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Abstract Robotic autonomous operating systems in global
n40avigation satellite system (GNSS)-denied agricultural
environments (green houses, feeding farms, and under
canopy) have recently become a research hotspot. 3D light
detection and ranging (LiDAR) locates the robot depend-
ing on environment and has become a popular perception
sensor to navigate agricultural robots. A rapid development
methodology of a 3D LiDAR-based navigation system for
agricultural robots is proposed in this study, which includes:
(i) individual plant clustering and its location estimation
method (improved Euclidean clustering algorithm); (ii)
robot path planning and tracking control method (Lyapunov
direct method); (iii) construction of a robot-LiDAR-plant
unified virtual simulation environment (combination use of
Gazebo and SolidWorks); and (vi) evaluating the accuracy of
the navigation system (triple evaluation: virtual simulation
test, physical simulation test, and field test). Applying the
proposed methodology, a navigation system for a grape field
operation robot has been developed. The virtual simulation
test, physical simulation test with GNSS as ground truth, and
field test with path tracer showed that the robot could travel
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along the planned path quickly and smoothly. The maximum
and mean absolute errors of path tracking are 2.72 cm, 1.02
cm; 3.12 cm, 1.31 cm, respectively, which meet the accuracy
requirements of field operations, establishing the effective-
ness of the proposed methodology. The proposed methodol-
ogy has good scalability and can be implemented in a wide
variety of field robot, which is promising to shorten the
development cycle of agricultural robot navigation system
working in GNSS-denied environment.

Keywords Agricultural robot - Global navigation
satellite system (GNSS)-denied environment - Navigation
system - 3D light detection and ranging (LiDAR) - Rapid
developing - Methodology

1 Introduction

The automatic navigation of agricultural machinery is one
of the key supporting technologies for smart agriculture.
After nearly two decades of development, the global naviga-
tion satellite system (GNSS) has matured and is widely used
in many mechanized field crop production links [1-4]. In
comparison, agricultural robots that operate autonomously
in a GNSS-denied environment are not yet popular. One
reason is that the blocked satellite signal makes it difficult
for robots to apply the mature, low-cost GNSS technology.
Therefore, in a GNSS-denied environment, the positioning
and navigation methods of agricultural robots have become
a research hotspot in recent years. Chen et al. [5] used an
RGB camera in the cucumber greenhouse and proposed a
prediction-point Hough transform algorithm to extract the
navigation path of the picking robot. However, the disad-
vantage of machine vision is that the image quality is easily
affected by light and the positioning accuracy is unstable [6].

@ Springer
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Papadimitriou et al. [7] and Zhu [8] developed ultra-wide
band-based (UWB-based) and odometer-based navigation
systems, respectively, used for robotic autonomous opera-
tion in unknown indoor and outdoor environments. However,
using UWB and wheel speed sensors alone results in low
positioning accuracy and cannot meet the needs of precise
operation. Multi-sensor fusion technology [9] is generally
required to improve accuracy, which will require multi-
coordinate system registration, making engineering imple-
mentation difficult and costly. Using the principle of time
of flight (ToF), 2D light detection and ranging (LiDAR) can
obtain the two-dimensional coordinates of the surrounding
environment of the carrier, but because of the sparse point
cloud data and the lack of environmental information, it is
more used in plant protection [10, 11] and harvesting [12,
13] tools to assist perception of target operations.

3D LiDAR has a larger field of view and can provide
richer environmental perception information and is widely
used in local path planning of car automatic driving systems
[14, 15]. However, due to hardware cost constraints in the
field of agricultural engineering, 3D LiDAR was initially
used in situations where the requirement for real-time data
operation was not high, such as geometric parameter acqui-
sition [16], phenotyping [17], and reverse reconstruction of
agricultural plants [18]. For example, Cheraiet et al. [19]
proposed a Bayesian point cloud classification algorithm to
segment the canopy of the vine point cloud scanned by 3D
LiDAR, estimate the height and width of the canopy, and
realize variable spraying in orchards. Chen et al. [20] used
drones to carry 3D LiDAR to measure the canopy area and
diameter of each fruit tree, and they analyzed the impact of
different spatial resolutions on the detection and extraction
results of single tree canopy. As the cost continues to drop,
scholars have begun to pay attention to and adopt 3D LiDAR
for the development of agricultural robot navigation systems.
Jones et al. [21] developed a heavy-duty platform capable
of performing tree line tracking and navigation as well as
autonomous transportation under the canopy of kiwifruit
pergolas, but the test window period was limited due to the
test site and crop growth season, and the development cycle
was lengthy. Jiang et al. [22], aiming to solve the prob-
lem of robot positioning and navigation in the greenhouse
environment, integrated the 3D LiDAR-perceived environ-
mental point cloud, odometer, and inertial measurement unit
(IMU) information and used the simultaneous localization
and mapping (SLAM) algorithm to ensure that the robot
realized the three-dimensional reconstruction of the green-
house environment. To study the effect of traveling velocity
on the navigation accuracy, the above two studies need to
repeatedly adjust the algorithm parameters and carry out
field tests, so the development efficiency is low. Liu [23],
to address the poor reusability of robot software and weak
environmental adaptability, designed a robot equipped with

@ Springer
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the robot operating system (ROS) system and combined
MATLAB and Gazebo to build a virtual environment to
carry out simulation tests, which improved the efficiency
of algorithm development, but Gazebo’s built-in mapping
tools limited modeling capabilities and could not restore
the unique details and characteristics of real scenes. There-
fore, the adaptability of the developed algorithms to specific
application scenarios needs to be verified. To summarize,
there are still issues in the research of LiDAR navigation
systems for agricultural robots in a GNSS-denied environ-
ment. Firstly, during multiple experiments, LiDAR per-
ception information and robot motion state data cannot be
reproduced, and the experimental results cannot be repeated,
which brings a lot of inconvenience to the parameter tuning
of the algorithm. In addition, the absolute coordinates of the
robot and environmental objects cannot be known because
of the lack of satellite signals. Therefore, the evaluation of
navigation accuracy lacks a true value basis, and the meth-
ods and indicators for the evaluation of navigation accuracy
are not uniform.

In summary, this study proposes a development process
for the development of robot navigation systems in an agri-
cultural GNSS-denied environment, for example, in green
houses, on farms, or under the canopy. The structure of the
study is as follows. The first part reviews the perception
methods of agricultural robot navigation and positioning
and puts forward the problems existing in the development
of 3D LiDAR navigation systems in a star-free environment.
The second part introduces the materials required for the
development of the 3D LiDAR-based robot navigation sys-
tem and the development process of the navigation system
innovatively proposed in this study. In the third part, tests
have been carried out in virtual simulated environments,
physical simulated environments, and field environments
which verify the effectiveness and accuracy of the naviga-
tion system developed with the proposed process. The fourth
part summarizes the main contributions of this study.

2 Materials and methods
2.1 Materials

The SCOUT MINI four-wheel differential steering mobile
chassis (627 mm X 549 mm X 248 mm) used in the study is
shown in Fig. 1. The display terminal is fixed to the chas-
sis through a ball bracket. 3D LiDAR (hereinafter referred
to as LiDAR) (RoboSense, RS-Helios) is used to sense
the working environment and perform robot positioning
and navigation. The robot’s attitude change induced by the
field unevenness will affect the positioning accuracy of the
robot. The AHRS (attitude and heading reference system,
XSENS, Mti-300) is fixedly connected to the LiDAR, and
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Fig. 1 Robot overall structure

Fig. 2 Research object and environment (grassed grape fields)

the three-dimensional attitude of the LiDAR point cloud is
measured and corrected in real time. The NVIDIA Jetson
AGX Xavier edge computing platform, deployed with Linux
(melodic), is used as the sensor data processing and deci-
sion control center. The dual-antenna GNSS (unicorecomm
UMA482) is installed laterally on the vehicle body (with a
baseline distance of 1 m) to provide the true value for the
accuracy verification of the LiDAR navigation system. The
connection method and installation position of each piece
of hardware of the robot are shown in Fig. 1. In the Linux
(melodic) environment, the mixed programming of Python
and C++is used for algorithm development and hardware
networking communication.

The working scene is located in the grape planting base of
Moore Manor, Qiantang District, Hangzhou City, Zhejiang
Province (120.45°E, 30.31°N), as shown in Fig. 2. There
are brackets installed around and on the top of the field. The
grape stems are slender and have different shapes, and the
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Terminal

3D LiDAR

GNSS antenna

4WD-robot

cultivation row and plant spacing are large, so it is not suit-
able for GNSS or 2D LiDAR for positioning. Therefore, the
research will use 3D LiDAR as the perception sensor of the
robot and demonstrate the development process of the robot
navigation system for grape field operation.

2.2 Methods
2.2.1 Frame of reference transformation

As shown in Fig. 3, the coordinate systems involved in
the robot’s navigation system are: the odom of the global
coordinate system with the origin of the robot’s initial posi-
tion; the base_link of the robot coordinate system with the
geometric center of the robot chassis as the origin; LiDAR
sensor coordinate system rslidar_link; the GNSS coordinate
system GNSS_link with the right antenna as the origin and
the AHRS sensor coordinate system imu_link. The TF tree
provided by ROS can be used to maintain all the transforma-
tion relationships among the robot and the mounted sensors.
We established a communication node for each sensor, and
manually measured the installation distances (mechanical
dimensions) of the sensors relative to the navigation point
(geometric center of the robot chassis). As a result, the TF
calculated transformation between any two coordinate sys-
tems, and all the coordinate systems were projected to the
navigation points automatically. The TF tree is shown in
Fig. 4.

2.2.2 LiDAR point clouds pre-processing

The horizontal field of view of RS-Helios is 360°, with
the horizontal resolution of 0.2° and the maximum scan-
ning distance of 150 m. The beam is 32; the vertical field
of view is from —55° to 15°; and the frequency is 576
000 points per second. In the process of environmental
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Fig. 3 Coordinate systems and transformations involved in robots a robot’s coordinate system, b robot’s tf_tree
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Fig. 4 Range of interest

perception, a large number of point clouds unrelated to
the target plant, such as weeds, the ground, and surround-
ing buildings, will be scanned, which will increase the
computational burden and affect the segmentation of the
target point clouds. Therefore, real-time data preprocess-
ing is required without changing the characteristics of the
point clouds.

(i) ROI and VoxelGrid filter
Taking the installation position of the 3D LiDAR as
the origin, and the heading of the mobile robot as the
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(i)

(iii)

y-axis, a Cartesian coordinate system is established (as
shown in Fig. 4). According to the field environment,
range of interest (ROI) areas of 6 m, 20 m, and 2 m
were set on the x-axis, y-axis, and z-axis, respectively.
The point that clouds in the ROI area is down-sampled
by voxel filtering, and the size of the voxel unit is 0.1 m
X 0.1 m X 0.1 m. The centroid coordinate of each cube
is estimated to represent all point clouds within the
cube. This method can effectively reduce the amount
of point cloud data and speed up data processing on the
premise of avoiding the loss of point cloud features.
Ground point clouds segmentation

The Ray Ground Filter is used to segment the
ground point clouds, with the specific method as fol-
lows. Firstly, according to the horizontal angular reso-
lution of LiDAR, the point clouds are divided into
360+0.2=1 800 longitudinal sections, and the points
in each longitudinal section are sorted by distance.
Secondly, set the slope threshold (local_max_slope,
unit: degree) of two adjacent points on the same scan
line and the slope threshold of the entire ground (gen-
eral_max_slope, unit: degree) and obtain the height
threshold based on these two slope thresholds and the
radius of the current point (to the horizontal distance
of LiDAR). Thirdly, if the height value of the current
point is within the range of the ground plus or minus
height threshold, it is determined as a ground point
and deleted.
Outlier removal

Affected by interfering factors such as system
measurement noise and environmental characteristics,
there are some outliers in the 3D LiDAR point clouds,
which are far from the target point clouds in terms of
data features and should be filtered out. Radius filter-
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ing was used to remove outlier point clouds around
the backbone. The radius filtering method runs fast,
and the points left by sequential iterations must be of
highest density. It is extremely suitable for scenarios
with large amounts of point cloud data and high real-
time requirements.

2.2.3 Plant individual segmentation and position
estimation

Preprocessed point clouds are segmented by Euclidean clus-
tering to obtain individual plants. As shown in Fig. 5a, for
vertically growing grape stems, the centroid of the grape
stem section can be used as the location of the single plant.
If the point clouds of the segmented plant are used to esti-
mate the position of the individual for the vertical lower
part and the upper sloping grape plant shown in Fig. 5b, the
centroid will be shifted, resulting in a deviation between the
extracted navigation path and the ideal furrow centerline. To
solve this problem, a method for estimating the position of
grape stems suitable for various growth attitudes is designed,
and the specific process is as follows.

(i) Create a corresponding K-dimension tree (KD-tree)
according to the point cloud data to be segmented.
KD-tree is a high-dimensional indexed tree data
structure, which is often used for K-neighbor search
of large-scale high-dimensional data to speed up the
Euclidean clustering and reduce the required time.

Set the distance threshold d, randomly select an initial
point P, . in the point cloud to be segmented, create a
point-clouds set R, and add P, to R, Accord-
ing to KD-tree, the point clouds to be segmented are
searched for the point set Qg = {Py, Py, -, P,}
within the range of the initial point P, distance
threshold D, and it is added to R, and marked
point P,.. Then extract the unlabeled point P from
R > and search for the point set Q1 ={ Py, Py, -+,

(i)

start start®

start>

A\ S
(b) ©
Fig. 5 Estimation of individual position of grape plants a general

grape stem position estimation, b curved grape stem position estima-
tion, ¢ improved grape stem position estimation
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P,} in the point clouds to be segmented within the
range of the distance threshold of the point P accord-
ing to the KD-tree, add it to R, mark the point P.
Continue to extract the unmarked point P; from R,
and repeat the previous steps until no new points are
added to R, At this time, R, is used as a target for
segmentation completion.

Extract another unlabelled point from the point clouds
to be segmented as the initial point P, repeat the
preceding steps until all of the points in the three-
dimensional point clouds to be segmented are marked,
complete the Euclidean clustering of the point cloud
data, and realize the plant’s individual segmentation.
Calculate the maximum coordinates (X, Xmins Ymaxs
Ymin) Of the ith grape stem point clouds set along the
x and y axes after the data clustering of the kth frame.
According to Egs. (1)—(4), the widths x;; and y,; in
the x-axis and y-axis directions of the grape stem are
obtained. And according to Eqs. (5) and (6), the aver-
age values Xy, 3, in the x-axis direction and the y-axis
direction of the grape stem in all ROI areas of the
point cloud data of the kth frame are obtained and set
as the threshold of the centroid of the grape stem.

As shown in Fig. 5c, determine whether the distance
between the x-axis direction and the y-axis direction
of the ith grape stem in the kth frame of point clouds
data is greater than the threshold. If it is greater than
the threshold, the point clouds with the maximum
value in the z-axis direction are truncated. Repeat the
process (iv) until the centroid of the grape stem meets
the threshold requirement.

Project the centroid of the grape stem to a two-dimen-
sional plane to obtain the final position coordinates
of the stem (Oy, Oy, O), record the position coordi-
nates Oy; of all the grape stems under the kth frame,
and realize the target position estimation, as shown in
Fig. Sc.

star
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(vi)
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2.2.4 Navigation path planning

The least square method (LSM) was used to fit all the
stem centers of individual grape estimated in Sect. 2.2.3
and generate plant rows. LSM, with small error and fast
speed, is more in line with practical application require-
ments. In addition, in order to avoid the yaw of the robot
because of misidentification of plant rows during driving,
the LSM for fitting plant rows was improved, and the flow
is shown in Fig. 6.

(i) After the straight line is initially fitted by the least
squares method, the slope the slope k; of the left tree-
line L, and the slope k, of the right tree-line L, are
estimated, respectively. If the value of & and k, are not
between —tan 75° and tan 75°, it is believed that the
estimation is effective.

Calculate the distance from each coordinate point
to the fitted line and delete the coordinate points in
descending order of length. After each deletion, return
to perform a least squares fitting.

Calculate the slope of the newly fitted straight line,
then repeat steps (i) and (ii) until a straight line
y=kx+ b that meets the target condition is fitted.

(i1)

(iii)

L :y=kx+b, )

L :y=kx+b, ®)

Fitting plant rows by
least square method

Extract the center line
as the navigation path

Remove maximum distancel

i

Calculate the distance from
the plant position to the
navigation line

Calculate the slope

Within the se
threshold range

Yes

Extraction of
navigation line

Fig. 6 Improved least squares fitting plant row flow chart
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(ki + k) + (b +b,)

9
5 , ©))

Lﬁnally Y=

where b, and b, are the intercept of the L, and L,, respectively.
According to Eq. (9), calculate the midpoint set of L, and
L,, that is, the reference navigation line Ly, is estimated.

2.3 Path following control

In the global coordinate system OXY, set a point on the navi-
gation line as the preview point P of the robot, as shown in
Fig. 7. The blue line is the fitted plant row, the red line being
the desired path, O’ the robot’s navigation control point, P
the target point on the robot’s navigation path, and (e,, e,), ¢,
are the position deviation and heading deviation between the
robot control point O’ and the target point P, respectively.
The pose vector of the robot in the global coordinate system
is p, [xc v 6, ]T, and the motion vector is g, = [vc @, ]T
; the pose vector of the reference robot in the global coor-
dinate systemT is p, [xr Y 0. ]T, and the motion vector is
g, = [v; o

From the principle of kinematics, the following relation-
ship can be defined

-

e cosf. 0

p.=|¥.|=| sinf, O |q.,
6, 0 1

3 - (10)

Xy cosf, 0

Py =¥ [=] sin. 0 g,
0 0 1
r

In the global coordinate system, the error of the robot’s
actual pose relative to the reference pose is

3

A 4 A

~

—&

Left plant row

=

Fig. 7 Robot trajectory tracking model
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T o= (% — & 0 — 9 _ ino. + (3. — 5
Pe=p—pe =[5 -y -y 6,-0.] (1) = lemieostem0lyma) st (i)
sin 6, + 6, (y, — y.) cos 8,
. . . 14
From the. transformation relatlonshlP of the robot pose, 1,008 (6, — 6,) — v, + (3, — v.) 036, — (5, —x.) sin) 14)
the expression of the robot pose error in the local coordi-
nate system can be obtained as follows =0, = Ve + v, cosb,
Xe cos @, Sil‘19C 0 Yo == (& = &) sin 0, = 0, (x, = x.) cos b, + (¥, = Je)
Pe=|Y.|=| —sinf, cosb, 0 |pg = R.pg. (12) cos, — 6, (v, — y.) sin 6,
1
ee 0 0 1 = v, sin (Gr—HC) —wc((xr—xc) cosGC+(yr—yc) sinHC) ( 5)
. . . . = — ind, ,
In the formula, R_ is the transformation matrix. Taking @ete TSN
the derivation of Eq. (12), and combining Eq. (10), we can
obtain X, @ Ye — V. + Vv, cos b,
. . . P.= )..}e = —WXe + V; sin 96 (16)
He =6r_ec =W, — 0. (13) ae (SO

The differential equation of the robot pose error after
finishing is

Through the transformation of Egs. (10)—(15), the track-
ing control problem of the robot is transformed into the
stabilization problem of the error system (see Eq. (16)).

Make the control parameters kj, k,, and k5 all greater

than zero and bounded, and design the control law as

v v, cos @, + k,x,
U= = o re a7
® @, + kv,y, + ks sin 6,
Table 1 URDF parameter configuration of LiDAR perception model
— - Construct the Lyapunov function as
Characteristic parameters Numerical value
Line number 32 kl 2 2 .0, ?
V=—(xe +y.2) +2(sin= ) . (18)
Dead zone/m 0.2 2 2
Ranging ability/m 0.2-150 . . .
Horizontal field/(°) 360 Derivate Eq. (18) and substitute Eq. (17) into
Horizontal angular resolution/(°) 0.2
Vertical field/(°) 15-55
Vertical angular resolution/(°) 1.5
Frame rate/Hz 10
m | Build the 3D model |
l Add reference coordinate systems I
I Configuration parameters I
I Generate the package file I
I gazebo.launch/display.launch |
LA R}
| Virtual simulation test I ::: R O S
Fig. 8 Virtual simulation environment construction flow chart
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(2)

(b)

Fig. 9 Simulated motion of the robot in the simulated grape trellis a robot motion state in Gazebo, b robot motion state in RVIZ

: . . NNy
V=K ()cexe + yeye) + 2sin — 08 Eﬁee

= ky (x,v, cos 0, — x, (v, cos 0, + kyx, ) + Y, sin6,)
+ (wr - (a)r + kv, + ks sin Oe)) sin 6,
= —kkyx,> — kysin’6, <0
19)

Vp. #0,V > 0, V < 0; therefore, the control law Eq. (17)
makes the control system converge to the equilibrium point
p. = 0 asymptotically; that is, the robot can track the upper
reference trajectory.

2.4 Robot-LiDAR-plant multi-domain unified virtual
simulation environment

In order to verify the effect and reliability of the designed
robot navigation system, the research adjusts the informa-
tion processing and automatic control algorithm param-
eters, builds a unified virtual simulation environment of
robot-LiDAR-plant in ROS, simulates the real scene of the
robot running in the grape field, and conducts the simula-
tion test. The unified robot description format (URDF) is
a language format for describing robots under the XML
syntax framework. Using URDF tags, simple multibody
dynamics virtual simulation models and environments can
be created. For complex structures, such as grape fields
and robots, directly describing the URDF command line

(b)

Fig. 10 Robot navigation path and path true value data and error a navigation simulation test scenario, b GNSS measurement simulates the true

value of plant coordinates
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is difficult. Therefore, first use Solidworks to design a
3D model, and then export the URDF file of the model
through the sw_urdf_exporter plug-in. After modeling,
simulate and debug the created multi-body model in
Gazebo while visualizing sensor and robot state informa-
tion in RVIZ. The modeling process is as follows

(i) Mobile chassis virtual simulation model

Build a physical model of the robot in SolidWorks,
set the reference axis at the center of the body and
four wheels, and establish a coordinate system. Then
define the body coordinate system base_link as the
parent object; the coordinate systems right_front_
wheel, right_back_wheel, left_front_wheel, and
left_back_wheel of the four wheels as child objects;
and set the joint type of the wheel to continuous.

(i1) Test virtual simulation environment

Build a virtual simulation environment in Gazebo
according to the actual test scene, set the reference
axis on the ground and the center of the plant, and
establish the coordinate system. Set the ground as the
parent object, set the plant as the child object, select
the reference coordinate system of the plant, and set
the joint type to be fixed to complete the construction
of the virtual simulation environment.

(iii)) 3D LiDAR perception model

Call the LiDAR_Simulator URDF file and con-
figure the URDF description parameters of LIDAR
according to Table 1.

The three-dimensional modeling of the robot, 3D
LiDAR, and the test environment is completed, the rela-
tive positional relationship between the coordinate systems

| I Fvivin

Wil/ﬁ“wl? .ﬁvin ?Wf - v 0!

is defined according to the actual installation position, and
the construction of the virtual simulation environment is
completed, as shown in Fig. 8.

2.5 Test
2.5.1 Virtual simulation test

The field test is carried out in the virtual simulation envi-
ronment built in Sect. 2.4 to improve the success rate and
optimize the robot perception and automatic control algo-
rithm parameters, as shown in Fig. 9a. According to the 3D
point cloud processing method proposed in Sect. 2.2, the
hybrid parameter adjustment of perception and navigation
algorithms is carried out as follows

(i) Different thresholds of ground slope, Euclidean clus-
tering point cloud quantity threshold, and plant stem
cross-section threshold were selected for virtual simu-
lation tests, and the point cloud processing results of
each parameter were compared.

(i) The row spacing of grape plants is about 3 m, and the
plant spacing is about 1 m. The degree of bending
of the stems is different from each other, and they
are basically enclosed in a cylinder with a diameter
of 15 cm. Therefore, the 3D simulation scenario was
constructed referring to the experiment field as simi-
larly as possible, including reconstructing the cultiva-
tion pattern and attitudes of grape stems. And on this
basis, center estimations of the grape stems before and
after using improved Euclidean clustering algorithm
were compared via simulation.

Fig. 11 Test site grape fields a robots conduct field test, b the yellow sand grains record the movement path of the robot during navigation
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Threshold of slope Number th-reshold of Thresh_old of stem
cluster point clouds section (cm)

local_max_slope=30

min_cluster_size=40
general_max_slope=25

max_cluster_size=400

stem_section =0

local_max_slope=55 ! ceciion =
erners] fhax slore=50 stem_section =10

min_cluster_size=25
max_cluster_size=400

local_max_slope=75
general_max_slope=70

min_cluster_size=18
max_cluster_size=400

stem_section =8

local_max_slope=88 min_cluster_size=12

general_max_slope=83| | max_cluster size=400 stem_section =6

Fig. 12 Mixed parameters

(iii) Fit the navigation path, calculate the robot linear
velocity and angular velocity according to the navi-
gation control law designed in Section 2.3, control
the robot movement, and visualize it in RVIZ (green
straight line), as shown in Fig. 9b.

2.5.2 Path tracking physical simulation test

A path tracking physical simulation test was carried out at
Zhejiang Sci-Tech University in order to verify the accuracy
of the designed navigation system, as shown in Fig. 10. First,
16 plastic circular tubes with diameters of 40-60 mm and
heights of 1 m were placed on the ground in two rows with a
row spacing of (3+0.1) m to simulate plant rows. The RTK-
GNSS antenna was used to measure the absolute coordinate
value of each circular tube in the east-north-up (ENU) coor-
dinate system. A least-square fit was used to simulate plant
rows, and the centerline of the 2 straight lines was calculated
as the true path value. Second, the initial position deviations
of the robot were set to be (0+0.1) m and (0.5+0.1) m,
respectively, and the travel speeds were 0.3 m/s, 0.5 m/s, and
0.7 m/s, respectively. A straight line tracking test was carried
out to record the real motion path points of the robot. Third,
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the distance from the robot path point to the center line as the
position deviation of the simulated test was calculated, and the
online time, max absolute error (MaxErr) and mean absolute
error (MeanFErr) of each group of tests were analyzed.

2.5.3 Field test

To verify the feasibility of the designed navigation system
development process and that the navigation system can effec-
tively estimate and automatically navigate plant point clouds
information in a GNSS-denied environment. Field navigation
tests were conducted in grape fields (see Fig. 11a), and the
results of LiDAR point cloud processing in the virtual simu-
lation environment and the real environment were compared.

Firstly, an hourglass with yellow sand particles was
installed on the front of the vehicle to record the real path
of the robot, as shown in Fig. 11b. Secondly, the navigation
test was carried out at 0.3 m/s, 0.5 m/s and 0.7 m/s, respec-
tively. After each test was completed, the vertical distance
from the grape stem to the navigation track was measured
by ruler, and the test results were recorded. The test was
repeated five times in total. Thirdly, the difference between
the navigation path line and the center line of the grape plant
row was defined as the error amount; the influence of the
European clustering algorithm was compared before and
after the improvement on the autonomous navigation of the
robot; and the MaxErr and MeanErr were calculated. Finally,
after comparing the results of the field test and the physical
simulation test, the navigation accuracy of the robot is evalu-
ated, and the practical application effect of the navigation
system developed according to the proposed methodology
in the GNSS-denied environment is analyzed.

