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Abstract: To solve the problem of orchard environmental perception, a 2D LiDAR sensor was used to
scan fruit trees on both sides of a test platform to obtain their position. Firstly, the two-dimensional
iterative closest point (2D-ICP) algorithm was used to obtain the complete point cloud data of fruit
trees on both sides. Then, combining the lightning connection algorithm (LAPO) and the density-
based clustering algorithm (DBSCAN), a fruit tree detection method based on density-based lightning
connection clustering (LAPO-DBSCAN) was proposed. After obtaining the point cloud data of fruit
trees on both sides of the test platform using the 2D-ICP algorithm, the LAPO-DBSCAN algorithm
was used to obtain the position of fruit trees. The experimental results show that the positive detection
rate was 96.69%, the false detection rate was 3.31%, and the average processing time was 1.14 s,
verifying the reliability of the algorithm. Therefore, this algorithm can be used to accurately find the
position of fruit trees, meaning that it can be applied to orchard navigation in a later stage.

Keywords: point cloud registration of fruit trees; lightning attachment procedure optimization;
density-based spatial clustering of applications with noise; information perception of fruit trees

1. Introduction

To accelerate the development of smart agriculture, agricultural vehicle navigation
technology has been developed rapidly. Agricultural machinery autonomous navigation
systems based on machine vision, GPS, and LiDAR sensors have emerged [1]. Machine
vision is greatly affected by the operating environment and lighting conditions. The appli-
cation of GPS is affected by satellite signals. A LiDAR sensor can provide a large amount of
accurate distance information at a higher frequency, reliably provide the position and depth
information of surrounding objects [2], and provide more comprehensive information.

There are many ways to identify fruit trees in orchards. Judging from the existing
research results, LiDAR sensors, cameras, or multisensor fusion can be used to detect fruit
trees. Since the overall characteristics of trees are obvious, the trunks of fruit trees can
be regarded as circles which can be detected by LiDAR sensors [3]. Due to the different
installation methods and types of LiDAR sensors used, the data obtained are also different.
(1) A LiDAR sensor can be installed vertically to extract the contour information of fruit
trees [4,5]. Although this method can obtain the information of the trunks of fruit trees, as
the LiDAR sensor is installed vertically, it can only extract the information of one tree at a
time. This perception method is usually used to find the specific growth information of
a fruit tree, such as fruit trees contour reconstruction. (2) A ground LiDAR sensor can be
used to scan the environment to obtain fruit tree information [6,7]. (3) A mobile ground
LiDAR sensor has been used to identify Fuji apples [8]. (4) An airborne LiDAR sensor has
been used to obtain the scan data of fruit tree trunks [9,10].

Some scholars have also obtained tree information by analyzing LiDAR sensor data
found from scanning. Using the same distance between the positions of fruit trees in an
orchard, the data points in the arithmetic sequence of the concave points in the LiDAR
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sensor scan data can be extracted as the trunk points to obtain data [11]. LiDAR sensors can
be used to scan woodland environments to obtain woodland data [12,13]. Since the data
type of LiDAR sensors can be approximated by a point set, a clustering algorithm can be
used to obtain fruit tree trunk information. Two-dimensional LiDAR sensors can be used
to scan orchard environments and perform data clustering to extract the arc information of
trunks [14,15]. Besides obtaining fruit tree information from clustering, 2D LiDAR sensors
can be used to extract the central feature point data of tree trunks using the Euclidean
clustering algorithm and the important geometric theorem of three-point collinearity [16].
Three-dimensional LiDAR sensor data are more abundant than 2D LiDAR sensor data, so
many people use 3D LiDAR sensors for tree detection [17,18]. Although machine vision
is greatly affected by the operating environment and lighting conditions, there have been
many studies on the use of cameras for fruit tree inspection in orchards [19]. Due to the
complex environment of orchards, a variety of sensor fusion methods can be used for
research [20–23].

In previous studies, various sensors have been used to obtain orchard environmental
information for orchard intelligent equipment. Usually, the information of fruit trees is
used to pave the way for the application of intelligent equipment in orchard navigation.

