end-effector is 97 mm and the internal space width
is 10 mm.
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Figure 1. System hardware diagram.

2.1.2. Intelligence Algorithm Process

The system software algorithms were developed on the Ubuntu 20.04 system equipped
with the ROS Noetic system, and C++ language was applied in programming. The overall
process of the proposed algorithms is shown in Figure 2. The mobile device carries the
hardware system of the picking robot moving towards a litchi tree. When the litchi fruit is
detected by the robot vision system using the YOLOv8-Seg model, binocular stereo vision
technology is used to match and locate litchi targets. When the distance between the robot
and the located litchi falls within the working range of the robot, determination of the
obstruction type at the picking point is implemented. If the picking point is obstructed
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by the fruit, actively removing the obstruction is implemented by the obstruction removal
unit of the robot. If the spatial redundancy between a picking point and an obstructed fruit
is greater than the threshold, the end-effector is fed into the spatial redundancy, and then
waits for cutting at the picking point. If the spatial redundancy between a picking point
and an obstructed fruit is smaller than the threshold, actively removing the obstruction
continues to be implemented until the spatial redundancy is greater than the threshold.
The threshold was set to 100 mm in this study. If a picking point is not obstructed by the
fruit, the end-effector is fed to the picking point for the picking operation.
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2.2. Localization Method of Picking Points
2.2.1. Localization Process

The localization algorithm process is shown in Figure 3. The overall localization
algorithm can be divided into four parts. The first part applies the YOLOv8-Seg model in
segment litchi images to extract the region of interests (ROIs) of litchi fruits and branches,
respectively. The second part involves affiliation determination between the ROIs of the
litchi fruits and branches, in which the primary criterion is whether the bounding boxes of
the litchi fruits and branches overlap. For cases where the identification boxes of the litchi
fruits and branches do not overlap, the affiliation between a litchi fruit and a branch is
determined by whether the box center is less than the threshold. The third part is to obtain
the picking points on the branch, where the ROIs of the branch are firstly binarized, and
then an innovative algorithm based on a pixel search of equidistant lines has been proposed
for determining the picking points. In the fourth part, the three-dimensional coordinates
of the picking points and litchi fruits are calculated by combining with binocular stereo
vision technology, and the Euclidean distances between litchi fruits and picking points are
calculated to determine picking point obstructions. The specific details of the above steps
will be elaborated in the following sections.
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2.2.2. ROIs for Segmentation of Litchi Frutis and Branches

In this study, the YOLOv8-Seg model was directly used for segmentation of litchi fruits
and branches without modifying its structure. The segmentation flow of litchi fruits and
branches based on the YOLOv8-Seg model is shown in Figure 4. After preprocessing and
resizing an original litchi image, it was input into the backbone network of the YOLO8-Seg
model. In the backbone network, a series of convolutional kernels were used to extract
the features of litchi fruits and branches. After feature extraction, a preliminary feature
map was generated. Then, the preliminary feature map was input into the neck network
of the YOLO8-Seg model to further extract the target features of litchi fruits and branches,
where a feature pyramid was generated and output. Finally, the feature pyramid was
input into the head network of the YOLO8-Seg model to generate segmentation areas
for litchi fruits and branches. Three different sizes of anchor frames were output. The
non-maximum suppression (NMS) function was used to determine whether the anchor
frames were retained. The retained anchor frames were located in the contour areas of
litchi fruits and branches as their respective ROIs. Thus, the YOLOv8-Seg model-based
ROIs for segmentation of litchi fruits and branches were completed.

After the YOLOv8-Seg model-based segmentation, the affiliation relationships of ROIs
between litchi fruits and branches were determined. If the ROIs of the litchi fruits and
the branches overlapped, it was considered that the recognized branch belonged to the
recognized fruit. If their ROIs did not overlap, the center distance between the litchi fruit
bounding box and the branch bounding box was used to determine their affiliation relation-
ship. If the center distance was less than the threshold of 500 pixels, it was considered that
the recognized branch belonged to the recognized fruit. If the center distance was greater
than the threshold, it was considered that the recognized branch and the recognized fruit
did not belong to the same litchi cluster.
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2.2.3. Picking Point Recognition