3 Results and discussion
3.1 Virtual simulation test
3.1.1 Navigation system parameter optimization

As shown in Fig. 12, the yellow box represents the effect
of ground point cloud segmentation under different
local_max_slope and general_max_slope parameters.
If the selected two slope thresholds are too small, the
ground point clouds will not be completely segmented. In
contrast, some target point clouds will also be regarded
as ground point clouds. When local_max_slope =88 and
general_max_slope =83, the ground point-clouds and
the plant point-clouds are completely separated. The
green box is the clustering effect of plants under differ-
ent cluster_size. Use the BoundingBoxArray plug-in in
RVIZ to select each piece of point cloud that has been
classified. If the threshold of the number of point clouds
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(b)
(d)

2
y=—0.007 5x+1.53 @
1.5 © o o QP O—EN
y,=—0.003 4x+1.51
1

O Grape stem position with Euclidean clustering

O Grape stem position with improved Euclidean clustering
0.5 Fitted plant row with Euclidean clustering

. Fitted plant row with Improved Euclidean clustering
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(e)

Fig. 13 Clustering results before and after the improvement of Euclidean clustering a construction of virtual scenario of grape field, b point
clouds acquired from virtual grape stems, ¢ clustering results of original Euclidean clustering algorithm, d clustering results of improved Euclid-
ean clustering algorithm, e estimation results of grape stems position before and after Euclidean clustering improvement
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Fig. 14 Navigation controller virtual simulation navigation results a robot path tracking, b robot heading tracking

Table 2 Accuracy results of 3D LiDAR physical simulation navigation test

Number Velocity/(m-s™) Initial deviation/m Heading to the planed ~ Max absolute error/cm Mean absolute error/cm
path time/s
1 0.3 0+0.1 3.75 2.72 1.02
2 0.5 0+0.1 2.42 3.08 1.64
3 0.7 0+0.1 1.34 4.95 2.06
4 0.3 0.5+0.1 6.35 2.83 1.36
5 0.5 0.5+0.1 4.53 3.46 1.68
6 0.7 0.5+0.1 3.96 5.15 2.27
15 ————o—o—> T diameter of 3—-6 cm, found that if the threshold value

1r —Plant row
Planed path {0.07
- -Actual path
0.5 © Simulated plant coordinates

0 1
Heading to the
planed path phase

Fig. 15 Results of the simulated navigation test

is set too small, some noise points will also be regarded
as clustered point clouds and be incorrectly selected by
the box. In contrast, some grape stems are missed due
to distance, occlusion, etc., when min_cluster_size =12
and max_cluster_size =400, achieving the ideal clustering
effect. The blue box is the effect of the BoundingBox-
Array box selection under the stem_section of different
plants. According to the measured value of grape stem
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of stem_section is seted too small, the centroid may be
missed due to too few point clouds of grape stem; On the
contrary, the centroid will have a large offset, Therefore,
when stem_section =8 cm, obtain a more accurate esti-
mate of the stem centroid position.

3.1.2 Improved euclidean clustering for grape stem
position estimation

Figure 13a shows the constructed virtual simulation
scenario in Gazebo, and Fig. 13b shows the point cloud
acquired from the constructed virtual grape stems. The
applied results of original and improved Euclidean clus-
tering algorithm on grape stems are shown in Figs. 13c¢
and d, respectively. Among them, the red boxes numbered
@, ® and ® in the Fig. 13 are grape stems with obvious
curvature, which illustrates that the sizes of the bounding
boxes of grape stems with obvious curvature are bigger
than those with small curvature. Before the improvement,
the maximum width of the bounding box was 15 cm; after
the improvement, the maximum width was 8 cm. The esti-
mated center coordinates of the bounding boxes clustered
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(b)

Fig. 16 Grape field point clouds processing flow, a virtual simulation environment, b field environment
Table 3 Accuracy results of 3D LiDAR field navigation test

European clustering Improved European clustering
Number 1 2 3 4 5 6
Velocity/(ms") 0.3 0.5 0.7 0.3 0.5 0.7
Max absolute error/cm 4.95 6.32 7.85 3.12 4.21 5.07
Mean absolute error/cm 2.07 3.15 3.64 1.31 1.98 2.52

by two methods are shown in Fig. 13e. Figure 13e shows
that the improved Euclidean clustering can finally improve
the estimation accuracy of plant rows.

3.1.3 Path following control simulation

Set the linear velocity and angular velocity of the reference
robot as v, = 0.3 m/s, @, = 0°/s; the initial pose error is
p0)=[-1.5m,—0.5m,15°]T, k, =4k, =2.2,ky =2.5.
Start the virtual simulation, the navigation results recorded
by RVIZ are shown in Fig. 14.

The results show that the control law under this param-
eter, under the condition that the initial deviation is 0.5 m,
the heading angle changes within 0-0.5 s, indicating that
the robot is in the process of going online. Beginning at
0.5 s, the heading angle gradually converges, completes
the line at about 3 s and starts to track the target straight
line. Therefore, the designed path following control law
is effective.

58

3.2 Physical simulation test

The linear navigation of the robot is divided into the online
phase and the linear tracking phase. After the robot goes
online smoothly, the navigation error is calculated, and the
initial deviation, Online time, MaxErr and MeanErr of the
robot path and the true value are recorded for each test. Test
results are shown in Table 2. The results show that, under the
same initial deviation, with the increase in velocity, MaxErr
and MeanErr also increase; navigation accuracy is reduced;
and the online process is accelerated. Therefore, in practical
applications, under the premise of meeting the requirements,
reducing the traveling velocity as much as possible can
improve the navigation accuracy. When travelling velocity
is constant, online time, MaxErr and MeanErr all increase
as the Initial deviation increases. Therefore, in practical
applications, the initial deviation should be minimized to
improve the navigation effect. The best navigation effect is
in the first group of trials, with a MaxErr of 2.72 cm and a
MeanErr of 1.02 cm, as shown in Fig. 15. The planned path
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Fig. 17 Field test robot navigation path (yellow sand) a naviga-
tion path of the robot field test before the improvement of Euclidean
clustering, b navigation path of robot field test after improvement of

is basically ideally tracked. The possible causes of errors
include measurement errors between sensors and GNSS,
calibration errors between LiDAR coordinate systems and
GNSS coordinate systems, LiDAR installation errors, and
numerical calculation errors.

3.3 Field test

Figures 16a and b show the LiDAR point cloud process-
ing effects in the virtual simulation environment and field
test, respectively. The 3D LiDAR scans the environmental
point clouds. After preprocessing and improving the Euclid-
ean clustering, the effect of the point clouds is consistent
with the processing results of the point clouds in the virtual
simulation environment. Therefore, the results show that
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European clustering, ¢ navigation results of robotic field test before
European clustering improvements, d navigation results of the robot
field test after the European clustering were improved

the system parameters optimized in the virtual simulation
environment are also suitable for the field test environment.

In the field experiment, the robot trajectory was tracked
by the yellow sand running out from a hourglass. After
then, the vertical distance from each grape stem to the
recorded navigation trajectory was measured to locate the
waypoints on the navigation trajectory corresponding to
each real grape stem. Tests were carried out at different ini-
tial velocities, and the comparative test results are shown in
Table 3. In the field test, it shows the same characteristic as
the physical simulation test in Sect. 3.2. With the increase
of velocity, MaxErr, and MeanErr will also increase. In
the comparative test of European and improved European
clustering, when the velocities are 0.3 m/s, 0.5 m/s and 0.7
m/s, respectively, the effect of improved European cluster-
ing is better than that of European clustering. The accuracy
results are best when velocity is 0.3 m/s; MaxErr is 3.12
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cm; and MeanErr is 1.31 cm. As shown in Figs. 17a and b,
the navigation path of the robot field test after the improve-
ment of the European clustering is smaller than the naviga-
tion path of the robot field test before the improvement of
the European clustering, which is smoother and closer to
the planned path. In Fig. 17c, at y=8 m, the Actual path
has the largest error of 4.95 cm, and at y=9 m, there is a
large deviation in the opposite direction. The grape stems
on both sides were significantly bent, which caused the
planned path to deviate from the ideal centerline, and the
tracking error was the largest. In Fig. 17d, the curve of the
actual path is very smooth, and the maximum error is only
3.12 cm. Most of the curves are close to the planned path,
and a few are slightly to the right.

The field test results show that the navigation system
designed by the methodology proposed in this study
can realize the effective estimation of plant information
and the automatic navigation of the robot in a star-free
environment.

4 Conclusions

Aiming at the problems existing in the development of agri-
cultural robot navigation systems in a GNSS-denied environ-
ment, such as long development cycles and unrepeatable
field test data, a 3D LiDAR-based navigation system devel-
opment methodology is proposed. It specifically includes:
(i) point cloud data preprocessing methods, (ii) individual
plant segmentation and position estimation method, (iii)
plant row fitting and path planning, (iv) non-linear path
following control law, (v) construction of a robot-LiDAR-
plant multi-domain unified virtual simulation environment in
ROS/Gazebo, (vi) carrying out virtual simulation test, physi-
cal simulation test and field test to verify the effectiveness
of the proposed methodology. The physical simulation test
results show that when the travelling velocity of the robot is
0.3 m/s and the initial deviation is 0 +0.1, the MaxErr and
MeanErr are 2.72 cm and 1.02 cm, respectively. The field
test results show that, the point cloud processing and auto-
matic control algorithm parameters in the virtual simulation
environment are also applicable to the field, and consistent
navigation results are obtained. When the travelling veloc-
ity of the robot is 0.3 m/s, the MaxErr and MeanErr are
3.12 cm and 1.31 cm, respectively. Above all, the proposed
method provides a good solution on improving the develop-
ment technique for agricultural robot navigation systems that
operate in GNSS-denied environments. This study has good
scalability and its methodology can be implemented in a
wide variety of field robot, which is promising to shorten the
development cycle of agricultural robots. Future study will
focus on the reconstruction of complicated field scenario in
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virtual simulation environment and in which the obstacle
avoidance algorithm of agricultural robots will be studied.
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To overcome the limitations of existing methods in acquiring the vertical kinematic states
of implements subject to vulnerable signal or operating surroundings, the Kalman filter
was used to fuse a laser receiver’s rough height indicated by photocell set and its accel-
eration to obtain the vertical displacement and velocity of the implement. This is called the
Kalman filter based method for fusing laser receiver and accelerometer (KFLA). By using the
linear motion transducer as a comparative metric, laboratory experiments of accuracy
evaluation were conducted within the motion range of —77 to +77 and —11 to +11 mm,
respectively. The maximum absolute errors of the displacement estimated by the KFLA
were 14.6 mm and 5.7 mm, respectively; and the root mean square errors were 5.6 mm and
1.9 mm, respectively. Meanwhile, the velocity estimated by the KFLA showed similar but
smoother variations than the displacement difference. Vertical height estimation result of
the implement of a field-travelling levelling machine showed that the KFLA curve passed
through the bars represented by the rough height and corresponding deviation with a
higher frequency of 50 Hz. Above all, the KFLA could calculate the height of the implement
when the motion was beyond the sensing range of the receiver, which showed the stable
acquisition of sensing signal enables KFLA to be competent for measurement tasks oper-
ating in complex terrain. Overall, the KFLA is a promising method to estimate the kine-
matic states of the implements in indoor/outdoor environments, dryland, and paddy fields.

© 2021 IAgrE. Published by Elsevier Ltd. All rights reserved.

1. Introduction

Because of the poor levelling of farmlands, agricultural
machinery needs a height adjustment mechanism to

compensate for the operational impact of an uneven surface
and obtain a uniform working height that facilitates the
standardised implementation of subsequent processes. The
height adjustment mechanisms are of passive and active
types. Passive mechanisms have a simple form and are easy
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Nomenclature

Symbol Meaning of symbol [unit]

To Sample interval [s]

Sk Actual vertical displacement of the receiver
[mm)]; subscript k denotes the sampling order

ax Actual vertical acceleration of the receiver [mm
S—Q

Zy Height level indicated by the enabled photocell
unit(s) [mm]

ex Error between the observation and actual
vertical displacement of the laser receiver [mm]

Xy Two-dimensional state vector

Uy Manoeuvring acceleration [mm s~ 7|

Wy Non-manoeuvring acceleration [mm s

A State transition matrix

B Input matrix

H Observation matrix

Xr_1(—) Prior estimation of the system state

Xk 1(+) Posteriori estimation of the system state

Py( —) Prior covariance of the error of X;( — )

Py(+) Posteriori covariance of the error of X,( — )

Q Process noise covariance matrix

Qu Variance of the displacement process

Qy Variance of the velocity process

R Observation noise covariance

Ky Kalman gain

I Unit vector

Y(k) Low-pass output [mm s~

X(k) Sampling value of the accelerometer [mm s~ 2]

o Low-pass filter coefficient

D(a) Variance of the pre-processed acceleration
signal

to implement. Generally, by adjusting the pretension length
of the linear spring, the contouring motion of the machine
relative to the field can be achieved within a certain range.
Passive mechanisms are mostly used for agricultural trac-
tion implements, such as the seeding device of a single
precision seeder. However, for integrally suspended work-
ing implements with large inertia and operating scenarios
with large fluctuations in the terrain, the passive adjust-
ment solution cannot meet the requirements of highly ac-
curate control of the implement. With the continuous
advancement and development of precise agricultural con-
cepts and applications, the acquisition and active control
technology of the farm implement height continue to attract
the attention of researchers. Nielsen et al. (2017) combined
ultrasonic and linear displacement sensors to monitor the
depth of the disk coulter and developed a corresponding
depth active control system (Nielsen et al., 2018). Cui et al.
(2019) used a smoothing filter and a limiting filter to inte-
grate the data from three ultrasonic sensors installed under
the boom of a sprayer to dynamically measure the height of
the nozzles relative to the canopy. Similarly, ultrasonic
sensors have also been successfully used to sense the
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canopy height of wild blueberries, providing a height refer-
ence for automatic height adjustment of harvester headers
(Chang et al., 2017). Wang et al. (2019) used a near-infrared
distance sensor installed in front of the wheels to detect
the terrain in front of an agricultural vehicle to estimate the
attitude of the chassis, thereby achieving rapid control of
the attitude of the vehicle platform. The above sensors are
widely used to obtain machine height information (relative
to the field surface or canopy) in dry farmlands, but their
application is limited in Asian paddy fields, which are the
main rice production areas.

Tang et al. (2018) proposed a paddy field surface (mud-
mixture) extraction algorithm based on two-
dimensional (2D) LiDAR information. This method can calcu-
late the height of the work implement relative to the ideally
horizontal water surface, but the operation is best performed
within 10.5—24 h after rotary cultivation to minimise the time
variations in the measurements. To support precision agri-
culture, GNSS (global navigation satellite system) equipment
can be used for tracking the spatial positioning of the vehicle
in the earth-fixed coordinate system for autonomous robot
navigation (Gonzalez-de-Soto et al., 2016) and continuous
recording of the three-dimensional soil parameters. Fountas
et al. (2013) designed a rapid resistance measurement sys-
tem using a GPS receiver, comparing the effects of five
different tillage methods on soil compaction at different
depths. Similar studies were also conducted by Sudduth et al.
(2008) and Andrade-Sanchez et al. (2008). Although the GNSS
equipment can be used in paddy fields and dryland, and pro-
vide up to centimetre-level accuracy working in RTK (real-
time kinematic) mode, GNSS signals are easily blocked by
obstacles and appear to have differential lockout or multipath
effects. Therefore, auxiliary sensors are required for infor-
mation fusion estimations (Rovira-Mds et al., 2015), resulting
in higher overall costs.

The laser levelling technologies, including dry land level-
lers (irsel & Altinbalik, 2018), paddy field levellers (Hu et al.,
2019), and levellers for construction machinery (Leica, 2019),
use a laser receiver installed on the scraper to sense the po-
sition of the laser beam emitted by the laser transmitter to
obtain the height difference between the scraper and the laser
scanning plane. The hardware of the height measurement
system adopted by the laser leveller is composed of a laser
receiver and laser transmitter, which has lower cost and
stronger anti-interference ability than the GNSS equipment,
providing an accuracy of 3—10 mm among products. More-
over, the laser height sensing system (LHSS) can be used both
indoors and outdoors; thus, it is a promising approach to
measure the height of a working implement despite its
shortcomings. First, the laser receiver outputs digitally enco-
ded signals according to the enabled state of the internal
photocell set. It has high precision, but the resolution is low
and limited by the physical size of the photocell unit. In
addition, the range of the LHSS depends on the overall length
of the photocell set. When used in off-road conditions, espe-
cially in paddy fields with uneven bottom layers (Zhao et al.,,
2019), the motion of the tractor motion fluctuates greatly (Hu

water
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et al., 2019), and even exceeds the effective measurement
range, causing measurement failures. Moreover, the data
acquisition frequency of the LHSS is determined by the rotary
speed of the laser head, which is usually only 10 Hz, causing
undersampling of the height measurements, especially for
implements with high moving speeds.

The objective of this work is to propose an improved
sensing system and corresponding signal processing algo-
rithm on the basis of the current LHSS, which can not only
estimate the elevation of working implements in real time
with higher precision, reliability, and update frequency but
also estimate the vertical velocity that is absent in the original
LHSS. Furthermore, it is expected that the proposed system
has a wider range of application scenarios, such as concrete
levellers used indoors and agricultural implements in dryland
as well as paddy fields.

2. Material and methods

2.1. The laser receiver

The laser receiver’s photosensitive area consists of 36 pieces
of 2CR93 silicon photocells with a size of 20 mm x 5 mm.
The effective length of a single chip is 20 mm. The silicon
photocells are divided into four columns with nine pieces in
each column. The four columns of the photocells are ar-
ranged symmetrically, and every two adjacent columns are

15°
N
#

“ ./ F
4 f

N\

perpendicular to each other so that the laser beam can be
detected at any incident angle. For each column, the pho-
tocells are connected in a 2-2-1-2-2 manner with 2-mm
space in between (Fig. 1(a)). The receiver uses five (denoted
by PAO—PA4) independent processing circuits to perform
photoelectric conversion, amplification filtering, pulse
shaping, and comparison stretching on the signal, and then
transmits it to the STM32F103RBT6 processor’s general-
purpose input/output (GPIO) (Ke and Luo, 2014). The pro-
cessor distinguishes the photocell(s) enabled by the laser
beam according to the logic value(s) of PAO—PA4 of the GPIO.
In Fig. 1(b), the red horizontal dotted line represents the
laser beam, and the vertical line perpendicular to it repre-
sents the beam diameter. The position value of the middle
photocell (PA2) is set at 0; by considering the size and
arrangement of the photocell units, the receiver can sense
and output nine height levels: when the laser beam irradi-
ates at any position in PA4, it indicates that the current
height difference between the receiver and laser reference
plane is level 77; when the laser beam irradiates at any
position in PA3, it indicates that the current height level is
33; when the laser beam irradiates at any position in PA2, it
indicates that the current height level is 0; when the laser
beam irradiates in both PA4 and PA3, it indicates that the
current height level is 55; when the laser beam irradiates in
both PA3 and PA?2, it indicates that the current height level is
11. For the photocell units below PA2, the height levels are
still symmetric but have negative values.

Photocell set&-lLaser beam«'Height level
ST

77¢

g <
% i<

— R 33¢
I. .........
pAza [ F—— 11€
I 0«
M T e
PAl
— R -33¢

’J~§
o
11

Fig. 1 — Working principle of the laser receiver (unit in the figure: mm). (a) Size and arrangement of photocell unit. (b)
Relationship between height level value and irradiation position.
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2.2. Kalman information fusion algorithm based on the
laser receiver and accelerometer (KFLA)

The photocell set indicates the actual laser beam position
information, but the observation variance is large and the
update frequency is low. Accelerometers can provide high-
frequency height estimation, but digital integration tends to
cause error accumulation. Therefore, by fusing the external
laser source data with good long-term accuracy and inertial
sensor data with good short-term accuracy, an optimal overall
estimate of the receiver’s motion position can be acquired.
Here, the Kalman filter is used to fuse the height level and the
acceleration information to estimate the kinematic states of
the laser receiver, to improve the measurement accuracy and
signal update frequency.

The vertical motion of the receiver can be described using
the following equation:

Sks1 =Sk + SeTo + 0.5a,T2 (1a)

Sti1="5k + @ To (1b)

where T, is the sample interval, s; S; is the actual vertical
displacement of the receiver, mm; subscript k denotes the

sampling order; ai is the actual vertical acceleration of the
receiver, mm s 2; the dot indicates differentiation with
respect to sample interval.

The height level at sample time k indicated by the enabled
photocell units is given by z, which is composed of the actual

vertical displacement and observation error:

Zp =Sk + €

2
where e, is the error between the observation and actual
vertical displacement of the laser receiver, mm.

The displacement and velocity of the laser receiver serve as
the two-dimensional (2D) state vector, X, in the receiver’s
kinematic state space:

S
w-[3]

When an accelerometer is used to measure the accelera-
tion, a, in Eq. (1) is composed of manoeuvring acceleration uy
and non-manoeuvring acceleration wy:

(3)

ak = U + Wy

(4)
Using Egs. (1)—(4), the recursive equation for the kinematic
states of the laser receiver can be expressed as follows:

Sensor frame

Local frame

Fig. 2 — Coordinate system illustration. (a) AHRS (sensor) coordinates. (b) Presentation of the two coordinates.
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where X, ( —) is the current state value recursed from the state
Xy =AX, 1 + Bugp_q1 + Bwy_; (5a) vector at step k—1, which is the state prediction (a prior esti-
mate); Xp_1(+) is the optimal estimate of the receiver’s kine-

. . . 0.5T2 . L
where A = [é I‘)} is the state transition matrix; B = { 0} matic state (a posteriori estimate).
. . . 0 2) The prior covariance of the error of Xp( — ):
is the input matrix.
The observation equation for the kinematic states of the Pi(—)=AP,,(+)AT+Q (6b)

laser receiver is

whereQ = {OQH

0 |. . . .
is the process noise covariance; Qy is the

Qy
variance of the displacement process; Q, is the variance of the
velocity process.

3) Kalman gain K}, at step k:

Zr =Hxy + e, (Sb)

where H = [1 0] is the observation matrix.

The process of the Kalman filter fusing the receiver accel-
eration and the height level perceived by the photocell set can
be summarised as follows: Ki = Pe( — )HT[HPy(—)HT +R]* (6¢)

1) Prior estimation of the system state at step k: . . . . .
4) Posterior estimation of the kinematic states at step k:

ik(7)2A§k71(+) + Bug_4 (63) N N N
Xp(+)=2Xe(—) + Ki[ze — HXg ()] (6d)

Table 1 — Simulation results of traversal filter coefficient.
o 0.01 0.02—0.03 0.04—0.05 0.06—0.07 0.08—0.10 0.11-0.12
Std. 0.0053 0.0052 0.0051 0.0050 0.0049 0.0048
o 0.13-0.15 0.16—0.17 0.18—0.20 0.21-0.23 0.24—0.26 0.27—-0.30
Std. 0.0047 0.0046 0.0045 0.0044 0.0043 0.0042
o 0.31-0.35 0.36—0.41 0.42—0.58 0.59-0.64 0.65—0.69 0.70—-0.73
Std. 0.0041 0.0040 0.0039 0.0040 0.0041 0.0042
o 0.74—0.76 0.77—0.79 0.80—0.82 0.83—0.84 0.85—0.87 0.88—0.89
Std. 0.0043 0.0044 0.0045 0.0046 0.0047 0.0048
o 0.90—0.92 0.93-0.94 0.95—-0.96 0.97—0.98 0.99
Std. 0.0049 0.0050 0.0051 0.0052 0.0053

Note: In order to simplify the form, the Std. value in the table was only listed with two significant digits. The actual simulation result was a
double-precision floating-point number with 13 significant digits.

0.04
0.02 1

‘\.': 0

E

-5 oo — Original data

B One-order low-pass

% oo — Detrended datap

e |

£ -0.06 MM‘M«“MWWMMWM sl MM
-0.08
P s A i Y

500 1000 1500 2000 2500 3000 3500
Sample time (s)

Fig. 3 — Acceleration signal pre-processing.

69


https://doi.org/10.1016/j.biosystemseng.2020.12.015
https://doi.org/10.1016/j.biosystemseng.2020.12.015

14

BIOSYSTEMS ENGINEERING 203 (2021) 9—21

5) Posterior estimation of the covariance of the error at
step k:

Pe(+)=[I—KeH]Pe(—) (6e)
where I = H is the unit vector.

2.3. Measurement of laser receiver acceleration

2.3.1. Measuring sensor

The MTi-300-2A5G4 attitude and heading reference system
(AHRS) produced by Xsens Technologies B.V. was used to
obtain the vertical acceleration of the laser receiver. It in-
tegrates a high-performance three-axis accelerometer, three-
axis vibration suppression gyroscope, three-axis magnetom-
eter, and high-end hardware such as a pressure sensor
(Fig. 2(a)). The AHRS is configured to output the z-axis free
acceleration (the acceleration in the Global coordinate system,
in East North Up, from which the local gravity is deducted). It

Linear motion¢

transducer¢

is the free acceleration that represents the vertical accelera-
tion of the receiver, and the free acceleration based on the
global frame is not affected by the attitude movement of the
vehicle (Fig. 2(b)).

2.3.2.  Acceleration data preprocessing

The initial free acceleration output of the AHRS includes noise
and zero offset. Acceleration noise was processed by first-
order low-pass filtering. The filtering equation is presented

in Eq. (7).

Y(k)=(1-a)Y(k—1) + aX(k) 7)

where Y(k) is the low-pass filter output at current step k, m
s7% X(k) is the accelerometer sample value, m s~2; « is the
low-pass filter coefficient.

In order to select the optimal filter coefficient «, the static
free acceleration signal with a length of 60 min was collected.
Taking the signal sample standard deviation (Std.) as the
metric of selection, in Matlab 2016b, the traversal calculation

»| | Laser receiver<| [ AHRS¢| | LMT¢
y A A
y v v
CAN¢ RS232¢| | ADC¢
Power<! 3 + L
\ 4 \ 4 \ 4
supply< Host
»| dSPACE MicroAutoBox« [¢»| PHS«< [« computere’

Fig. 4 — Laboratory experiment materials. (a) Parallel rail platform. (b) Hardware connection.
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of a was performed within the interval [0.01, 0.99] in in-
crements of 0.01. The results are presented in Table 1.

Table 1 shows that as the value of «a increases, Std. of the
signal decreases first and then increases. When « = 0.50, the
acceleration Std. reaches the minimum, decreasing from
0.00531998 to 0.00390391. We set o = 0.50 to perform a first-
order low-pass filtering on the original sampled signal. The
filtered data had a constant zero bias of 0.075. The trend term
was extracted and removed using the least square method.
The acceleration preprocessing result is shown in Fig. 3.

2.3.3. Covariance matrix determination

The values of the process noise covariance matrix Q and the
observation noise covariance matrix R have important effects
on the KF filtering results. It is the ratio between Q and R, not

their individual values, that determines the performance of
the KF (Akhlaghi et al., 2017). Based on the estimation of the
variance D(a) of the pre-processed acceleration signal in Fig. 3
and the nature of the variance calculation, we obtained Qy =

(0.5T2)°D(a), Q, = T2D(a). The value of R = 5 was obtained by a
trial-and-error search after Q was determined.

2.4.  Algorithm accuracy evaluation and validation

2.4.1. Laboratory experimental method

In order to validate the KFLA and evaluate its precision, a
parallel rail platform (Fig. 4(a)) was set up to conduct experi-
ments in Key Laboratory of Key Technology for South Agri-
cultural Machine and Equipment, Ministry of Education,
South China Agricultural University. The TOPCON RL-H4C

/*
200 - | ength = 49.77 * Voltage + 2.449, R 2 = 0.99 ,«
180 - *
¢ 160
£ */
=140
J120 -
100
,/*
80 *
# Measurement
6o Linear fitting
1 15 2 25 3 35 4 45
Voltage / v

Fig. 5 — Calibration of the linear motion transducer (LMT).

o Enabled photocell with error bar

—~ 17 [ =-=-LMT measurement
€ 55 . ——KFLA estimation B B |; = ]
;&; 33+ W,l A1 ml‘:'lu .u‘}\‘u Hﬂl\ll i 'l!i ui‘u
= o lu Wi T3 3F i illi | iy
) 7 g i
&) U Py P 00O pm g M
o g e o tidddd dd b
2 U U
o -33+F my mgo oo oo H\lH'II u}m mgurII Mﬁl nE
5 ,. | _, M A4
o 55+ ] ] el (= , !
% | |

771 ROI A —>E" ]
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Fig. 6 — Laboratory results of displacement estimation (range of motion: -77 — 77 mm).