The main purpose of this article is to obtain the position information of fruit trees
using a 2D LiDAR sensor. After obtaining the position information of fruit trees with
the algorithm proposed in this paper, it can be used for positioning, fitting navigation
lines, and the navigation of orchard intelligent equipment in later stages. For the complex
environment of orchards, this environment perception method is studied. Firstly, a fruit
tree information acquisition method based on 2D-ICP is proposed. After the iterative
registration of the point cloud data of both sides of fruit trees obtained by the 2D LiDAR
sensor, the point cloud data of each fruit tree in the orchard are obtained. Then, by
improving the LAPO and DBSCAN algorithms, a new method based on LAPO-DBSCAN is
used to obtain the position of each fruit tree and realize their detection. Finally, the accuracy
of the algorithm is verified by a field test.

2. Materials and Methods
2.1. Experimental Equipment

In this research, a differential test platform with a maximum speed of 1 m/s was built,
as shown in Figure 1. The LiDAR sensor scans the surrounding data in real time, and the
obtained LiDAR sensor data are transmitted to the industrial computer. The industrial
computer runs a self-made software system to analyze the LiDAR sensor data. The LiDAR
sensor is Rashen N30103B and it adopts the horizontal installation method, which is located
in the front and middle of the orchard transportation robot. The installation height is 0.65 m
and the parameters are shown in Table 1.
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Table 1. Two-dimensional LiDAR sensor parameters.

2D LiDAR Sensor Specifications Parameter Index

Detection range (m) 30
Ranging accuracy (mm) ±30

Scanning angle (◦) 360
Angle resolution (◦) 0.18

Scanning frequency (Hz) 10

2.2. Fruit Tree Information Perception Method

In this section, we introduce the complete method of fruit tree information perception;
the specific process is shown in Figure 2. When the test platform runs in the orchard, the
surrounding fruit tree information can be obtained by 2D LiDAR sensor scanning, and
the point cloud data of the fruit tree will be preprocessed. Preprocessing is used so as to
only retain fruit trees on both sides of the test platform for point cloud registration and
clustering. The most important is point cloud registration and clustering. Firstly, complete
fruit tree data on both sides can be obtained by point cloud registration. Then, the position
of each fruit tree can be obtained by a clustering algorithm.
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2.3. Fruit Tree Point Cloud Data Collection Method Based on 2D-ICP

With the increase in distance, the amount of LiDAR sensor data collected will become
less and less. At the same time, in the process of acquisition, the fruit tree rows on both
sides of the non-test platform will be blocked and the information will be incomplete,
resulting in a poor iterative effect. Therefore, for the preprocessing of the collected LiDAR
point cloud data, only the fruit tree row data on both sides of the test platform will be
retained. After obtaining the LiDAR sensor data of fruit trees on both sides of the test
platform, the 2D-ICP algorithm can be used for registration. The specific algorithm steps
are as follows. The preprocessed target point cloud and source point cloud are Pk =

{
Pk

i

}
and Pk+1 =

{
Pk+1

i

}
, i = 1, 2, 3 . . . n. According to the 2D-ICP algorithm, Equation (1) gives

the objective function.

Dist(R, T)min =
1
n

n

∑
i=1

∣∣∣Pk
i −

(
RPk+1

i + T
)∣∣∣2 (1)

There are two variables in Equation (1) that can be regularized by considering only
the rotation matrix R—that is, the centers of two frame point clouds are CPk = 1

n ∑n
i=1 Pk

i
and CPk+1 = 1

n ∑n
i=1 Pk+1

i , where Pk
i = Pk

i − CPk and Pk+1
i = Pk+1

i − CPk+1 .
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Then, Equation (1) becomes Equation (2).

Dist(R, T)min =
1
n

n

∑
i=1

∣∣∣Pk
i − RPk+1

i

∣∣∣2 (2)

Decomposing Equation (2) into Equation (3) gives us:

Dist(R, T)min =
1
n

(
n

∑
i=1

∣∣∣Pk
i

∣∣∣2 + n

∑
i=1

∣∣∣RPk+1
i

∣∣∣2 − 2
n

∑
i=1

∣∣∣Pk
i RPk+1

i

∣∣∣2) (3)

If the objective function is minimized, Equation (4) is maximized:

F(R)max =
1
n

n

∑
i=1

∣∣∣Pk
i RPk+1

i

∣∣∣2 (4)

Since the fruit tree data are two-dimensional, the rotation matrix R is valued as[
cosθ −sinθ
sinθ cosθ

]
, where θ is the rotation angle between the two frame point clouds, which is

substituted into Equation (4) to obtain Equation (5).

