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Estimation of walnut structure parameters using
terrestrial photogrammetry based on structure-

from-motion (SfM)

Abstract

Remote sensing techniques are increasingly used for crop monitoring to improve the profitability of
plantations. These studies are mainly based on spectral information recorded by satellites or unmanned
aerial vehicles (UAVs). However, the development of Earth Observation Systems (EOS) capable of
retrieving 3D point clouds at an affordable cost enables the possibility of exploring new approaches in
agriculture. In this context, more research is required to analyze the capability of 3D data for inventory,
management and prediction of inputs (water, fertilizers and pesticides) and outputs (production, biomass)
of fruit plantations. To do this, the complete representation of each tree contributes to extract the main
geometric parametersThe objective of this work is to obtain regression models to estimate total height (Ht),
crown height (Hc), stem diameter (Ds), crown diameter (Dc), stem volume (Vs) and crown volume (Vc¢)
from 45 walnut specimens. For this, 3D models were computed for these trees by applying ground-based
Structure from Motion (SfM). A circular photogrammetric survey of each tree was carried out using a
standard digital camera and three-dimensional point clouds were retrieved for each tree. From these data,
the tree parameters were computed. Linear regression models were obtained to estimate Ht, Hc, Ds, Dc, Vs
and V¢, with R? values between 0.89 to 0.99. The results showed accurate fits between field parameters
and those derived from 3D point clouds retrieved from SfM technique, indicating the applicability of this
cost-effective method to model walnut trees and to extract their accurate parameters without costly field

campaigns.

Keywords Structure from motion (SfM); automated photogrammetry; walnut tree; precision agriculture;

geometrical parameters.



Journal of the Indian Society of Remote Sensing

Introduction

Agriculture is subjected to the development of advanced management techniques that maximize crop yields
while minimizing economic and environmental costs. Access to updated, accurate, and cost-effective data
of individual trees plays an important role when analyzing pattern variations within a plot and suitable
decision-making in agricultural management practices. In this sense, mapping individual fruit trees based
on EOS data is crucial to extract structure parameters (Tagarakis et al. 2018; Jiménez-Brenes et al. 2017,
Gené-Mola et al. 2020; Gil et al. 2014; Walklate et al. 2002).Remote sensing data have been widely used
in agriculture in recent decades (Miao et al. 2009; Xie et al. 2019). These applications are based on the
processing of reflected or emitted electromagnetic energy using specific wavelengths. Additionally, the
development of advanced systems to register 3D point clouds enables exploring new approaches for
precision horticulture. Previous research has established that LIiDAR (Light Detection And Ranging) data
can be used to estimate aboveground biomass and volume (Sheridan et al. 2015); forest structural attributes
(Valbuena et al. 2016; Zhang et al. 2017); map individual trees (Sterenczak et al. 2020) and predict forest
canopy fuel parameters (Maltamo et al. 2020). Allometric equations for calculating biomass or volume of
forest trees are commonly used based on basic geometric parameters (Schlaegel et al. 1984; Jenkins et al.
2004; Xing et al. 2019). However, there has been little discussion about the relationships among total and
crown biomass and geometric parameters of fruit trees. While forest trees concentrate their volume and
biomass in their trunks, this does not occur in fruit trees, as these are mainly distributed throughout their
crowns (Velazquez-Marti et al. 2014). Management practices applied on these trees can explain the
difficulty in defining these allometric equations. In addition, it is challenging, highly laborious, and
complex to measure and characterize the crowns of fruit trees from measurements taken in the field using
non-destructive methods, especially for irregular and large trees. Therefore, further research is required to
analyze the capability of terrestrial remote sensing systems for studying the crown structure of fruit trees
and analyzing their potential in agricultural management. This information could be used to analyze their
applicability for estimating pruning and crown biomass, fruit production, irrigation necessities, and
pesticides to be applied in farms. Crown biomass data estimated from tree parameters retrieved using 3D
data can also be applied to quantify carbon sequestration in agricultural systems. These applications reveal
the potential of altimetry systems in agriculture such as LiDAR or based on photogrammetric techniques