71


https://doi.org/10.1016/j.biosystemseng.2020.12.015
https://doi.org/10.1016/j.biosystemseng.2020.12.015

16

BIOSYSTEMS ENGINEERING 203 (2021) 9—21

laser transmitter (Topcon Corporation, Japan (www.topcon.
co.jp)) was selected to provide the laser-scanning plane. The
effective range of the laser transmitter is 800 m. The laser
head can be self-levelled within +5° and rotates at a speed of
600 rpm; i.e., the data update frequency of the laser receiver is
10 Hz. A linear motion transducer (LMT) (WXXY MILLAY,
WXXY15M-400-R, 0—300 mm, linearity 0.05%) was used to
measure the real-time height of the laser receiver, whose
readings was regard as the actual displacement of the receiver
movement. We calibrated the LMT with a ruler (1 mm) and the
voltage-displacement relationship can be expressed as
Length = 49.77 x Voltage + 2.449 (Fig. 5). The MicroAutoBox II
ds1401/1513/1514 produced by dSPACE was used as the sensor
data processing and computing platform. The MicroAutoBox
communicates with the host computer (Lenovo X220, CORE i5,
8G) via peripheral high-speed bus (PHS), and the development
environment is Matlab 2016b. The laser receiver and the AHRS

o Enabled photocell

Slider displacement (mm)

with error bar ==
I T |

=-LMT

communicate with MicroAutoBox via CAN bus and RS-232,
respectively. The signal type of the LMT is analogue voltage,
which can be sampled by the analogue-to-digital converter
(ADC) of the MicroAutoBox. GWINSTEK DC regulated power
supply (SPD-3606, 0—36 V, 0—6 A, <3mARMS) was used to
power both the MicroAutoBox and the auxiliary equipment.
The hardware connection mode is illustrated in Fig. 4(b).

The laser transmitter was set at a distance of 5 m in front of
the laser receiver. We then turned on the laser transmitter and
waited for the laser head to self-level and start rotating. Then,
we aligned the PA2 to the laser-scanning plane; thus, the
initial state vector value is expressed as follows:

©=[3] =15

We manually pushed and pulled the handle to make the
laser receiver alternately accelerate and decelerate on the

(8)

measurement,——KFLA estimation

T

lﬁ I I T

I
Oy 0y

:
I
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Fig. 7 — Laboratory results of motion estimation (range of motion: -11 — 11 mm). (a) Result of displacement estimation. (b)

Result of velocity estimation.
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guide rail. dSPACE synchronously read (50 Hz) the height level
message transmitted by the receiver to the CAN bus, the AHRS
z-axis free acceleration, and the LMT voltage. At the same
time, MicroAutoBox fused the sensors online and output the
KFLA estimations of the laser receiver’s kinematic states.
During the experiment, we prevented the slider from colliding
with the limit stop to avoid introducing external acceleration
caused by the collision into the state calculation.

2.4.2. Field trial method

In order to examine the performance of the KFLA in dynamic
scenarios, the system described in Section 2 was installed on a
paddy field laser levelling machine powered by a Kubota rice
transplanter: the laser receiver was installed on the upper part

Elevation of laser receiver

of the lifting mast, and the AHRS was installed on the lower
part of the lifting mast (Fig. 8). The experiment was conducted
in Zengcheng Teaching and Research Base, South China
Agricultural University. The size of the selected field was
100 m x 30 m (Fig. 9(a)). The soil of the field was compacted
and covered with weeds. A small part of the field is muddy due
to incomplete drying. There were several wheel ruts distrib-
uted along the longitudinal direction and two artificially
excavated drainage ditches with a width of 30 cm and a depth
of 20 cm in the transverse direction (Fig. 9(b)).

The experimental steps can be listed as follows: 1) Set up
and turn on the laser transmitter, lift the scraper about 30 cm
off the ground, and fix the height to prevent the scraper from
being damaged during the travel; 2) adjust the lifting mast so

Sensing range(-99+99)

L;EOF

A Tl

Laser receiver

Laser transmitter

Tractor

o
»

Lifting mast
Hydraulic cylinder

\ W :

AHRS

Fig. 8 — Principle of field experiment. (a) Experiment platform: levelling machine. (b) Levelling machine equipped with KFLA

system.
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Fig. 9 — Field condition for experiment. (a) Overall condition. (b) Drainage ditch.

that the PA2 photocell can be aligned to the laser beam
emitted from the laser transmitter; 3) drive the leveller ma-
chine in the field at a working speed of 1 m s~*. The Micro-
AutoBox records the KFLA estimation (vertical distance
between point O; and Ok in Fig. 8(b)) as well as the height level
indicated by the laser receiver.

3. Results and discussion
3.1. Accuracy of the KFLA methodology

After the experiment was completed, the KFLA results were
compared with the actual displacement measured by the LMT

(Fig. 6). Figure 6 shows that the actual displacement of the
receiver acquired by the LMT passes through the bars repre-
sented by the height level and corresponding deviation, indi-
cating that the photocell set is effective in displacement
measurements but has insufficient precision. The KFLA could
track the actual displacement curve of the receiver measured
by the LMT, and four kinematic states were recursively ac-
quired between every two height levels indicated by the
photocell set, thus increasing the height measurement fre-
quency from 10 Hz to 50 Hz. The MAE of the receiver
displacement estimated by the KFLA was 14.6 mm, and the
RMSE was 5.6 mm. The accuracy was higher than the height
level indicated by the photocell set. The ROI A (Range of In-
terest, ROI) showed that when the laser beam moved from PA2
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to PA3, although the height level jumped from —55 to —77, the
KFLA could continuously and precisely track the motion of the
laser receiver.

In the practical application of the implement height mea-
surement, more attention is paid to the sensing accuracy near
the target value. Therefore, another experiment was con-
ducted to push-and-pull the handles between +11 mm to drive
the receiver back and forth for verifying the accuracy of the
KFLA’s estimation. The results are displayed in Fig. 7(a). The
MAE value was 5.7 mm, and RMSE was 1.9 mm. According to
the design of the state variables, the KFLA output also includes
the receiver’s velocity; thus, the first-order difference of the
displacement value measured by the LMT was used as a
reference to compare the receiver’s motion speed. The KFLA
output and displacement difference curves are shown in
magenta and blue, respectively, in Fig. 7(b). The KFLA esti-
mation of the receiver velocity well tracks the variations of the

reference curve. The enlarged view in Fig. 7(b) shows that the
process of the KFLA estimation is smoother.

Velocity information of working implement is indispens-
able to many kinds of control laws, like to proportio-
nal—integral—difference (PID) or fuzzy control. The KFLA can
provide an optimal estimation of the receiver’s velocity,
thereby expanding the selectivity of the related control algo-
rithms. In the process of validation, the error was analyzed
based on the metric provided by the LMT measurements.
However, due to the objective existence of non-linearity,
installation error, and calibration error, there are a few dif-
ferences between the measurements and actual values.
Particularly, when the displacement difference was taken as a
reference for the actual velocity of the receiver, the system
error and measurement noise were amplified, which made the
displacement difference no longer suitable as a reference for
the quantitative analysis of velocity. Therefore, only a quali-
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Fig. 10 — Field experiment result of elevation estimation.

o N
o N

Elevation of laser receiver (mm)
w
w

11
0
117
-33 Kalman filter
----S8ensing range ‘
15 20 25 30
Time (s)

~
~

6 Enabled photocell with efror bar
Kalman filter :
| ----Sensing range

(o)}
(&)}

w
w

Elevation of laser receiver (mm)
ll -—
Y o, WY

135 140 145 150 155
Time (s)

Fig. 11 — Enlarged view of ROI A and ROI B. (a) ROI A. (b) ROI B.

75


https://doi.org/10.1016/j.biosystemseng.2020.12.015
https://doi.org/10.1016/j.biosystemseng.2020.12.015

20

BIOSYSTEMS ENGINEERING 203 (2021) 9—21

tative analysis of the velocity estimation process was per-
formed. Thus, a more advanced velocity measuring technique
or device should be applied to assess the precision and accu-
racy of the velocity estimated by the KFLA in follow-up studies.

3.2. Field validation and performance of the KFLA
methodology

The comparative analysis results are displayed in Fig. 10.
Figure 10 shows that in the process of the levelling machine’s
contouring motion on the field surface, the photocell set
discretely indicates the level of the scraper height, while the
KFLA is able to estimate the kinematic states of the scraper
continuously. While the levelling machine was travelling
across the ditch shown in Fig. 9(b), the front wheels fell into
the ditch first. At the same time, the machine’s pitch angle
suddenly turned into negative, and the scraper rose to a
certain height. Similarly, while the rear wheels were entering
the ditch, the pitch angle of the vehicle became positive,
causing the scraper to descend suddenly. Figure 11(a,(b) are
partially enlarged views of ROI A and ROI B in Fig. 10,
respectively. While the vehicle was travelling through the
ditch, the mast height abruptly exceeded the receiver’s
effective sensing range. The KFLA used the equation of state to
recursively calculate the real-time height of the scraper when
the mast moved beyond the sensing range of the laser receiver
and no observation data were acquired, which would provide
reliable sensing information for the continuous control of the
implement.

4. Conclusions

In this study, a Kalman Filter based method (KFLA) was pro-
posed to fuse the laser receiver’s height level indicated by the
photocell set and the receiver’s acceleration to obtain a real-
time estimation of the 2D state vector composed of imple-
ment’s displacement and velocity.

Laboratory results of accuracy evaluation regarding to
displacement estimation showed that, for motion within
+77 mm, the MAE was 14.6 mm and RMSE was 5.6 mm; for
motion within +11 mm, the MAE was 5.7 mm and RMSE was
1.9 mm. Meanwhile, results of velocity estimation were tally
with the reference curve but smoother. Field trial performed
to validate the KFLA performance under dynamic condition
showed that the KFLA was able to estimate the vertical kine-
matic states even if the scraper motioned out of the laser
receiver’s sensing range.

Overall, options for control laws on implement position
can be increased as the proposed KFLA not only improves
measurement precision of laser receiver up to sub-centimetre
level but also achieves the optimal estimation of velocity.
Additionally, compared with other non-contact distance
sensors such as GNSS, LiDAR, Ultrasonic, the KFLA has the
advantages of static zero position (measurement reference),
robust signal, and low cost. It can be used both indoor and
outdoor, in dry land or complex paddy field, which has great
potential for application in agricultural and constructional
engineering.
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Abstract

To improve the performance of piezoelectric (PZT) jetting dispensers in the electronic
packaging industry and address the problems of oversized, easily fatigued elastic hinges and
low repetition accuracy of conventional PZT jetting dispensers with a compliant
mechanism-based lever, a new double needle PZT jetting dispenser prototype was developed.
The advantage of the proposed structure over compliant mechanism-based lever was
demonstrated by dynamics analysis. Firstly, the design stroke of the needle and the modal state
of the dispenser body were analyzed using ANSYS. Secondly, the theoretical model of adhesive
injection was established, the fluid pressure change process inside the nozzle during the working
cycle of the jetting dispenser was simulated using Fluent, and the effects of the supply pressure
and needle stroke on the injection speed of the droplet were investigated. Finally, a test bench
was built to conduct the experiment, and the results showed that the supply pressure and the
driving signal duty cycle between 20% and 80% were positively correlated with the size of
droplet diameter, whereas the driving signal frequency was negatively correlated with the
droplet diameter, thereby validating the proposed adhesive injection model. Under the
experimental conditions, the highest operating frequency of the designed PZT jetting dispenser
was 400 Hz, which is close to the high-frequency level of existing studies, and the minimum
droplet diameter obtained was 0.36 mm, which is 0.1-0.2 mm less than that of the existing PZT
jetting dispenser with a compliant mechanism drive, meeting the industry requirements for the
working performance of a PZT jetting dispenser.

Keywords: piezoelectric stack, jetting dispenser, double needle, physical design,
performance analysis
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1. Introduction

The jetting dispenser [1, 2] is a device used for the precise
quantitative distribution of adhesives. It can inject the adhesive
onto any specified position on the workpiece according to the
required diameter or volume to realize the bonding between
structural parts. It is widely used in electronics packaging [3],
LED manufacturing [4], medicine [5], and other industries.
The main driving methods of the jetting dispenser include
piezoelectric (PZT) stack drive [6, 7], pneumatic drive [8],
and electromagnetic drive [9]. The PZT stack drive is the most
common among the three because of its large output force,
high-frequency response, and linear controllability. However,
limited by the packaging size, the PZT stack has a small
stroke and cannot meet the minimum displacement required
for the movement of the jetting dispenser. Therefore, mech-
anisms need to be designed to transmit and amplify the PZT
stack’s actuation. At present, most of the transmission is real-
ized using an elastic-compliant mechanism. Wang et al [10]
designed a jetting dispenser that used a triangular structure to
amplify displacement, injecting droplets as small as 1.07 mm.
Jeon et al [11] used elastic linear levers to amplify displace-
ment. Hu et al [12] designed a bridge-type compliant structure
with a linear lever for transmission, reaching an operating fre-
quency of up to 250 Hz. Moreover, other compliant mechan-
isms exist, such as rhombus [13] and nested rhombus [14]. The
compliant mechanisms used in these studies use the deforma-
tion of elastic materials to realize the transmission of motion
from the PZT stack to the needle. This structure requires the
needle to be fixed and connected with the compliant mechan-
ism to achieve a reset. In this way, as the needle rotates around
the rotating pair of the transmission mechanism, component
forces in both axial and radial directions will be generated, as
shown in figure 1(a). Axial force effectively drives the needle
to achieve adhesive jetting, whereas radial force accelerates
the friction between the needle and the sealing assembly, redu-
cing the life of oil sealings. For this reason, Deng et al [15]
designed a pin joint to coordinate radial motion. However,
the elastic rotating pair of the compliant mechanism was eas-
ily fatigued, which would affect the repeatability of elastic
deformation, and even lead to the failure of the jetting oper-
ation, such as jet-flow [16] and satellite drops [17, 18].

This study focuses on developing a new type of transmis-
sion mechanism for the jetting dispenser to avoid the problems
mentioned above. It improves the transmission of the driving
force and the amplification of displacement. Its advantages
include easy replacement of seals and adjustable displacement
of the needle. The remainder of this paper is organized as
follows. Section 2 presents the calibration of the stroke and
vibration effects of the designed jetting dispenser via theor-
etical analysis and ANSYS simulations. Section 3 discusses
a fluid dynamics model of adhesive injection in the nozzle
as well as a Fluent simulation of the adhesive injection pro-
cess. The factors that introduce additional cost or difficulty
in the experimental testing of adhesive injection are also dis-
cussed. Section 4 describes the fabrication of a prototype jet-
ting dispenser and the development of a test platform. The
experimental analysis tested the influence of the electrical
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Figure 1. Schematic diagram of two transmission structures.

control parameters such as the supply pressure, driving sig-
nal frequency, and driving signal duty cycle on the diameter
of the adhesive droplets and verified the working performance
of the designed double needle jetting dispenser.

2. Structure design and working principle of jetting
dispenser

2.1. Dynamic performance comparison of two transmission
structures

The PZT stack is simplified as a spring system, and the load
(needle and spring) is simplified as a spring damping system,
as shown in figure 2. The dynamic models of the needle based
on rigid mechanism-based transmission lever and compliant
mechanism-based transmission lever are established respect-
ively, and their dynamic characteristics are compared.

Dynamic equation with PZT stack as research object is built
as equation (1):

mptxpt + kpt-xpt = Fpt —Fy, (D

where, m,,; is the mass of the PZT, kg; k,, is the stiffness of
the PZT, Nm~!; Xp; is the displacement of the PZT, m; F); is
the output force of the PZT, N; F is the force of the PZT on
transmission lever, N.

Dynamic equation with load (needle and spring) as research
object is built as equation (2):

mXs + /J/.XA + koxy = Fa, @
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Substitute equation (9) into equation (8):

T

: a"5pt Xa(s) by

: | piezoelectric stack Gi(s) = = 10

mp!| :L‘L oelectric s 1() U(S) a2s2+a1s+a0’ (10)

- : | "t
fu?uum» pr| ) [ l where, by = kptd33n7 ap = iaTkI;; + (a-&-ab)kA . a = #M’

.ri')_); _
LT\a Ew— -------

Figure 2. Dynamics model of piezoelectric jetting dispenser.

where, my, is the mass of the load, kg; x;, is the displacement
of the load, m; k, is the stiffness of the load, N m~!; y is the
damp of the load; F; is the preload force of the spring on trans-
mission lever, N.

The torque equilibrium equation is built for the transmis-
sion lever as equation (3):

Fi-a—F,-(a+0)=0, 3)

where, a is the length of AB, m; b is the length of BC, m.
According to lever principle, equation (4):

Xpr  Xpt a
— === . 4
X X a+b @)
According to the output force of the PZT, equation (5):
Fpt:kpt(d33 'n'u_xpt)7 (5)

where, ds3 is the strain coefficient, (N m~!); n is the number
of PZT patch; u is working voltage, V.
F| can be solved according to equations (1) and (5):

Fr= ptd33nu - mpt-.)&pt - kpt-xpt- (6)

Case I: rigid mechanism-based transmission lever
F, can be solved according to equations (2) and (4). Sub-
stitute F'; and F into equation (3):

My Xy + 2k + QTer (mg¥y + piy + ksxo) = kppdsznu. (7)
Laplace transformation of equation (7):
(Mpes® + 2k ) X () + aT—Fb (mes® + s + k)
X X5 (s) = kpds3nU(s). )

Laplace transformation of equation (4):

_a+b
T g

X (s) Xa(s), €))

where, s is the operator of complex domain.
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ay = gy + “om,.
Case II: compliant mechanism-based transmission lever.
The dynamic equation is built for the transmission lever as
equation (11):
10— Fra+ Fy(a+b) =0, (11)

Where, I is the moment of inertia of elastic material, m*;
¢ = 7%, is angular acceleration.
Substitute F; and F into equation (11):

P\ . b, . .
(m,,t + a) X + 2kpiXp + ;(msxz + pio + koxy) = kydzznu.

(12)
Laplace transformation of equation (12):
Xa(s) by
Gals) = = : 13
2(S) U(S) a2s2+a1s+a0 ( )
where, by = kydz3n, ap = iﬁ, + (a—&-ab)ks’
ath +b 1

— — _a_ arb —Lf
@ =" a= a—&-b’nf’t+ a mS+a(a+h)'

For the systems described by equations (10) and (13),
the undamped natural frequency is w, = Wnl > Wya-
Therefore, under the same structural parameters, the
rigid mechanism-based transmission lever has better high-

frequency characteristic.

a0
ay’

2.2. Physical design of jetting dispenser

Figure 3 shows a three-dimensional (3D) structural diagram,
and table 1 lists the structural parameters of the designed PZT
jetting dispenser. The parts of the device include dispenser
body, PZT, preload screw, PZT upper cap, transmission lever
(needle I), needle II, return spring, adjusting bolt, and nozzle
assembly (nozzle, nozzle nut, and oil sealing). The two ends
of the PZT are fixed with the ball head to prevent the PZT
from bearing tangential force when used. The PZT upper cap
was designed to fix and preload PZT. The two ball heads of
the PZT are in contact with the spherical surfaces on the PZT
upper cap and the transmission lever, respectively. The com-
pression spring is fixed and connected to the needle II to realize
the movement reset of the needle II, and the preload length of
the spring can be changed by adjusting the bolt. The nozzle is
fastened between the nozzle nut and the nozzle body, and its
stroke relative to the nozzle can be changed by adjusting the
nozzle nut.

During long-term use, the nozzle and the oil sealing are
vulnerable to wear and failure. To facilitate replacement, the
nozzle assembly is designed to be detachable and fixed to the
dispenser body by screws. There is a gap between the nozzle
body and the dispenser body. The heat released from the PZT
is isolated from the adhesive, in case the property change of
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Figure 3. 3D design structure diagram of double needle jetting

dispenser.

Table 1. Structural parameters of main parts of jetting dispenser.

Component Parameter Value

Piezoelectric Width x length X height 7 x 7 x 36 mm

stack Maximum displacement 38 um
Stiffness 49 N pim ™!
Capacitance 7.2 uF
Output force 1960 N
Displacement from hinge to 4 mm
piezoelectric stack

Lever Displacement from hinge to 45.5 mm
needle
Thickness 5 mm
Width 10 mm

Needle Length 38.75 mm
Diameter 1.5 mm

Nozzle Diameter 0.2 mm
Length 0.55 mm

the adhesive would affect the injection performance. Further-
more, it prevents the adhesive from leaking into the valve and
causing pollution.

2.3. Working principle of jetting dispenser

Before the jetting dispenser works, preload the PZT stack with

the preload screw according to equation (14):

T=0.2Fd,

(14)

where, T is the required preload torque, N m~!; F is the
required preload force, N; d is the screw diameter, m.
In Phase I, initially, the PZT is not energized. Subsequently,

under the action of adhesive supply pressure, the adhesive
begins to enter the nozzle cavity, as shown in figure 4(a). In
Phase II, PZT stretches after power-on, then drives the trans-
mission lever to move the needle downward. In the nozzle,
the adhesive is hit by the needle and gets kinetic energy to
inject, as shown in figure 4(b). Under the driving signal, the
PZT continuously elongates and recovers and drives the needle
to move up and down to reach the continuous injection of
adhesive.

(a) Initial position of the needle

(b) Limit position of the needle

Figure 4. Working process of jetting dispenser.

2.4. Simulation analysis of transmission lever

The primary condition for the completion of work of the jetting
dispenser is the reasonable displacement of the needle. If the
needle displacement is too small, the injection kinetic energy
of the adhesive in the nozzle cavity will be insufficient, and the
droplet will be prone to sticking to the nozzle, which affects the
dispensing quality. If the needle displacement is too large, the
upper limit of the working frequency of the dispensing valve
and the minimum volume of the adhesive drop will be limited.
Therefore, the designed stroke is approximately 0.2-0.4 mm
[19, 20]. To evaluate the influence of the preload on the output
displacement of the PZT, first, we need to determine the struc-
tural parameters of the transmission lever. Next, analyze the
high-frequency motion performance of the needle. And lastly,
carry out kinematics simulation calculation in ANSYS. We
need to import the needle and transmission mechanism mod-
els and the PZT and MEMS Body modules for the simulation.
They can couple the structural and electric fields in the PZT
material, which allows us to analyze the output displacement
of the needle after preloading the PZT. The simulation model
of the transmission link and needle is shown in figure 5(a), and
the simulation material parameters are listed in table 2.
Simulation parameters are set according to table 2. The
rotary pair is set between the lever and the body, and the ball
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(a) Simulation model of transmission lever and needle
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(b) Simulation results of transmission mechanism

Figure 5. Statics analysis of lever transmission mechanism.

head on the right side of the lever is in fixed contact with the
needle. The drive displacement of 38 pm is input at the contact
point between the PZT and the lever, and the output displace-
ment of the striker is calculated to be 360 pm by simulation,
as shown in figure 5(b). The leverage ratio is about 9.51. In the
simulation process, the loading voltage of the PZT stack was
gradually increased from 30 to 150 V, with an interval of 10 V.
The output displacement of the needle is shown in figure 6.
It can be seen that with the increase of the loading voltage,
the output displacement of the needle increases from 84.6 to
386.2 pum. The results show that the output displacement of
the PZT is directly related to the loading voltage. Therefore,
when the magnification ratio of the transmission mechanism
is 8—10 times, the designed needle stroke of 200—400 pm can
be achieved. Using the current design mechanism, the loading
voltage needs to be greater than 70 V, and the output displace-
ment of the needle can reach 200 pm, which meets the basic
displacement requirements of the adhesive injection. How-
ever, a larger loading voltage is likely to cause heat concen-
tration of the PZT stack, which seriously impacts its lifespan.
Therefore, the voltage of approximately 70—120 V is generally
appropriate.
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Table 2. Materials and physical properties of main simulation

components of the injection valve.

Material Parameter Value Components
Carbide Density 7800 kg m~? Needle
Poisson ratio 0.25
Young’s 5.7 x 10'! Pa
modulus
Bulk 3.8 x 10! Pa
modulus
Shear 228 x 10'°Pa
modulus
Steel Density 7850 kg m ™! Lever cap
Poisson ratio 0.3
Young’s 2.0 x 10" Pa
modulus
Bulk 1.67 x 10" Pa
modulus
Shear 7.69 x 1019 Pa
modulus
Ceramic Density 3900 kg m > Piezoelectric
(Coremorrow, stack
DJF73601) Poisson ratio 0.36
Young’s 5.5 x 10" Pa
modulus
Bulk 6.54 x 10" Pa
modulus
Shear 2.02 x 10! Pa
modulus
400
*
350 *
+
300
% 250
é 200 E (70, 2009 |
.,
150 -
100 - -
*
70 ‘ :
20 40 60 80 100 120 140 160
Voltage (V)

Figure 6. Output displacement of the needle under different loading
voltages.

To avoid the structural resonance of the jetting dispenser
under high-frequency working conditions, ANSYS is used to
conduct a modal analysis of the structure. The side of the
casing and the preload screw are set as fixed constraints, the
transmission mechanism and the casing form a pair of rotat-
ing pairs, and the friction coefficient is set at 0.1. The first six
modal mode shapes and resonance frequencies are obtained,
as shown in figure 7.
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Figure 7. Modal analysis results of jetting dispenser structure.

3. Fluid dynamics analysis of injection process

3.1 Inject theoretical model

As shown in figure 8, if we take the circular with the inner
radius of the nozzle as r, the length as d,, and the thickness as
d,, then the coordinate system is established according to the
distribution of adhesive in the nozzle cavity when the jetting
dispenser is working.

According to Newton’s second law, the force on the adhes-
ive in the nozzle is:

opP
27wrdr - P —2mrdr <P + 8Zdz) —2n(r+dr)dz

0
<T + 67}:dr> +27rdz - T+ 27rdrdz - pg = 27rdrdz - p - a
(15)

where p is the density of the circular adhesive (kg m—3); a is
the adhesive acceleration that is generated by the combined
effect of gravity g, the transverse shear force 7 on the circular
ring, the pressure P on the upper surface of the ring and the
pressure P + % on the lower surface.

Suppose %‘: is used instead of the acceleration a, where w is
the instantaneous velocity of the circular adhesive (the nozzle
area is fixed and only varies in Z direction) equation (15) can
be converted to the following form:
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Figure 8. Needle-nozzle hydrodynamic model.
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T
(D)
I

2 0<r<R,. (16

The Bernoulli equation for viscous fluids yields the mech-
anical energy lost due to friction, where a unit length of adhes-
ive flow is a constant value of C, i.e:

dj _ AP _ Pinput — Poulput
dz L, L,

=C, a7

where Pinpy is the pressure of the inner surface of the nozzle,
Pa; Poyput 18 the pressure of the outer surface of the nozzle,
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which is the standard atmospheric pressure value, Pa; AP is
the pressure difference between the inner and outer surface of
the nozzle (Pa); and L, is the length of the nozzle (mm).
The relationship between shear stress 7 and adhesive vis-
cosity is obtained from the rheological model of the fluid,

given by
re (-2
- ,LL ar )

here n is the flow index and p is the kinetic viscosity of the
adhesive, Pas.

When the adhesive is in the nozzle for constant flow, the
change in velocity %{ = 0. By substituting equations (17)
and (18) into equation (16), we obtain:

(18)

NIRRT
L, e ar U\ or S

where under the no-slip boundary conditions,w = 0 for r = R;;
70 =0 for r =0. Substituting the boundary conditions into
equation (19) yields the distribution of the adhesive flow velo-
city along the r direction as follows:

1
o Ap "(RII,H—r”»'T).
n—+1\2uL,

The volume flow rate Q,, and the flow rate are related as

19)

p(r)

(20)

Rn

0, = /27rrw (r)dr

0 —_

From equation (21) we can obtain the average flow rate v(r)

of the adhesive in the nozzle and the volume Vypy of the out-
flowing adhesive as

2

J— 0O, AP ,
v(r) TR~ 8uL, (=1, (22)
ton A
™ AP
Voutput = / On dr=§ERf§zon n=1)), (23)
n

0

where t,, is the time to energize the piezoelectric stack (s).

3.2. Numerical simulation of jet process

It can be seen from equation (23) that the speed and volume of
the droplet are related to the pressure difference between the
two ends of the nozzle, the diameter of the nozzle, the viscosity
of the adhesive, the stroke of the needle and other factors. To
further understand the injection process of the droplet when
the jetting dispenser is working, Fluent was used to simu-
late the working process of the jetting dispenser. Since the
whole model is a revolving body, the model is simplified to a
two-dimensional plane problem during simulation. Due to the
small size of the nozzle, its mesh is denser than other parts.
The results are shown in figure 9, and the specific simulation
parameters are shown in table 3.
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Figure 9. Meshing diagram of the needle-nozzle model.

Table 3. Fluid simulation parameters.

Parameter Value
Dynamic viscosity 1.412 Pas
Density of fluid 1.262 gcm™3
Surface tension 633 mNm™!
Nozzle length 0.5 mm

Feed pressure 0.1-0.9 MPa
Nozzle diameter 0.2 mm
Needle displacement 0.1-0.7 mm
Needle velocity 0.33ms™!

