
Citation: Raman, M.G.; Marzougui,

A.; Teh, S.L.; York, Z.B.; Evans, K.M.;

Sankaran, S. Rapid Assessment of

Architectural Traits in Pear Rootstock

Breeding Program Using Remote

Sensing Techniques. Remote Sens.

2023, 15, 1483. https://doi.org/

10.3390/rs15061483

Academic Editors: Jianxi Huang,

Yanbo Huang, Qingling Wu and

Wei Su

Received: 23 December 2022

Revised: 1 March 2023

Accepted: 1 March 2023

Published: 7 March 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/).

remote sensing  

Article

Rapid Assessment of Architectural Traits in Pear Rootstock
Breeding Program Using Remote Sensing Techniques
Mugilan Govindasamy Raman 1, Afef Marzougui 1, Soon Li Teh 2, Zara B. York 2, Kate M. Evans 2

and Sindhuja Sankaran 1,*

1 Department of Biological System Engineering, Washington State University, Pullman, WA 99164, USA
2 WSU Tree Fruit Research and Extension Center, Wenatchee, WA 98801, USA
* Correspondence: sindhuja.sankaran@wsu.edu; Tel.: +1-509-335-8828

Abstract: Over the decades in the US, the introduction of rootstocks with precocity, stress tolerance,
and dwarfing has increased significantly to improve the advancement in modern orchard systems
for high production of tree fruits. In pear, it is difficult to establish modern high-density orchard
systems due to the lack of appropriate vigor-controlling rootstocks. The measurement of traits using
unmanned aerial vehicle (UAV) sensing techniques can help in identifying rootstocks suitable for
higher-density plantings. The overall goal of this study is to optimize UAV flight parameters (sensor
angles and direction) and preprocessing approaches to identify ideal flying parameters for data
extraction and achieving maximum accuracy. In this study, five UAV missions were conducted to
acquire high-resolution RGB imagery at different sensor inclination angles (90◦, 65◦, and 45◦) and
directions (forward and backward) from the pear rootstock breeding plot located at a research orchard
belonging to the Washington State University (WSU) Tree Fruit Research and Extension Center in
Wenatchee, WA, USA. The study evaluated the tree height and canopy volume extracted from four
different integrated datasets and validated the accuracy with the ground reference data (n = 504).
The results indicated that the 3D point cloud precisely measured the traits (0.89 < r < 0.92) compared
to 2D datasets (0.51 < r < 0.75), especially with 95th percentile height measure. The integration of
data acquired at different angles could be used to estimate the tree height and canopy volume. The
integration of sensor angles during UAV flight is therefore critical for improving the accuracy of
extracting architecture to account for varying tree characteristics and orchard settings and may be
useful to further precision orchard management.

Keywords: unmanned aerial vehicle; architectural traits; convex hull; 3D LiDAR; voxel grid

1. Introduction

Pear (Pyrus communis L.), a member of the family Rosaceae, is typically grown in
temperate climates and is known for its delicate pleasant taste and highly valued for its
edible fruit production [1]. The United States accounts for about 80 percent of the pear
production in North America [2], and most of the pears in the country are produced in
Washington, Oregon, and California [3]. In general, propagation of pear scion cultivars
relies upon budding or grafting them onto rootstocks [4]. Size-controlling rootstocks are
considered economically important to enable high-density plantings that lead to producing
more fruit per hectare and larger fruit size in commercial orchards [5,6]. Rootstocks are
considered a crucial factor responsible for size control, dwarfing, precocity, and stress
tolerance [7]. In many parts of the world, quince (Cydonia oblonga) is considered as an
effective vigor-controlling rootstock for pear. Nevertheless, it has compatibility issues with
some scion cultivars (graft failure), susceptibility to fire blight and iron chlorosis, and lacks
winter hardiness, an important trait required for trees grown in the Pacific Northwest region
of the US [7]. Despite the rich diversity in the Pyrus germplasm, most of the rootstocks
utilized in modern US pear orchards tend to be hybrids of P. communis [8,9].
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In this regard, the pear rootstock breeding program at Washington State University
(WSU)’s Tree Fruit Research and Extension Center, led by Dr. Kate Evans, aims to develop
rootstocks for modern high-density orchard systems and easier management (pruning,
thinning, harvesting, etc.) in orchards with well-defined canopy structures. The target
traits of the pear rootstock breeding program include tree size control for denser planting,
precocity (new trees producing fruits sooner), resistance to diseases such as fire blight,
ease in propagation, and winter hardiness. In general, rootstock breeding programs can
utilize overall evaluation and measurements of the geometrical and/or architectural traits
of the tree crown to represent the dwarfing effect [10]. The biophysical processes such
as photosynthesis, respiration, or transpiration are also influenced by the structure of the
canopy [11,12]. Various studies have reported the importance of evaluating tree architec-
tural traits [13] that influence tree vigor and productivity, crop yield, and fruit quality [14].
The size and shape of the tree also influence commercial cultivation [15], color, and quality
of the fruit, as well as light absorption. Crop growth and architectural differences are also
associated with the incidences of pests and pathogens [16]. Traditionally, the structural and
geometrical traits such as canopy volume, area, height, and width are measured manually,
and this method of sampling can be laborious, time consuming, and expensive [17].