A proposed picking point recognition flow and its schematic process is shown in
Figure 5. For a branch that has completed determination of the fruit affiliation relationship,
the ROI of the branch was separately extracted, as shown in Figure 5a. Then, the extracted
ROI image of the branch was binarized into a single-valued connected domain, as shown in
Figure 5b. Qi et al. segmented the branch image based on the length ratio of the branch to
extract the picking point [19]. However, when the litchi branch was long, this segmentation
method could cause the picking point to be selected too low, causing the litchi fruit to fall
during picking. As shown in Figure 5c, the proposed algorithm divided the binarized
image into ten equal parts in the height direction using equidistant lines, and the pixel
difference Xi that was also the pixel width on each equidistant line was calculated as shown
in Figure 5d. The difference of two adjacent Xi was represented by ∆Xi (∆Xi = Xi − Xi+1),
and the difference was compared in sequence. When three consecutive differences ∆Xi,
∆Xi+1, and ∆Xi+2 were all negative and the standard deviation was less than 10 pixels,
the picking point would be determined on the equidistant line of Xi+1. Thus, the middle
point of Xi+1 was determined as the picking point. For example, the middle point of X7, as
shown in Figure 5e, could be determined as the picking point. If there was no equidistant
line that met the above condition, the middle point of the highest equidistant line X9 in the
branch image was determined as the picking point.
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2.2.4. Picking Point Localization

After the picking point was recognized, the world coordinates of the picking point
were obtained by binocular stereo matching. The specific localization process is shown in
Figure 6. The input left and right images of the litchi fruit were stereoscopically rectified by
substituting left and right camera distortion parameters Dleft and Dright into Equation (1) to
eliminate distortion [27] as follows:

xcorrected = x(1 + k1r2 + k2r4 + k3r6) + [2p1xy + p2(r2 + 2x2)]
ycorrected = y(1 + k1r2 + k2r4 + k3r6) + [p1(r2 + 2y2) + 2p2xy]

(1)

where Dleft and Dright are (−0.0432, 0.0126, −0.0003, −0.0005, −0.0058) and (−0.0435, 0.0124,
−0.0003, −0.0005, −0.0058), respectively; x and y are the pixel coordinates before the stereo
rectification; D is equal to (k1, k2, p1, p2, k3); and r2 = x2 + y2. Using the Bouguet algorithm
with rotation and translation matrices, stereo rectification on the left and right images was
implemented so that the optical axes of the left and right cameras were parallel, and the
height of pixels on the left and right images remained consistent [28]. After recognition of
litchi fruits and branches, as shown in the left image recognition results, the left and right
images were converted into the HSV color space from the RGB color space. The H color
channel in the HSV color space was not affected by lighting and was selected for stereo
matching. Using the method in reference [24], the pixel points in the right image were
searched for maximum correlation to the left image’s picking point under polar constraints,
which was the process of picking point polar line matching.

After picking point matching based on the polar line, the disparity between the left and
right images was calculated, and the disparity map was obtained. Then, the reprojection
matrix Q was calculated by using rotation and translation matrices and internal reference
matrices of left and right cameras. The world coordinates of the picking point could be
obtained using the relationship between world coordinates and pixel coordinates, as shown
in Equation (2): 

X
Y
Z
W

 = Q


x
y
d
1

 (2)

where Q is the reprojection matrix, and it was


1 0 0 −1139.9111
0 1 0 −653.0093
0 0 0 1057.5950
0 0 −0.0083 0

 in this

study; W is the scale factor; x and y are the pixel coordinates after stereo rectification.
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2.3. Obstruction Identification at Picking Points