The stroke of the needle was set to 0.4 mm. It hit the nozzle
at a speed of 0.3 m s~!. The pressure change process in the
nozzle cavity is shown in figure 10. Figure 11 shows the pres-
sure curve in the nozzle cavity during the injection process of
the jetting dispense.

Figures 10 and 11 show the process when the needle
squeezes the adhesive downward from the highest position
until it is injected. When the needle is just starting to move
downward, it is far from the nozzle, and the adhesive flows
upward along the outside of the striker and the inside of the
adhesive cavity under the extrusion of the needle. At this time,
the pressure of the adhesive near the nozzle is mainly the sup-
ply pressure. When the needle moves down to a small gap
from the nozzle, due to the viscous force and surface ten-
sion of the adhesive itself, it is difficult to pass through the
small gap and flow upward along the outside of the needle,
resulting in the continuous increase of the adhesive pressure
near the nozzle. At the same time, since part of the pressure
is converted into kinetic energy of the adhesive and the dis-
tance between the needle and the nozzle is getting narrower,
the pressure at the nozzle shows a steady increase. When the
needle hits the nozzle downward, the needle and the nozzle
are in a state of complete fit and the channel was cut off for
the adhesive to enter the nozzle, and the pressure in the adhes-
ive cavity suddenly decreases. Due to the uniform distribution
of injection velocity, the injected adhesive gradually forms a
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Figure 10. Cloud map of pressure distribution in the nozzle cavity during a working cycle of the jetting dispenser.
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Figure 11. Pressure curve in the nozzle cavity.

spherical shape at the lower end, and under the action of sur-
face tension, the tail of the jet is broken, and the jet that leaves
the jetting dispenser reaches the bottom plate to form a com-
plete adhesive droplet.

3.3. Analysis of factors affecting droplet velocity

3.3.1. Influence of the stroke of the needle on the speed of
the droplet.  The simulation results are shown in figure 12
for a needle stroke range of approximately 0.1-0.7 mm. The
simulation analysis is carried out at 0.1 mm intervals while
keeping other simulation parameters unchanged. It can be
seen from figure 11 that with the increase of the stroke of
the needle, the flow rate of the adhesive in the nozzle also
increases. This is because the stroke size of the needle determ-
ines the amount of adhesive that is fed into the nozzle cavity.
The larger the stroke, the larger the amount of adhesive feed,
which creates more pressure in the nozzle cavity. According
to equation (9), when AP increases, the velocity of the droplet

injection increases. However, when the stroke is greater than
0.5 mm, the flow rate of the adhesive does not increase signi-
ficantly. This is due to the fact that when the needle is far away
from the nozzle, the extrusion of the needle has little effect on
the pressure near the nozzle, and an excessively large stroke
will limit the maximum operating frequency of the jetting dis-
penser. Therefore, according to the needs of different injecting
quantities, the stroke of the needle of 0.2-0.4 mm is generally
selected.

3.3.2. Influence of supply pressure on the injection speed of
droplet.  The supply pressure is the main source of power in
the initial state of the adhesive, and is the main factor affect-
ing AP in equation (9). The numerical simulation results of the
droplet injection velocity in the nozzle flow channel are shown
in figure 13, given that other simulation parameters remain
unchanged and only the supply pressure is varied. As can be
seen from figure 13, the velocity of the adhesive in the nozzle
flow channel is positively correlated with the supply pressure.
Based on the simulation results, it is inferred that increas-
ing the supply pressure can better complete the injection of
high viscosity and high flow rate adhesive, which is consistent
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Figure 13. Effect of different supply pressures on the droplet
injection speed.

with the analysis of equation (9); that is, increasing AP can
effectively improve the injection speed of glue droplets, but
too large of an injection speed will form satellite droplets and
scattering points.

4. Experiment

4.1. Materials and methods

To test the working performance of the designed jetting dis-
penser prototype and verify the correctness of the theoretical
model in section 3.1, the jetting dispenser system shown in
figure 14 was built. The system is mainly composed of the PZT
jetting dispenser prototype, PZT stack (HPV-C type, BOSHI
precision measurement, and control), air pump (EWS 24—
680 W, Eluan), signal generator (UTG-2000B, UNI-TREND
technology), moving guide rail and adhesive droplet collect-
ing plate. To facilitate the adhesive’s cleaning and adjustable
viscosity range, a mixture of glycerin and alcohol with a mix-
ing ratio of 1:2 was prepared as the experimental object, and
the prototype used a nozzle with a diameter of 200 ym and
a needle with a diameter of 2 mm. The minimum diameter
of the droplet is the main indicator of the performance of the
prototype. The experiment mainly analyzes the influence of
the driving signal duty cycle, supply pressure, and operating
frequency on the quality of the droplet.

4.2. Influence of different driving signal duty ratios on the
droplet diameter

To analyze the influence of the duty ratio of the driving signal
on the diameter of the droplet, between 20% and 80%, at 10%
intervals, a pulse signal with a frequency of 100 Hz (the sup-
ply pressure is 0.6 MPa) was applied to the jetting dispenser.
The diameter change of the sprayed adhesive drop is shown
in figure 15. It can be seen that when the duty cycle increases
from 20% to 80%, the diameter of the droplet increases from
0.96 to 1.81 mm, indicating that the signal duty cycle is pos-
itively correlated with the droplet diameter. Essentially, the
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Figure 15. Effect of signal duty cycle on droplet diameter.

duty cycle determines the magnitude of the value of z,, in
equation (23) and experimentally verifies the correctness of the
results. When the duty cycle is less than 20% because the force
of the needle to hit the nozzle is small or even resets without
hitting the nozzle, the injected droplet cannot overcome its
own adhesion, and the phenomenon of sticking occurs. When
the duty cycle is greater than 80%, due to the large force of
the needle hitting the nozzle at this time, the droplet obtains
large kinetic energy, and the droplet appears scattered. There-
fore, when the jetting dispenser is working, it is appropriate to
select a duty cycle of between 20% and 80%.

4.3. Influence of different supply pressure on the droplet
diameter

The supply pressure changes the value of AP in equation (23)
and affects the size of the droplet. To verify the effect of
the glue supply pressure on the droplet diameter, the jetting
dispenser is connected to a drive signal with a frequency of
100 Hz and a duty cycle of 50%. The adhesive supply pres-
sures used were 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, and 0.8 MPa. The
diameter change of the injected droplets obtained by changing
the supply pressure is shown in figure 16. When the supply
pressure increases from 0.2 to 0.8 MPa, the diameter of the
injected droplets gradually increases from 0.81 to 2.06 mm,
indicating that the larger supply pressure extrusion produces
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Figure 16. Effect of different supply pressures on droplet diameter.
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Figure 17. Effect of different operating frequencies on droplet
diameter.

faster droplet injection speed. The size of the droplet can be
changed by changing the supply pressure, but excessive sup-
ply pressure will aggravate the wear of the oil sealing, and the
nozzle body is prone to leakage and other phenomena.

4.4. Influence of different signal frequencies on the droplet
diameter

The driving frequency of the jetting dispenser is the most
important performance parameter of the product and determ-
ines the value of 7,, in equation (23). To test the high fre-
quency performance of the jetting dispenser, the supply pres-
sure was set to 0.6 MPa, the duty cycle of the drive signal to
50%, and the frequencies to be used are 50, 70, 80, 100, 150,
200, 250, 300, 350, 400 Hz, respectively. Figure 17 shows the
change of the diameter of the droplet at different frequencies.
It can be seen from figure 17 that as the driving frequency
increases, the diameter of the droplet gradually decreases from

90

2.45 to 0.36 mm with the increase of the operating frequency.
In contrast, due to the increase of the signal pulse frequency,
the adhesive is not fully gathered into the adhesive cavity when
the needle is lifted a single time, and is squeezed and injected
by the needle, so the diameter also decreases. Owing to the
limitation of the physical properties of PZT stack, the theoret-
ical displacement cannot be achieved at high frequencies, and
the stroke of the needle is reduced, which will also lead to a
reduction in the diameter of the droplet.

5. Conclusion

In this study, a new prototype of double needle PZT injection
valve with rigid transmission lever is developed. Its struc-
tural advantage, key parameters and injection process are ana-
lyzed and verified through numerical modeling, simulation
and experiments. The transmission design of the jetting dis-
penser avoids the compliant mechanism that is often used in
the literature and has some shortcomings. In terms of func-
tion, it has the advantages of easy replacement of wearing parts
and mechanical adjustment of the size of the droplet. First,
the coupled dynamic simulation results of the PZT stack and
rigid body parts in ANSYS show that the maximum stroke of
the needle is 386 um (150 V), and the first-order resonance
frequency of the device is 1186 Hz, which meets the require-
ments of the working conditions. Second, the fluid dynamics
model of the adhesive near the needle-nozzle was established
by analytical method, the numerical model was verified by
Fluent simulation, and the process of pressure change at the
nozzle when the jetting dispenser was working was discussed.
Both the needle stroke and the supply pressure are positively
related to the adhesive droplet injection speed. Finally, the
trial production prototype was tested, and the results showed
that: the supply pressure is positively correlated with the dia-
meter of the droplet; the duty ratio of the drive signal should
be between 20% and 80%, which is positively correlated with
the diameter of the droplet. The frequency of the drive sig-
nal is negatively correlated with the diameter of the droplet,
and under the experimental conditions, the highest operating
frequency of the designed PZT jetting dispenser is 400 Hz,
which reaches the high-frequency level of existing studies.
The minimum droplet diameter obtained is 0.36 mm, which
is approximately 0.1-0.2 mm smaller than the existing PZT
jetting dispenser with a compliant mechanism, meeting the
industry requirements for the performance of the PZT jetting
dispenser. In addition to the driving and air pressure, the struc-
ture of the needle and the nozzle also affected the jetting pro-
cess and shape of the adhesive droplet. Therefore, the develop-
ment of a multi-domain unified model of the jetting dispenser
and the combined influence of multiple factors on the jetting
performance will be studied in the future.
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Abstract: The recognition of fresh tea leaf sprouts is one of the difficulties in the realization of the
automated picking of fresh tea leaves. At present, the research on the detection of fresh tea leaf
sprouts is based on a single variety of tea leaves for a specific period or specific place, which has
no advantage for the spread, promotion, and application of the methods. To address this problem,
an identification of multiple varieties of tea sprouts (IMVTS) model was proposed. First, images of
three different varieties of tea (ZhongChal08 (ZC108), ZhongHuangYiHao (ZH), ZiJuan (Z])) were
obtained, and the multiple varieties of tea (MVT) dataset for training and validating models was
created. In addition, the detection effects of adding a convolutional block attention module (CBAM)
or efficient channel attention (ECA) module to YOLO v7 were compared. In the detection of the
MVT dataset, YOLO v7+ECA and YOLO v7+CBAM showed a higher mean average precision (mAP)
than YOLO v7, with 98.82% and 98.80%, respectively. Notably, the IMVTS model had the highest
AP for ZC108, ZH, and ZJ compared with the two other models, with 99.87%, 96.97%, and 99.64%,
respectively. Therefore, the IMVTS model was proposed on the basic framework of the ECA and
YOLO v7. To further illustrate the superiority of the model, this study also conducted a comparison
test between the IMVTS model and the mainstream target detection models (YOLO v3, YOLO v5,
FASTER-RCNN, and SSD) and the IMVTS model on the VOC dataset, and it is clear from the test
results that the mAP of the IMVTS model is ahead of the remaining models. Concisely, the detection
accuracy of the IMVTS model can meet the engineering requirements for the automatic harvesting of
autumn fresh famous tea leaves, which provides a basis for the future design of detection networks
for other varieties of autumn tea sprouts.

Keywords: fresh tea leaf sprouts; multiple varieties detecting; IMVTS; YOLO v7; ECA

1. Introduction

China is known as the home of tea. The country’s planting, output, consumption,
and export volume of tea are first in the world. The extensive demand for fresh tea leaves
requires effective support [1]. Famous tea is a representative of high-quality tea in China.
Its raw materials are one sprout and one leaf of a tea tree. Its harvesting is still mainly
manual and labor intensive, and there is a shortage of tea collectors [2]. To achieve the
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intelligent picking of fresh tea leaf sprouts, researchers use machine vision technology to
detect fresh tea leaves. Lei Zhang et al. [3] extracted the R, G, and B components of images
of collected fresh tea leaves and then processed the adaptive threshold of the B components.
A new component gray diagram was obtained in combination with the G components,
and the thresholds were enhanced by segmental transformation, thereby improving the
contrast between the tender leaves and the background, and then, the improved watershed
function was used to obtain a good division effect. Liang Zhang et al. [4] used Bayesian
inference to judge the principles and Bayes methods to build an identification model of
the fresh leaf collection status in order to detect purple rose tea tree sprouts in April in real
time. Although the above machine learning technology can accurately identify fresh tea
leaf sprouts, the identified fresh leaf image background environment is relatively single,
and the segmentation accuracy is greatly affected by the characteristics of the fresh tea leaf
sprouts. It is often difficult to overcome this shortcoming.

With the rapid development of artificial intelligence technology, the use of deep-
learning [5] target detection algorithms, such as Fast R-CNN [6], Faster R-CNN [7], You
Only Look Once (YOLO) [8], and Single Shot MultiBox Detector (SSD) [9], etc., are increas-
ingly applied in the agricultural field. In terms of fresh tea leaf sprout recognition, Yatao
Li et al. [10] used the YOLO v3 network to detect and identify fresh tea leaf sprouts on an
RGB-D image collected with an RGB-D camera and estimated the three-dimensional coordi-
nates of the fresh tea leaf picking position in the corresponding depth chart of the enclosure.
It reached 83.18%. Wenkai Xu et al. [11] proposed a detection and classification method for
the two-level integration network of the variability domain. This method combined YOLO
v3’s fast detection capacity and the high-precision classification ability of DenseNet201 to
achieve the accurate detection of fresh tea leaves. Yu-Ting Chen et al. [12] detected the OTTL
area in a tea tree image through the Faster R-CNN model and then identified the picking
point in the OTTL area with the FCN model to determine the three-dimensional coordinates
of the picking point. The YOLO model is currently a widely used detection network. It
adopts a one-stage algorithm. The network operates quickly, the memory occupation is
small, and it has a fast detection speed [13]. Based on inheriting the advantages of the
original YOLO model, YOLO v7 [14] has a higher detection accuracy and faster reasoning
speed compared to the previous YOLO series models because of its more complex network
structure and training techniques. However, because the YOLO v7 model uses only one
main convolutional neural network to predict the category and location of different targets,
it also improves the speed and makes the recognition accuracy lower. This may lead to
more missed inspections and misunderstandings when using YOLO v7 to detect fresh tea
leaf images. At the same time, the applicability of the models proposed in the existing
literature to fresh sprouts of different varieties of tea is unknown.

Consequently, this study used the YOLO v7 model as the basic framework to research
the identification of multiple varieties of fresh tea leaf sprouts and explored the impact of in-
tegrating CBAM and ECA mechanisms on YOLO v7 detection accuracy and generalization
effects. According to the results of the research, an IMVTS model was proposed to solve
the problem of high-precision detection of multiple tea species. In addition, to demonstrate
the superiority of the proposed IMVTS model in detection, comparison tests of the IMVTS
model with mainstream target detection models (YOLO v3, YOLO v5, FASTER-RCNN,
and SSD) and detection tests of the IMVTS model on VOC datasets were designed.

2. Materials and Methods
2.1. Experimental Data Collection and Preparation
2.1.1. Fresh Tea Leaf Image Collection and MVT Dataset Production

At the experimental base of the Tea Research Institute of the Chinese Academy of
Agricultural Sciences (Figure 1), a total of 277 fresh leaf images of 3 tea varieties were
collected, of which 90 images were ZhongCha108 (ZC108), 150 were ZhongHuangYiHao
(ZH), and 37 were ZiJuan (Z]). The sampling date was 21 September 2022. The collected
fresh tea leaf images were made into a dataset of fresh leaves of multiple tea varieties that
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could be used to train and verify the network model and were named the MVT dataset.
An iQOO Neo3 mobile phone camera was used. The shooting angle was 30~60°, and the
shooting distance was 30~50 cm. The images were stored in a JPG format, and the MVT
dataset images are shown in Figure 2. The open-source labeling tool Labellmg was used to
artificially label the sprout position on the fresh tea leaf images, and the labeled result was
saved in the PASCAL VOC format.

Figure 2. MVT dataset images; (a) ZC108; (b) ZH; (c) ZJ.

The images of ZC108, ZH, and Z] as the research objects are shown in Figure 2a—c. The
leaves of ZC108 are long oval in shape, green in color, slightly rumbled on the leaf surface,
and flat on the leaf body, and the sprouts are yellowish-green with less velvet. The leaves of
ZH are oval in shape, yellowish green in color, slightly elevated on the leaf surface, slightly
inflexed on the leaf body, and the sprouts are slender. Z] is a large-leaved, medium-sprout
species. The leaf blade is upwardly slanting, willow-shaped, with an acuminate tip, and
purple in color. Its petiole is purple-red in color. These images can also provide data
support for future studies of other tea recognition models.

2.1.2. MVT Dataset Division

The 277 obtained images and corresponding labels were divided into training sets and
validation sets according to the proportion of training sets: validation sets (=9:1) so that the
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model training and validating in the later stage could be performed. To enrich the diversity
of samples and improve the robustness of the IMVTS model, the dataset was expanded
to 15,000 pieces of the original dataset, with increased or decreased brightness, increased
and decreased color saturation, and horizontal flip. The application process is shown in
Figure 3. After the enhancement, the number of sprouts of the fresh leaves of the three tea
varieties reached 59,337, of which the number of sprouts of ZC108 was 7429, the number of
sprouts of ZH was 18,902, and the number of sprouts of ZJ was 33,006.

Figure 3. Cont.
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il ()

Figure 3. MVT dataset enhancement examples. (a,e,i) Image of primitive fresh tea leaves; (b,f,j) Image

of fresh tea leaves with increased or decreased brightness; (c,g k) Image of fresh tea leaves with
increased or decreased color saturation; (d,h,1) Image of fresh tea leaves with the horizontal flip.

2.2. Establishment and Training of the IMVTS Model
2.2.1. Experimental Platform and Environmental Configuration

This study used a workstation equipped with the Ubuntu 18.04 operating system for
model training. The CPU was Intel i7 12700F (Shenzhen, China) and the GPU was 3080Ti.
The development environment was Pytorch 1.11. The development language was Python,
and vs. code software was used for debugging.

2.2.2. Establishment of the IMVTS Model

This study used the YOLO v7 model as the basic framework for the recognition of
multiple varieties of fresh tea leaf sprouts; the related research has shown that attention
mechanisms [15] such as SENet [16], CBAM [17], and ECA [18] improved the network
performance. Therefore, to improve the detection accuracy of YOLO v7’s original model
on the small target of fresh tea leaves, the effects of adding the CBAM or ECA attention
module to YOLO v7 on the detection effect were compared; the final IMVTS network model
structure obtained is shown in Figure 4. The IMVTS model mainly includes four parts:
input, backbone, head, and output. First, the collected tea leaf images undergo labellmg
and random data augmentation, then the tea leaf images are resized into 640 x 640 size RGB
images and input to the backbone network The backbone network features the processing
of fresh tea leaves with features. Second, the feature information extracted in the backbone
network is combined through the characteristics of the head to obtain the characteristics of
large, medium, and small sizes. Finally, the characteristics of the characteristic fusion are
sent to the REP and Conv module of the head section for detection, and the final result is
the output. The workflow of the algorithm is shown in Figure 5. The main network part of
the YOLO v7 model is mainly composed of convolution, the extended-ELAN (E-ELAN)
module, the MPConv module, and the SPPCSPC module. Among these, the E-ELAN
module is based on the original ELAN, changing the calculation block while maintaining
the original ELAN'’s transition layer structure. The network can learn more features by
controlling the shortest and longest gradient path. It can resolve the relatively complicated
and variable problems that can be solved for the background environment and targets
appearing in the MVT dataset to extract more efficient features. The SPPCSPC module
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adds parallel MaxPooling operations to a convolution series to obtain different feelings
so that the algorithm can adapt to fresh tea leaf images of different resolutions and can
make the network speed faster; the accuracy of detecting fresh tea leaf sprouts will also
be improved. The main role of the MPConv module is to sample. The experience of the
current feature layer is expanded through MaxPooling and then integrated with the normal
convolutional fresh tea leaf sprout feature information. It can improve the generalization of
the network, suitable for the recognition scene of multiple varieties of tea leaf sprouts [19].
When introducing the attention module, the location information and detail information
of the feature information are extracted from the backbone, and there is less semantic
information [20]. Feature information is easily lost after processing for small targets such
as fresh tea leaf sprouts. To improve the detection accuracy of the YOLO v7 original model
for fresh tea leaves, an attention mechanism was added between the backbone and the
head. The structure of the attention module is shown in Figure 6. CBAM combines the
channel attention mechanism with the spatial attention mechanism. The CBAM module
conducts global average pooling and the largest global pooling for the input feature layer,
then learns the weight information of each channel through a shared full connection layer
and the Sigmoid function. Then, it learns the weight information of each point in the
space through a convolutional nucleus of 3 x 3 and the expansion coefficient of 2, and the
Sigmoid function. ECA is a channel attention mechanism. The ECA module changes the
two full connection layers to one-dimensional convolution. After the Sigmoid function is
passed, the channel weight information is obtained. This module avoids the dimension of
information and has good cross-channel information acquisition capabilities.

Attention
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BConv(80.80,128)
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(BConvIBConvIBConv):[ ConvI BN -

[y

BConv(320,320,64)
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BConv(320.320.64)

[

R R R R

BConv(640.640.32)

T T T ...

Backbone

Figure 4. IMVTS model network structure diagram.
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Figure 6. CBAM and ECA module structure diagram.

2.2.3. Training Parameter Settings

When training the original model of YOLO v7 and the IMVTS model, only the thawing
training was performed. The thawing training set the total training generation epochs to
500; additionally, the batch size was set to 4, the initial learning rate of the model was set
to 0.01, the minimum learning rate was set to 0.0001, and the SGD optimizer was used
to optimize the model. The momentum parameters of the SGD optimizer were set to
0.937, and the torque annealing function was used to reduce the learning rate. In the same

101



Horticulturae 2023, 9, 819

8 of 15

environment, the training loss curves of the YOLO v7 original model, YOLO v7+CBAM
model, and IMVTS model are shown in Figure 7.

0.5

1 ___YOLOv7
i
: IMVTS
(]
04 | _ _ YOLOV7+CBAM
1
0.3 |i
123
[%2] |
° I
02 |
i
]
l\
o1 \
—
0 ! ! ! ! ! ! LT [ S
0 50 100 150 200 250 300 350 400 450 500
epoch

Figure 7. YOLO v7 original model, YOLO v7+CBAM model, and IMVTS model training loss curves.

2.2.4. Model Evaluation Index

To evaluate the detection effect of the IMVTS model, this study used precision (P), recall
(R), F1 score, average precision (AP), and mean average precision (mAP) for measurement.
Among these, P is the ratio of the number of correctly predicted sprouts to the total number
of predicted sprouts in an image, R is the ratio of the number of correctly predicted sprouts
to the total number of true sprouts in an image, the F1 score is the equalization of P and
R, AP represents the accuracy of each kind of fresh tea leaf sprout recognition, and mAP
represents the average value of three kinds of fresh tea leaf sprout recognition. They are
calculated as follows (1)-(5):

TP )
TP .
P xR o
F1=27C0 X 100% 3)
1
AP = / P(R)dR x 100% )
0

"AP; + AP+ ...+ AP,
mAP:/ REcPARIR RS )
1 n
where TP is the number of correctly predicted sprouts; FP is the number of falsely predicted
sprouts; FN is the number of true sprouts that were not predicted as sprouts; and n is the
number of fresh tea leaves. The values of the above parameters are obtained by counting

and tallying the target detection frames in the validation sets.

3. Results and Discussion
3.1. Model Identification Results and Comparative Analysis

3.1.1. Comparison of YOLO v7 Model, YOLO v7+CBAM Model, and IMVTS Model
Recognition Results

The YOLO v7 original model, YOLO v7+CBAM model, and IMVTS model were placed
in the same environment for detection. The obtained model evaluation indicators are shown
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in Table 1. It can be seen from Table 1 that after adding an attention mechanism module to
the YOLO v7 network, the P, R, F1 score, and mAP were improved. The precision value of
the IMVTS model was 99.76%, 0.10% higher than the YOLO v7+CBAM and 0.24% higher
than the YOLO v7 model. The recall value of the IMVTS model was 97.03%, 0.10% higher
than the YOLO v7+CBAM and 2.46% higher than the YOLO v7 model. The F1 score of the
IMVTS model was 0.98, as was that of the YOLO v7+CBAM model, which was 0.01 higher
than the YOLO v7 model. The mAP value of the IMVTS model was 98.82%, which was
0.02% higher than the YOLO v7+CBAM and 1.36% higher than the YOLO v7 model. In
summary, the IMVTS and YOLO v7+CBAM models were better than the detection effect of
the YOLO v7 model, and the IMVTS model had the best detection effect. This is because
the characteristic information of fresh tea leaf sprouts is easy to lose after processing.
After the ECA module is introduced, it uses a dynamic convolution nucleus to perform
1*1 convolution; it can be used to extract feature information in different areas, avoiding
the number of channel dimensions caused by learning channel attention information so
that the model can more effectively learn the top-level information, improving the position
prediction of the fresh tea sprouts, and at the same time, can reduce the model parameters,
thereby increasing the model performance. For the CBAM module, although it combines
the channel attention mechanism with the space attention mechanism, there is not enough
space for the information-rich feature space. For small targets, such as fresh tea leaf sprouts,
the actual effect is worse than the additional ECA module.

Table 1. Model performance indicator assessment comparison.

Model P (%) R (%) F1-Score mAP (%)
YOLO v7 99.52 94.57 0.97 97.46
YOLO v7+CBAM 99.66 96.93 0.98 98.80
IMVTS 99.76 97.03 0.98 98.82

3.1.2. Comparison of IMVTS Model with Mainstream Target Detection Models

To verify the advantages of the IMVTS model for multi-species tea fresh leaf shoot
detection, the IMVTS model was compared with four mainstream target detection models
(YOLO v3, YOLO v5, FASTER-RCNN, and SSD). The comparison experiments of the
models were trained and validated under the MVT dataset. The relevant parameters were
kept consistent during the experiment, and the detection effect of the model was evaluated
by P, R, F1-score, and mAP, and the results are shown in Table 2. The results show that
the IMVTS model proposed in this study improves in P, R, F1 values, and mAP relative to
the four mainstream target detection models. Among them, IMVTS improved P by 2.38%
and 1.79%, R by 7.02% and 6.31%, F1-score by 0.06 and 0.04, and mAP by 4.88% and 4.37%,
respectively, relative to YOLO v3 and YOLO v5. IMVTS has higher detection accuracy than
YOLO v3 and YOLO v5 because it not only inherits the advantages of the original YOLO
model but also achieves higher detection speed with the same computational resources
because it uses a faster convolution operation and a smaller model.

Table 2. Results of the model comparison test.

Model P (%) R (%) F1-Score mAP (%)
IMVTS 99.76 97.03 0.98 98.82
YOLO v3 97.38 90.01 0.92 93.94
YOLO v5 97.97 90.72 0.94 94.45
FASTER-RCNN 96.84 70.19 0.89 89.28
SSD 99.32 58.22 0.72 85.92

IMVTS improved P by 2.92%, R by 26.84%, F1s by 0.07, and mAP by 9.54% relative to
FASTER-RCNN. The reason for the improvement in detection accuracy is that FASTER-
RCNN uses resnet50 as the backbone, and its feature map only comes from the top-level
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features, while the MVT dataset has small targets, and there are occlusions and blurring
between targets, and only the features of the top-level of the network are used to predict the
targets in a single way to extract information, which is not conducive to the localization of
target frames. For IMVTS compared to SSD, P improved by 0.44%, R improved by 38.81%,
Flscore value improved by 0.26, and mAP improved by 12.9%. This is because the SSD
model adopts a deep learning network of multi-scale characteristic fusion, but the use
of low-level feature information is not enough. At the same time, the resolution of the
SSD model is also low, resulting in an insufficient ability to recognize the small target SSD
model, which is not conducive to conducting small target detection tasks.