to obtain 3D cloud points.
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According to the platform used, LiDAR systems can be classified into ground-based, airborne, and
satellite systems. For the first group, terrestrial laser scanner (TLS) and mobile terrestrial laser scanners
(MTLS) are the most common systems applied in agriculture (Walklate et al. 2002; Moorthy et al, 2011;
Sanz et al. 2018). For TLS systems, a dense set of 3D points with millimeter detail (Liang et al. 2016) is
measured to retrieve structural tree parameters (Moorthy et al. 2011; Estornell et al. 2017; Fernandez-Sarria
et al. 2019). Previous studies based on TLS data reported the capability of these systems to estimate the
crown volume of walnut trees (Estornell et al. 2017), pruning biomass, and plant area indexes for olive trees
(Moorthy et al. 2011; Fernandez-Sarria et al. 2019) which can replace laborious ground-based methods.
Nevertheless, this system is not efficient in large plots and presents several drawbacks: the cost of
instrumentation; the need for several stations to completely scan trees and avoid occlusions; and the need
for large sets of data requiring significant computing resources. Tree biomass was estimated in forestry
plots using TLS computing, firstly, generating architectural tree models, and, secondly, calculating their

volumes (Calders et al. 2015; Gonzalez de Tanago et al. 2018).

MTLS systems are mounted on moving vehicles integrating some sensors that provide position
and movement vectors (GNSS and IMU) in addition to those that register target data (camera, laser scanner,
thermal sensors, etc.). Applied in farming, multiple vertical scans can be registered laterally along the rows
of plots to generate 3D point clouds (Escola et al. 2017). These LiDAR systems enable registering most of
the trees in a plot in a reasonable period of time. MTLS systems show great potential for estimating canopy
volumes and leaf area index (LAI) measurements (Arnd et al. 2013; Auat Cheein et al. 2015). Low cost
systems based on 2D LiDAR sensors are commonly used in agriculture (Palacin et al. 2007; Ehlert et al.
2010). These systems are based on the emission of a laser beam in a Y, Z plane perpendicular to the
movement direction from a sensor (LMS-200, £15 mm accuracy) mounted on a tractor. Points with polar
coordinates are obtained from the sensor position. The movement of the platform in the X direction enables
obtaining points with a series of profiles or sections of the crops with information on one side that is
completed with a similar measurement on the other side (Arno et al. 2013). Nevertheless, several
researchers report that to simplify the registering process and the estimation of some structural variables,
LiDAR data was registered only from one side and this can generate some uncertainties related to the
influence of orientation on each side of the tree rows (Arné et al. 2015). Other studies reported the limitation
of these systems for registering data inside the crowns (Escola et al. 2017). The distance to the target can

be another limiting factor reducing vertical sampling resolution (Escola et al. 2017). This technology can
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be used in farms where distances among tree rows are wide enough for mobile devices, but it cannot be
used in small plots with densely planted trees and without a regular distribution frame.

Several researchers propose the integrated application of MTLS and SLAM algorithms
(Simultaneous Localization and Mapping Algorithm). This technique uses the positional and movement
parameters of the equipment to produce a map, in the form of 3D point clouds (Cadena et al. 2016).

Pierzchala et al. (2018) have applied this technique to forest areas using a Velodyne VLP 16
LiDAR sensor. Dong et al. (2017) have recurrently applied SLAM in forest and agricultural environments
to spatio-temporally model vegetation, characterizing changes in these dynamic spaces. This leads to the
concept of 4D reconstruction, possible after calculating 3D models for each crop row in each time session.
The combination of all of them allows 4D modelling, which is of great interest in vegetation evolution.