After calculating the spatial coordinates of the picking point, the robot that carried
the binocular camera was ready to move towards the picking point. At this time, the scene
in the monocular field of view, as shown in Figure 7a, and the color values of each HSV
channel in the 24-pixel field centered on the picking point were recorded as the feature
in the 24-pixel field of the picking point. A schematic diagram of this principle is shown
in Figure 8. The 24-pixel field was an area of 24 pixels without the center pixel point in a
square with a side length of 5 pixels centered on the target point.
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The distance vector between the picking point and the geometric center of the fruit
recognition box was recorded as DEuc, as shown in the point cloud image in Figure 7b.
Then, the robot that carried the binocular camera moved towards the picking point and
stopped moving when the distance between the robot and the picking point fell within
the robot’s working range. The litchi fruits and branches were recognized again by the
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vision system of the robot, as shown in Figure 7c. The geometric center of the litchi fruit
recognition box was used as the starting point, and the endpoint was determined using
vector DEuc as the direction and length, as shown in Figure 7d. Since the average radius
size of litchi fruits in this study was 120 pixels, a circle with a radius of 120 pixels was made
centering on the endpoint, as shown in the red dashed circle in Figure 7d. Some green
pixels with HSV color features in the picking point 24-pixel field were found within the
circle, as shown in the upper row of Figure 7e. However, although these pixels had the
color feature of the picking point, they did not have the 24-pixel field connectivity feature
of the picking points. Thus, these pixel points were discarded, and the original picking
point position was considered to be obstructed by some fruits, as shown in the lower row
of Figure 7e.
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2.4. Obstruction Removal and End-Effector Feeding
2.4.1. Obstruction Removal Method

Coordinate system conversion of the obstruction removal unit is shown in Figure 9.
The coordinate system origin of the obstruction removal unit was selected as the output
axis of the control motor at the bottom of the unit. The coordinate system BP of the unit
was established to be coaxial with the three coordinate axes of the camera coordinate
system CP. Therefore, there was a translation relationship between the coordinate system
of the binocular camera and the coordinate system of the obstruction removal unit, which
could be measured and recorded as BOCP that was equal to

(
−512.5 368 −247.5

)T . The
coordinates of the picking point in the coordinate system of the obstruction removal unit
could be solved using Equation (3):
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BP = CP + BOCP =

Cx + ∆x
Cy + ∆y
Cz + ∆z

 =

Cx − 512.5
Cy + 368

Cz − 247.5

 =

Bx
By
Bz

 (3)

where BP, BOCP, and CP are the coordinate system of the obstruction removal unit, the transla-
tion matrix, and the coordinate system of the binocular camera, respectively;

(
Cx Cy Cz

)T ,(
∆x ∆y ∆z

)T , and
(

Bx By Bz
)T are the coordinates of the picking point in the binoc-

ular camera coordinate system, the amount of translation between coordinate systems, and
the coordinates of the picking point in the obstruction removal unit coordinate system,
respectively. The pulse of the motor controlling the height of the spray gun and the pulse
of the motor controlling its rotation angle could be calculated using Equation (4):

PM1 = P0
By
S = 100By

PM2 = P0
arctan( Bx

Bz )
360◦ =

2arctan( Bx
Bz )

45

(4)

where PM1 and PM2 are the pulse of the motor controlling the height and the pulse of the
motor controlling the rotation angle of the spray gun, respectively;

(
Bx By Bz

)T are
the coordinates of the picking point in the obstruction removal unit coordinate system; P0
is 1600, a subdivision pulse per turn of the motor; and S is 16, the distance of the screw
rod moving around. Thus, the spray gun could be aimed at the picking point based on
visual localization to remove the obstruction using the air blowing method provided by the
gas pump.
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2.4.2. Attitude Calculation of End-Effector Feeding

When the robot was performing an obstruction removal operation, the obstructed litchi
fruit and the obstructed picking point would separate in space and had their respective
motion trace. Frames of the obstructed litchi fruit and the obstructed picking point were
captured by the binocular camera at 0.25 s intervals. The distance between the picking
point and the geometric frame center of the obstruction was measured by the binocular
camera. When the distance was greater than 100 mm, which was the width value of the
end-effector, the end-effector would enter the space between the picking point and the
obstruction and determine its own picking posture with the picking point at the endpoint,
as shown in Figure 10.
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The Denavit–Hartenberg (D-H) parameters of the robot are shown in Table 1. The
transformation matrices 0

1T~5
6T of each axis were constructed based on the D-H parameters,

where i−1
i T is shown in Equation (5) [29] as:

i−1
i T =


cos(θi) − sin(θi) cos(αi−1) sin(θi) sin(αi−1) ai−1 cos(θi)
sin(θi) cos(θi) cos(αi−1) − cos(θi) sin(αi−1) ai−1 sin(θi)

0 sin(αi−1) cos(αi−1) di
0 0 0 1

 (5)
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Table 1. D-H parameters.

i αi−1 (mm) αi−1 (deg) di (mm) θi

1 0 0 98.5 θ1
2 0 −90◦ 121.5 θ2
3 408 180◦ 0 θ3
4 376 180◦ 0 θ4
5 0 −90◦ 102.5 θ5
6 0 90◦ 94 θ6