F(R)max =
1
n

n

∑
i=1

∣∣∣∣∣[Pxk
i Pyk

i
][cosθ −sinθ

sinθ cosθ

][
Pxk+1

i
Pyk+1

i

]∣∣∣∣∣
2

(5)

The derivation and extreme value of θ are used to deduce Equation (6).

sinθ

cosθ
= sinθ

1
n

n

∑
i=1

(
Pyk

i × Pxk+1
i − Pxk

i × Pyk+1
i

Pxk
i × Pxk+1

i + Pyk
i × Pyk+1

i

)
(6)

After θ is calculated, R can be obtained. T can be obtained by Equation (7), and then
iterated until the threshold is satisfied.

T =

[
∆x
∆y

]
=

[
Cx

Pk

Cy
Pk

]
− R

[
Cx

Pk+1

Cy
Pk+1

]
(7)

2.4. Fruit Tree Position Detection Algorithm
2.4.1. Introduction to LAPO and DBSCAN Algorithms

The LAPO algorithm [24] has four important stages, including the cloud surface
penetrating the air phase, the lightning channel moving downward, the upward pilot
starting to spread from the ground (or grounded object), and the last fight back stage.
The LAPO algorithm has a strong optimization ability in many engineering problems,
and no additional parameters need to be set, which can help to avoid subjective factors
influencing the results of the algorithm. Due to the influence of randomness and other
factors, the standard LAPO algorithm may also fall into a local optimum, which makes it
impossible to obtain a better solution every time. There is room for further improvement
in its stability. Therefore, this algorithm has also been applied and improved in various
clustering algorithms [25,26].

The DBSCAN algorithm [27] is based on a certain distance measurement criterion,
which clusters closely related data points based on their criteria into one category. The
following two parameters are set before clustering. The first one is Eps (the radius of the
given object is the neighborhood). The second one is MinPts (the minimum number of
components that make up a class). The traditional DBSCAN clustering algorithm is affected
by Eps and MinPts. These two parameters are global and fixed so that only the data in the
data set that meet the threshold condition can be effectively clustered, meaning that data of
other densities may be treated as noise. In addition, the traditional DBSCAN algorithm
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needs to traverse each data point. When the data scale is large, the algorithm execution
efficiency will be low, and the processing time will be long, which is not conducive to
the realization of the algorithm. In view of the shortcomings of the traditional DBSCAN
algorithm, our predecessors in this area have carried out a considerable amount of research
and improved the DBSCAN algorithm [28–30].

2.4.2. Fruit Tree Detection Algorithm Based on LAPO-DBSCAN

Due to the shortcomings of the two algorithms, this paper proposes a fruit tree position
detection algorithm based on LAPO-DBSCAN. This algorithm is mainly used to obtain the
position of fruit trees. This process includes preparation and detailed steps, and its flow
chart is shown in Figure 3.
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A. Preparation.

Parameter settings. 1. Setting the parameters of the LAPO algorithm. (1) n groups
of initial clustering centers are used as an initial clustering center group for each group
of k clustering centers (k is set randomly). (2) t is the number of iterations. (3) tmax is the
maximum number of iterations. 2. Setting the DBSCAN algorithm parameters. (1) The
traditional DBSCAN algorithm: Eps and MinPts are set according to the actual situation.
(2) The dynamic DBSCAN algorithm: the radius range of the dynamic fruit tree is set
according to the radius of the fruit tree, which is Dyn_rad ∈ [radmin, radmax]. According to
the LiDAR sensor parameters and distance, different neighborhood density thresholds are
obtained as Dyn_pts ∈ [Pts_nummin, Pts_nummax].
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Setting various functions. 1. Equation (8) is the objective function.

Fmin =
n

∑
i=1

k

∑
j=1

vi,j ‖ xi − cj ‖ 2 (8)

where vi,j =

{
1 i f arg minjdis

(
xi, cj

)
0 else

is the confidence function, which means that each

datum in the data set can only belong to one class.
2. Equation (9) is the Euclidean distance between two points, where i 6= j.

dis
(
Xi, Xj

)
=

√√√√ n

∑
i=1

k

∑
j=1

(
Xi − Xj

)2 (9)

B. Detailed steps.

1. Initializing the LiDAR data and setting the corresponding parameters.
2. Randomly selecting an initial cluster center group (n groups of cluster centers for

each group of k) to form a matrix C of n rows and k columns:

C =



{
c1,1, c1,2, · · · c1,k−1, c1,k

}{
c2,1, c2,2, · · · c2,k−1, c2,k

}
...{

cn−1,1, cn−1,2, · · · cn−1,k−1, cn−1,k
}{

cn,1, cn,2, · · · cn,k−1, cn,k
}

.