Airborne LiDAR systems include sensors mounted on aircrafts, helicopters, and unmanned aerial
vehicles (UAV). Aircraft sensors enable measuring large areas by registering all the trees within a plot and
including those planted very close together and so difficult to measure by other LiDAR techniques. These
systems show a remarkable potential to extract individual trees (Hadas et al. 2017), estimate structural
parameters (Popescu et al. 2007; Kankare et al. 2013), and other parameters related to management
operations, such as pruning (Estornell et al. 2015). As drawbacks, aircraft systems tend to underestimate
tree heights (Lefsky et al. 2002; Bork et al. 2007) and insufficient data are recorded from the lower parts of
the canopy to analyze its structure (Van der Zande et al. 2006; Estornell et al. 2015; Estornell et al. 2018) .
In addition, the flight costs are significant, and the data of neighboring plots are also unnecessarily
registered. UAV systems equipped by LiDAR sensors offer a more efficient solution by registering the data
of selected plots at lower costs. Additionally, since the flight height is lower than aircraft systems, it is
possible to register tree canopies in great detail, extracting stem and branch geometry. Some studies
reported that accurate definitions of stems from UAVSs can be achieved in forest environments (Brede et al.
2019). Dalla et al. (2020) conclude that stems and branches with diameters greater than 30 cm showed
good correlations between TLS and UAV-LIDAR data, with decreasing accuracy for young trees. Wieser
et al. (2017) demonstrated that the accuracy and geometric definition of cylindrically shaped stems in forest
species depends on their diameters, obtaining DBH differences of 9% for diameters between 20 and 30 cm
and more accurate results for DBH larger than 40 cm. But the stems of fruit trees, which are usually thinner
than forest trees, often are leaning, they are not completely cylindrical, having irregularities due to their

growth or pruning and rarely reach the height at which DBH is generally measured (1.30 m). These
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particularities make that further research is needed to analyze the potential of LIDAR data acquired by
drones and to test their applicability for fruit trees. Finally, for satellite systems Geoscience Laser Altimeter
System (GLAS) on board ICESat-1 and 2 satellites were launched to obtain vegetation information among
other applications (Wang et al. 2011; Neuenschwander et al. 2019).

In addition to using LIiDAR systems to obtain 3D data, algorithms based on photogrammetric
techniques and computer vision have enabled the development of cost effective solutions for extracting
three-dimensional information of terrestrial targets, either through cameras on board in UAVs or with
terrestrial cameras (Goesele et al. 2007; Snavely et al. 2008). Among all the existing photogrammetric
processes and algorithms, structure from motion (SfM) is a technique in which, through the automatic
identification of homologous points in several conventional and uncalibrated photographic images, the
position and orientation of the camera and each image can be calculated. From this information and
considering the overlap among images it is possible to reconstruct the scenes in 3D and so create, almost
automatically, 3D models of any object or surface. Since the intrinsic parameters of the camera are
automatically estimated during the geometric reconstruction phase, no prior calibration of the camera is
required (Jay et al. 2015). This processing can be complemented with multi-view stereo (MVS) to obtain
three-dimensional clouds with high point density.

The processing flow basically consists of five phases: (i) feature detection and establishment of
correspondence between points in all images taken for defining sensor parameters and relative position
(Chang et al. 2017). The aim is to automatically detect the key points common to several photographs using
invariant scaling, translation, rotation, and radiometry algorithms such as Scale Invariant Feature Transform
(SIFT) (Lowe et al. 2004); (ii) reconstruction of the geometry of the photographic shot by applying
triangulation and determining the position of the key points in space from at least two different images in
which each point appears and logging the positions and orientations of the camera in each photograph; (iii)
block adjustment of the group of rays that join the projections and physical points in such a way that the
reprojection error is as low as possible and thus obtaining a cloud of linking points; (iv) application of MVS
algorithms that enable increasing density of link point clouds (or scattered cloud), starting from the
geometry of the shot and link points to obtain a high density of points with relative X, Y, Z coordinates; (v)
although this last step is not necessary, the model can be provided with scale, absolute coordinates, and
metrics, and points with known coordinates can be located (using GNSS). A high-density 3D point cloud

is therefore obtained, and the same algorithms used for LiDAR data can be applied on those data to obtain
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projected areas, crown and stem volumes, canopy and tree heights, information of stem and strata tree and
among others.