The forward solution equation of the robotic arm was established as shown in Equation (6) [29]:

T = 0
1T1

2T2
3T3

4T4
5T5

6T =


r11 r12 r13 px
r21 r22 r23 py
r31 r32 r33 pz
0 0 0 1

 (6)

where
(

Px Py Pz
)

are the coordinates of the picking point and rij is an abbreviation for
the result of 0

1T multiplied by 5
6T . To simplify calculations, the motion of the end-effector

always maintained the camera plane perpendicular to the ground. Using an iterative
method to solve numerical solutions for each joint, there were a total of eight sets of
numerical solutions for the 6-axis robotic arm. The solutions that made the robotic arm
immobile from the eight numerical solutions were discarded, and the optimal solution with
the smallest amount of motion for the remaining solutions was calculated.

2.5. Experiments

To validate the effectiveness of the proposed model and algorithm in this study, four
sets of experiments were conducted sequentially.

In the first set of experiments, the segmentation performance of the YOLOv8-Seg
model was evaluated. The data used for model training were acquired from the litchi
orchard situated in Zengcheng District, Guangzhou City, China, using a ZED 2 binocular
camera. The labeled data were acquired using the method of manually annotating images
through the application of the Labelme 5.2.0 software. The composition information of the
dataset is shown in Table 2. The performance during the training process and the segment
results of the trained model were recorded and analyzed. Based on the results of the test
set segmentation, the picking points were recognized, and the recognition results were
recorded as two types, i.e., success or failure.

Table 2. Dataset composition table.

Type Number of Training Sets Number of Test Sets

Outdoor lychee image 712 70
Indoor lychee images 288 30
Total 1000 100

In the second set of experiments, 16 clusters of litchi fruits were selected; the weight
and count of litchi fruits within each cluster are shown in Figure 11. The litchi clusters
were randomly paired and allocated into 16 groups. The distance value between the
camera and the recognized picking point was measured by using the binocular vision unit
of the proposed system, which was recorded as the measured value. The real distance
value between the camera and the recognized picking point was obtained by using a laser
range finder (supplied by Step Test Technology Co., Ltd. in Shenzhen, China), with a
measurement error of ±1.5 mm within the range of 60,000 mm. The error between the
measured value and the real value was analyzed.
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In the third set of experiments, the success rate of obstruction identification at picking
points was tested using the method proposed in Section 2.3. The obstruction situations
were defined as follows:

(a) In the first situation, the picking point was identified; however, the Euclidean distance
between the picking point and the obstructed litchi cluster was smaller than the width
of the end-effector, i.e., 97 mm.

(b) In the second situation, the picking point was not identified, and the pixels at the
picking point were identified as belonging to the obstructed litchi cluster. The unob-
structed situations were defined as follows:

(i) In first situation, the picking point was not identified, and the pixels at the
picking point were classified as objects other than a picking point and litchi
fruits.

(ii) In the second situation, the picking point was identified, and the distance
between the picking point and the obstructed litchi cluster surpassed the
end-effector’s width.
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Sixteen pairs of litchi clusters were tested, and the identification results were recorded
and analyzed by comparing to the actual results.

In the fourth set of experiments, the obstruction removal performance of the proposed
system was evaluated. Sixteen experiments were undertaken throughout the air-blowing
process and images were captured by the camera at a 0.25 s interval. The positions of
both the picking point and the obstruction were documented, and their motion traces
were fitted based on these positions. The maximum distance between the picking point
and the obstruction during their movement was computed. The feeding execution of the
end-effector was determined through a comparison of the maximum distance with the
end-effector’s width threshold, and these results were recorded and subjected to analysis.