3.1.3. Results and Analysis of Ablation Test

In order to verify the effectiveness of the IMVTS model proposed in this study, different
optimization strategies (backbone, model size, and attention) were used in this study. An
ablation test was conducted, and the comparative results were shown in Table 3. As can
be seen from Table 3, the mAP of the original YOLO v7 model was 97.46%, and after the
introduction of the ECA attention mechanism, the mAP increased by 1.36% and reached a
peak of 98.82%. Therefore, YOLO v7 and ECA are taken as the basic framework to construct
the IMVTS model proposed in this study. In addition, the ablation experiments of four
mainstream target detection models (YOLO v3, YOLO v5, FASTER-RCNN, and SSD) were
also conducted in this study. It can be seen from Table 3 that the IMVTS model (consisting
of YOLO v7 and ECA) has the best detection effect.

Table 3. Results of ablation experiments.

Model Backbone Model Size Attention mAP (%)
ECA 98.82
YOLO v7 CBAM 98.80
NONE 97.46
YOLO v7 ECA 97.86
YOLO v7_x CBAM 97.73
NONE 96.58
ECA 94.26
YOLO v3 CBAM 94.20
NONE 93.94
ECA 96.03
YOLO v5_1 CBAM 95.66
NONE 94.45
Cspdarknet ECA 95.83
YOLO v5_x CBAM 95.72
NONE 94.51
YOLO v5 ECA 94.28
YOLO v5_1 CBAM 94.23
NONE 94.05
Convnext_tiny ECA 94.41
YOLO v5_x CBAM 94.30
NONE 94.12
ECA 90.24
Resnet50 CBAM 89.76
NONE 89.28
FASTER-RCNN ECA 87.77
Vgg CBAM 87.59
NONE 86.33
ECA 88.06
Vgg CBAM 87.24
NONE 85.92
SSD ECA 85.42
Mobilenetv2 CBAM 84.11
NONE 83.31
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3.1.4. IMVTS Model for VOC Dataset Detection Test

To further illustrate the effectiveness of the IMVTS model in practical engineering
applications, this study uses the IMVTS model to train and test the VOC dataset, which
includes images of birds, boats, buses, etc. The relevant parameters during the experiments
were all kept the same as in the previous training of the MVT dataset, and the detection
effect of the model was evaluated by P, R, F1-score, and mAP. Furthermore, a comparison
test with YOLO v7 was conducted, and the comparison results are shown in Table 4. From
Table 4, it can be seen that the IMVTS model has better detection results compared to the
original YOLO v7 model.

Table 4. Model comparison results.

Model P (%) R (%) F1-Score mAP (%)
IMVTS 87.79 72.20 0.79 83.85
YOLO v7 87.60 62.08 0.72 77.90

3.2. Comparison of Model Recognition Effects on the MVT Dataset

To further understand the detection effect of the models for images of fresh leaf sprouts
of different varieties of tea. The YOLO v7 and the IMVTS models were used to detect the
three different varieties of fresh tea leaves in the selected images. The detection results are
shown in Figure 8. It can be seen that the IMVTS model detected more fresh tea leaf sprouts
than the YOLO v7 model and had a better detection effect.

Figure 9 shows that when the YOLO v7 original model detects the three varieties of
fresh tea leaves, there is a misunderstanding phenomenon. This is because, in the process
of generating fresh tea leaf datasets, multiple fresh tea leaves and sprouts often appear in
the single picture taken, and these images have problems such as blurry, chaotic positions
and overlapping blocks of sprouts. As a result, the selection of the fresh tea leaf sprouts
by the frame of artificial labeling is not accurate enough, resulting in error detection of the
model. The IMVTS model can effectively reduce the misunderstanding phenomenon, and
the specific contrast is as follows.

The results of the original model of YOLO v7, YOLO v7+CBAM, and IMVTS are given
in Table 5. In Table 5, it is shown that the AP value of ZC108 can reach up to 99.87%; the
AP value of Z] can reach up to 99.64%; and the AP value of ZH is 96.97%. It can also be
seen in Table 2 that compared with the ZC108 and Z] varieties, the three models have a
worse detection effect with ZH. Considering that this study used the same model for all
three varieties of fresh tea leaf sprouts, the main reason should be in the images of the
fresh tea leaves. Therefore, fresh leaf sprouts and old leaf images of each of the three tea
varieties were selected for RGB color gamut analysis. The average and square differences
of the RGB of the fresh leaf sprouts and the old leaves of the three tea varieties are shown
in Figures 9 and 10. According to Figures 10 and 11, it can be seen that the differences
between the three channels of the sprouts and old leaves of ZC108 and the RGB of R, G,
and B are 8.33, 30.82, and 31.02, respectively; the differences between the three channels
R, G, and B of the square differences of stdRGB are 2.72, 4.79, and 8.04, respectively. The
differences between the three channels of the sprouts and old leaves of Z] and the RGB of R,
G, and B are 42.75, 36.52, and 33.76, respectively; the differences between the three channels
R, G, and B of the square differences of stdRGB are 15.1, 13.89, and 15.35, respectively. It
can be seen that there is a relatively obvious RGB gap between ZC108 and ZJ sprouts and
old leaves. It is convenient for the model to distinguish the sprouts and old leaves when the
model is detected. The differences between the three channels of the sprouts and old leaves
of ZH and the RGB of R, G, and B are 1.34, 1.69, and 5.91, respectively; the differences
between the three channels R, G, and B of the square differences of stdRGB are 2.13, 6.11,
and 0.14, respectively. It can be seen that the RGB of the fresh leaf sprouts of ZH tea is very
low, so the detection accuracy of the model to the fresh leaves of ZH is low.
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Figure 8. Comparison of YOLO v7 and IMVTS detection results; (a) ZC108; (b) ZH; (c) ZJ.
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Figure 9. Errors in the detection of three kinds of fresh tea leaves; (a) ZC108; (b) ZH; (c) ZJ.

Table 5. Comparison of the AP results of different varieties of fresh tea leaves.

Model ZC108 (AP %) ZH (AP%) Z] (AP%)
YOLO v7 99.79 93.30 99.30
YOLO v7+CBAM 99.87 96.89 99.64
IMVTS 99.87 96.97 99.64
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Figure 11. RGB variance stdRGB of sprouts and old leaves of three varieties of tea.

4. Conclusions

This study proposed an identification of multiple varieties of tea sprouts (IMVTS)
model for the detection of fresh leaf sprouts of multiple tea species. The model training
and validating dataset of multiple varieties of tea (MVT) consisted of images of three repre-
sentative tea varieties (ZC108, ZH, and ZJ) in Zhejiang Province. To verify the correctness
and advantages of the proposed model, IMVTS was compared with YOLO v7 and YOLO
v7+CBAM. The results showed that the IMVTS model had the best detection effect, and
the mean average precision (mAP) on the MVT dataset was 98.82%, which improved in
comparison with YOLO v7 and YOLO v7+CBAM. In addition, this study also conducted
comparison tests of the IMVTS model with mainstream target detection models (YOLO
v3, YOLO v5, FASTER-RCNN, and SSD) and the IMVTS model on VOC datasets, and
the results also demonstrated the superiority of the proposed IMVTS model. The average
precision (AP) values of IMVTS for detecting ZC108, ZH, and Z] tea leaves were 99.87%,
96.97%, and 99.64%, respectively. Among these, the ZH AP value was lower than those
of Z] and ZC108 because the difference in mean RGB and the difference in variance RGB
between sprouts and old leaves in ZH images is smaller, and the colors of the object and
background are close, making detection more difficult. In summary, the IMVTS model can
improve the detection accuracy of fresh leaf sprouts of three varieties of tea, which can meet
the requirements for the automatic picking of fresh leaves of the autumn famous tea and
provide a basis for the future detection of fresh leaves of additional varieties of autumn tea.
Future research will further focus on the improvement and design of the network structure
as the IMVTS model detects objects such as ZH that are not clearly distinguished from
the background.
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Research on Lightweight Image Segmentation Model for
Grain Tank of an Unmanned Grain Cart in Rice Harvesting

ZHAO Runmao'?® HUANG Jiatao' MAN Zhongxian1 LUO Xiwen'® HU Lian*"
HE Jie'? WANG Pei'”? HUANG Peikui’*”
(1. Guangdong Laboratory for Lingnan Modern Agriculture, South China Agricultural University, Guangzhou 510642, China
2. State Key Laboratory of Agricultural Equipment Technology, Guangzhou 510642, China
3. Key Laboratory of Key Technology on Agricultural Machine and Equipment, Ministry of Education,
South China Agricultural University, Guangzhou 510642, China)

Abstract: Aiming to address the issue of low targeting accuracy in controlling the unloading arm position
during rice transfer from unmanned rice harvesters to grain transport vehicles, which relies on Beidou
positioning information of the harvester and transport vehicle, a GTSM network for visual segmentation of
grain compartment images was proposed to provide positional reference information for the unloading arm.
Based on the Deeplabv3 + architecture, the lightweight ShuffleNetv2 backbone replaced Xception, and
the atrous convolutions in the ASPP module were replaced with depthwise separable convolutions,
followed by low-rank decomposition into micro-factorized convolutions to reduce model complexity and
improve inference speed. Additionally, an SE channel attention mechanism was introduced in the shallow
feature branch to enhance the model’ s ability to utilize low-level features such as grain compartment
edges and textures. Experimental results showed that GTSM achieved a mean intersection over union
(mloU) of 96.06% and a mean pixel accuracy (mPA) of 98. 69% , representing improvements of 0. 78
and 0. 67 percentage points, respectively, over the baseline DeepLabv3 +. Meanwhile, model complexity
was significantly reduced, with parameter count and memory usage reduced to 1/9 of the original, and
inference speed was increased by 166% . These results demonstrated that the proposed GTSM balanced
segmentation accuracy and inference speed, providing a reference for automated grain compartment
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segmentation in field grain transport vehicles.

Key words: rice harvesting; grain cart; driverless operation; grain tank image segmentation; DeepLabv3 + ;

multi-vehicle collaboration operation
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Fig.1 Grain transport vehicle dataset example
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Tab.3 Comparison of performance of different models

LAY o S FEEE % FIHERR % EiGH WAE A HE/MB  FFAEH . e/ (fes7h)
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PSPNet ResNet 94. 06 97.59 4.913 x 107 187. 40 1.9440 x 10" 33.73
GTSM ShuffleNetv2 96. 07 98. 69 5.620 x 10° 21.43 2.404 0 x 10" 42.93
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Fig. 10 Segmentation results of different models
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Tab.4 Ablation experiments
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Error Compensation Improved MPC Track-laying Weeding Machine
Path Tracking Control Method
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Abstract; Aiming to address the problems of long online distance and large straight-line error caused by
external disturbances such as side skidding and sliding of the weeding robot on bumpy roads during
operation, a model predictive control ( MPC) path tracking method with error compensation for tracked
weeding robots was proposed. Firstly, a linear error model was established based on the kinematic
characteristics of the tracked weeding robot. Then an MPC algorithm with control increment as the state
quantity and control quantity and control increment as the constraint conditions was designed. Finally, to
compensate for the errors caused by the sliding and slipping of the left and right tracks during the path
tracking process of the weeding machine, the compensation was made in the system control quantity, and
the optimal control quantity was obtained. The performance of the controller was verified in the Matlab/
Simulink simulation environment. The results showed that at a speed of 1 m/s, compared with the
traditional MPC controller, the error compensation type MPC controller reduced the online distance by
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more than 26% under three different initial states, and the lateral deviation and heading deviation of the
straight-line path tracking after going online were reduced by more than 10% and 21% , respectively. To
verify the proposed method, four groups of weeding machine path tracking experiments were designed.
Compared with the traditional MPC controller, the error compensation type MPC controller reduced the
online distance by 14. 5% and 19. 1% respectively when the initial position deviation was 0. 5 m and 1 m
and the heading deviation was 0° at speed of 1 m/s. The average lateral deviation and heading deviation
of the straight-line path tracking after going online were reduced by 21.05% and 29.4% , and 16. 7%
and 20. 8% , respectively. When the initial position deviation was 1 m and the heading deviation was
45°, the online distance was reduced by 10. 1% , and the average lateral deviation and heading deviation
of the straight-line path tracking after going online were reduced by 18.75% and 15. 7% , respectively.
At a speed of 0.5 m/s, when the initial position deviation was 1 m and the initial heading deviation was
0°, the online distance was reduced by 16.2% , and the average lateral deviation and heading deviation
of the straight-line path tracking after going online were reduced by 21.4% and 15.2% , respectively.
The error compensation type MPC controller can significantly reduce the online distance of the weeding
machine and improve the tracking accuracy of the straight-line segment, providing a guarantee for high-
precision path tracking of the weeding machine during weeding operations.

Key words: tracked weeding machine ; model predictive control; error compensation; Matlab/Simulink ;

path tracking
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Fig.5 Path tracking performance comparison chart
when initial deviation was 0.5 m and initial heading

angle deviation was 0°
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Fig.6 Path tracking performance comparison chart
when initial deviation was 1 m and initial heading

angle deviation was 0°
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Fig.7 Path tracking performance comparison chart

when initial deviation was 1 m and initial heading

angle deviation was 45°
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Tab.2 Tracked weeding robot parameters
S8 HfH
AME RS/ (mm x mm x mm) 850 x 900 x 400
8E L/mm 600
J A 5 b T Ak T B 1/ mm 700
eV EE/ (km-h ") 0-~5
FI I 58/ mm 550
F LA E FL R/ V 12
LTI/ W 1200
R A kg 150
R/ W 1800

H 3 SRR AL AL 8 FiR, FH bk
JH Nuvo — 5501 B T4% 4L, B & melodic MU FAL A%
NEAE R 42 ROS (Robot operating system, ubuntu
20.04) , FUE AL R GE R AL SF E A7 BUR 26
M UM982, & i K B4 2.5 mm, i [n] 45 B Oy
0.2(°)/Ry (R, ARKRLIELK 0.8 m) , 2k HIW
KEL GNSS PN & 5t {5 &, MTI300 #
WRAGIRA (IMU) FRBCLEFE R, BRE B
3, LENUE O 5 REER R G, A
P RGBT R Wi ghiie 4, I ki shig 4
4ol PWM R AT HHL,
3.2 WRWAE

A3 96 7E A AR Ml R A7 38 3 B R T R b
JE a0 25 1 5 0 B 50 AH W), g5 S B i
0.5 m/s FATHIEIRE N X =[0 1 0]" BRI
B
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B9 BRERR
K8 BiargEyLee A Fig.9 Weeding effect diagram
Fig.8 Tracked weeding robot
F3 TIHHL.GNSS 1 IMU EESEH
Tab.3 Industrial personal computer( IPC) ,
GNSS and IMU device parameters
W S8 BUE/ TS
RF/(mm x mm x mm) 221 x173 x76.2
AbFRE 6th — Gen Core i7
Nuvo — 5501 R
TERRE/(°) -25~70
T 4L L
BT/ GB 8
MW/ GB 512
MR ALS UM982
PR BT R He 10 K10 BBE 1 m/s WG 2E 0. 5 m HIAGHT ) i 22
GNSS PPS TEHHRAR /e 1 0° BRARERERPEREXT L i 2%
SR/ mm 2.5 Fig. 10  Comparison chart of path tracking performance
BRI/ mm 8 with speed of 1 m/s, initial deviation of 0.5 m, and
L] MTI -300 -2A5G4 initial heading deviation of 0°
T A DA/ () 0.2
Wi /() 1.00
FEIBAY T/ ((°) +h ") 10
P e 1/
MU 1 0.01
((°)+s™'“Hz 2)
FEIR{X g-sensitivity/
. . 0. 003
((°)+s™ eg™)
i B T A g 15
i B BEALIEE/ pg 0.01

R M BR LI 1 2R RE R BR R AL B
BB HARHAR £5 em JEHA, RIA R ELREOR, 1
LR B N A B B ARSI i BRI
Wyt e P B LA S B S AT D 2% . 1K P Y
PRSI 42 ] 4% 2 805 05 B AR R, U5 3

K9 i,
3.3 LRSS

R LR WE 10 ~ 13 fin, 78 4 FORFEPRES
T, BRENLRI G 25 5K, S 1) B AR AR SR, BR
BILTRH A BT () £, 3007 7 A R L ) 2 25, B
B HAREEAR  BR B AL ) 158 22 80 )N, 58
W ELR B B G PR E LR B EE B B, MBR AL
SEIIGI T DA Y, b i A v R A R T
MR 22 5| AR ZEAMERY MPC #5 &5 AH X T1%

144
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0° BEARERERPEREXT HL i 2k
Fig. 11  Comparison chart of path tracking performance

with speed of 1 m/s, initial deviation of 1 m, and

initial heading deviation of 0°
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Fig. 12 Comparison chart of path tracking performance
with speed of 1 m/s, initial deviation of 1 m, and

initial heading deviation of 45°
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Fig. 13 Comparison chart of path tracking performance
with speed of 0.5 m/s, initial deviation of 1 m, and

initial heading deviation of 0°
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Describing Height and Outline of Tea Canopy in Natural Field with 3D Sensing

ZHAO Runmao'? FAN Guoshuai' CHEN Jianneng'> WU Chuanyu'” DU Xiaogiang'”® HUAN Xiaolong'"*
(1. School of Mechanical Engineering, Zhejiang Sci-Tech University, Hangzhou 310018, China
2. Key Laboratory of Transplanting Equipment and Technology of Zhejiang Province, Hangzhou 310018, China
3. Key Laboratory of Agricultural Equipment for Hilly and Mountainous Areas in Southeastern China ( Co-construction
by Ministry and Province) , Ministry of Agriculture and Rural Affairs, Hangzhou 310018, China)

Abstract ; Canopy information is an important element of tea field management and an important basis for
the design of related equipment. Aiming at the traditional methods of obtaining crop canopy information,
which are time-consuming, subjective and prone to damage, a method of obtaining and estimating the
height and outline of the tea tree canopy was proposed. Firstly, the point cloud data of the tea field was
collected from multiple sites by 3D LiDAR, and the original point cloud was pre-processed with attitude
correction, ROI selection, alignment, noise reduction, and elevation normalization to obtain the
elevation-normalized tea tree point cloud. Secondly, the canopy height model (CHM) of tea trees was
generated by inverse distance weight (IDW) and triangulation irregular network (TIN) at different spatial
resolutions, among which, the CHM of tea trees generated by IDW at 0. 05 m spatial resolution had better
interpolation accuracy and the model produced relatively fewer pits. Finally, the raster values of CHM
were extracted from 21 percentiles between 90 and 100 as the canopy height of tea trees and compared
with the measured values. The results showed that the estimated value was most accurate when the

percentile was 98.5, and the correlation coefficient with the true value was 0.88, with an average
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absolute error of 3. 17 cm, and a root mean square error of 4. 16 cm. In addition, totally 20 canopy

section point clouds were extracted from the elevation-normalized tea tree point clouds and their outlines

were fitted by elliptic, Gaussian and quadratic polynomial models, respectively. The results showed that

the quadratic polynomial model could better reflect the characteristics of the tea tree canopy outline, and

the mean value of the average minimum distance between the points and the fitted curves was 2. 60 c¢m

with a variance of 0. 21 em®. The research can provide theoretical support for the modern management of

tea fields and the design of related equipment.

Key words: tea tree; 3D information; canopy height; canopy outline; LiDAR
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Abstract: Accurate rice row detection is critical for autonomous agricultural machinery
navigation in complex paddy environments. Existing methods struggle with terrain un-
evenness, water reflections, and weed interference. This study aimed to develop a robust
rice row detection method by integrating multi-sensor data and leveraging robot travelling
prior information. A 3D point cloud acquisition system combining 2D LiDAR, AHRS,
and RTK-GNSS was designed. A variable-threshold segmentation method, dynamically
adjusted based on real-time posture perception, was proposed to handle terrain varia-
tions. Additionally, a clustering algorithm incorporating rice row spacing and robot path
constraints was developed to filter noise and classify seedlings. Experiments in dryland
with simulated seedlings and real paddy fields demonstrated high accuracy: maximum
absolute errors of 59.41 mm (dryland) and 69.36 mm (paddy), with standard deviations
of 14.79 mm and 19.18 mm, respectively. The method achieved a 0.6489° mean angular
error, outperforming existing algorithms. The fusion of posture-aware thresholding and
path-based clustering effectively addresses the challenges in complex rice fields. This work
enhances the automation of field management, offering a reliable solution for precision
agriculture in unstructured environments. Its technical framework can be adapted to other
row crop systems, promoting sustainable mechanization in global rice production.

Keywords: rice row detection; variable-threshold segmentation; prior information; multi-
Sensors

1. Introduction

Rice is one of the three most important staple crops worldwide, predominantly grown
in the Asian monsoon region. In addition to its significant water requirements, which make
efficient water management crucial for sustainable production [1,2], rice cultivation also
plays a vital role in rural livelihoods, economic stability, and cultural practices, particu-
larly in the Asian monsoon region [3]. However, rice production still involves numerous
processes and remains labor-intensive. During the mid-term management phase of paddy
fields (including operations such as weeding, fertilization, and pesticide application), the
mechanization level remains notably low at merely 16.84% [4]. The primary machinery
used for tasks such as fertilization and pest control in rice fields is the highland gap sprayer,
which requires the operator to remain vigilant to prevent the tires from damaging the
rice plants. Similarly, rice weeding machines must also be operated carefully to avoid
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crushing the rice crops. Therefore, in complex agricultural environments, the rapid and
accurate identification of rice rows is crucial in enhancing the automation of field manage-
ment. This rice row recognition is essential in achieving automatic tracking and control in
agricultural machinery.

Currently, both domestic and international scholars primarily focus on crop row
recognition using ultrasonic sensors, visual sensors, and LiDAR. Ultrasonic waves exhibit
significant energy attenuation during atmospheric propagation, accompanied by lower
ranging accuracy and limited directivity. Additionally, their performance is susceptible to
temperature variations. These inherent limitations make ultrasonic technology generally un-
suitable as a standalone solution for environmental perception applications requiring high
precision [5]. However, it remains applicable in scenarios with relaxed accuracy require-
ments, such as obstacle detection in parking assistance systems [6]. Visual sensors, while
providing abundant information, face challenges due to the uncontrollable nature of agri-
cultural environments, such as fluctuations in light intensity [7]. Despite the development
of various algorithms to interpret environmental information, the results vary significantly
depending on the environment, crop type, sensor choice, and algorithm used [8-13]. LiDAR
has emerged as a prominent technology in precision agriculture (PA) due to its high ranging
accuracy, excellent real-time performance, and strong anti-interference capabilities [14-21].
LiDAR systems are typically classified as either two-dimensional (2D) or three-dimensional
(3D), based on their scanning mechanisms. While 3D LiDAR systems are expensive, 2D
LiDAR systems offer simpler structures, faster detection speeds, and lower costs, making
them more commonly used in research [22-25].

In complex agricultural environments, uneven terrain can cause significant bumps
during vehicle movement. However, 2D LiDAR, lacking height information, struggles
to fully reconstruct the terrain and may suffer from data distortion or false readings. To
address this challenge, many researchers have incorporated additional sensors for posture
correction, enabling the generation of 3D point cloud maps of crops. For example, Colago
et al. combined 2D LiDAR and GNSS to create a scanning system capable of generating
3D models of citrus trees, including the canopy volume and height [26]. Miguel Garrido
et al. installed a total station, IMU, and multiple 2D LiDAR sensors oriented in different
directions on a vehicle. Due to the limitations of single-directional LiDAR for crop detection,
they employed the ICP algorithm to fuse point cloud data from different directions, thereby
enhancing the accuracy and reliability of the resulting 3D point clouds [27]. Similarly,
David et al. fused data from a total station, IMU, and 2D LiDAR sensors to generate 3D
point clouds for the clustering of individual maize seedlings at various growth stages. In
semi-structured environments, their crop detection system achieved a 100% detection rate.
However, their approach did not account for the crop shape and struggled to filter out
noise from weeds and other obstacles [28].

The paddy field environment in Southern China is highly complex, characterized by
varying water and soil depths across different fields [29]. The presence of water layers
in paddy fields presents significant challenges for visual identification systems through
two primary mechanisms: (1) specular reflections from water surfaces [30] and (2) the
chromatic and morphological characteristics of weeds, which closely resemble those of rice
seedlings. These coexisting factors substantially compromise the reliability of computer
vision-based weed detection in submerged agricultural environments. Additionally, the
uneven hard bottom layer of paddy fields causes frequent posture changes in field operation
machinery [31]. When a 2D LiDAR is mounted on a mobile platform, the reconstructed
environmental data often suffer from inaccuracies in height information. To address these
challenges, this study presents a 3D information acquisition system that integrates 2D
LiDAR, an attitude and heading reference system (AHRS), and a global navigation satellite
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system (GNSS). Furthermore, a variable-threshold segmentation method is proposed, along
with a rice row classification technique based on prior information.

2. Materials and Methods

2.1. Three-Dimensional Point Cloud Acquisition and Preprocessing
2.1.1. LiDAR and AHRS Sensor Coordinate Calibration

Coordinate calibration, as illustrated in Figure 1, involves three coordinate systems: the
LiDAR coordinate system (O;X;Y;Z;), the vehicle coordinate system (Oy Xy Yy Zy), and the
geodetic coordinate system (Ow XwYwZw). In this system, the Xy and Yy coordinates are
derived from the Gaussian—Kriiger projection transformation within the WGS-84 geocentric
coordinate system, while the Zyy coordinate represents elevation information (the elevation
is adjusted by subtracting the installation height).

Figure 1. Schematic representation of acquisition process.

Assuming that the robot is a rigid body, the vehicle coordinate system is defined with
the point projected by the main GNSS antenna onto the ground as the origin (Oy).

(1) Conversion of LiDAR Coordinate System to Vehicle Coordinate System

Assume that a LiDAR scanning point P(p,0) corresponds to the point P, =
[cost x p; sinf * p; 0] in the LIDAR coordinate system and the point Py = [Xy;Yy; Zy]
in the vehicle coordinate system. Let the origin of the LiDAR coordinate system, denoted
by O;, be projected onto the vehicle coordinate system at O}, while O, is the origin of
the vehicle coordinate system. Therefore, the transformation from the LiDAR coordinate
system to the vehicle coordinate system can be described as

1 0 0 cos(—a) 0 —sin(—a)
Py =10 cosep sing| * 0 1 0 * P+ [dx23;dy23; Hl] ! (1)
0 —sing cosg sin(—a) 0 cos(—a)

where dy23 and dyp3 are the installation distances of O; and O, in the Xy axis and Yy axis
directions, respectively, in mm; « is the angle between the LiDAR and the vertical line (Zy),
in deg; ¢ is the angle between the LiDAR and the horizontal line (Yy), in deg.
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cosa_ycosa_z
= |cosa_ysina_z

(2) Conversion of the Vehicle Coordinate System to the Geodetic Coordinate System

The attitude and heading reference system (AHRS) is installed at the center of the front
section of the vehicle to accurately measure the vehicle’s roll (a_x) and pitch (a_y) angles.
The dual-antenna GNSS system provides the heading angle (a_z). The comprehensive rota-
tion matrix "Ry, which transforms the vehicle coordinate system to the geodetic coordinate
system, can be derived from the global roll-pitch-heading (RPH) matrix (Equation (2)). As-
suming that the origin of the vehicle coordinate system, Oy, corresponds to the point Oy_y
in the geodetic coordinate system, and Oy _¢ denotes the current position as determined
by the GNSS, the relationship between Oy_y and Ow_g is as shown in Equation (3).

1% _ pT T T
RV = RZ * RY * RX
—cosa_xsina_z + cosa_zsina_xsina_y  Sina_xsind_z -+ cosa_xcosa_zsina_y

. . . . . . )
€08A_Xc08A_z + sina_xsina_ysina_z  —sina_xcosa_z -+ cosa_xsina_ysina_z
cosa_ysina_x €08a_xcosa_y
Ow_ v =Ow ¢+ "Ry x (Oy — Og) ©)
WwW_v W_G 1% 1% G

As shown in Equation (4), the point in the vehicle coordinate system is transformed to
the corresponding point in the geodetic coordinate system.

X Xy
YW = YV * WRV + OW_V (4)
Zy Zy

2.1.2. Outlier Elimination Based on the Pauta Criterion

The teleoperated robotic vehicle was navigated through uneven, weed-free, and weed-
covered dryland (where simulated rice seedlings were pre-planted with 300 mm row
spacing) to conduct sensor data pre-collection for algorithm development and parameter

calibration, as illustrated in Figure 2.