Several sensing approaches such as digital red-green-blue (RGB) imagery, high-
resolution radar imagery, light detection and ranging (LiDAR) sensors, etc., have been
used to characterize geometric traits of tree species [18,19]. The use of unmanned aerial
vehicles (UAVs) with different sensors (also referred to as unmanned aerial system) has
been considered a powerful tool for effective monitoring given its flexibility, potential
payload, and cost effectiveness [20]. For example, a UAV coupled with an RGB camera
was used to measure various morphological characteristics of bush blueberry, such as bush
height, extents, canopy area, volume, crown diameter, and width [21]. After systematic
under-estimation correction, the mean absolute error was 5.82 cm for height and width
estimation. In another study using a 2D LiDAR scanner mounted on a tractor, 3D construc-
tion of structural characteristics of fruit orchards, citrus orchards, and vineyards helped
in estimating tree height, width, volume, and leaf area [22]. The volume measurements
were highly correlated with manual measurements (r = 0.98). UAV-LiDAR 3D point clouds
were also used to phenotype individual trees of two eucalyptus species to understand
the economically significant traits and the results from this study showed the functional
value and genetic diversity of tree architecture can be used to inform the management
of natural resources [23]. The precise measurement of tree architectural traits can act as
both robust phenotyping tools in tree fruit breeding programs as well as can assist in
management decisions in precision agricultural applications. For example, prescription
maps can be generated based on tree architectural traits to precisely apply water and other
chemicals [18].

Several factors during UAV imaging can affect the image quality and overall results.
One such factor is the imaging angle. In our previous work, the tree canopy height and
canopy volume of mature peach trees in an organic orchard was evaluated [24]. These
tree architectural traits were estimated using multiple approaches using UAV-RGB data
and 3D LiDAR data. The UAV-RGB data were acquired at three different angles (45◦, 65◦,
and 90◦) and data were processed individually and with integrated datasets to estimate
the architectural traits. The results indicated that the features extracted from the images
acquired at 45◦ and integrated nadir and oblique images showed a strong correlation
with the ground reference tree height data, while the latter (integrated dataset) was highly
correlated with canopy crown volume (estimated by measuring the height, and longitudinal
and transversal width of the peach tree crown). With these promising results, the findings
(effect of sensor angle and integration) were validated with a larger number of younger trees
in the pear rootstock breeding program. The evaluation of height and volume may be more
challenging given the close plantings and lower canopy vigor than peach trees. In addition
to studying the effect of sensor angles, UAV flight directions (forward and backward) on the
extraction of architectural traits were also evaluated. Therefore, in this study, the application
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of the UAV-RGB data collected at three different sensor inclination angles (45◦, 65◦, and 90◦)
and two different flight directions (forward and backward) alongside LiDAR data to extract
architectural traits of accessions in the pear rootstock breeding program was evaluated.
The architectural traits (height and volume) were extracted from the canopy height model
and 3D point cloud of pear trees generated from multiple integrated datasets and the 3D
point cloud generated from 3D LiDAR data and compared with ground reference data.

2. Materials and Methods
2.1. Study Area and Ground Reference Data

The study was carried out at WSU’s Tree Fruit Research and Extension Center, Columbia
View orchard (120◦14′32.874′ ′W 47◦34′1.571′ ′N), in Wenatchee, WA, USA. Six rows of pear
rootstock seedlings, each budded with a ‘d’Anjou’ scion, were selected for this study. The
length of each row was about 55 m with an inter-row spacing of 3 m and between-tree
spacing of 0.45 m. Seven wooden poles were placed as trellis support in each row.

Ground reference data were collected manually, which include total height (from the
bottom to top the central leader, GT_Ht), total scion growth (all new-season growth which
includes growth of central leader, new branches, and secondary branches, TSG), central
leader growth (new growth of the central leader from pruning point to top, CLG), and
trunk cross-sectional area of the scion (scion 10 cm and 20 cm above graft union, TCA_S10
and TCA_S20, respectively).