The potential of the SfM technique with cameras on board in UAVs has been tested in forest
ecosystems (Wallace et al. 2016, Guerra-Hernandez et al. 2018). Single tree inventory variables were
estimated using these techniques (Miller et al. 2015; De Eugenio et al. 2018). In agriculture, the geometric
characteristics of various crops were obtained (Jay et al. 2015; Chang et al. 2017; ) and this enabled an
estimation of plant biomass (Torres-Sanchez et al. 2018) and a monitoring of its phenological evolution
(Dong et al. 2017) even in semi-arid environments (Cunliffe et al. 2016). The advantages of SfM techniques
are that they enable estimating at low-cost tree parameters with great spatial detail (Zarco-Tejada et al.
2014; Diaz-Varela et al. 2015) and they can be used for individual and selected parcels The greater
flexibility in the acquisition process enables obtaining repetitive data in a short period of time (Gomez-
Candon et al. 2014). All these advantages mean that this technology has great potential to be applied in
horticulture. However, these systems can provide valuable information for extracting tree and height
modelling, the capability for defining stems and 3D crown structure require further analysis. In fact, only
3D points of the outermost canopies are retrieved. Another constraint of these systems is that the effect of
shadows on the images makes the photogrammetric processes more complex. For measuring the lateral
sides of trees, it is important to analyze the effect of angle observation and so avoid the problems inherent
in a zenithal shot. In addition, these systems require UAVs, whose costs are quite variable, and required
qualified staff to pilot them.

Terrestrial photogrammetry based on SfM can offer an interesting alternative. These low-cost
systems are based on the use of standard digital cameras, as in the case of UAVs. However, one of the
advantages is that the user only has to take images around the tree and this process is quick. In addition,
this observation system is flexible and can register data from the highest and lowest parts of the canopies
and stems of the trees. Therefore, it is worthwhile analyzing the performance of these techniques for
obtaining the basic parameters of trees.

The aim of this study is to estimate total and crown height, stem and crown diameter and stem and
crown volume of walnut trees applying Structure from Motion (SfM) method on terrestrial images taken
by a standard digital camera. The species studied is the walnut tree (Juglans regia L.), a tree that is
increasing popular in Spain, varying from 10,212 ha in 2010 to 15,204 ha in 2019 (Ministerio de

Agricultura, Pesca y Alimentacion, 2019). It is evaluated correspondence between standard field methods
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and this photogrammetric technique to estimate both crown and stem features (height, diameter and

volume).

Materials and methods

Field data

A set of 45 walnut trees covering a wide and continuous range of values in terms of crown and stem diameter
(Table 1) was sampled in December 2017 - January 2018. The sample trees are located in two irrigated
plots in the municipality of Viver (Castellén, Spain) (Fig. 1). The soil has a sandy-loam texture and is
calcareous with an isopropyl-n-phenyl carbamate (IPC) of 35. It is deep although it has little organic matter,
and is reddish-brown in color. The average rainfall in the area is 556 mm, and the relative humidity is
60.14%. The lowest and highest average monthly temperatures and the annual average in recent years

(http://agroclimap.aemet.es) have been 7.9° C, 22.8° C and 14.6° C respectively. The reference