3. Results and Discussion
3.1. Identification Results and Analysis of Picking Points

Figure 12 shows two sets of loss convergence curves of the YOLOv8-Seg model
representing the loss function changing of the training set and the loss function changing of
the verification set, represented by the train_loss curve and the val_loss curve, respectively.
For the train_loss curve, as shown in Figure 12a, the smoothed result has a fast descent
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speed and a stable descent trend, and after 200 iterations, the curve steadily converges to a
value close to zero. This indicates a high matching degree between the training set and the
model structure, which enables the model to efficiently obtain the features of the training
set. However, although the val_loss curve, as shown in Figure 12b, has a fast descent
speed and a small convergence value, the smoothing result shows significant trembling,
which implies that the YOLOv8-Seg model can successfully complete segmentation of litchi
fruits and branches, but the unmodified model structures are susceptible to the influence of
randomly identifying target features in unstructured environments. A similar result can be
found in reference [30].
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The performance parameters of the YOLOv8-Seg model are shown in Table 3. It can be
seen that the network size of the model was 6.45 MB, precision was 88.1%, recall was 86.0%,
the F1score was 87.04, and mAP was 78.1. The high accuracy and mAP indicated that the
model could accurately recognize different types of targets. A high recall rate indicated
that the model could segment all targets in the image without missing them. A high
F1score indicated that the model achieved a good balance between accurate recognition
and retrieval. Therefore, the Yolov8-Seg model had advantages in size and detection
performance, which made the model suitable for deployment in the small processing unit
of the litchi picking robot.

Table 3. Model performance parameters.

Module Size Precision Recall F1score mAP

YOLOv8-Seg 6.45 MB 88.1% 86.0% 87.04 78.1%
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The segmentation results of indoor and outdoor litchi images using the YOLOv8-Seg
model are shown in Figure 13. It can be observed that the model could accurately segment
litchi fruits and branches in different environments.

According to the segmentation results, the picking points were identified. Two cases
of failed recognition are shown in Figure 14. After comparing the successful results of other
image recognition, the reason for the failure to identify branches of litchi may be due to
overexposure of the background and dim light. The reason for the failure to locate the
picking point was that the algorithm did not take into consideration the elevation angle
between the litchi fruit and branch, as well as the distance between a single fruit and the
fruit string in the litchi string.
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Figure 14. Two cases of failed recognition: (a) Unable to identify litchi branch; (b) picking point
localization error.

For the 100 images in the test set, the recognition results are recorded in Table 4. For
70 outdoor litchi images, the success rate of picking point recognition was 91.42%, and
the average recognition time was 81.23 ms. For 30 indoor litchi images, the success rate of
picking point recognition was 83.33%, and the average recognition time was 78.21 ms. The
success rate of picking point recognition in the overall image was 88%, and the average
recognition time was 80.32 ms. The proposed picking point recognition method had
advantages both in success rate and in processing time, so it could quickly and accurately
identify the target picking points, which could be applied in the real-time operation of a
litchi picking robot.
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Table 4. Picking point recognition results.

Data Image Number Number of
Successes Success Rate Average Time

Outdoor 70 64 0.9142 81.23 ms
Indoor 30 25 0.8333 78.21 ms
Total 100 88 0.8800 80.32 ms

3.2. Localization Results and Analysis of Picking Points

There are 16 groups of real distances and measured distances shown in Table 5. The
results indicated that the maximum error between the real distances and the measured
distances was 7.7600 mm, the minimum error was 0.0708 mm, and the average error was
2.8511 mm. All errors were within the fault-tolerant picking range of the robotic arm.
Thus, the measured method could meet the operation requirements of the litchi picking
robot (Table 5).

Table 5. Distance values measured by two methods.

Group Measured Distance Real Distance Error

1 796.6100 797.2702 0.6602
2 797.0566 796.1245 0.9321
3 831.2400 837.3305 6.0905
4 830.8034 828.4855 2.3179
5 807.6500 815.4100 7.7600
6 810.1864 812.9152 2.7288
7 796.6100 794.8263 1.7837
8 797.0442 790.0903 6.9539
9 801.6500 801.5792 0.0708
10 796.9779 796.7447 0.2332
11 839.1600 844.1283 4.9683
12 843.9040 839.5088 4.3952
13 909.5900 905.4596 4.1304
14 911.3316 910.1805 1.1511
15 796.6100 795.9131 0.6969
16 794.7365 795.4811 0.7446

Average error 2.8511

3.3. Identification Results and Analysis of Obstruction Types

The identification results of two situations are shown in Figure 15. In Figure 15a, the
picking point was identified, and the Euclidean distance between the picking point and the
litchi fruit next to it was smaller than the threshold. An obstruction situation was correctly
identified. In Figure 15b, the picking point was identified, and the distance between
the picking point and the litchi cluster was greater than the threshold. An unobstructed
situation was correctly identified. This shows that the proposed algorithm of obstruction
type identification is effective.