2.2. UAV and LiDAR Data Acquisition

The architectural traits of pear trees were extracted from data acquired using UAV
and ground LiDAR systems under no-cloud conditions on 13 September 2021. The UAV
system (Phantom 4 Pro, SZ DJI Technology Co., Ltd., Shenzhen, China) equipped with
an RGB camera with 20 megapixels and 84◦ field of view (SZ DJI Technology Co., Ltd.,
Shenzhen, China) was used to collect the images. Pix4Dcapture software was used as
a flight operating system to control the flight parameters. A total of five missions were
conducted at an altitude of 15 m with a flight speed of 2.5 m/s and a forward and side
overlap of 80% to acquire stereo-paired (images of two views of a scene side by side) images
for six rows of pear trees. The images were collected with a double grid mission at three
different angles that included nadir (90◦) and two oblique angles (65◦ and 45◦). The mission
at nadir angle was only captured with single direction (forward/FD), while angular data
were captured with two flying directions (FD and backward/BD).

A ground-based 3D LiDAR system (VLP 16, Velodyne LiDAR, San Jose, CA, USA)
was used to capture point cloud data in the first row of the pear trees under evaluation. The
system can acquire a 360◦ horizontal field of view and 30◦ vertical field of view at 1 m from
a tree. The range of the sensor is 100 m, and it can produce up to ~600,000 points per scan.
In this study, the entire pear tree row was scanned using the LiDAR system. Each tree scan
took about 10–15 s, and the dead trees were excluded. The row planting included five poles
that served as plant support; therefore, cardboard reference was placed on each pole to
differentiate the pole from the scanned tree. The collected dataset consisted of 5199 frames
that were saved in .pcap format (packet capture). The “Veloview” software was used
to visualize and identify the frame number for each pear tree. Each frame comprised of
two trees was exported to .csv (comma delimited). The details during data acquisition
using the UAV-RGB and 3D ground LiDAR systems are illustrated in Figure 1.
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Figure 1. Overview of the data acquisition plan using the UAV-RGB and 3D LiDAR sensing systems.

2.3. Preprocessing of the UAV-RGB and LiDAR Data

The stereo-paired geotagged images of individual angles were processed in
Pix4Dmapper software (Pix4D Mapper, version 4.3.1, Pix4D, Laussane, Switzerland), which
was used to generate the following products: 3D point cloud (.las file) with point cloud
classification (vegetation, roads, building, and ground), digital surface model (DSM), digital
terrain model (DTM), and orthomosaic images. The software computed key and matching
points were calibrated by densifying the point cloud based on the exif data for each image
such as longitude, latitude, and altitude of both above ground level and mean sea level
from the waypoints. In addition, the datasets were integrated during preprocessing with
the following combinations: (1) integration of 45◦ FD and BD data (I45), (2) integration
of 65◦ FD and BD data (I65), (3) integration of all datasets (90◦, 65◦—FD and BD, and
45◦—FD and BD; I), and (4) integration of all datasets excluding nadir (65◦—FD and BD
and 45◦—FD and BD; Iwo90). The dead trees, poles, rootstocks (non-grafted trees), and the
trees before and after poles were excluded prior to the analysis. Thus, a total of 504 trees
were considered for further analysis. In regard to LiDAR data, a total of 84 trees were
analyzed. The UAV generated four integrated datasets and the respective ground sampling
distances are tabulated below (Table 1, derived from Pix4D Mapper). It should be noted
that during the construction of the orthomosaic imagery there was a difference in canopy
structure with inclusion and exclusion of the 90◦ dataset (Figure 2). Further evaluation on
this aspect is needed.

Table 1. UAV datasets with ground sampling distance (GSD).

Datasets Average GSD (cm)

Integration of 45◦ datasets (I45) 0.82
Integration of 65◦ datasets (I65) 0.45

Integration of all datasets (I) 0.49
Integration of all datasets excluding 90◦ dataset (Iwo90) 0.53

In 3D LiDAR data acquisition, the extracted .csv file contains seven attributes compris-
ing x, y, z coordinates and scalar fields such as laser ID, azimuth, distance, adjusted time,
time stamp, vertical angle, and intensity. Each individual tree was then clipped using the
CloudCompare software (https://www.danielgm.net/cc/, accessed on 15 August 2022)
based on the position and the ground reference tree ID for further analysis.