evapotranspiration (ETo) is 116.51 mm (Hargreaves 1994).
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Fig. 1. Study area showing the location of the two irrigated plots (images from Open Street Map and Google Earth).
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The specimens used in the study are grafted on stems of the same species after two years of
seedling, which is the majority pattern in limestone areas, where the two plots are located. The adult
specimens are a maximum age of 28 years old, and although this plantation was originally dry, controlled
deficit irrigation was installed about 18 years ago. The growth of the walnut trees is considered to be very
adequate for the age of the plantation, taking into account that pruning has always been done by carefully
eliminating branches to allow good aeration and a high photosynthetic efficiency. The following parameters
were measured for the 45 trees: total height (Ht) was measured from three locations, using a pole to measure
the highest branch of a tree. Stem height (Hs) was measured from the ground to the first bifurcation using
a tape. Stem diameter was (Ds) measured at 0.60 m from the ground using a pi tape. Crown height (Hc)
was calculated from the previous data (Ht-Hs). Since trees were sampled without leaves, the crown
diameters were not measured in the field. To obtain the crown diameters (Dc) of each tree, an orthophoto
of July of 2017 (Orthophoto 2017 CC BY 4.0 © Institut Cartografic Valencia, Generalitat) with a pixel size
of 0.25 x 0.25 m and a false color composition (IR, R, G) were used. Four measurements per tree in the
directions N-S, W-E, NW-SE, and NE-SW were then taken and their average value was calculated. In the
orthophoto, walnut trees were leafy, and crown shapes and their diameters could be identified more
accurately than when leafless. For leafless trees, it was difficult to identify the crown boundary, especially
for large specimens. Crown growing differences between the periods of field campaign and orthophoto can
be considered insignificant, since annual pruning was applied after taking images (February 2, 2018). Stem
volume (Vs) can be adjusted to that of a cylinder of height and diameter measured manually with a tape.
However, this results in a significant loss of accuracy in the volume value. Indeed, of all the measured
specimens, only the youngest could have a cylindrical trunk. In the adult specimens, it is common to find
that the base of the steam is wider than a few centimeters above in height, and there is a clear non-circular
widening in the upper part of the stem, where the branches of stratum 1 of the crown diverge, as can be
seen in Fig. 4.

For all these reasons, measurements of the diameters of the stems were taken from the base, every
20 cm in height (stem diameter was invariant at this interval), and finally at the crown (given the irregular
shape at this height, two perpendicular measurements were taken and averaged). The stem volume was
obtained as the sum of the volumes of cylinders between two successive diameter measurements (base,
every 20 cm, and crown). Table 1 shows a high disparity in the stem volumes, a consequence of the different

sizes of the walnut trees. Crown volume (Vc¢) also presents a high disparity for the same reason as the
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diameter of the stem. It was calculated using the equation of a paraboloid solid as a surface model by Eq.
(2). This solid was used in previous studies (Estornell et al. 2017) and was selected since it is the model

that best fits the crown in comparison to hemisphere, cone, and cylinder models.

1 m-DZ-H,
e=s—— (1)

Where V¢ (m®) is the volume of the paraboloid used to model the crown, Dc (m) the crown

diameter, and Hc (m) the crown height.

Table 1 Statistics of walnut parameters measured in field (n = 45). Total height (Ht); crown height (Hc); crown

diameter (Dc); stem diameter (Ds); stem volume (Vs); crown volume using a paraboloid shape (Vc).

Statistic Ht (m) Hc (m) Dc (m) Ds (cm) Vs (m3) Ve (md)
i 511 4.20 5.05 17.59 0.042 74.97
c 1.93 1.83 2.79 8.29 0.041 97.44
Min 243 1.67 1.43 7.20 0.005 1.33
Max 9.25 8.33 10.63 33.80 0.160 358.58

Structure from motion methodology

Building a 3D model using SfM requires photographs from different angles around each tree. The
systematic capture of a photograph every specified time lapse enables a high overlap between images in
such a way that the same point is identifiable in several images. This enables a better reconstruction of the
geometry (Jay et al. 2015).

A GoPro Hero4 Black camera was used with a resolution of 12 MP, and images were captured
every 0.5 seconds with a wide FOV, 28 mm focal length focus, auto exposure time, and 1SO-100. The
camera was adapted to the end of a surveying rod extended to a height of two meters. The camera was
elevated to about 3.5 meters in height and a continuous and circular capture was made around each tree.
For adult trees, an average of 80 photographs were taken with a large overlap. For the young walnut trees,

the approximate height of the camera was about 2.5 meters and the average humber of photographs per tree
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was 70. The time spent to take images around each tree oscillated between 30-60 seconds. It took
approximately two and a half hours of field work to take images for the 45 trees.

The photographs were taken on February 2, 2018, with a cloudy sky and hardly wind, in ideal
lighting conditions to avoid the strong contrast between sunny and shady areas (Fig. 2). To provide metrics
and scale to the models, two orthogonal range poles were used in the XY plane and two more in a vertical

direction (Fig. 2, Fig. 3). Subsequently, four distances (one per range pole) were defined in each

photograph.