The cluster center of the row is expressed by Equation (10).

Ci = Datamin + rand× (Datamax − Datamin) (10)

where rand is a random number in the range [0, 1]. Datamax and Datamin are the maximum
and minimum values of the radar data, respectively.

3. According to Equation (8), the fitness of cluster center group (C) is calculated. The
optimal value, worst value, and average value of the cluster center group are Cbest, Clow,
and Cave, respectively. According to the objective function, if Flow > Fave, we can assign the
value of Cave to Clow.

4. If the cluster center (Ci) of a certain row is updated, a group of cluster centers (Cj) is
randomly selected from the population, where i 6= j. If Fave > Fj, Equation (11) can be used
to iterate.

Ci = Ci + rand× (Cave − rand× (Ci)) (11)

If Fj > Fave, Equation (12) can be used to iterate.

Ci = Ci − rand× (Cave − rand× (Ci)) (12)

After the above process is complete, the updated cluster center group (Cnew) can
be obtained.

5. Return to step (3). Updating the cluster center group (Cnew) and obtaining the
optimal value, the worst value and mean value of the cluster center group will be Cnew_best,
Cnew_low, and Cnew_ave, respectively.

6. Cnew can be iterated through Equation (13) to obtain a new cluster center group Cnew.

Cnew = Cnew + rand× S× (Cnew_ave + rand× (Cnew_low − Cnew_best)) (13)

where S = 1−
(

t
tmax

)
× exp

(
− t

tmax

)
.
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7. Return to step (3). The cluster center group (Cnew) needs to be updated and the
optimal value (Cnew_best), worst value (Cnew_low), and mean value (Cnew_ave) of the cluster
center group can be obtained.

8. With step (2) to step (7), the optimal cluster center group (Cbest) can be obtained and
the fitness can be calculated according to the objective function to obtain a set of optimal
cluster centers (cbest), namely, {c1_best, c2_best, · · · ck−1_best, ck_best}.

9. According to the obtained cluster centers, Equation (9) can be used to find the
distance between each cluster center. When the distance between two points is less than the
diameter of the fruit tree (the diameter of the fruit tree at the height of the radar installation),
the distance between the two points is used. The two cluster centers can be replaced with
the midpoint (when encountering bifurcated fruit trees, the midpoint is also used to replace
the two points). Otherwise, the cluster center remains unchanged. Finally, the updated
cluster center (cbest) can be obtained.

10. Equation (9) can be used to calculate the distance from each point (xi) to the cluster
center (cbest) in the data set and dividing each data point into each cluster center according

to the confidence function, which is Dist(xi, cn_best) =
√
(xi − cn_best)

2.
11. According to the actual situation, when the Eps and MinPts conditions are met, the

cluster center is retained; otherwise, the cluster center is discarded.
12. After discarding some of the cluster centers that do not meet the criteria, according

to the DBSCAN algorithm (still must meet the Eps and MinPts conditions), clustering is
performed to obtain the corresponding cluster, and the mean value of the corresponding
cluster is used to represent the cluster center (ci).

13. When the distance between two cluster centers is less than the diameter of the
fruit tree (the diameter of the fruit tree at the radar installation position), return to step (9).
Otherwise, the final cluster center (cfinal) should be obtained to form a cluster.

14. According to the final cluster center (cfinal), the following two conditions need to
be met to determine whether something is a fruit tree. Firstly, if the fruit tree dynamic
radius (Dyn_rad), which is radmin ≤ Dist(Xi, Cn_best) ≤ radmax, is satisfied, an object is
a fruit tree. At the same time, if it meets the dynamic neighborhood density threshold
(Dyn_pts ∈ [Pts_nummin, Pts_nummax]), the object is a fruit tree.