2.4. Extraction of Architectural Traits from UAV-RGB and LiDAR Data

The integrated UAV-RGB and 3D LiDAR dataset were analyzed further for the ex-
traction of architectural traits (height and volume). The process included segmentation of
individual trees, adding the ground attributes to each tree, and extraction of traits. The
overview of the extraction process for architectural traits using UAV and LiDAR datasets is
presented in Figure 3. The first step during processing was the individual tree segmentation.
The orthomosaic data were overlayed with DTM, DSM, and point cloud data to assist in
segmenting individual trees. This approach was an effective way to extract individual
tree 3D point cloud extraction for automated processing to extract architectural traits such

https://www.danielgm.net/cc/
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as height and volume. ArcMap 10.7 and ArcScene 10.7 (ESRI—Environmental Systems
Research Institute, Redlands, CA, USA) were utilized to segment the individual trees.
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Orthomosaic, DSM, and DTM imagery served as references to create a circle shapefile
around each tree and delineate the tree boundaries. Attributes such as individual tree ID,
tree number, and row number were added into each tree shapefile (Figure 4). The shapefiles
for each individual tree were then exported and saved with the tree ID as the file name.

In regard to the LiDAR data, the entire row was captured in pcap (packet capture)
format and information collected during data acquisition was used to separate the trees
based on frame numbers using the Veloview software (Version 4.1.3). Each frame consisted
of two trees and the frame was exported to .csv format. Individual trees were segmented
using the segment tool in CloudCompare. The segmented individual tree was labeled with
tree ID for further analysis.

Using Model Builder from ArcScene (10.7) and ArcGIS LAS Dataset Toolset, a model
was developed to automatically extract the individual tree 3D point cloud (Figure 5). The
model used the individual tree shapefile and 3D classified point cloud as inputs. Export
LAS function in ArcGIS Toolset has the capability to filter, clip, and reproject the collection
of 3D point cloud from point cloud data referenced by a LAS dataset. Thus, with individual
tree shapefile and 3D point cloud data inputs, the model used LAS function to segment
individual trees as .las and .lasd files as output, with the same input shapefile names (tree
ID).

The second step was the feature extraction from the segmented tree datasets. In regard
to UAV-RGB data, two approaches were utilized to extract tree height, one using the DTM
and DSM data (T1) and other using the 3D point cloud data (T2). In the T1 approach, the
tree height was estimated by extracting the maximum height (MaxHt) and 95th percentile
height (95Ht) from the canopy height model (CHM, where CHM = DSM − DTM) within
the defined shape using zonal statistics from ArcMap (10.7). The tree height and tree
volume were estimated from the 3D point cloud using an automated program developed
in MATLAB software (R2021a, MathWorks, Inc., Natick, MA, USA), which could process
504 trees registered as .las files. In the T2 approach, the maximum height of each tree was
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computed by subtracting the maximum Z value and minimum Z value. In addition, 95th
percentile height was also estimated.
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In regard to the volume measurement from point cloud, the convex hull and voxel
grid (default voxel size of 1 mm resolution) methods were used to measure the canopy
volume (ConV and VoxV, respectively). The voxel grid method computes the volume by
taking at least one point contained in the voxels, whereas convex hull measures the volume
of each connected convex shape [25]. The convex-hull-based volume was measured using
the ‘convhull’ function, while voxel grid volume was computed using the scatter function.
The 3D point cloud data from LiDAR system were similarly analyzed to extract the tree
height (MaxHt and 95Ht) and canopy volume (ConV and VoxV).



Remote Sens. 2023, 15, 1483 7 of 18

Remote Sens. 2023, 15, x FOR PEER REVIEW 6 of 18 
 

 

Orthomosaic, DSM, and DTM imagery served as references to create a circle shapefile 

around each tree and delineate the tree boundaries. Attributes such as individual tree ID, 

tree number, and row number were added into each tree shapefile (Figure 4). The shape-

files for each individual tree were then exported and saved with the tree ID as the file 

name. 

In regard to the LiDAR data, the entire row was captured in pcap (packet capture) 

format and information collected during data acquisition was used to separate the trees 

based on frame numbers using the Veloview software (Version 4.1.3). Each frame con-

sisted of two trees and the frame was exported to .csv format. Individual trees were seg-

mented using the segment tool in CloudCompare. The segmented individual tree was 

labeled with tree ID for further analysis. 

Using Model Builder from ArcScene (10.7) and ArcGIS LAS Dataset Toolset, a model 

was developed to automatically extract the individual tree 3D point cloud (Figure 5). The 

model used the individual tree shapefile and 3D classified point cloud as inputs. Export 

LAS function in ArcGIS Toolset has the capability to filter, clip, and reproject the collection 

of 3D point cloud from point cloud data referenced by a LAS dataset. Thus, with individ-

ual tree shapefile and 3D point cloud data inputs, the model used LAS function to segment 

individual trees as .las and .lasd files as output, with the same input shapefile names (tree 

ID). 

 

Figure 4. Figure showing the shapefiles created for the individual trees along with the attributes 

added to the individual tree shapefile. 