Fig. 2. Photograph of an adult walnut (a) and point cloud created with the position of the photographs and markers

that define the four scaling distances (b).

Fig. 3. Photograph of a young walnut (a) and point cloud created with the position of the photographs and markers that

define the four scaling distances (b).

SfM processing was performed using Agisoft PhotoScan Professional Edition software (Agisoft

LLC) version 1.2.5 build 2735. It is a quasi-automatic process, requiring just the manual localization of
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four distances in each image to set the model scale. This software performs several steps: firstly, the images
are aligned and the position of the camera and the orientation of each image are identified automatically
(Fig. 2 and Fig. 3 show the position of the cameras in the circular movement around each tree). An initial
scattered point cloud is created in this step. Secondly, the distances to calibrate geometrically the model in
the successive frames are defined. An accuracy of 2 cm is defined by default in the identification of distance
measurements, obtaining errors in the bundle adjustment for all the photographs ranging from 0.1 cmto 1.4
cm. Finally, a dense cloud is then created.

As can be seen in Fig. 4, an accurate definition of the geometry of the tree is achieved in both adult
and young specimens. The stems are perfectly defined because the surfaces are clearly identifiable in the
photographs. In the upper and terminal parts of the branches, their smaller size combined with the slight
movement caused by the low wind and the mixing of radiometric levels with the background sky, caused
many errors that were necessary to manually clean (Fig. 5 shows an example of the result of the cleaning
process). Even so, large errors are still evident, such as duplicities at the ends of some small branches as a
consequence of the occultations that can occur between successive images or wind. Moreover, there is less
accuracy in the upper parts and further away from the geometric centers of the cameras. The points
corresponding to the ground are eliminated and the point clouds are exported in LAS format to apply the
three-dimensional data processing algorithms, such as those implemented in Cloudcompare version 2.8

(www.cloudcompare.orq).
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Fig. 4. Point clouds of three walnut, adult (left) middle age (center)b and young (right). At the bottom of the figure,

7

three views of the stem of each walnut area shown.

Fig. 5. Upper part of a walnut tree before (a) and after manual cleaning (b).
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Extraction of walnut tree parameters from SfM point clouds

The walnut tree parameters were obtained processing the 3D point clouds for each tree using Cloudcompare
(cross sections, subsample, statistical outlier removal,) and routines developed in Matlab (v. 7.11, the
MathWorks Inc.; Natick, MA, 2010). Parameters such as total and crown height and stem diameter are
extracted from attributes of the files using necessary specific tools. The difference in Z between the highest
and lowest points of the 3D point cloud for each tree enables calculating total height values (Htssm). After
manually splitting the complete point cloud into crown and stem points (by identifying the base of the first
branching of the stratum 1), the crown (Hcswm) and stem heights (Hsssm) can be obtained in the same way
using the “min” and “max” functions of Matlab. The crown and stem points are then processed separately.
For stem diameter (Dsstm) the average of the dimensions in X and Y directions of the 2 cm thick Z-section

at a standard height of 60 cm was calculated (Fig. 6).

0 0.5
I

1
1m

Fig. 6. Stem of an adult walnut tree and section used to measure its diameter (yellow section at 60 cm height).

Crown volumes and mean diameters have been calculated for each walnut using routines
implemented in Matlab (distance and convhull functions) from crown and stem clouds. For volumes, two
different algorithms were applied to compute the crown volume, as described in Fernandez-Sarria et al.
(2013) and Estornell et al. (2017) (Fig. 7). The first algorithm uses the convex hull function and it is applied
to the file with the crown points with coordinates X, Y and Z for each tree. . The second method is a slight
modification of the first one. The convex hull function is applied in each slice of 5 cm height in each crown.

Every 5 cm slice creates a closed surface whose volumes are calculated and summed.

13



Journal of the Indian Society of Remote Sensing

Fig. 7. Volumes over crown of an adult walnut tree. Convex hull global volume (left) and convex hull by slices (right).