15. Finally, the position of each fruit tree can be detected.

2.4.3. Algorithm Improvement

The algorithm solves the problem of local optimal solutions in the LAPO algorithm
and parameter globality in the DBSCAN algorithm. In the LAPO algorithm, n initialized
cluster centers are randomly selected, as shown in step (2). As the selected n cluster centers
are random, there will be local optimal solutions in the calculation process for LAPO (from
step (3) to step (8)). In the actual test, the local optimal solution may appear in the following
situations. The results of the algorithm identify a set of clustering centers, but there is
obvious deviation (the obvious deviation here refers to the situation where the clustering
center is not on the data point and cannot correspond to the relevant data point) and two
clustering centers are together. At the same time, the LAPO algorithm also has the problem
of missing perception. To solve the above problems, the LAPO algorithm is improved.
When the two clustering centers are together, the two clustering centers can be combined
into one by taking the midpoint in step (9). In the cases of obvious deviation and missing
detection, the final cluster center can be obtained by the DBSCAN algorithm (from step (10)
to step (12)), but fruit trees may still not be detected. As the DBSCAN algorithm is affected
by Eps and MinPts, in the step (14) Eps and MinPts are used to distinguish fruit trees by the
dynamic threshold method. Through three-layer detection, the positive detection rate of
fruit tree detection can be greatly improved.

2.4.4. Simulation Data Verification

Both the LAPO and DBSCAN algorithms have shortcomings, so they need to be
improved to adapt them to more scenes. Using the 2D LiDAR sensor to scan the contours
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of fruit trees at different heights, the point cloud data will include two kinds of point cloud
data, which are the point cloud data of the main tree trunk and the point cloud data of the
canopy. Usually, the more data there are, the better the algorithm will be. To verify that
the LAPO-DBSCAN algorithm used in this paper is better than the LAPO and DBSCAN
algorithms, simulation data similar to the trunk of fruit trees are used for verification
according to the point cloud data of the trunks of fruit trees scanned by 2D LiDAR sensors,
as shown in Figure 4.
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To prove that the method based on the LAPO-DBSCAN algorithm is able to detect
more characteristic information than the method based on the LAPO algorithm, this paper
uses simulated fruit tree data to test the above two methods for one hundred frames. The
results obtained from the method based on the LAPO-DBSCAN algorithm and the method
based on the LAPO algorithm are shown in Table 2. The simulation data used in this paper
are similar to the trunk of fruit trees. Scholars [30] have used the improved DBSCAN
algorithm to detect the trunk of fruit trees, and the accuracy can reach 95.5%. Compared
with previous algorithms, this algorithm increases the accuracy by 3.92%. Therefore, the
algorithm used in this paper will no longer be compared with the DBSCAN algorithm for
detecting the trunk of fruit trees.

Table 2. Actual scene test results.

Algorithm Type Times Results (%) Average Handling Time (s)

LAPO 100
Positive detection rate 97.00%

0.41False detection rate 3.00%

LAPO-DBSCAN 100
Positive detection rate 99.42%

0.07False detection rate 0.58%

In Table 2, the positive detection rate of the LAPO-DBSCAN algorithm is better than
that of the LAPO algorithm, and the detection result is 2.42% higher. In terms of the false
detection rate, the LAPO-DBSCAN algorithm is better than the LAPO algorithm, and
the difference between the detection results is 2.42%. In terms of the average processing
time, the LAPO-DBSCAN algorithm consumes 82.92% less time than the LAPO algorithm.
Therefore, the simulation results show that the LAPO-DBSCAN algorithm is superior to
the LAPO algorithm and has a better detection effect.
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3. Results
3.1. Experimental Scene

Due to the different planting mode and row spacing of each fruit tree, the data obtained
by 2D LiDAR sensor scans of different fruit trees are also different, which will affect the
accuracy and stability of the algorithm. The test site used in this paper was selected from
the orchard of Nijiawan water field in Xiangcheng District of Suzhou, as shown in Figure 1.
The distance from the ground to the main trunk of the fruit tree selected in this paper was
about 0.5 m, and the area above 0.5 m was the canopy. According to the installation height
of the 2D LiDAR sensor, the collected point cloud data were all the point cloud data of fruit
tree crowns. As shown in Table 3, data on two rows of fruit trees used in the experiment
were obtained.

Table 3. Fruit tree data.

Fruit Tree Information

The outline length of the fruit tree on the left (m) 3.83 5.03 4.08 2.82 2.67 2.98 3.92
The outline length of the fruit tree on the right (m) 2.83 4.40 4.24 2.98 3.61 3.30 4.46

Distance between left and right fruit trees (m) 4
Distance between adjacent fruit trees on the same side (m) 3

3.2. Algorithm Verification

In the previous chapter, we introduced the method of fruit tree information perception.
Next, the point cloud registration based on the 2D-ICP algorithm and the fruit tree position
detection based on the LAPO-DBSCAN algorithm are tested.