 

Figure 5. Model builder to automatically extract the 3D point cloud of individual trees using indi-

vidual tree shapefile in ArcGIS. The model builder was constructed using the 3D point cloud (C.las) 

and shape files of each row (e.g., Row8) as input and Iterate the process (repetition of the process 

automatically based on individual tree shape file, Pole.shp). The generated individual tree 3D point 

cloud was saved as the same input tree ID Name using the function %Name% under the designated 

Output Folder. 

Figure 5. Model builder to automatically extract the 3D point cloud of individual trees using
individual tree shapefile in ArcGIS. The model builder was constructed using the 3D point cloud
(C.las) and shape files of each row (e.g., Row8) as input and Iterate the process (repetition of the process
automatically based on individual tree shape file, Pole.shp). The generated individual tree 3D point
cloud was saved as the same input tree ID Name using the function %Name% under the designated
Output Folder.

2.5. Statistical Analysis

The extracted architectural traits from UAV and LiDAR data were compared with
the ground reference data. Using the R program (Version 4.1.1), Pearson’s correlation
analysis was performed between the ground reference data and the extracted digital data.
In addition, root mean square error (RMSE) was estimated to compute the errors between
the extracted and ground reference data.

3. Results and Discussion
3.1. Ground Reference Data

Correlation analysis was performed between the ground reference data. In general, the
tree height was highly correlated with TCA_S10 (r = 0.85) and TCA_S20 (r = 0.85) followed
by TSG (r = 0.77) and had the lowest correlation with CLG (r = 0.42) (Figure 6). The CLG
was less correlated with other ground reference data as well. CLG is associated with annual
growth of the trunk only, while other parameters are associated with cumulative multi-year
growth factors or cumulative annual growth (TSG), which could be the reason for this
observation.

3.2. Tree Height Estimation Using UAV CHM and 3D Point Cloud Datasets

Over the last decade, researchers have started to utilize modern sensing technologies
to evaluate the effect of rootstock on tree architecture. A UAV-based high-throughput
phenotyping system was used to evaluate the citrus rootstock by detecting and measuring
tree canopy size, and the result showed high precision (99.9%) for tree count and high
correlation for tree canopy size [26]. This study utilized two sensing approaches to evaluate
the accuracy of UAV-RGB and LiDAR data towards the tree height and canopy volume
measurements, as indicators for overall canopy vigor. The UAV-RGB data were collected
at three sensor inclination angles (45◦, 65◦, and 90◦) and two different flight directions
(forward and backward) were integrated to study the influence of sensor angle on precisely
extracting the canopy vigor traits in the pear rootstocks.
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Figure 6. Pearson’s correlation coefficients between different ground reference data. TCA_S10: trunk
cross-sectional area of scion at 10 cm above graft union; TCA_S20: trunk cross-sectional area of scion
at 20 cm above graft union; GT_Ht: measured height from ground to top of the central leader; TSG: all
new-season growth, includes growth of central leader, new branches, and new secondary branches;
and CLG: new growth of the central leader from pruning point to the top (n = 504). Significance of
correlation coefficient values: *** (p ≤ 0.001).

Two approaches (T1 and T2) were performed to estimate tree height using 2D (CHM)
and 3D datasets, respectively. Two different tree height parameters were extracted for both
T1 and T2 approaches, namely the maximum height and 95th percentile height. In the T1
approach, the integration of the 45◦ (r = 0.77) dataset showed slightly higher correlation
with the ground reference height data for maximum height, followed by integration of
all angles (r = 0.76), integration of all angles except 90◦ (r = 0.76), and integration of 65◦

(r = 0.75) (Figure 7). The height extracted using 95th percentiles of height in the T1 approach
showed that the integration of all angles (r = 0.76) illustrated high correlation to the ground-
measured height compared to the other datasets. The integration of all angles except 90◦

showed the least correlation in height measurement for the T1 approach when using the
95th percentile height (Figure 8).

A correlation analysis was also performed between the extracted height traits and
other ground reference data (Figure 9). The correlation coefficients between the extracted
height traits and other ground reference data were similar between the four datasets (I45,
I65, I, and Iwo90). In general, the digital height traits showed good correlation with TCA
traits and ground-measured tree height, with extracted maximum height showing better
results than the 95th percentile height. In a previous study, two vegetative traits (TCA and
tree height) and seven generative traits in multiple apple cultivars on the slender spindle
or the super spindle training system were measured [27]. Similar to this study, there was a
strong and significant relationship (p = 0.05) between TCA and tree height. In our study, the
digital traits were less correlated with CLG (new growth of the central leader from pruning
point to top), which is measured annually.