The stem volume has been calculated by applying the Matlab routine described using (in this case)
two algorithms: the first, by obtaining the convex hull formed by all the points of the stem; and the second,
by applying it to each 5 cm section in the Z axis. To calculate the crown diameter (Dcstm), the following
steps were applied using Matlab routines (more details in Fernandez-Sarria et al. (2013)): the central
coordinates of the upper part of the trunk cloud are used as a central point of the corresponding crown. For
each crown point, the polar coordinates from the central point are calculated. A set of 72 circular sections,
with five degrees of angle, are obtained in the XY plane projection of the crown. The longest of all the radii
calculated within each section is selected and added to the longest radii of the symmetrical section, the
section incremented 180 degree with respect to the specific section. This enables defining one diameter.
The other 35 diameters are determined in the same way, and so obtaining a total of 36 values. Finally, the

average of all the diameters was computed.

Estimation of parameters

A set of parameters derived from SfM data (Dssim, Dcstm, Htsim, HCsim, VSsim, VCSTM) were used as
explanatory variables to estimate field parameters (Ds, Dc, Ht, Hc, Vs, Vc). Simple regression models were
calculated obtaining the R?, RMSE, and relative RMSE (RMSE%), calculated dividing the RMSE value by
each parameter mean calculated from field data. For crown volume estimation, the two approaches
described previously to retrieve crown volumes from 3D point clouds were analyzed (convex hull and
convex hull by slices. It was then checked if the residues followed a normal distribution. For the stem and
crown volume variables the condition was not met. Therefore, for these variables it is necessary to carry
out the transformation into Napierian logarithms.

A leave-one-out-cross-validation method was applied to evaluate each regression model. The R?,

RMSE and RMSE% were obtained for the regression models and compared to those obtained from the
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cross-validation technique. The residuals among field and cross-validation predicted parameters were also

calculated and analyzed if they followed a normal distribution by applying a Shapiro-Wilk test (p>0.05).

Results

The parameters of walnut stems (diameter and volume) were estimated with considerable accuracy with R?
values of 0.99 and 0.98 and RMSE values of 0.01 m (RMSE% = 6.44 %) and 0.12 (RMSE% = 3.32 %),
respectively (Table 2). The simplest models (1 variable) were calculated to estimate all the structural
parameters. For stem diameter estimation, the same parameter, but derived from 3D stem points, was
selected showing a strong relationship between field vs. SfM parameter (Fig. 8). These results demonstrated
the capability of the ground SfM technique to obtain stem diameters. For stem volume, the most accurate
fit was obtained when convex hull algorithm by slices were used to model and calculate volume. The
accurate results obtained for the stem parameters agree with the detail shown in the walnut stem in Fig. 6
where the 3D point cloud retrieved from SfM shows a defined structure for the walnut stem.

For crown parameters, the most accurate results were obtained for diameter and crown volume. In
the first case, the values of R%, RMSE, and RMSE % were 0.99, 0.26 m and 5.15 %, respectively. The
selected variable to estimate this parameter was the crown diameter derived from the 3D crown point. This
result shows a great degree of concordance with the crown diameter measured on the orthophoto. For crown
volume, the calculated regression model showed a strong relationship between this parameter calculated
from field data (using a paraboloid model) and the crown volume calculated by convex hull algorithm on
the 3D point crown layer (the R? value being 0.99). Similar result was obtained (R?=0.98) when the convex
hull by slices algorithm was tested to compute crown volumes (results not shown). Less accuracy was
obtained for crown height parameter with the values of R?, RMSE and RMSE%, 0.90, 0.56 m and 13.3%
respectively. Similar results were obtained for total height. For this parameter, an R? of 0.91 and RMSE of
0.56 m were obtained (RMSE% = 11%). For height parameters (total and crown), a more accurate fit was
observed for small trees (Fig. 8). Overall, a strong correlation was also observed for these two parameters

demonstrating the potential of the ground SfM technique to measure total and crown height.
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Table 2 Parameters of the regression models. Estimated walnut parameters: stem diameter (Ds); stem volume (Vs);
crown diameter (Dc); crown volume (Vc); crown height (Hc); total height (Ht). Independent variables derived from 3D
point clouds using SfM method: stem diameter (DsSfM); stem volume calculated using convex hull algorithm by slices
(Vssmv); crown diameter (Dcseav); crown volume calculated by convex hull algorithm (Vcsim); crown height (Hesiv);
total height (Htsm); determination coefficient for each model (R?); root mean square error (RMSE); RMSE percentage
compared to average field values for each parameter (RMSE %); cross validation determination coefficient (R%cv);

cross validation root mean square error (RMSEcv); statistic W of the Shapiro-Wilk test.