(a) uneven, weed-free dryland (b) uneven, weed-covered dryland

Figure 2. Data pre-collection environment.

Sharp edges and reflective surfaces can cause the misalignment of the LIDAR beam,
resulting in “ghost points” [32], also known as outliers. As illustrated in Figure 3, the
LiDAR data are converted from polar to Cartesian coordinates, which may introduce rough
spots. These points typically deviate along the X;-axis direction. To eliminate the influence
of outliers, the Pauta criterion (also known as the 3o criterion) is employed for detection
and judgment.
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sampling time = 56 s) sampling time = 47.2 s)
Figure 3. Conversion from polar coordinates to Cartesian coordinates.

The 3D point cloud data are reconstructed by fusing information from the LiDAR,
AHRS, and GNSS sensors. Figure 4a,b display the 3D point cloud, including outliers (in
red box and circles). The presence of outliers reduces the clarity of the environmental
information. Figure 4c,d presents the 3D point cloud after outlier removal using the Pauta
criterion, where different colors of solid points correspond to the varying height values of
objects within the environment. The results demonstrate that the rice rows and ground

features are clearly discernible, and the proposed method effectively mitigates the influence
of outliers.
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Figure 4. Point cloud data pre-processing.
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2.2. Rice Row Recognition Method Based on Multi-Sensor Information
2.2.1. Variable-Threshold Object Segmentation Method Based on Posture Perception

Accurate object segmentation is a critical prerequisite for obstacle segmentation
and recognition. Commonly employed object segmentation methods, such as plane fit-
ting [33-35], often rely on simplifying assumptions about the environment. However,
point cloud data, after outlier removal, more accurately reflect real field conditions. The
height variations of individual data points are influenced by several factors, including
the terrain and environmental conditions, which complicates the establishment of a fixed
threshold for segmentation. To address this challenge, we propose a variable-threshold
object segmentation method based on posture perception. This approach adapts the seg-
mentation threshold dynamically, accommodating the variability in the field conditions
and improving the segmentation accuracy.

As shown in Figure 5, due to the uneven hard layer of the paddy field, the robot’s
posture undergoes frequent changes. Equation (5) is employed to correct the robot’s posture
and mitigate the impact of posture variations on object segmentation. Using trigonometric
relationships, the distance between the i-th LIDAR scanning line and the robot’s position
can be calculated as L_X = H; * tanf, where B = 90° — a. Within the same LIDAR frame,
the maximum height difference between the ground point cloud and the LiDAR scanning
center point is given by

Z cha(i) = L_Y s tan(a_x1) (5)

where L_Y = abs| tanf x aﬁk

a_x1 is the roll angle of the LIDAR scanning position. A certain distance exists between

), and 0 represents the LiDAR’s field of view angle, while

the current measured roll angle position of the robot and a_x1.

(a) Vehicle posture (b) Automatic threshold setting

Figure 5. Schematic diagram of automatic threshold setting. Note: red and blue solid lines indicate
LiDAR scanning boundaries under different poses.

In general, the closer the LiDAR frame is to the LIDAR scanning line, the smaller the
corresponding roll angle error. Based on this observation, we propose using an exponential
smoothing model for data prediction. The exponential smoothing model is an enhanced ver-
sion of the moving average model, with the key feature that the weight of the data increases
as the data points grow closer in time, with the most recent data receiving the highest
weight. Therefore, the exponential smoothing model is chosen for data prediction [36]. The
smoothing equation is expressed as

a xl=kyxa x(i)+kox (1—ky)sa x(i—1)+---kyx(1—ks)’ xa_x(i—9) (6)

where K; is the smoothing coefficient (with 0 < K; < 1). In the exponential smoothing
model, the smoothing coefficient « directly determines the trade-off between prediction
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sensitivity and stability. According to [37,38], when handling time series with significant
fluctuations, moderate smoothing (« = 0.3-0.5) is generally recommended to balance noise
suppression and trend responsiveness. Considering the large fluctuations in the data, K is
set to 0.5.

If the value of a_x1 is close to zero, it indicates that the ground is nearly flat. Con-
versely, if the value is significant, it suggests that the ground is uneven and there is a height
difference within the LiDAR frame scanning area. By using trigonometric relationships to
calculate the maximum possible height difference, the threshold Z_T(7) is determined as
in Equation (7):

Z_T(i) = mean(Zy(i,:)) + Z_cha(i) (7)

where Z, (i, :) represents the height data of the ground point cloud, in mm.

To further validate the advantages of the proposed variable-threshold segmentation
method, a set of comparative experiments was designed to evaluate its performance
against conventional fixed-threshold segmentation, with the results presented in Figure 6.
A comparative analysis of Figure 6a,b reveals that, while the fixed-threshold algorithm
demonstrates limited efficacy in terrain segmentation by failing to completely isolate rice
seedlings from the background, the proposed variable-threshold segmentation method
successfully extracts two distinct rice seedling rows in the weed-free dryland. Equation (7)
can only classify ground and non-ground point clouds, and it fails to segment seedlings
from weeds in the weed-covered field (Figure 7a). To address this limitation, Equation (7)
was enhanced by integrating the height differential between weeds and seedlings (where
weeds exhibit lower vertical profiles than seedlings), yielding Equation (8) for complete
seedling segmentation. The segmentation performance of Equation (8) in weed-covered
scenarios is demonstrated in Figure 7b.

Z_T(i) = mean(Zy(i,:)) + Z cha(i) + PTh (8)

where PTh represents the pass-through filter coefficient. Considering the emergence height
of rice seedlings, the PTh value should satisfy PTh < 40 for directly seeded fields and PTh
< 140 for transplanted fields. In this study, PTh is set to 30.

,—\X104 ><104
g «10°228 2285 229 2295 23 2305
o 23 ~ i T
Ll % e 23 2
4.62954 =
4.62953 S —
. 462952 16205
. 4.62951
AP <108 462951
' 2.571528 4.62952
X (mm) ~ HOP¥ ssytsy 2SR
2571531 i 4.62953
228 2285 229 2295 23 2305 Ximal) 45200 257153 257152
4 Lty B < 10°
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(a) Fixed-threshold method (without Z cha(i) term) for (b) Variable-threshold method (with Z cha(i) term)

segmentation of weed-free dataset

for segmentation of weed-free dataset

Figure 6. Comparative analysis of the proposed variable-threshold method (the non-ground points
are marked with red asterisks (*)).
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mentation of weed-covered dataset (before)

mentation of weed-covered dataset (after)

Figure 7. Comparative analysis of the proposed variable-threshold method on the weed-
covered dataset.

2.2.2. Rice Row Cluster Method Based on Prior Information

(1) Extraction of the Center Point of Rice Rows

In a given LiDAR frame, there are significant positional differences between rice rows
in the geodetic coordinate system. Based on this characteristic, the non-ground point cloud
data for each LiDAR frame are classified to extract the center point. The specific steps are
as follows.

e  Threshold Setting

The threshold Tj;4,, is determined based on the mathematical model derived in
Equation (9). In this equation, the LIDAR’s angular resolution is 0.36° (HOKUYO’s URG-
04LX), line_space represents the row spacing of the rice rows, and w_1 € [0,1] is the
proportional coefficient. The row spacing parameter (line_space) can be dynamically set
to 25 or 30 cm depending on the seeder type, while incorporating a row spacing variation
coefficient w_1 to quantify field-level fluctuations caused by mechanical vibrations and
terrain undulations.

T line_space * w_I . abs(0) line_space » w_I . abs(0)
raar LY 0.36 abs (tane « C%L‘B) 0.36

)

e Data Classification

The non-ground point cloud data are classified by calculating their spatial characteris-
tics and comparing them with the threshold Tj;4,,. This results in the classification of the
data points into distinct groups.

e  Center Point Extraction

If the classified point cloud data contain multiple rice rows, the center point of each
cluster is identified by extracting the midpoint within each category.

If only one category is identified, the midpoint of the entire non-ground point cloud
data is set as the center point.

(2) Center Point Classification Based on Robot Travelling Path

In seedling row recognition, positional relationships are commonly utilized for clus-
tering [11]. As shown in Figure 8, the red dots represent the non-ground point data that
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2571532 -

have been denoised and processed to extract the center points from the LiDAR data, while
the yellow route represents the robot’s travelling path, which separates two rows of rice.
Additionally, the autonomous robot is equipped with a GNSS system. Based on this setup,
a classification method is proposed that leverages the relationship between the rice rows
and the robot’s travelling path (prior information).
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Figure 8. Center point extraction.

e  Horizontal Distance Calculation

First, in the same frame, the horizontal distance in the vehicle coordinate system
between the center point of the rice row and the robot’s travelling path is computed. This
distance is denoted as dis. In this study, the origin of the vehicle coordinate system is
defined as the point where the main GNSS antenna projects onto the ground. Therefore, the
robot’s travelling path serves as the origin of the vehicle coordinate system at different data
acquisition times. If a point in the vehicle coordinate system is represented by (Xy, Yy, Zy),
the distance is given by

dis = Yy (10)

e  Point Clustering

Next, the center points are clustered using Equation (11). Here, line_space denotes the
rice row spacing, and label is the variable representing the category label. Simultaneously,
the variable label _num_sum is used to count the number of center points in each category.

(11)

label = ceil (dls — line_space 0.5)

line_space

e FElimination of Small Weed Interference

While the point cloud data have already been processed to remove outliers and low
weeds, some weeds that are comparable in height to rice may still remain. To further
enhance the accuracy of rice row recognition, a second round of denoising is performed
before fitting the rice rows. Given that rice is planted in rows, the number of center points
within each clustering category is significantly greater than that of small-weed areas. A
threshold value T30y = mean(label —num_sum) is set. When the number of points within
a cluster exceeds this threshold, the region is classified as a rice row. Otherwise, the area is
considered noisy and is removed. Finally, as shown in Figure 9, the data corresponding to
the Xy and Yy, axes of the seedling cluster are extracted.
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Figure 9. Center point clustering.

3. Experiment and Discussion

In order to verify the effectiveness of the algorithm, we used the robot to conduct
validation experiments on sloped terrain (Figure 10d), in dryland (Figure 3a), and in a paddy
field (Figure 10e). The experimental platform and environment are shown in Figure 10a.
The data collection was composed of HOKUYO’s URG-04LX 2D LiDAR (10 Hz, ambient
light resistance: 10,000 Lx or less), XSENS’ MTI-300 AHRS (10 Hz), and RTK-GNSS (10 Hz),
etc. The sensor data acquisition system was i processed in the multithreaded software
platform developed in LabVIEW 2015 (National Instruments, Austin, TX, USA. As shown
in Figure 10b, a customized software architecture was specifically designed to handle
parallel data processing from multiple sensor channels. The development environment
operated on a Windows-based laptop (Core i5-7200U, 8GB DDR4 RAM), which provided
sufficient computational resources for real-time data acquisition and processing tasks. The
installation height of the 2D LiDAR was 1220 mm, with the angle « between the installation
angle and Z, axis being 54.5°, and the angle ¢ between the installation angle and Y_v
axis was 1.744°. The field of view angle was 6 € [—10°,12°], the installation height was
Hj = 1220 mm, the proportional coefficient w_I = 0.75, and the rice planting row spacing
was 300 mm. According to Equation (9), the clustering threshold was T}z, ~ [23.54,23.65].
Therefore, in the experiment, the value of Tj;;,, was set to 24.

During the experiment, the data collection platform moved in a straight line along
the rice rows. The forward speeds of the experimental platform in the simulated and field
environments were approximately 0.2 m/s and 1 m/s, respectively. The experimental site
was located at the Zengcheng Experimental Base of South China Agricultural University in
Guangzhou, China.

The rice row recognition results based on the robot’s travelling path are shown in
Figure 11. In this figure, the yellow symbol represents the vehicle’s position in the geodetic
coordinate system, obtained via the GNSS. The red asterisk (*) symbol indicates the manu-
ally measured position using the CTI RTK-DGPS 170. The solid points in various colors
correspond to the center points of different objects: red points represent the center points
of noisy areas, while blue and green points denote the center points of the rice rows. After
clustering, the center points are fitted into straight lines using the robust regression method.
Different line types represent the fitted results of different rice rows. The results indicate
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that the manually measured rice positions predominantly lie on the fitted straight lines of

the rice rows.
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In order to further evaluate the accuracy of the fitting rice line, the error ¢; was defined
as the vertical distance from the RTK-GNSS measurement value to the fitting line. On
the sloped terrain, the simulated seedling row fitting results were as shown in Figure 11a,
where the linear equation for seedling rows is y = 1.9756xx + 1657242002.64. In the
dryland, the simulated seedling row fitting results were as shown in Figure 11b, where
the linear equations for seedling rows 1 and 2 are y = —0.53 * x + 2817020373.78 and
y = —0.524 x x + 2814010460.1, respectively. In the paddy field, the fitting results of the
seedling rows were as shown in Figure 11c. The linear equations for seedling rows 1 and
2arey = —0.3672 * x + 2741494099.49 and y = —0.3777 x x + 274637039.18, respectively.
The error analysis results of seedling position recognition are shown in Table 1, where the
maximum absolute error, minimum absolute error, and standard deviation on sloped terrain
are shown to be 27.42 mm, 1.81 mm, and 7.66 mm, respectively; the maximum absolute
error, minimum absolute error, and standard deviation in the dryland are 59.41 mm, 0.86
mm, and 14.79 mm, respectively; and the maximum error, minimum error, and standard
deviation in the paddy field are 69.36 mm, 0.53 mm, and 19.18 mm, respectively.

Table 1. Seedling position recognition results.

RTK-GNSS measuring point 1 2 3 4 5 6

Seedling position recognition on absolute error (mm) 2742 2182 1586 181 972 503
sloped terrain RTK-GNSS measuring point 7 8 9 10 11 12

absolute error (mm) 9.40 4.12 9.67 9.86 10.09 19.55
RTK-GNSS measuring point 1 2 3 4 5 6

Seedling position recognition in absolute error (mm) 1518 1470 086 1057 4.89 59.41
dryland RTK-GNSS measuring point 7 8 9 10 11 12

absolute error (mm) 27.04 10.87 13.31 16,59 1641 16.09
RTK-GNSS measuring point 1 2 3 4 5 6

Seedling position recognition in absolute error (mm) 3260 6936 428 3379 334 1381
paddy field RTK-GNSS measuring point 7 8 9 10 1 12

absolute error (mm) 7.01 053 2766 1348 21.69 13.17

The experimental results demonstrate that fusing data from LiDAR, AHRS, and GNSS
enables the accurate reconstruction of 3D point cloud data. Furthermore, the straight lines
fitted to the point cloud data effectively represent the positional information of the rice rows.
The standard deviations under the two conditions are 14.79 mm and 19.18 mm, respectively.
Notably, the position errors at point 6 in the simulated environment and at point 2 in the
real environment are relatively large. The occurrence of significant errors can be attributed
to the following factors. The objective of this study was to estimate the straight lines of
seedling rows, thereby providing a reference path for robot navigation. Consequently,
we employed a robust regression method to fit the positioning points of seedlings. The
main characteristic of this method lies in its ability to identify and disregard potential
points with a strong influence that deviate from the model structure, thereby ensuring the
fitting effect of in-structure points. As a result, significant statistical errors may occur for
individual outlier points (point 6 in the simulated environment and point 2 in the paddy
field). For the task of robot navigation operations, it is beneficial to ignore individual outlier
seedling points when fitting the straight line, as it aids in maintaining and controlling the
stability of the heading. Therefore, future compensation is not necessary. Furthermore, the
reference points used in this study correspond to the actual positions of the rice seedlings.
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However, due to variations in the soil’s bottom layer during the planting process, the precise
positioning of seedlings—when transplanted or sown by machinery—inevitably deviates
from the ideal straight-line path of the entire row. This inherent deviation can be attributed
to the uneven nature of the field’s bottom layer, which affects the accurate alignment of the
seedlings. To further evaluate the performance of the proposed algorithm, a comparative
analysis was conducted against the crop row identification methods proposed in [38,39].
The quantitative comparison results are presented in Table 2.

Table 2. Comparison of three algorithms for rice seedling centerline extraction.

Algorithm Type Mean Angular Error (°) Mean Processing Time (ms)
Proposed (paddy field) 0.6489 50.67
[38] 3.14 192.52
[39] 1.124 20.1

Note: The angular error metric is defined as the angle between the ground-truth line fitted to seedling positions
and the estimated line derived by the proposed algorithm, ensuring consistent evaluation criteria with the
referenced methods.

As evidenced in Table 2, the proposed algorithm achieves a significant improvement
in angular accuracy, outperforming both [38] (by 79.3%) and [39] (by 42.3%). While the
computational time of our method (50.67 ms per iteration) is moderately higher than
that of [39], it successfully fulfills the real-time processing requirement for LIDAR data
acquisition at 10 Hz. Furthermore, it should be noted that the current implementation
leaves room for hardware optimization to enhance the computational efficiency.

4. Conclusions

This study presents a robust framework for rice row detection in complex paddy
environments. Firstly, a multi-sensor fusion system integrating 2D LiDAR, AHRS, and
RTK-GNSS was developed to reconstruct 3D point clouds, effectively compensating for
height distortions caused by the uneven terrain. Secondly, the proposed variable-threshold
segmentation method, dynamically adjusted through posture perception, demonstrated
superior adaptability to field variations compared to fixed-threshold approaches. By
incorporating robot travelling path constraints and prior information about the rice row
spacing, the clustering algorithm successfully filtered out weed interference and achieved
accurate seedling localization. Experimental validation across sloped land, dryland, and
submerged paddy fields confirmed the method’s reliability, with standard deviations below
20 mm and angular errors under 0.65°, outperforming existing techniques. These results
highlight the method’s potential to enhance the autonomous navigation accuracy in real-
world agricultural operations. Future research will focus on optimizing the computational
efficiency through hardware acceleration and integrating MEMS-IMU with stereo visual
odometry to address GNSS-denied scenarios. Additionally, extending this framework to
diverse crop types and multi-robot coordination systems will further advance precision
agriculture technologies.

Author Contributions: Conceptualization, J.H. and R.Z.; methodology, J.H.; software, ]. H.; vali-
dation, W.D., Q.T. and X.S.; data curation, J.L. and Q.T.; writing—original draft preparation, J.H.;
writing—review and editing, R.Z.; project administration, R.Z.; funding acquisition, J.H. All authors
have read and agreed to the published version of the manuscript.

Funding: This work was supported by the Characteristic Innovation Projects of Ordinary Universi-
ties in Guangdong Province (N0.2024KTSCX398) and the Guangdong Polytechnic of Industry and
Commerce Scientific Research Project (No. 2024-ZKT-05, No. 2023-gc-04) and funded by the Science
and Technology Planning Project of Guangdong Province (No. 2021B1212040009).

175



Agriculture 2025, 15, 413 15 of 16

Data Availability Statement: The data will be made available upon reasonable request by the
corresponding author.

Acknowledgments: The authors would like to express their gratitude to the Guangdong Polytechnic
of Industry and Commerce, the Guangdong Provincial Key Laboratory for Agricultural Artificial
Intelligence, Key Laboratory of the Ministry of Education of China for Key Technologies for Agri-
cultural Machinery and Equipment for Southern China, and the reviewers who provided helpful
suggestions for this manuscript.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.
19.

20.

21.

22.

Dehghanpir, S.; Bazrafshan, O.; Nadi, S.; Jamshidi, S. Assessing the sustainability of Agricultural Water Use Based on Water
Footprints of wheat and rice production. In Sustainability and Water Footprint; Springer: Cham, Switzerland, 2024; Volume 10,
pp. 57-82.

Bwire, D.; Saito, H.; Sidle, R.C.; Nishiwaki, ]. Water management and hydrological characteristics of paddy-rice fields under
alternate wetting and drying irrigation practice as climate smart practice: A review. Agronomy 2024, 14, 1421. [CrossRef]
Zhang, L.; Zhang, F.; Zhang, K.; Liao, P.; Xu, Q. Effect of agricultural management practices on rice yield and greenhouse gas
emissions in the rice-wheat rotation system in China. Sci. Total Environ. 2024, 916, 170307. [CrossRef]

Peng, S.; Zheng, C.; Yu, X. Progress and challenges of rice ratooning technology in China. Crop Environ. 2023, 2, 5-11. [CrossRef]
Chen, Q. China Agricultural Mechanization Yearbook; China Agricultural Science and Technology Press: Beijing, China, 2020.

He, Y,; Jiang, H.; Fang, H.; Wang, Y.; Liu, Y. Research progress of intelligent obstacle detection methods of vehicles and their
application on agriculture. Trans. Chin. Soc. Agric. Eng. 2018, 34, 21-32.

Ji, Y.; Xu, H,; Zhang, M.; Li, S.; Cao, R.; Li, H. Design of Point Cloud Acquisition System for Farmland Environment Based on
LiDAR. Trans. Chin. Soc. Agric. Mach. 2019, 50, 1-7.

Ji, C.; Zhou, J. Current Situation of Navigation Technologies for Agricultural Machinery. Trans. Chin. Soc. Agric. Mach. 2014, 45,
44-54.

Zhang, Q.; Chen, M.E.S; Li, B. A visual navigation algorithm for paddy field weeding robot based on image understanding.
Comput. Electron. Agric. 2017, 143, 66-78. [CrossRef]

Kaizu, Y.; Imou, K. A dual-spectral camera system for paddy rice seedling row detection. Comput. Electron. Agric. 2008, 63, 49-56.
[CrossRef]

Zhang, X.; Li, X.; Zhang, B.; Zhou, ].; Tian, G.; Xiong, Y.; Gu, B. Automated robust crop-row detection in maize fields based on
position clustering algorithm and shortest path method. Comput. Electron. Agric. 2018, 154, 165-175. [CrossRef]

Jing, G.; Yang, X.; Wang, Z.; Liu, H. Crop rows detection based on image characteristic point and particle swarm optimization-
clustering algorithm. Trans. Chin. Soc. Agric. Eng. 2017, 33, 165-170.

Choi, K.H.; Han, S.K; Han, S.H.; Park, K.H.; Kim, K.S.; Kim, S. Morphology-based guidance line extraction for an autonomous
weeding robot in paddy fields. Comput. Electron. Agric. 2015, 113, 266-274. [CrossRef]

Wang, S.; Dai, X.; Xu, N.; Zhang, P. Overview on Environment Perception Technology for Unmanned Ground Vehicle. J. Chang.
Univ. Sci. Technol. (Nat. Sci. Ed.) 2017, 40, 1-6.

Chateau, T.; Debain, C.; Collange, F; Trassoudaine, L.; Alizon, ]J. Automatic guidance of agricultural vehicles using a laser sensor.
Comput. Electron. Agric. 2000, 28, 243-257. [CrossRef]

Barawid, O.C., Jr.; Mizushima, A.; Ishii, K.; Noguchi, N. Development of an Autonomous Navigation System using a Two-
dimensional Laser Scanner in an Orchard Application. Biosyst. Eng. 2007, 96, 139-149. [CrossRef]

Hiremath, S.A.; Van Der Heijden, G.W.; Van Evert, EK,; Stein, A.; Ter Braak, C.J. Laser range finder model for autonomous
navigation of a robot in a maize field using a particle filter. Comput. Electron. Agric. 2014, 100, 41-50. [CrossRef]

Zhang, Y.; Zhou, J. Laser radar based orchard trunk detection. J. China Agric. Univ. 2015, 20, 249-255.

Hammerle, M.; Hofle, B. Effects of reduced terrestrial LIDAR point density on high-resolution grain crop surface models in
precision agriculture. Sensors 2014, 14, 24212-24230. [CrossRef]

Keightley, K.E.; Bawden, G.W. 3D volumetric modeling of grapevine biomass using Tripod LiDAR. Comput. Electron. Agric. 2010,
74, 305-312. [CrossRef]

Xue, J.; Dong, S.; Fan, B. Detection of Obstacles Based on Information Fusion for Autonomous Agricultural Vehicles. Trans. Chin.
Soc. Agric. Mach. 2018, 49, 36-41.

Peng, Y.; Qu, D.; Zhong, Y.; Xie, S.; Luo, J.; Gu, ]. The obstacle detection and obstacle avoidance algorithm based on 2-D LiDAR.
In Proceedings of the 2015 IEEE International Conference on Information and Automation, Lijiang, China, 8-10 August 2015;
IEEE: New York, NY, USA, 2015.

176


https://doi.org/10.3390/agronomy14071421
https://doi.org/10.1016/j.scitotenv.2024.170307
https://doi.org/10.1016/j.crope.2023.02.005
https://doi.org/10.1016/j.compag.2017.09.008
https://doi.org/10.1016/j.compag.2008.01.012
https://doi.org/10.1016/j.compag.2018.09.014
https://doi.org/10.1016/j.compag.2015.02.014
https://doi.org/10.1016/S0168-1699(00)00130-7
https://doi.org/10.1016/j.biosystemseng.2006.10.012
https://doi.org/10.1016/j.compag.2013.10.005
https://doi.org/10.3390/s141224212
https://doi.org/10.1016/j.compag.2010.09.005

Agriculture 2025, 15, 413 16 of 16

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Malavazi, FE.B.P,; Guyonneau, R.; Fasquel, ].B.; Lagrange, S.; Mercier, F. LIDAR-only based navigation algorithm for an autonomous
agricultural robot. Comput. Electron. Agric. 2018, 154, 71-79. [CrossRef]

Liu, W,; Li, W,; Feng, H.; Xu, J.; Yang, S.; Zheng, Y.; Liu, X.; Wang, Z.; Yi, X.; He, Y,; et al. Overall integrated navigation based on
satellite and lidar in the standardized tall spindle apple orchards. Comput. Electron. Agric. 2024, 216, 108489. [CrossRef]

Liu, Y;; He, Y.; Noboru, N. Development of a collision avoidance system for agricultural airboat based on laser sensor. J. Zhejiang
Univ. (Agric. Life Sci.) 2018, 44, 431-439.

Colaco, A.E; Trevisan, R.G.; Molin, J.P.; Rosell-Polo, J.R.; Escola, A. A Method to Obtain Orange Crop Geometry Information
Using a Mobile Terrestrial Laser Scanner and 3D Modeling. Remote Sens. 2017, 9, 763. [CrossRef]

Garrido, M.; Paraforos, D.S.; Reiser, D.; Vazquez Arellano, M.; Griepentrog, H-W.; Valero, C. 3D Maize Plant Reconstruction
Based on Georeferenced Overlapping LIDAR Point Clouds. Remote Sens. 2015, 7, 17077-17096. [CrossRef]

Reiser, D.; Vazquez-Arellano, M.; Paraforos, D.S.; Garrido-Izard, M.; Griepentrog, H.W. Iterative individual plant clustering in
maize with assembled 2D LiDAR data. Comput. Ind. 2018, 99, 42-52. [CrossRef]

Zhao, R.; Hu, L,; Luo, X.; Zhou, H.; Du, P; Tang, L.; He, ].; Mao, T. A novel approach for describing and classifying the unevenness
of the bottom layer of paddy fields. Comput. Electron. Agric. 2019, 162, 552-560. [CrossRef]

He, J.; Zang, Y.; Luo, X.; Zhao, R.; He, J.; Jiao, J. Visual detection of rice rows based on Bayesian decision theory and robust
regression least squares method. Int. J. Agric. Biol. Eng. 2021, 14, 199-206. [CrossRef]

Hu, L.; Lin, C; Luo, X,; Yang, W.; Xu, Y.; Zhou, H.; Zhang, Z. Design and experiment on auto leveling control system of
agricultural implements. Trans. Chin. Soc. Agric. Eng. 2015, 31, 15-20.

Balduzzi, M.A.; Van der Zande, D.; Stuckens, ].; Verstraeten, W.W.; Coppin, P. The Properties of Terrestrial Laser System Intensity
for Measuring Leaf Geometries: A Case Study with Conference Pear Trees (Pyrus communis). Sensors 2011, 11, 1657-1681.
[CrossRef]

Li, B.; Fang, Z.; Ren, J. Extraction of Building’s Feature from Laser Scanning Data. Geomat. Inf. Sci. Wuhan Univ. 2003, 28, 65-70.
Guan, Y.L,; Liu, S.T.; Zhou, S.J.; Zhang, L.; Lu, T. Robust Plane Fitting of Point Clouds Based On TLS. . Geod. Geodyn. 2011, 31,
80-83.