The specific results of the obstruction identification experiment are shown in Table 6.
The proposed method achieved a 100% accuracy rate in identifying actual obstruction
situations, which could verify the accuracy of the proposed method.

3.4. Results and Performance Analysis of Obstruction Removal
3.4.1. Results and Analysis of the Motion Traces

Six groups of representative motion traces of picking points and obstructed litchi
fruits are shown in Figure 16. All motion traces exhibited irregular movements during the
obstruction removal. Since the center of the obstructed litchi fruits was close to the spray
gun, the movement amplitudes of the obstructed litchi fruits were greater than those of
the picking points. It can be seen from the figures that the two motion traces are clearly
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separated and there is a significant spatial redundancy between the two motion traces,
which provides a foundation for the end-effector to enter the space redundancy for picking.
This proves that the proposed method is effective for obstruction removal.
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situation.

Table 6. Identification results of obstruction types.

Group Obstruction Type Accuracy

1 & 4 a T
1 & 5 b T
2 & 6 d T
3 & 4 a T
3 & 6 a T
13 & 4 b T
9 & 4 b T
2 & 5 b T
8 & 5 b T
13 & 6 b T
7 & 14 a T
7 & 12 c T
8 & 11 a T
9 & 11 a T
16-10 a T
16-15 / T

Average accuracy 100%
Where T represents the successful entry of the end-effector into the space between the picking point and the
obstruction after removing the obstruction, and a, b, c, and d represent the four different situations of the third
experiments in Section 2.5.
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3.4.2. Results and Analysis of End-Effector Feeding

There are 16 litchi clusters shown in Figure 11, which were randomly divided into
16 pairs, forming the horizontal coordinates of Figure 17 in the form of Num 1 and Num 2.
Num 1 and Num 2 represent the obstructed litchi cluster and the litchi cluster to be picked,
respectively. The vertical coordinates of Figure 17 represent the initial Euclidean distance
between the obstructed litchi cluster and the picking point of each paired group, as well
as the maximum Euclidean distance between the two after obstruction removal. It can
be observed that the distances between the initial Euclidean distance and the maximum
Euclidean distance in 13 pairs are greater than the threshold, and those in the other 3 pairs
are smaller than the threshold. An overall success rate of 81.3% could be obtained, which
showed the feasibility of successful entry of the end-effector into the space redundancy
between an obstructed litchi cluster and the picking point. It also implied that the method
of obstruction removal based on visual recognition and localization was effective and
feasible, and for this success, it is fundamental that the end-effector can feed into the space
redundancy between an obstructed litchi cluster and the picking point.
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4. Conclusions

This study proposed a litchi picking robot system that was capable of actively remov-
ing obstructions. The system applied the YOLOv8-Seg model to segment litchi fruits and
branches. An intelligent image algorithm was developed for recognizing litchi picking
points. Binocular vision technology was used for localizing the recognized litchi picking
points. An intelligent algorithm framework was developed for identifying the obstruction
types at the picking points. Obstruction removal at a picking point was actively imple-
mented based on the recognition results of the robot vision system and the obstruction
removal unit. The end-effector of the robot system was controlled to successfully enter
the space redundancy between the obstructed litchi cluster and the picking point. Some
conclusions include the following:

1. The comprehensive performance results of using the YOLOv8-Seg model to segment
litchi fruits and branches were that precision was 88.1%, recall was 86.0%, the F1score
was 87.04, and mAP was 78.1.

2. The recognition success rate of picking point recognition was 88%, and the average
recognition time was 80.32 ms.

3. The maximum error, the minimum error, and the average error of picking point
localization using binocular vision technology were 7.7600 mm, 0.0708 mm, and
2.8511 mm, respectively.

4. A 100% accuracy rate in identifying obstruction situations was achieved by using the
proposed method.

5. An overall success rate of 81.3% was obtained for end-effector entry into the space
redundancy between obstructed litchi clusters and picking points based on actively
removing obstructions.

These conclusions confirmed that the developed litchi picking robot had effective
performance for actively removing obstructions. In future research, the posture of the
cutting picking point of a litchi cluster will be the focus based on a lichi picking robot with
actively removing obstruction capabilities.
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