3.2.1. Experiment on Fruit Tree Information Acquisition

Firstly, the test platform is controlled to drive slowly from the beginning of the fruit
tree to the end of the fruit tree to collect the point cloud data of the fruit trees. Then, all
the initial point cloud data of the fruit trees are preprocessed, and the final result only
retains the nearest point cloud data of the fruit tree on both sides of the test platform. The
original point cloud data, as shown in Figure 5, show that the data in the untreated orchard
have many interference points, such as the data collected from non-bilateral fruit trees
and the “zero-points” generated by the 2D LiDAR sensor at a certain angle. During the
preprocessing, we keep the data in the red box in Figure 5. The preprocessed data are
shown in Figure 6.
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After preprocessing, registration is performed based on the 2D-ICP algorithm to obtain
the completed fruit tree row point cloud data. This paper takes the registration of two frame
point cloud data as an example to illustrate the registration process of fruit tree point cloud
data. The registration process is shown in Figure 7. In Figure 7a–e, the iterative registration
processes of two point clouds are shown. The R and T from Figure 7a–e are calculated using

Equations (6) and (7). The R and T are
[

0.999948 −0.010145
0.010145 0.999948

]
and

[
0.027403 0.139726

]
in

Figure 7a. The R and T are
[

0.999992 −0.003975
0.003975 0.999992

]
and

[
0.010213 0.062397

]
in Figure 7b.

The R and T are
[

0.999997 −0.002030
0.002030 0.999997

]
and

[
0.007544 0.030963

]
in Figure 7c. The R

and T are
[

0.999999 −0.000753
0.000753 0.9999996

]
and

[
0.001915 0.018437

]
in Figure 7d. The R and T

are
[

0.999999 −0.000435
0.000435 0.999999

]
and

[
0.002288 0.000870

]
in Figure 7e. Figure 7f is the result

of using a two-frame point cloud registration as the next target point cloud. All the
preprocessed point cloud data of fruit trees on both sides of the test platform can be
iteratively registered by the 2D-ICP algorithm to obtain complete the point cloud data of
fruit trees, including the point cloud information of each fruit tree position, as shown in
Figure 8. The fruit trees on both sides of the test platform in Figure 8a show the point cloud
data in Figure 8b.

When using the 2D-ICP algorithm to construct point cloud data of fruit trees on both
sides of the test platform, we need to consider two problems. The first question is how
to obtain as much complete point cloud data as possible. The second problem is how to
prevent the oscillation of the collected point cloud data due to the uneven ground of the
orchard during movement. Therefore, on the one hand, we move the test platform as
slowly as possible, so the vibration amplitude of the vehicle is not large in the process of
moving. On the other hand, we choose a 2D LiDAR sensor with a high frequency, as shown
in Table 1, to obtain more fruit point cloud data within a short period of time. Through
these two measures, the adverse effects caused by the vibration of the test platform can be
compensated for to a certain extent, and the obtained fruit tree point cloud information can
be enriched, which is conducive to obtaining better point cloud registration results.
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3.2.2. Experiment on Fruit Tree Position Acquisition

After obtaining the point cloud data of the fruit trees on both sides of the test platform,
we need to obtain the position of the fruit trees. The first task is to set relevant parameters.
The number of initial cluster centers are set to four groups with six cluster centers in each
group, and the maximum number of iterations is 10. Although the above parameters are
set randomly, they should also be designed according to the actual situation. The value of
the parameters should not be too large or too small. In the traditional DBSCAN algorithm,
Eps is set to 0.58 m and MinPts is set to 3. Eps depends on the average radius of fruit trees
on both sides. In the dynamic DBSCAN algorithm, Dyn_rad depends on the minimum
radius and maximum radius of fruit trees on both sides—namely, Dyn_rad ∈ [0.42, 0.80].
Dyn_pts depends on the quotient of the number of point clouds per frame of the 2D LiDAR
sensor and the number of cluster centers in each group, namely, Dyn_pts ∈ [3, 333]. The
radius of fruit trees depends on their contours, as shown in Table 3. We regard the outline
of the fruit tree as a circle and use the formula of the circumference of a circle to calculate
the radius of the fruit tree.