In the T2 approach, the tree height traits were extracted from a 3D point cloud gen-
erated from UAV-RGB datasets. The height extracted from integration of all angles using
maximum height showed the highest correlation (r = 0.88) with ground reference data,
followed by integration of 45◦ (r = 0.85), integration of all angles except 90◦ (r = 0.84), and
integration of 65◦ (r = 0.82) (Figure 10). In terms of 95th percentile height, extracted height
from integration of all angles (r = 0.92) was highly correlated with the measured height.



Remote Sens. 2023, 15, 1483 9 of 18

The other datasets such as integration of all angles except 90◦ (r = 0.91), integration of 45◦

(r = 0.90), and integration of 65◦ (r = 0.90) also showed similar correlation (Figure 11).
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Figure 9. Pearson’s correlation coefficients between height traits extracted from the canopy height
model of different datasets and ground reference data. TCA_S10: trunk cross-sectional area of scion
at 10 cm above graft union; TCA_S20: trunk cross-sectional area of scion at 20 cm above graft union;
GT_Ht: measured height from ground to top of the central leader; TSG: all new-season growth,
includes growth of central leader, new branches, and new secondary branches; CLG: new growth of
the central leader from pruning point to the top; CHM: canopy height model; I45, I65, I, and Iwo90:
different integrated datasets; and MaxHt and 95Ht: maximum and 95th percentile height (n = 504).
Significance of correlation coefficient values: *** (p ≤ 0.001).
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The point-cloud-based approach was also found to be better than the CHM-based
approach, unlike our previous work [24], which could be associated with the tree status
(more mature trees in our previous work). Probably, the CHM-based approach could be
more suitable for orchards with mature trees with better canopy vigor. The correlation
between the extracted height and other ground reference data parameters showed that
95th percentile height data from T2 approach were better correlated than the maximum
height data (Figure 12). These results (95th percentile better than maximum height) are
found in other research papers, especially involving point cloud data [28–31]. For example,
UAV equipped with RGB and a five-band multispectral camera was used to estimate the
above-ground biomass of winter pea for three breeding trials. The results showed that the
pea canopy height extracted by the DSM-based approach at the 95th percentile showed high
correlation (r = 0.71-0.95, p < 0.001) with ground reference data [28]. This could potentially
be due to elimination of potential noises (data extremes) in point cloud data. Similar to the
T1 approach, the differences between the different integrated datasets were minimal.

The results from this study are similar to those reported in the literature. For example,
Ampatzidis et al. [26] found that the manually measured canopy area and UAV estimated
canopy area were highly correlated (Pearson’s r = 0.84) during citrus rootstock evaluation.
Similarly, Rallo et al. [17] evaluated young trees as a part of an olive breeding program and
found that the Spearman’s correlation coefficient between field- and UAV-data-based tree
height and canopy volume across training systems and years ranged from 0.87–0.96 and
0.68–0.91, respectively.

During linear regression analysis between digital height traits and ground reference
data, RMSEs were computed. In general, the lowest RMSEs were found (<1 m) during tree
height prediction, which can be expected, as the extracted digital traits were associated
with the tree height. The height traits extracted from 3D point cloud data showed lower
errors than those extracted from CHM data (Table 2). Overall, the minimum RMSEs in
height prediction (with 95Ht) were with the integrated 3D point cloud data with all datasets
and the dataset without the 90◦, though height (95Ht) predicted from integrated 45◦ and
65◦ datasets showed errors with only 3–4 cm difference.
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Figure 12. Pearson’s correlation coefficients between height traits extracted from 3D point cloud of
different datasets and ground reference data. TCA_S10: trunk cross-sectional area of scion at 10 cm
above graft union; TCA_S20: trunk cross-sectional area of scion at 20 cm above graft union; GT_Ht:
measured height from ground to top of the central leader; TSG: all new-season growth, includes
growth of central leader, new branches, and new secondary branches; CLG: new growth of the central
leader from pruning point to the top; I45, I65, I, and Iwo90: different integrated datasets; and MaxHt
and 95Ht: maximum and 95th percentile height (n = 504). Significance of correlation coefficient
values: *** (p ≤ 0.001).

Table 2. Root mean square error (RMSE) during estimation of different ground reference data
parameters using extracted height from canopy height model (CHM) and UAV 3D point cloud (PC).
TCA_S10: trunk cross-sectional area of scion at 10 cm above graft union; TCA_S20: trunk cross-
sectional area of scion at 20 cm above graft union; GT_Ht: measured height from ground to top of the
central leader; TSG: all new-season growth, includes growth of central leader, new branches, and
new secondary branches; I45, I65, I, and Iwo90: different integrated datasets; and MaxHt and 95Ht:
maximum and 95th percentile height (n = 504). I45, I65, I, and Iwo90 represent different integrated
datasets, while MaxHt and 95Ht represent maximum and 95th percentile height.