Reiser, D.; Miguel, G.; Arellano, M.V.; Griepentrog, H.W.; Paraforos, D.S. Crop row detection in maize for developing navigation
algorithms under changing plant growth stages. In Proceedings of the Robot 2015: Second Iberian Robotics Conference, Lisbon,
Portugal, 19-21 November 2015; Springer: Cham, Switzerland, 2016.

Wang, C. Selection of smoothing coefficient via exponential smoothing algorithm. J. North Univ. China (Nat. Sci. Ed.) 2006, 27, 4.
[CrossRef]

Li, S.; Liu, K. Quadric Exponential Smoothing Model with Adapted Parameter and Its Applications. Syst. Eng. Theory Pract. 2004,
24,94-99.

Zhang, S.; Ma, Q.; Cheng, S.; An, D.; Yang, Z.; Ma, B.; Yang, Y. Crop row detection in the middle and late periods of maize under
sheltering based on solid state LIDAR. Agriculture 2022, 12, 2011. [CrossRef]

Yang, Y.; Ma, Q.; Chen, Z.; Wen, X.; Zhang, G.; Zhang, T.; Dong, X.; Chen, L. Real-time extraction of the navigation lines between
sugarcane ridges using LiDAR. Trans. Chin. Soc. Agric. Eng. 2022, 38, 8. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

177


https://doi.org/10.1016/j.compag.2018.08.034
https://doi.org/10.1016/j.compag.2023.108489
https://doi.org/10.3390/rs9080763
https://doi.org/10.3390/rs71215870
https://doi.org/10.1016/j.compind.2018.03.023
https://doi.org/10.1016/j.compag.2019.05.001
https://doi.org/10.25165/j.ijabe.20211401.5910
https://doi.org/10.3390/s110201657
https://doi.org/10.3969/j.issn.1673-3193.2006.06.022
https://doi.org/10.3390/agriculture12122011
https://doi.org/10.11975/j.issn.1002-6819.2022.04.021

#I"
S—

Reproductive Biology of the Australian
Bush Tomato Solanum orbiculatum

Volume 12 - Issue 11 | November 2023

mdpi.com/journal agranamy
m@ ISSN 2073-43495



Home » Journals > Agronomy > Volumei3 » lssuel

34 6.7 17 days
Impact Factor CiteScore Time to First Decision @
Instructions for Authors Content ~ Guidelines v About v Search journal articles Q [ Get Alerted

Agronomy, Volume 13, Issue 11
2023 November - 186 articles

. agronomy ¥ o

Cover Story: Solanum orbiculatum ssp. orbicufatum is an edible bush tomatc endemic to Australia. Plants of this species
are potentially self-compatible but are unable to carry out spontaneous autogamy. The flowers are protogynous with a
floral structure and morphology that can encourage cross pollination as the stigma is exserted above the anther’s tips.
This study will contribute to understanding the evolution and systematic relationships of species. Furthermore,
understanding the reproductive biology of this species is also of interest for cultivated tomato breeding. View this paper

Issues are regarded as officially published after their release is announced to the table of contents alert mailing list .

You may sign up for email alerts to receive table of contents of newly released issues. Reproductive Biology of the Australian
Bush Tomato Solanum orbiculatum

PDF is the official format for papers published in both, htm| and pdf forms. To view the papers in pdf format, click on the Voliae 13 besain 31 | Hovemdier 2023

"PDF Full-text" link, and use the free Adobe Reader to open them.

Articles (26)
Number of Papers 186
Search Q 1Selected o v
| Selectall E Most recent ~
| Article 8 4 Citations | 1,895 Views | 14 Pages

A Proposal for Lodging Judgment of Rice Based on Binocular Camera
Yukun Yang, Chugi Liang, Lian Hu, Xiwen Luo, Jie He, Pei Wang, Peikui Huang, Ruitac Gao and Jiehao Li

Agronomy 2023, 13(11), 2852; https://doi.org/10.3390/agronomy13112852 - 20 November 2023

Rice lodging is a crucial problem in rice production. Lodging during growing and harvesting periods can
decrease rice yields. Practical lodging judgment for rice can provide effective reference information for
yield prediction and harvesting. This ar... Show more ~

Full Article =

] Article 3 16 Citations | 3,362 Views | 17 Pages

Modeling Callus Induction and Regeneration in Hypocotyl Explant of Fodder Pea
(Pisum sativum var. arvense L.) Using Machine Learning Algorithm Method

Aras Turkoglu, Parisa Bolouri, Kamil Haliloglu, Barig Eren, Fatih Demirel, Muhammet islam Isik, Magdalena Piekutowska,

Tomasz Wojciechowski and Gniewko Niedbata

Agronomy 2023, 13(11), 2835; https://doi.org/10.3390/agronomy13112835 - 17 Movember 2023

A comprehensive understanding of genetic diversity and the categorization of germplasm is important to
effectively identify appropriate parental candidates for the goal of breeding. It is necessary to have a
technique of tissue culture that is both e... Showmore ~

Full Article -

Review 3 16 Citations | 6,047 Views | 24 Pages

Field Phenotyping Monitoring Systems for High-Throughput: A Survey of Enabling
Technologies, Equipment, and Research Challenges

Huali Yuan, Minghan Song, Yiming Liu, Qi Xie, Weixing Cao, Yan Zhu and Jun Ni

Agronomy 2023, 13(11), 2832; https://doi.org/10.3390/agronomy13112832 - 17 November 2023

High-throughput phenotype monitoring systems for field crops can not only accelerate the breeding
process but also provide important data support for precision agricultural monitoring. Traditional
phenotype monitoring methods for field crops relying... Show more ~

Full Article =

| Article @ 6 Citations | 2,534 Views | 14 Pages [}
Fixed Spraying Systems Application in Citrus Orchards: Nozzle Type and Nozzle
Position Effects on Droplet Deposition and Pest Control
Chen Chen, Xinyu Xue, Qingging Zhou, Wei Gu, Songchao Zhang and Chundu Wu

Agronomy 2023, 13(11), 2828; https://doi.org/10.3390/agronomy13112828 - 16 November 2023
Pesticide application is an essential means of controlling plant diseases and pests in citrus orchards. In
recent years, fixed spraying systems have gradually been used as alternatives to traditional sprayers and

manual sprayers in some hilly citrus... Showmore ~

Full Article =

| Article 3 10 Citations | 3,664 Views | 21Pages

Integration of Vis-NIR Spectroscopy and Machine Learning Techniques to Predict
Eight Soil Parameters in Alpine Regions

Chuanli Jiang, Jianyun Zhao and Guorong Li

Agronomy 2023, 13(11), 2816; https://doi.org/10.3390/agronomy13112816 - 15 November 2023

Visible and near-infrared spectroscopy (Vis-NIR, 350-1100 nm) has great potential for predicting soil
properties. However, current research on the hyperspectral prediction of soil parameters in agricultural
areas of alpine regions and the... Showmore ~

Full Article -

| Article 3§ 20 Citations | 5,927 Views | 19 Pages

Evaluation of Variable Application Rate of Fertilizers Based on Site-Specific
Management Zones for Winter Wheat in Small-Scale Farming

Yuefan Wang, Yifan Yuan, Fei Yuan, Syed Tahir Ata-Ul-Karim, Xiaojun Liu, Yongchao Tian, Yan Zhu, Weixing Cao and
Qiang Cao

Agronomy 2023, 13(11), 2812; https://doi.org/10.3390/agronomy13112812 - 13 November 2023

China is currently experiencing a severe issue of excessive fertilization. Variable rate fertilization (VRF)
technology is key to solving this issue in precision agriculture, and one way to implement VRF is through
management zone (MZ) delineation. T... Show more ~

Full Article -

| Article 38 5 Citations | 3,326 Views | 19 Pages

Estimation of Agronomic Characters of Wheat Based on Variable Selection and
Machine Learning Algorithms

Dunliang Wang, Rui Li, Tao Liu, Chengming Sun and Wenshan Guo

Agronomy 2023, 13(11), 2808; https://doi.org/10.3390/agronomy13112808 - 13 November 2023

Wheat is one of the most important food crops in the world, and its high and stable yield is of great
significance for ensuring food security. Timely, non-destructive, and accurate monitoring of wheat growth
information is of great significance for o... Show maore ~

Full Article -

| Article 3 3 Citations | 1,729 Views | 27 Pages

Clustering and Segmentation of Adhesive Pests in Apple Orchards Based on GMM-
DC

Yunfei Wang, Shuangxi Liu, Zhuo Ren, Bo Ma, Junlin Mu, Linlin Sun, Hongjian Zhang and Jinxing Wang

Agronomy 2023, 13(11), 2806; https://doi.org/10.3390/agronomy13112806 - 13 November 2023

The segmentation of individual pests is a prereqguisite for pest feature extraction and identification. To
address the issue of pest adhesion in the apple orchard pest identification process, this research
proposed a pest adhesion image segmentation m... Show more

Full Article -

] Article 3 7 Citations | 5,555 Views | 23 Pages

Feasibility of Detecting Sweet Potato (lpomoea batatas) Virus Disease from High-
Resolution Imagery in the Field Using a Deep Learning Framework

Fanguo Zeng, Ziyu Ding, Qingkui Song, Jiayi Xiao, Jianyu Zheng, Haifeng Li, Zhongxia Luo, Zhangying Wang,
Xuejun Yue and Lifei Huang

Agronomy 2023, 13(11), 2801; https://doi.org/10.3390/agronomy13112801 - 13 November 2023

The sweet potato is an essential food and economic crop that is often threatened by the devastating sweet
potato virus disease (SPVD), especially in developing countries. Traditional laboratory-based direct
detection methods and field scouting are co... Show more ~

Full Article =

| Article 8 3 Citations | 2,601Views | 21 Pages

Enhancing Crop Mapping Precision through Multi-Temporal Sentinel-2 Image and
Spatial-Temporal Neural Networks in Northern Slopes of Tianshan Mountain
Xiaoyong Zhang, Yonglin Guo, Xiangyu Tian and Yongging Bai

Agronomy 2023, 13(11), 2800; https://doi.org/10.3390/agronomy13112800 - 12 November 2023

Northern Slopes of Tianshan Mountain (NSTM) in Xinjiang hold significance as a principal agricultural hub
within the region’s arid zone. Accurate crop mapping across vast agricultural expanses is fundamental for
intelligent crop monitoring and... Show more ~

Full Article -

| Article @ 3 Citations | 1,973 Views | 16 Pages
Combining Gaussian Process Regression with Poisson Blending for Seamless Cloud
Removal from Optical Remote Sensing Imagery for Cropland Monitoring
Soyeon Park and No-Wook Park

Agronomy 2023, 13(11), 2789; https://doi.org/10.3390/agronomyi3112789 - 10 November 2023

Constructing optical image time series for cropland monitoring requires a cloud removal method that
accurately restores cloud regions and eliminates discontinuity around cloud boundaries. This paper
describes a two-stage hybrid machine learning-based... Show more v

Full Article =

| Article 3 6 Citations | 1,750 Views | 23 Pages

Study on the Influence of Grooved-Wheel Working Parameters on Fertilizer Emission
Performance and Parameter Optimization

Jinfeng Wang, Ruidong Wang, Jinyan Ju, Yuling Song, Zuodong Fu, Tenghui Lin, Guoging Chen, Rui Jiang and
Zhentao Wang

Agronomy 2023, 13(11), 2779; https://doi.org/10.3390/agronomy13112779 - 8 November 2023

The grooved-wheel fertilizer machine is one of the most widely used pieces of fertilization equipment.
However, detailed information on the fertilizer filling status and the mechanism of particle interactions
during the operation of the grooved wheel... Showmore

Full Article =

| Article 3 1Citations | 2,072 Views | 15 Pages

Collaborative Wheat Lodging Segmentation Semi-Supervised Learning Model Based
on RSE-BiSeNet Using UAV Imagery

Hongbo Zhi, Baohua Yang and Yue Zhu

Agronomy 2023, 13(11), 2772; https://doi.org/10.3390/agronomy13112772 - 6 November 2023

Lodging is a common natural disaster during wheat growth. The accurate identification of wheat lodging is
of great significance for early warnings and post-disaster assessment. With the widespread use of
unmanned aerial vehicles (UAVs), large-scale w... Show more ~

Full Article -

| Review g 19 Citations | 4,538 Views | 26 Pages
Technologies and Equipment of Mechanized Blossom Thinning in Orchards: A Review
Kiaohui Lei, Quanchun Yuan, Tao Xyu, Yannan Qi, Jin Zeng, Kai Huang, Yuanhao Sun, Andreas Herbst and Xiaolan Lyu

Agronomy 2023, 13(11), 2753; https://doi.org/10.3390/agronomy13112753 - 31 October 2023

Orchard thinning can avoid biennial bearing and improve fruit quality, which is a necessary agronomic
section in orchard management. The existing methods of artificial fruit thinning and chemical spraying are
no longer suitable for the development of... Show more +

Full Article =

| Article 8 12 Citations | 4,001 Views | 22 Pages

Multiscale Inversion of Leaf Area Index in Citrus Tree by Merging UAV LiDAR with
Multispectral Remote Sensing Data

Weicheng Xu, Feifan Yang, Guangchao Ma, Jinhao Wu, Jiapei Wu and Yubin Lan

Agronomy 2023, 13(11), 2747; https://doi.org/10.3390/agronomy13112747 - 31 Gctober 2023

The LAI (leaf area index) is an important parameter describing the canopy structure of citrus trees and
characterizing plant photosynthesis, as well as providing an important basis for selecting parameters for
orchard plant protection operations. By... Show maore ~

Full Article -

| Aricle @ 6 Citations | 2,829 Views | 14 Pages

Semantic Segmentation of Portuguese Agri-Forestry Using High-Resolution
Orthophotos
Tiago G. Morais, Tiago Domingos and Ricardo F. M. Teixeira

Agronomy 2023, 13(11), 2741; https://doi.org/10.3390/agronomy13112741 - 30 October 2023

The Montado ecosystem is an important agri-forestry system in Portugal, occupying about 8% of the total
area of the country. However, this biodiverse ecosystem is threatened due to factors such as shrub
encroachment. In this context, the development... Show more ~

Full Article =

| Article 38 2 Citations | 2,467 Views | 18 Pages

ethod and Experiments for Acquiring High Spatial Resolution Images of Abnormal
ice Canopy by Autonomous Unmanned Aerial Vehicle Field Inspection

Riangzhi Zhang, Xiwen Luo, Lian Hu, Chugi Liang, Jie He, Pei Wang and Runmao Zhao

Agronomy 2023, 13(11), 2731; https:/doi.org/10.3390/agronomy13112731 - 29 October 2023

he yield and quality of rice are closely related to field management. The automatic identification of field
abnormalities, such as diseases and pests, based on computer vision currently mainly relies on high
spatial resolution (HSR) images obtained... Show more ~

ull Article =

| Article 3 3 Citations 1 2,529 Views | 13 Pages

Unravelling the Complexities of Genotype-Soil-Management Interaction for Precision
Agriculture

Svend Christensen and Signe M. Jensen

Agronomy 2023, 13(11), 2727; https://doi.org/10.3390/agronomy13112727 - 29 October 2023

The knowledge of interactions among crop genotypes, soil types, and crop management is essential for
precision agriculture. This paper explores these interactions through the analysis of 27 years of winter
wheat trials, with 276 unique varieties test... Show more ~

Full Article -

|| Article 8 12 Citations | 2,346 Views | 16 Pages

Win-Former: Window-Based Transformer for Maize Plant Point Cloud Semantic
Segmentation

Yu Sun, Xindong Guo and Hua Yang

Agronomy 2023, 13(11), 2723; https://doi.org/10.3390/agronomy13112723 - 29 October 2023

Semantic segmentation of plant point clouds is essential for high-throughput phenotyping systems, while
existing methods still struggle to balance efficiency and performance. Recently, the Transformer
architecture has revolutionized the area of compu... Show more ~

Full Article -

Editorial g 1Citations | 2,056 Views | 7 Pages
Precision Operation Technology and Intelligent Equipment in Farmland
Jun Ni

Agronomy 2023, 13(11), 2721; https:/doi.org/10.3390/agronomy13112721 - 29 October 2023
Precision operation technology and intelligent equipment in farmland is centered on farmland cultivation,
planting, management, harvesting, and other operations [...]

Full Article -

| Article & 7 Citations | 2,785 Views | 19 Pages

Identifying the Spatio-Temporal Change in Winter Wheat-Summer Maize Planting
Structure in the North China Plain between 2001 and 2020

Bo Yang, Jinglei Wang, Shenglin Li and Xiugiao Huang

Agronomy 2023, 13(11), 2712; https://doi.org/10.3390/agronomy13112712 - 27 October 2023

Tracking winter wheat-summer maize distribution is crucial for the management of agricultural water
resources in the water-scarce North China Plain (NCP). However, the spatio-temporal change in planting
structure that has occurred during the la... Showmore ~

Full Article -

| Article 3@ 11 Citations | 3,464 Views | 20 Pages
Multi-Plant Disease Identification Based on Lightweight ResNet18 Model
Li Ma, Yuanhui Hu, Yao Meng, Zhiyi Li and Guifen Chen

Agronomy 2023, 13(11), 2702; https:/doi.org/10.3390/agronomy13112702 - 27 October 2023

Deep-learning-based methods for plant disease recognition pose challenges due to their high number of
network parameters, extensive computational requirements, and overall complexity. To address this issue,
we propose an improved residual-network-bas... Show more ~

Full Article -

"] Aricle 3 17 Citations | 3,101Views | 20 Pages

Evaluating the Efficacy of Sentinel-2B and Landsat-8 for Estimating and Mapping
Wheat Straw Cover in Rice-Wheat Fields

Muhammad Sohail Memon, Shuren Chen, Yaxiao Niu, Weiwei Zhou, Osama Elsherbiny, Runzhi Liang, Zhigiang Du and

Xiaohu Guo

Agronomy 2023, 13(11), 2691; https://doi.org/10.3390/agronomy13112691 - 26 October 2023

Sustainable agriculture and soil conservation methods are integral to ensuring food safety and mitigating
environmental impacts worldwide. However, crop residue/straw serves many vital functions from tillage to
harvest, so that quantifying the approp... Show more ~

Full Article -

Review @ 20 Citations | 4,411 Views | 18 Pages
Anti-Drift Technology Progress of Plant Protection Applied to Orchards: A Review
Shaobo Li, Jianping Li, Shaomeng Yu, Pengfei Wang, Hongjie Liu and Xin Yang

Agronomy 2023, 13(11), 2679; https://doi.org/10.3380/agronomy13112679 - 25 October 2023

In orchard plant protection application, an anti-drift strategy can effectively reduce drift in the non-target
area, reduce spray drift in the environment, and avoid spray leakage and overspraying. To clarify the future
development direction of orcha... Show more ~

Full Article =

| Article 8 21Citations | 2,279 Views | 16 Pages

Calibration of Small-Grain Seed Parameters Based on a BP Neural Network: A Case
Study with Red Clover Seeds

Xuejie Ma, Mengjun Guo, Xin Tong, Zhanfeng Hou, Haiyang Liu and Haiyan Ren

Agronomy 2023, 13(11), 2670; https://doi.org/10.3390/agronomy13112670 - 24 October 2023

In order to enhance the accuracy of discrete element numerical simulations in the processing of small-
seed particles, it is essential to calibrate the parameters of seeds within the discrete element software.
This study employs a series of physical t... Show more ~

Full Article =

| Article 8 19 Citations | 4,012 Views | 23 Pages
Improved YOLOv7-Tiny Complex Environment Citrus Detection Based on
Lightweighting

Bo Gu, Changji Wen, Xuanzhi Liu, Yingjian Hou, Yuanhui Hu and Henggiang Su

Agronomy 2023, 13(11), 2667; https://doi.org/10.3390/agronomy13112667 - 24 October 2023

In complex citrus orchard environments, light changes, branch shading, and fruit overlapping impact citrus
detection accuracy. This paper proposes the citrus detection model YOLO-DCA in complex environments
based on the YOLOv7-tiny model. We used dep... Show more ~ 179

Full Article -



. agronomy e

Article

Method and Experiments for
Acquiring High Spatial Resolution
Images of Abnormal Rice Canopy
by Autonomous Unmanned Aerial
Vehicle Field Inspection

Qiangzhi Zhang, Xiwen Luo, Lian Hu, Chuqi Liang, Jie He, Pei Wang and Runmao Zhao

Special Issue

Unmanned Farms in Smart Agriculture

Edited by
Prof. Dr. Zhiyan Zhou and Prof. Dr. Lian Hu



https://www.mdpi.com/journal/agronomy
https://www.scopus.com/sourceid/21100447811
https://www.mdpi.com/journal/agronomy/stats
https://www.mdpi.com/journal/agronomy/special_issues/2E74Y349VU
https://www.mdpi.com
https://doi.org/10.3390/agronomy13112731

agronomy

Article

Method and Experiments for Acquiring High Spatial
Resolution Images of Abnormal Rice Canopy by Autonomous
Unmanned Aerial Vehicle Field Inspection

Qiangzhi Zhang 1.2 Xiwen Luo 12, Lian Hu 120, Chugqi Liang 1.2 Jie He 200, Pei Wang 1.2

and Runmao Zhao 1:%*

check for
updates

Citation: Zhang, Q.; Luo, X.; Hu, L.;
Liang, C.; He, J.; Wang, P.; Zhao, R.
Method and Experiments for
Acquiring High Spatial Resolution
Images of Abnormal Rice Canopy by
Autonomous Unmanned Aerial
Vehicle Field Inspection. Agronomy
2023, 13,2731. https://doi.org/
10.3390/agronomy13112731

Academic Editor: Yanbo Huang

Received: 10 October 2023
Revised: 25 October 2023
Accepted: 25 October 2023
Published: 29 October 2023

Copyright: © 2023 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

Key Laboratory of the Ministry of Education of China for Key Technologies for Agricultural Machinery and
Equipment for Southern China, South China Agricultural University, Guangzhou 510642, China
Guangdong Laboratory for Lingnan Modern Agriculture, Guangzhou 510642, China

*  Correspondence: zhrm_2007@163.com; Tel.: +86-13926112654

Abstract: The yield and quality of rice are closely related to field management. The automatic
identification of field abnormalities, such as diseases and pests, based on computer vision currently
mainly relies on high spatial resolution (HSR) images obtained through manual field inspection.
In order to achieve automatic and efficient acquisition of HSR images, based on the capability of
high-throughput field inspection of UAV remote sensing and combining the advantages of high-
flying efficiency and low-flying resolution, this paper proposes a method of “far-view and close-look”
autonomous field inspection by unmanned aerial vehicle (UAV) to acquire HSR images of abnormal
areas in the rice canopy. First, the UAV equipped with a multispectral camera flies high to scan the
whole field efficiently and obtain multispectral images. Secondly, abnormal areas (namely areas
with poor growth) are identified from the multispectral images, and then the geographical locations
of identified areas are positioned with a single-image method instead of the most used method of
reconstruction, sacrificing part of positioning accuracy for efficiency. Finally, the optimal path for
traversing abnormal areas is planned through the nearest-neighbor algorithm, and then the UAV
equipped with a visible light camera flies low to capture HSR images of abnormal areas along the
planned path, thereby acquiring the “close-look” features of the rice canopy. The experimental results
demonstrate that the proposed method can identify abnormal areas, including diseases and pests,
lack of seedlings, lodging, etc. The average absolute error (AAE) of single-image positioning is
13.2 cm, which can meet the accuracy requirements of the application in this paper. Additionally,
the efficiency is greatly improved compared to reconstruction positioning. The ground sampling
distance (GSD) of the acquired HSR image can reach 0.027 cm/pixel, or even smaller, which can
meet the resolution requirements of even leaf-scale deep-learning classification. The HSR image
can provide high-quality data for subsequent automatic identification of field abnormalities such as
diseases and pests, thereby offering technical support for the realization of the UAV-based automatic
rice field inspection system. The proposed method can also provide references for the automatic field
management of other crops, such as wheat.

Keywords: unmanned aerial vehicle (UAV); rice canopy; abnormal area; single-image positioning;
high spatial resolution (HSR); autonomous field inspection; diseases and pests

1. Introduction

Rice is one of the most important food crops in China and even in the world. Its
production affects the food security of the country [1-3], and the yield and quality of rice
are closely related to field management [4,5]. In recent years, in order to improve the
efficiency and quality of field management, researchers in the agricultural field have devel-
oped various types of automatic equipment (such as self-driving agricultural machinery,
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agricultural UAVs, etc.) to perform management actions such as fertilization and pesti-
cide application [6-8]. However, field management decisions are currently mainly made
through manual field inspections. In order to detect diseases and pests, water and fertilizer
management problems, and other issues in time, agricultural experts regularly observe
the rice fields according to the established route. Generally, they first look at the whole
from a distance, find abnormalities, then look closer at the details and record. Manual field
inspection is not only labor-intensive and inefficient but also depends on experience and
has high subjectivity.

With the mature development of UAV and sensor technology and the popularization
of agricultural UAVs, UAVs can be equipped with various sensors for multi-modal and
high-throughput field inspection [8,9], and those equipped with multispectral cameras
are now especially widely used to achieve precision agriculture [10-13]. Compared with
manual field inspection, the advantages of UAV field inspection are shown in Table 1. In
addition, the development of artificial intelligence technology provides a “brain” for field
management decision making [14], among which the development of computer vision
technology provides technical means for automatically identifying abnormal conditions in
the field, such as diseases and pests [15-22].

Table 1. Comparison between manual field inspection and UAV field inspection.

Manual Field Inspection UAV Field Inspection
High labor intensity, low efficiency, and low Easy to automate, high efficiency, and high
frequency frequency
Visual observation, Machine recognition, wide field of view, and
limited field of view, and high subjectivity high objectivity

Difficult to go to the ground in the middle and

later stages of crop growth Available in the whole growth period of crops

Difficult to record and trace Easy to record and trace

Su et al. [23] proposed a method for identifying wheat yellow rust by learning from
multispectral UAV imagery, and the experimental results indicated that (1) good classifi-
cation performance (with an average precision, recall, and accuracy of 89.2%, 89.4%, and
89.3%) was achieved; (2) the top three vegetation indices (VIs) for separating healthy and
yellow rust infected wheat plants were the Ratio Vegetation Index (RVI), Normalized Dif-
ference Vegetation Index (NDVI), and Optimized Soil-Adjusted Vegetation Index (OSAVI),
while the top two spectral bands were Near-Infrared (NIR) and Red. A high-throughput
method for above-ground estimation of biomass in rice using multispectral imagery cap-
tured at different scales of the crop was proposed by Devia et al. [24], in which seven VIs
were calculated to model the relationship, and the results have shown that the proposed
approach was able to estimate the biomass of large areas of the crop with an average
correlation of 0.76. Kim et al. [25] used the VI extracted from UAV multispectral imagery
for crop damage assessment after chemical exposure, and the results demonstrated that the
NDVI was capable of reflecting the plant response to chemical exposure and was feasible
as an alternative for crop monitoring, damage assessment after chemical exposure, and
yield prediction. Wang et al. [12] studied the estimation of the nitrogen status of paddy rice
at the vegetative phase using UAV-based multispectral imagery and found an index-based
model which correlated well with the N-index values. Many studies have shown that
the VI based on UAV multispectral remote sensing images can be used to monitor the
growth status of rice and other crops [10-13,23-26]. However, there is a contradiction in
the low-altitude remote sensing of UAVs: by flying high, the efficiency is high, but the
image spatial resolution is low; by flying low, the image spatial resolution is high, but the
efficiency is low. In addition, multispectral remote sensing has the problem of the same
spectrum and foreign objects (namely different abnormalities with the same appearance in
remote sensing images), which makes it difficult to discriminate different abnormalities [26].
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Therefore, exploring how to efficiently inspect the field to acquire rich and useful data
for determining whether crop growth exhibits abnormal conditions and even identifying
specific types of abnormalities is the objective of this study.