The implementation process based on the LAPO-DBSCAN algorithm is as follows.
According to the LAPO-DBSCAN algorithm, a set of clustering centers are obtained from
step (3) to step (8). In three situations of the missing detection of some fruit trees, two
clustering centers appear on one fruit tree and the clustering center obviously deviates from
the fruit tree data. Here, we take two clustering centers together as examples, as shown in
Figure 9a. Then, we obtain the complete cluster center through step (9) to step (13). Finally,
the test results of fruit trees are obtained through step (14), as shown in Figure 9b, where
the blue point is the data point and the red “×” is the clustering center. The corresponding
cluster center coordinates are shown in Table 4. According to Figure 8b and Table 4, this
algorithm can accurately detect the position of fruit trees.

Table 4. Two-dimensional LiDAR sensor parameters.

The Coordinates of the Left Fruit Tree (m) The Coordinates of the Right Fruit Tree (m)

(−2.34, 0.95) (1.86, 1.61)
(−2.27, 4.08) (1.94, 4.51)
(−2.23, 7.59) (1.37, 7.18)
(−2.63, 10.57) (1.28, 11.16)
(−2.71, 14.23) (1.88, 15.32)
(−2.11, 17.84) (1.76, 18.05)
(−2.55, 20.29) (2.21, 20.68)
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In Figure 8, the point cloud information of fruit trees on both sides was stored by
the 2D-ICP algorithm. Therefore, the point cloud data were directly tested 100 times
by the LAPO-DBSCAN algorithm, as shown in Table 5. One hundred iterations of the
LAPO-DBSCAN algorithm are shown in Figure 10.

Table 5. Actual scene test results.

Algorithm Type Times Results (%) Average Handling Time (s)

LAPO-DBSCAN 100
Positive detection rate 96.69%

1.14False detection rate 3.31%
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In Table 5, the positive detection rate of the algorithm is 96.69%, the false detection
rate is 3.31%, the accuracy is maintained at more than 95%, and the average processing
time is 1.14 s, which meets the accuracy requirements for the actual scene. Therefore, this
algorithm can be used for the detection of fruit trees in orchards. This has certain practical
significance for future navigation in orchards.

4. Discussion

In this research, the contour information of surrounding fruit trees was collected by a
2D LiDAR sensor mounted on an experimental platform, and the point cloud registration of
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fruit trees on both sides of the transportation robot was completed by the 2D-ICP algorithm.
Then, the point cloud data were analyzed using the LAPO-DBSCAN clustering method
to obtain the coordinate position points of each fruit tree. The most important thing is to
propose a fruit tree position detection algorithm based on LAPO-DBSCAN. This algorithm
has obvious advantages over those proposed in previous studies. Compared with K-means
clustering, this algorithm does not need to set the number of clustering centers to be
detected in advance, which makes it more convenient. Compared with the DBSCAN, this
algorithm is more adaptable and can classify fruit trees more accurately. Compared with
LAPO, this algorithm takes less time and is more accurate. Comparing the results of the
simulation data (Table 2) with the results of the actual scene (Table 5), it can be seen that
with the increase in environmental characteristics (from the detection of fruit tree trunks
to the detection of fruit tree crowns), although the accuracy of the algorithm is reduced
and the processing time is prolonged, the accuracy remains above 95% and the average
processing time is 1.14 s, which generally meets the accuracy requirements of actual scenes.
Therefore, this method can be used for the detection of fruit trees in orchards.

5. Conclusions

In this paper, a fruit tree position information perception method based on a 2D LiDAR
sensor was proposed and verified on an experimental platform. According to the actual
detection effect, the positive detection rate of the algorithm could reach 96.69%, the false
detection rate was as low as 3.31%, and the average processing time was 1.14 s, indicating
that the algorithm can be used in fruit tree detection to obtain the position of fruit trees.
Although the algorithm has a good perception effect, there are also shortcomings. In the
process of the experiment, because of the limitations of the 2D LiDAR sensor itself, the fruit
tree information obtained was limited. When the algorithm is used for verification, there
will be false detection and missed detection. From the detection of fruit tree trunks to the
detection of fruit tree crowns, the amount of point cloud data for fruit trees will increase,
resulting in a decrease in the positive detection rate of the algorithm. However, overall, the
algorithm can still meet the requirements for the detection of fruit trees. In the future, the
positions of fruit trees obtained by this algorithm could play a role in orchard navigation.
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