Features TCA_S10
(sq. cm)

TCA_S20
(sq. cm)

GT_Ht
(m)

TSG
(m)

CLG
(cm)

I45_MaxHt_PC 1.67 1.60 0.46 5.66 32.68
I65_MaxHt_PC 1.71 1.65 0.50 5.87 32.69

I_MaxHt_PC 1.58 1.50 0.41 5.30 32.36
Iwo90_MaxHt_PC 1.70 1.63 0.47 5.71 32.66

I45_95Ht_PC 1.65 1.59 0.39 5.87 32.93
I65_95Ht_PC 1.56 1.51 0.39 5.72 32.63

I_95Ht_PC 1.58 1.51 0.35 5.73 32.83
Iwo90_95Ht_PC 1.58 1.52 0.36 5.70 32.63

I45_MaxHt_CHM 1.87 1.80 0.57 6.35 33.12
I65_MaxHt_CHM 1.88 1.82 0.59 6.35 33.04

I_MaxHt_CHM 1.86 1.80 0.58 6.41 33.68
Iwo90_MaxHt_CHM 1.87 1.81 0.57 6.35 33.09

I45_95Ht_CHM 2.05 1.97 0.63 6.81 33.29
I65_95Ht_CHM 2.00 1.94 0.63 6.66 33.23

I_95Ht_CHM 1.86 1.81 0.58 6.41 33.58
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3.3. Comparison of Tree Height and Canopy Volume between UAV-RGB and LiDAR 3D Point
Cloud Datasets

The extracted maximum LiDAR tree height was plotted with ground-measured height
(Figure 13). The results showed that the extracted height from the 3D LiDAR using
maximum height showed the highest correlation (r = 0.97) with the ground-measured
height. A correlation analysis was performed for height extracted from the 3D LiDAR and
3D UAV point cloud using maximum and 95th percentile height with ground-measured
height (Figure 14). The terrestrial LiDAR system has been used for evaluating tree canopy
characteristics [32–34], mostly associated with mature trees. Wu et al. [34] compared the
tree height from both terrestrial LiDAR and UAV systems in evaluating tree height of
avocado and mango trees and found them to be highly correlated (R2 = 0.81–89, RMSE—
0.19–0.42 m). In this study, the maximum height of LiDAR data was found to be highly
correlated with 95th percentile height data from the UAV point cloud (r = 0.82–0.93).
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Figure 13. Relationship between maximum tree height extracted from LiDAR and ground-measured
data (n = 84).

In terms of volume measurement, both convex-hull- and voxel-grid-based methods
were used. The volume extracted using convex hull and voxel grid showed high correlation
(r = 0.99) between them. In convex hull, the 3D LiDAR volume was highly correlated with
the integration of 65◦ datasets (r = 0.84). In the voxel-grid-based measurement, integration
of the 65◦ dataset and integration without the 90◦ dataset volume (r = 0.84) showed high
correlation with the 3D LiDAR voxel grid volume (Figure 15).

3.4. Comparison of Canopy Volume from UAV-RGB and LiDAR 3D Point Cloud Datasets with
Other Traits

The canopy volume (pseudo-indicator of canopy vigor) data were estimated using the
convex hull and voxel methods for the 3D point cloud from UAV-RGB and LiDAR datasets.
In most cases, the convex hull and voxel grid volume were highly correlated within each
dataset. The extracted volume data were correlated with other ground reference data
(Figure 16). The volume extracted using convex hull from 3D LiDAR showed the highest
correlation with the ground height (r = 0.83), TCA_S10 (r = 0.87), TCA_S20 (r = 0.88), and
TSG (r = 0.90).

In terms of the UAV point cloud, the canopy volume extracted using convex hull
from all integrated datasets showed higher correlations with ground reference data than
the voxel grid method. The RMSE was computed between extracted volume and ground
reference data (Table 3). In general, LiDAR data showed the lowest RMSE value between
the extracted volume from the convex hull approach and measured ground parameters.
In regard to UAV data, the errors in estimating ground reference data were more similar
between different datasets, with convex hull estimates better than voxel grid approaches.
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Colaço et al. [32] used a 2D LiDAR system on citrus trees and found a good correlation
between the canopy height and volume computed using a cluster analysis (r = 0.71). The
correlation between tree height and volume in this study was higher (r = 0.79–0.83).
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Figure 14. Pearson’s correlation coefficient between ground reference tree height and extracted height
from 3D point cloud (UAV and LiDAR). GT: ground truth height data; Ht_Max and MaxHt: maximum
height; Ht_Max and 95Ht: 95th percentile height; L: LiDAR data; I45, I65, I, and Iwo90: different UAV
integrated datasets; and PC: 3D point cloud (n = 84). Significance of correlation coefficient values:
*** (p ≤ 0.001).
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Figure 15. Correlation between volume extracted from UAV point cloud (integration of 65◦) and
3D LiDAR using convex hull and voxel grid method (n = 84). ConV: convex hull volume; VoxV:
voxel grid volume; L: LiDAR data; and I45, I65, I, and Iwo90: different UAV integrated datasets.
Significance of correlation coefficient values: *** (p ≤ 0.001).
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Figure 16. Pearson’s correlation coefficients between extracted volume traits (convex and voxel) and
ground reference data (n = 504 and 84 for UAV point cloud and 3D LiDAR point cloud, respectively).
ConV: convex hull volume; VoxV: voxel grid volume; LiDAR: LiDAR data; and I45, I65, I, and Iwo90:
different UAV integrated datasets. Significance of correlation coefficient values: *** (p ≤ 0.001).