State-of-the-art large-scale deep learning frameworks have been tested by Rahman
et al. [15] to investigate the effectiveness in rice plant disease and pest identification from
images collected from real-life environments, while they proposed a novel two-stage light-
weight Convolutional Neural Network (CNN) highly effective for mobile device based
rice plant disease and pest detection, which could be an effective tool for farmers in a
remote environment. Chen et al. [16] have combined the DenseNet and inception module
to achieve an average predicting accuracy of no less than 94.07% in the public dataset.
Shrivastava et al. [17] used VGG16 for classifying the diseases from the 1216 images of
seven classes and achieved 93.11% accuracy. Patil et al. [18] proposed a novel multi-modal
data fusion framework to diagnose rice diseases using the numerical features extracted
from agro-meteorological data collected from sensors and the visual features extracted from
the captured rice images, and the experimental results demonstrated that the proposed
framework outperformed the outcome of unimodal frameworks. For rapid detection of
nutrient stress, Anami et al. [19] used VGG16 for different biotic and abiotic stress detection
in rice, while Wang et al. [20] combined CNN and reinforcement learning for NPK detection.
Dey et al. [21] have evaluated the performance of CNN-based pre-trained models for the
efficient detection of biotic stressed rice leaves caused by two fungal diseases, one insect
pest, and three abiotic stressed leaves caused by NPK deficiency by using both public and
field data collected, respectively, from laboratory and real field conditions. Hu et al. [22]
proposed a rice pest identification method based on a CNN and migration learning, which
effectively improved the recognition accuracy of pest images and significantly reduced
the number of model parameters. From the above literature, it can be seen that significant
achievements have been made in the automatic identification of field abnormalities, such
as diseases and pests, based on visible light images [15-22,26]. However, the training and
application of the recognition model all rely on HSR images, currently mainly obtained
manually, which is not only inefficient but also labor-intensive. Therefore, the automatic
acquisition of HSR images is also the starting point of this research.

In general, UAVs have been widely used in the field of agriculture, and UAVs equipped
with multispectral cameras have greatly improved the efficiency of field inspections. How-
ever, if UAVs fly high, the image spatial resolution will be low, and if UAVs fly low, the
efficiency will be low. In addition, automatic recognition relies on HSR images. If we can
simulate the method of manual field inspection, “first view far then look close”, and com-
bine the advantages of high-flying and low-flying, or specifically, first preliminarily identify
abnormal areas efficiently at a high altitude and then accurately identify abnormal areas at
a low altitude, both efficiency and precision can be achieved. Based on the above idea, we
propose an automatic field inspection system, as shown in Figure 1. Based on this system, a
method for acquiring HSR images of rice canopy abnormal areas by autonomous UAV field
inspection is proposed in this paper. First, the UAV equipped with a multispectral camera
flies high to scan the whole field efficiently and obtain multispectral images. Secondly,
abnormal areas (namely areas with poor growth) are identified from the multispectral
images, and then the geographical locations of identified abnormal areas are positioned
with a single-image method instead of the most used method of reconstruction, sacrificing
part of positioning accuracy for efficiency. Finally, the optimal path for traversing abnormal
areas is planned through the nearest-neighbor algorithm, and then the UAV equipped
with a visible light camera flies low to capture HSR images of abnormal areas along the
planned path.
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Figure 1. Automatic field inspection system.

2. Materials and Methods

The natural rice field environment is very complex, and it is necessary to reduce back-
ground disturbances such as soil. In addition, the jointing booting stage and heading and
flowering stage are the main control periods for rice diseases and pests [27], and VIs during
this period are also relatively stable [28]. Therefore, the method in this paper is mainly
applied to the jointing booting stage and heading and flowering stage of rice. According to
previous research results, the NDVI has a strong linear or exponential relationship with
the leaf area index (LAI), biomass, leaf chlorophyll content, etc. [25,29], which means the
NDVI can be used to judge the growth status of crops. The main processing flow of the
method in this paper is shown in Figure 2: far view with multispectral UAV; identification
of abnormal areas; positioning of the center point of the abnormal area; path planning; and
close look with visible light UAV.

2.1. Far View with Multispectral UAV

A UAV equipped with a multispectral camera, GNSS, IMU, and gimbal is used to
perform an aerial orthophoto scanning at a high altitude on the target field, as shown in
Figure 3, and the position and orientation information obtained from GNSS and IMU is
recorded in the multispectral images for positioning. A multispectral image taken by DJI
Phantom 4 Multispectral (P4M) is shown in Figure 4, including visible light (RGB), blue (B),
green (G), red (R), red edge (RE), and NIR.

2.2. Identification of Abnormal Areas

Abnormal conditions such as diseases and pests, lack of fertilizer, lodging, etc., usually
lead to poor crop growth [30], and the main purpose of field inspection is to find abnormal-
ities. Therefore, the idea of this paper is to regard the area with poor growth as a suspicious
abnormal area and then accurately identify the area at a low altitude to achieve both ef-
ficiency and precision. As one of the most widely used VIs currently, the NDVI is used
to judge the growth status of rice in this paper [31,32]. In actual production, due to noise
interference from soil, leaf variations, shadows, etc., in the natural rice field environment,
the abnormality of the rice canopy, especially the early symptoms of diseases and pests,
usually appears as scattered points rather than blocks in the low-spatial-resolution NDVI
obtained at a high altitude, which makes it difficult to extract effective regional features
from the NDVI [26]. To address this problem, from the perspective of probability and
statistics, this paper first identifies the abnormal points from the NDVI and then counts the
dense areas of abnormal points to identify the abnormal areas. As such, the identification
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of abnormal areas is transformed into the detection of abnormal point-dense areas in the
NDVI. Based on the above idea, this paper proposes a method for identifying abnormal
areas based on the NDVI. The detailed process is shown in Figure 5:

Jointing booting stage and
heading and flowering stage

A4 -7
Scanning the whole field
efficiently using the UAV with
a multispectral camera

Image

N Rice field

Start / End Latitude and

Sacrificing longitude O,f the
center point
part of
positioning L
accuracy for
efficiency
Rice field Abnormal area

Figure 2. The main processing flow of the proposed method.

Multispectral Camera,
Gimbal, GNSS, IMU

I—)

Rice field

Figure 3. Orthophoto scanning.
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Figure 4. Multispectral image (GSD: 1.59 cm/pixel, resolution: 1600 x 1300, and size: 25 m x 20 m).
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Figure 5. Flow chart of the method for identifying abnormal areas.
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1. The multispectral images obtained are traversed to calculate NDVIs with Equation (1) [32].

One of the results is shown in Figure 6b.

NIR — R

NDVI= IR+ R

)

2. Inactual production, due to many factors such as different varieties, different growth

periods, different management, and different row spacing and plant spacing, it is
impossible to obtain a fixed segmentation threshold T, used to judge an NDVI lower
than T as poor growth. Through the statistical analysis of the NDVI, it is found that
the histogram of the rice canopy NDVI basically conforms to the bell curve shown
in Figure 7, which reminds us of the normal distribution. As a strict mathematical
distribution is not required in the engineering application of this paper, it can be
assumed that the rice canopy NDVI is approximately normally distributed.

(c) Binary

(b) NDVI (d) Filtered

Figure 6. Example of image processing (GSD: 1.59 cm/pixel, resolution: 1600 x 1300, and size: 25 m
X 20 m).

Histogram of NDVI

50,000 4
40,000
30,000 1
20,000
10,000
0 - -
05 0.6 0.7 08 0.9 10

0.4

Frequency

NDVI
Figure 7. Histogram of rice canopy NDVI (natural field, variety: Xiangya Xiangzhan, growth stage:

jointing booting stage).

Normal distribution, also known as Gaussian distribution, is a natural phenomenon,
and many events are normally distributed, which is why it is very important in the fields
of mathematics, physics, engineering, etc. If the random variable X follows a normal
distribution, it can generally be recorded as follows:

X ~ N(p,0%) ©)
Its probability density function is as follows:

1 (x—n)
e a2 3)

flx) =

oV2m

where y is the mathematical expectation value (namely mean value), which determines the
location of the distribution; ¢ is the standard deviation, which determines the magnitude
of the distribution.
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Assuming that there are n points (x1, x2, - -+, x) subject to a normal distribution,
the mean value i and standard deviation ¢ are, respectively:
n
H= 21‘:1 xi/n (4)

o= X (= )/ ©)

In outlier detection based on normal distribution, points outside the value region
u £ 30 can be marked as outliers [33].

As the above normal distribution theory, # — 3¢ can be adaptively used as the segmen-
tation threshold T for abnormal point detection. In other words, points (namely pixels) with
an NDVI less than T are judged as abnormal points with poor growth, thereby obtaining a
binary image. One of the binary images is shown in Figure 6c.

3. Based on the characteristics of random noise, the median filter is used to filter the
above binary images to reduce the noise interference caused by soil, shadows, etc. [34].
One of the results is shown in Figure 6d.

4. Each filtered binary image is traversed with a sliding square window of 1 m? and
50% overlap, while the proportion n of abnormal points in the window is counted.
The 1 m? square window can be calculated with the GSD (namely, the actual physical
distance each pixel represents).

5. A preset discrimination threshold, N, is used to discriminate between normal and
abnormal windows. If n > N, the window is judged as abnormal, while the corre-
sponding area is recorded as an abnormal area with poor growth. Since adjacent
abnormal areas are usually caused by the same reason, the neighborhood method is
used for deduplication, as shown in Figure 5, to reduce the same adjacent abnormal
areas and improve the system efficiency. As a result, only one abnormal area with the
largest proportion, 7, is retained in the same neighborhood.

2.3. Positioning of the Center Point of the Abnormal Area

In agricultural remote sensing, the current most used positioning method is using
photogrammetry technology to reconstruct a two-dimensional (2D) map and then perform
positioning (such as DJI Terra) [35]. However, this method requires high along-track and
cross-track overlap in the orthophoto scanning mentioned in Section 2.1. The generated
large volume of data and the intensive computational requirements for reconstruction
require high-performance computers or even computer clusters for processing, which is
not only time-consuming but also currently requires human involvement. In addition,
the efficiency of data acquisition and map reconstruction in the reconstruction method is
insufficient to support high-frequency field inspections of large farms.

In aerial photogrammetry, the collinearity equation is one of the fundamental formulas
that describes the mathematical relationship between the object point, image point, and
projection center (typically the lens center), stating that they lie on the same line [36]:

{ll(XA — Xs) +b1(YA — Ys) +61(ZA — ZS)
a3(Xa — Xs) +b3(Ya — Ys) +c3(Za — Zs)

(6)

X—xp=—f

B az(XA — Xs) + bz(YA — YS) + Cz(ZA — ZS)
a3(XA —Xs) +b3(Ya — Ys) +c3(Za— Zs)

where (x, y) are the image point coordinates in the image plane; x,, o, and f are the internal
orientation parameters of the camera; (X, Ys, Z;) are the object space coordinates of the
camera position; (X4, Y4, Z4) are the object space coordinates of the object point; a;, b;, and
¢; (i=1,2,3) are the nine direction cosines, composed of the three exterior orientation angle
parameters ¢, w, and « of the image, as shown in Equation (8).

Y—Yo = (7)
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cosyp 0 —siny| |1 0 0 cosx —sink 0 a; a as
R = 0 1 0 0 cosw —sinw| [sink cosx 0| = by by b3| (8)
sinfp 0 cosy 0 sinw cosw 0 0 1 c1 C) C3

Among these parameters, x,, o, and f are fixed camera parameters; X;, Y5, and Zs can be
measured by GNSS; and ¢, w, and «x can be measured by IMU. If Z4 (namely, the elevation)
is known, the object point (X4, Y4) corresponding to the image point (x, y) can be obtained
by the collinearity Equations (6) and (7). In other words, single-image positioning can be
achieved by combining the digital elevation model (DEM) and the collinearity equation.

In order to reduce data volume and computational requirements and improve the
overall efficiency and automation performance of the system, the positioning approach
in this paper is to sacrifice part of positioning accuracy for system efficiency. First, the
orthophoto scanning mentioned in Section 2.1 is performed with low overlap; secondly,
taking advantage of prior knowledge that the rice canopy is approximately flat [37], the
position and orientation information recorded in the orthophoto is used to achieve single-
image positioning based on the above theory. In this paper, the center point p of the
abnormal area is chosen as the positioning point. The reducing overlap schematic diagram
and the single-image positioning schematic diagram are shown in Figure 8a,b, respectively.
The detailed process of single-image positioning is shown in Figure 9:

Reconstruction Non-reconstruction

Eiz " i

The proposed
method

Rice field Rice field

(a) Reducing overlap

Y(N) Y
Field \
ghizsel | baE
é\\ | b /
) e » X l
0
7 Image 2

¥

\ X' (B) Axis pointing east

YNy Axis pointing north
8 Yaw angle from IMU

r Center point of abnormal arca

(b) Single-image positioning

Figure 8. Reducing overlap and single-image positioning.

1. Asshown in Figure 10, the GSD is calculated as follows using the flight height 1 and
camera parameters:

GSD — flight height h x sensor size

)

focal length x image size

2. Based on the GSD, the coordinates (x, y) of the center point p in the Cartesian co-
ordinate system XOY with the image center point O as the origin are calculated:

x = image plane coordinate in x direction x GSD (10)

y = image plane coordinate in y direction x GSD (11)
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3.  The coordinates (x, y’ ) of the center point p in the northeast Cartesian coordinate
system X’OY’ with the image center point O as the origin are calculated with the yaw
angle 0 from the orientation information recorded in the image:

x' = xcosf + ysin6 (12)

Yy =ycosf — xsinf (13)
where Y’'(N) and X’(E) in Figure 8b point to the true north (N) and true east (E)
directions, respectively. In general, the coordinates in the non-northeast coordinate
system are mapped to the northeast coordinate system using only the yaw angle 6.

4. From the recorded position information in the image, the latitude and longitude of
the image center point O are obtained, and the corresponding projected coordinates
(X0, Yo) can be obtained by applying the Gauss—Kriiger projection [38]. Therefore, the
projected coordinates of the center point p can be calculated as (x, + X', , + /). Finally,
the latitude and longitude of point p can be obtained by performing the inverse

Gauss—Kriiger projection.

Calculating GSD using
Equation (9)

Traversing abnormal S
S latitude and

areas LG ERC
longitude of

image center O

Obfaining

Calculating latitude and
longitude of center
point p
(as Figure 8b)

using Equation
(12) and (13)

latitude and
longitude of p by
inverse
projection

Figure 9. Flow chart of single-image positioning.

Image sensor

N ! Focal length f

/ \ Flight height

Rice canop

Figure 10. GSD schematic diagram.

2.4. Path Planning

Since there are usually multiple identified and positioned abnormal areas in natural
fields, it is necessary to plan a path to efficiently traverse these areas. This is a typical
traveling salesman problem (TSP), which belongs to the class of NP-complete problems [39].
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There is no perfect algorithm that can solve the optimal path in polynomial time. The
mathematical description of TSP is as follows:

G(V, E) (14)
V={12--,n} (15)
E={G)lijeV} (16)

where G is a complete undirected graph composed of n vertices; V is the set of vertices;
and E is the set of edges. The objective is to find an optimal vertex arrangement [ =
(v1, v2, -+, Uy, v1) that minimizes the following;:

f(l) = 2::1 dvkvk+1 (17)

where dy,,, is the edge weight from vertex vy to vertex vy4.

In order to reduce computational complexity, this paper adopts a simple nearest-
neighbor algorithm to solve the approximate optimal path [40]. Although the nearest-
neighbor algorithm is straightforward, it does not guarantee finding the optimal path. The
algorithm flow is illustrated in Figure 11. Starting from the initial vertex vy, at each step,
the nearest unvisited vertex is selected as the next destination vertex vy, 1, until all vertices
have been visited once before finally returning to the initial vertex v;. Here, the distance
(namely the edge weight dy,,, . ,) is defined as the Euclidean distance of the Gauss—Kriiger
projected coordinates, which is calculated as Equation (18).

dogopyy = \/ (1 — 20 + (Vi1 — ve) (18)

Departing from starting point

Selecting the nearest
unvisited point as the next
arrival point

Returning to starting point 3

Figure 11. Nearest-neighbor algorithm.
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2.5. Close Look with Visible Light UAV

Finally, a UAV equipped with a visible light camera, GNSS, IMU, and gimbal is used
to autonomously fly along the planned path and capture HSR images of the abnormal areas
at close range, as shown in Figure 12. GNSS is used for navigation and positioning to the
center of the abnormal area, while IMU and gimbal control the shooting angle. In order to
obtain rich visual features, it is preferable to use a high-definition telephoto camera.

Visible Light Camera,
Gimbal, GNSS, IMU

Rice field

Figure 12. Low-flying waypoint shooting.

3. Results
3.1. Experiments

To verify the feasibility and effectiveness of the proposed method, the entire process
was implemented using the Python programming language. Experiments were conducted
in the Simiao Rice Modern Agricultural Industrial Park (as shown in Figure 13), Zhucun
Street, Zengcheng District, Guangzhou City, Guangdong Province, China, using DJI UAVs
P4M and Mavic 3 Thermal (M3T) (as shown in Figure 14 and introduced in Table 2). The
rice varieties included 19 Xiang and Xiangya Xiangzhan. In addition, the experiments took
place from 1 May to 30 June 2023, between 10:00 a.m. and 04:00 p.m., under clear weather
conditions with no wind or a light breeze.

Table 2. Function introduction of P4M and M3T.

GNSS (RTK) IMU
Camera .
. Psn Accuracy Bias
UAV Gimbal
Sensor (Ctrl Pitch)
Type F?V Focal Len Imag? Size Planar Elevation ACCL Gyro
©) (mm) Resolution
(mm)
PAM MS 627 5.74 1600 x 1300 496 x 372 [-90°,+30°] 0™ L5cm 0002  0.001
+1 ppm +1 ppm
M3T VL 15 30 4000 x 3000 64 x 48  [-90°,4350] LOem 1.5 cm 0002  0.001

+1 ppm +1 ppm

MB3T is equipped with 3 cameras (wide-angle camera, telephoto camera, and thermal imaging camera), and
the M3T camera introduced in Table 2 refers to the telephoto camera. MS—multispectral; VL—visible light;
FOV—field of view; len—length; ctrl—controllable; psn—positioning; and ACCL—accelerometer.

Experimental procedures and parameter settings were as follows:

1.  Utilizing the mapping aerial photography function of P4M, the experimental fields
were orthographically scanned (camera parameters are introduced in Table 2) at a
flight height of 30 m with 10% overlap of both along track and cross track. The gimbal
pitch angle was set to —90°, capturing multispectral images at equidistant intervals
with a time interval of 2 s.
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2. Following the steps outlined in the P4 Multispectral Image Processing Guide (https:/ /dl.
djicdn.com/downloads/p4-multispectral /20200717 /P4_Multispectral_Image_Processing
Guide_EN.pdf, accessed on 1 April 2023), the NDVI was calculated to identify ab-
normal areas using the proposed method. The size of the median filter was set to
5 x 5, the discrimination threshold N was set to 2%, and the size of the deduplication
neighborhood was set to 9 x 9 (i.e., only one abnormal area was retained within a
range of 2 m).

3.  The geographical location of the center point of the identified abnormal area was de-
termined using the single-image positioning method proposed in this paper, followed
by path planning using the nearest-neighbor algorithm.

4. Finally, the planned path and photography actions were executed using the waypoint
flight function of M3T, with a flight height of 5 m, flight speed of 5 m/s, and a
telephoto camera selected (camera parameters are introduced in Table 2).

Guangdong

Guangzhow

(B) M3T and visible light camera

Figure 14. PAM and M3T.

In addition, to verify the accuracy of single-image positioning, an experiment was
conducted at the Huashan District Football Field of South China Agricultural University,
Tianhe District, Guangzhou City, Guangdong Province, China, as shown in Figure 15.
A self-made 1 m x 1 m black-and-white positioning board was used as a marker. The
latitude and longitude of the center point of the positioning board were measured as the
true coordinates using the Huace Zhonghui i70 intelligent RTK receiver (planar accuracy:
+(2.5+ 0.5 x 107® x D) mm and elevation accuracy: £(5 + 0.5 x 107° x D) mm). At
a flight height of 30 m, the P4AM UAV was moved to position the positioning board in
different locations within the images (center, sides, corners, etc.). A total of 30 images
were captured, and the proposed single-image positioning method was used to calculate
the latitude and longitude of the center point of the positioning board. The results were
compared with the true coordinates to calculate the AAE. Furthermore, 10 positioning
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boards were placed on the football field, and the center point coordinates were measured as
the true coordinates, also using the Huace Zhonghui i70 intelligent RTK receiver. The P4AM
UAV performed mapping aerial photography three times at a flight height of 30 m (80%
along-track overlap, 70% cross-track overlap, and —90° of gimbal pitch angle, capturing
images at equidistant intervals with a time interval of 2 s). The DJI Terra software (Version
3.6.0) was used to reconstruct three 2D maps, then 30 center point coordinates of the black-
and-white positioning boards were determined on the 2D maps and compared with the
true coordinates to calculate the AAE.

Visible Light Camera,
Gimbal, GNSS, IMU

(a) Single-image positioning ) RTK piioning
Figure 15. Single-image positioning and RTK positioning.
3.2. Experimental Results

Some identification results of abnormal areas are shown in Figure 16.

RGB NDVI Filtered binary image

(a) Bacterial blight

NDVI Filtered binary image

(b) Lack of seedlings

NDVI Filtered binary image

(c) Lodging

Figure 16. Identification results of abnormal areas (marked by red box).
The planned path obtained during the experiment conducted in the field shown in
Figure 17 is depicted by the red dashed line in the figure. In addition, the blue dots represent

the center points of the identified abnormal areas, “Start & End” indicates the takeoff and
landing points of the UAV, and the arrows indicate the direction of the path.
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Figure 17. Example of path planning.

Some HSR images of abnormal areas captured by M3T are shown in Figure 18.

(a) Lack of seedlings (b) Lodging

Figure 18. HSR images of abnormal areas.

4. Discussion

The experimental results indicate that the proposed method successfully identifies
abnormal areas, including symptomatic diseases and pests, lack of seedlings, lodging,
etc. As shown in Figure 16, bacterial blight, lack of seedlings, and lodging are depicted,
and only one abnormal area with the largest proportion # is retained within a 2 m range,
demonstrating the feasibility and effectiveness of the method. Additionally, by adjusting
the discrimination threshold N, the sensitivity of abnormal detection can be controlled. A
smaller N value increases sensitivity but may result in misidentification of non-abnormal
areas, reducing system efficiency. Conversely, a larger N value decreases sensitivity and may
lead to missed detection of early abnormalities. The size of the deduplication neighborhood
can be adjusted to retain only one abnormal area with the largest proportion n within a
certain range, thereby controlling the number and density of abnormal areas that require
low-altitude traversal.

In the approximately flat football field, the AAE of the single-image positioning
method proposed in this paper is 13.2 cm, while the AAE of the reconstruction positioning
is 4.3 cm. In the application of this paper, the real size of abnormal areas is usually much
larger than 13.2 cm, indicating that the positioning accuracy meets the requirements of
the application. Generally, the efficiency and accuracy comparison between single-image
positioning and reconstruction positioning are shown in Table 3. Although there is a slight
loss in positioning accuracy within an acceptable range, the flight efficiency is greatly
improved, the number of images is significantly reduced, and the time-consuming process
of reconstruction is eliminated, which proves the feasibility and effectiveness of single-
image positioning.
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Table 3. Efficiency and accuracy comparison between single-image positioning and reconstruction

positioning.
FH Captured Overlap Flicht Eff No. of Recon AAE of
UAV and Area Method Along Cross (f/mu) Imgs Time Psn
GSD (mu/img) Track (%)  Track (%) (imgs/mu) (s/mu) (cm)
30m Recon 80 70 53.88 20.41 53.84 4.3
PAM' 4 59 cm/pixel 080 Sgl-img 10 10 4.00 1.44 \ 13.2

The reconstruction time is measured in HP ZBook 15 G6 (64.0 GB RAM, Intel(R) Core(TM) i7-9750H CPU @
2.60 GHz); 1 mu ~ 666.67 m?. FH—flight height; Sgl-img—single-image; Recon—reconstruction; eff—efficiency;
No.—number; and psn—positioning.

According to Equation (9) and Table 2, GSDs of the Figures 16 and 18 are 1.59 cm/pixel
and 0.027 cm/pixel, respectively, which indicates that the spatial resolution is greatly
improved when flying at a lower altitude compared to a higher altitude. At the leaf and
canopy scale, many studies have shown that it is possible to accurately capture diseases
and pests damage characteristics on rice leaves by acquiring HSR images [26]. In addition,
the input image size for most used deep-learning classification models is 224 pixels x
224 pixels [15-22], and the width of mature rice leaves typically ranges from 2 cm to
3 cm [41]. If extracting an image patch of 224 pixels x 224 pixels from the HSR images
obtained by the proposed method, the rice leaf will occupy approximately 74 to 111 pixels,
accounting for about 1/3 to 1/2 of the image patch. Therefore, we can extract image patches
from the HSR images without downsampling to perform even leaf-scale deep-learning
classification and identify specific types of diseases and pests.

5. Conclusions

In summary, the proposed method in this paper enables autonomous field inspection
by UAVs to acquire HSR images of abnormal areas in the rice canopy. The HSR images can
provide high-quality data for subsequent automatic identification of field abnormalities
such as diseases and pests, thereby offering technical support for the realization of the
UAV-based automatic rice field inspection system. The experimental results demonstrate
that the proposed method can identify abnormal areas, including diseases and pests, lack
of seedlings, lodging, etc. The AAE of single-image positioning is 13.2 cm, which meets
the accuracy requirements of the application in this paper. Additionally, the efficiency is
greatly improved compared to reconstruction positioning. The GSD of the acquired HSR
image can reach 0.027 cm/pixel, or even smaller, which meets the resolution requirements
of even leaf-scale deep-learning classification.

The proposed method in this paper can also provide references for the automatic
field management of other crops, such as wheat. Additionally, the method for identifying
and positioning abnormal areas in this paper can provide targeted objectives for other
field operations, such as ground-based crop phenotyping, thereby reducing workload and
labor intensity.

In future research work, we will study the automatic identification of diseases and
pests based on HSR images captured by UAVs, which will provide further technical support
for the realization of the UAV-based automatic rice field inspection system. Additionally,
we will explore the feasibility and effectiveness of applying the proposed method to other
crops, such as wheat and peanuts.
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Structural Design and Test of Supported Paddy-field Leveling Machine

CHEN Gaolong' HU Lian'?> WANG Pei'> ZHAO Runmao'? FENG Dawen'
TIAN Li' HUANG Zhicheng' CHEN Yuqi' WANG Jingting'
(1. College of Engineering, South China Agricultural University, Guangzhou 510642, China
2. State Key Laboratory of Agricultural Equipment Technology, Guangzhou 510642, China)

Abstract ; The leveling of paddy fields is an indispensable part of rice production. Aiming to improve the
adaptability of existing leveling machines to the bumpy hard bottom layer of paddy fields and further
enhance the operational performance, the supported paddy-field leveling implement was developed.
Firstly, according to the working principle of the leveling shovel, the height adjustment mechanism of the
leveling shovel was kinematically analyzed. On this basis, the leveling shovel and its height adjustment
mechanism were designed. Secondly, the supported rod structure was designed, and the influence of the
supported rods on the motion characteristics of the leveling shovel was studied. Finally, a comparison test
with/without supported rods and a paddy-field leveling test were carried out. The results of the
comparison test showed that the amplitude of height change of the leveling shovel with the supported rods
was reduced by more than 15% throughout the test, and reduced by more than 30% in the convex
position of the field surface. Meanwhile, the number of height changes of the leveling shovel was
reduced. It showed that the leveling shovel with supported rods was more conducive to the height control
of leveling shovels and was more suitable for the operation of bumpy hard bottom layer of paddy fields.
The leveling test results for 0.21 hm” of paddy field showed that the standard deviation (S,) of the
topography height was 21. 66 mm, and the proportion (p) of points ( | h; — h1 <30 mm, where h;

indicated the height of each measuring point, and h indicated the average height of all measuring points. )
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was 86. 54% . The test results for two paddy fields with a total area of 1. 89 hm* showed that the standard
deviations S, for the two fields were 26. 02 mm and 27. 43 mm, and the proportions p were 80. 53% and

81.03% , respectively. After leveling, the standard deviation S, in all test fields was less than 30 mm,

and the proportion p was higher than 80% , which met the requirements of paddy-field leveling, and

verified the structural advantages and design validity of the supported paddy-field leveling machine. This

can provide equipment support for mechanized leveling of paddy fields with bumpy hard bottom layer.

Key words: paddy-field leveling; leveling machine; supported rods; field topography
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