Table 3. Root mean square error (RMSE) during estimation of different ground reference data
parameters using extracted volume from UAV and LiDAR 3D point cloud (PC). TCA_S10: trunk
cross-sectional area of scion at 10 cm above graft union; TCA_S20: trunk cross-sectional area of scion
at 20 cm above graft union; GT_Ht: measured height from ground to top of the central leader; TSG: all
new-season growth, includes growth of central leader, new branches, and new secondary branches;
CLG: new growth of the central leader from pruning point to the top (n = 504 and 84 for UAV point
cloud and 3D LiDAR point cloud, respectively); ConV: convex hull volume; VoxV: voxel grid volume;
L: LiDAR data; and I45, I65, I, and Iwo90: different UAV integrated datasets.

Features TCA_S10
(sq. cm)

TCA_S20
(sq. cm)

GT_Ht
(m)

TSG
(m)

CLG
(cm)

L_ConV 1.00 0.96 0.48 2.63 32.86
I45_ConV 1.68 1.58 0.56 5.14 32.92
I65_ConV 1.59 1.50 0.54 5.01 32.79

I_ConV 1.68 1.58 0.56 5.10 32.86
Iwo90_ConV 1.69 1.59 0.56 5.20 32.90

L_VoxV 1.08 1.05 0.53 2.67 32.76
I45_VoxV 1.84 1.58 0.69 5.55 33.34
I65_VoxV 1.79 1.50 0.66 5.51 33.23

I_VoxV 1.89 1.58 0.71 5.66 33.37
Iwo90_VoxV 1.88 1.59 0.70 5.75 33.40

4. Conclusions

In this study, five UAV flight missions were conducted to acquire high-resolution
RGB imagery at different sensor inclination angles with different directions along with
ground-based 3D LiDAR to extract the architectural traits for pear rootstock seedling trees.
The acquired datasets from UAVs were processed to extract CHM and 3D point cloud to
extract the architectural traits such as tree height and canopy volume. The maximum and
95th percentile height and canopy volume (using convex hull and voxel grid approaches)
were extracted from four different integrated datasets and validated the accuracy with the
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ground measurements. In general, there is no significant difference between the different
integrated datasets and the ground reference data. Nevertheless, the 3D point cloud data
showed good correlation (0.89 < r < 0.92) with ground-measured canopy height data
compared to the CHM-based approach (0.51 < r < 0.75).

In regard to the canopy volume, both volume estimates from the convex hull and
voxel grid approaches were strongly correlated with ground reference data (0.60 < r < 0.90),
except central leader growth. The strongest correlation was observed between the volume
extracted from the LiDAR data and total scion growth (r = 0.90), though the RMSEs were
high. Thus, the 3D point cloud with integrated datasets can be used to precisely measure
architectural traits in pear rootstock breeding programs. Further studies are recommended
to extract other vigor-related traits, such as branching angles, number of branches, and
branch diameters, which help in pear rootstock phenotyping.

UAV and LiDAR systems have been used to evaluate the tree fruit canopy characteris-
tics, where the latter is more commonly applied for applications in orchard management.
The success of these technologies in assessing the tree traits depends on the age of the tree
and associated canopy vigor, training system, and planting conditions (trellis, inter tree
distance, etc.), among other factors. In recent years, UAV-based approaches have advanced
greatly with the improvements in the resolution of camera systems, photogrammetry soft-
ware, and computational resources. The throughput of UAV technology will outweigh
the accuracy and precision of LiDAR systems, especially for large-scale operations such
as in the tree fruit breeding programs. The tree height and volume data extracted from
such UAV technology that represents canopy vigor can be greatly beneficial to tree fruit
breeders. Nevertheless, one of the challenges in this study was the segmentation of the
trees. The throughput in feature extraction of the architectural features can be further
improved through automation of tree segmentation.
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