W Shapiro-
Parameter Estimater R?> RMSE RMSE (%) R%v  RMSEcv p-value
Wilk

Constant 0.009

0.99 0.01 6.44 0.99 0.01 0.98 0.90
Dssiv (m) 0.954
Model: Ds = 0.009 + 0.954*Dsstm
Constant 0.324

0.98 0.12 3.32 0.98 0.13 0.98 0.90
LnVssim (dm®)  0.952
Model: LnVs = 0.324 + 0.952*L.nVssim
Constant 0.307

0.99 0.26 5.15 0.99 0.27 0.97 0.54
Dcstm (m) 0.964
Model: Dc = 0.307 + 0.964*Dcstm
Constant -0.612

0.99 0.17 1.52 0.98 0.13 0.98 0.09
LnVesm (m®)  1.021
Model: LnVc =-0.612 + 1.021*LnVCsim
Constant -0.066

0.90 0.56 13.33 0.89 0.59 0.97 0.33
Hcsm (M) 0.974
Model: Hc = -0.066 + 0.974*Hcsm
Constant -0.118

091 0.56 10.96 0.91 0.59 0.97 0.37
Htsfm (M) 0.983

Model: Ht = -0.118 + 0.983*Htstm
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The comparisons of RMSE and R? values obtained for the regression models and cross validation
techniques for each parameter were made to validate the results. In this line, similar values of RMSE -
RMSEcv and R? - R%cv were found for each parameter (Table 2). Furthermore, a linear relationship close
to the 1:1 line was observed in the field data and cross validation predicted an R? value greater than 0.89
(Fig. 8). Residual distribution among field and cross validation predicted parameters for all the parameters
were also analyzed. P-values in the Shapiro-Wilk test were higher than 0.05 — indicating that they were
normally distributed (Table 2).

Fig. 8. shows the distribution of field vs. predicted values close to the 1:1 line in the analyzed
variables. This figure contains the relationship between the predicted values (X-axis) when applying the
leave-one-out cross validation technique and those observed in the field (Y-axis). The results of this graph

and the values of the Shapiro-Wilk test (Table 2) enable justifying the validation of the models.
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Fig 8. Scatterplot for each field and cross-validation predicted parameter (calculated from 3D point clouds using SfM
method). Ds, diameter of the stem (a); Dc, diameter of the crown (b); Ht, total height (c); Hc, crown height (d); Vs,

volume of the stem (e); Vc, volume of the crown (f).
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Discussion

In this study, regression was performed to model and to establish the relationship of each observed and
calculated parameter (Ht, Hc, V¢, Vs, Dc and Ds) obtaining R? values greater than 0.89 for all the models.
These results indicate the capability of ground SfM for estimating the structural parameters of walnut trees.
The same explicative variables (field data vs SfM method variables, Ds vs Dssim; VS VS VSsim; D¢ vs DCsiv;
Ve vs Vesiv; He vs Hesem; Ht vs Htsav) were selected to estimate each parameter avoiding complex models
whose geometrical and physical explanation could be not so evident (Table 2). The simplest models were
calculated for each parameter (one explicative variable) by selecting the same parameter — but derived from
3D point clouds (Table 2). These parameters can be obtained using simpler traditional methods. However,
computing a 3D tree model allows a better definition of their geometry and repeatability in the
measurements. In addition, 3D point clouds enable characterizing other parts of the tree whose manual
measurements in field are more complex and imprecise (crown diameter, crown area, diameter and length
of the branches of stratum 1, etc.). On the other hand, some trees are large enough making that accurate
measurements of height and crown diameter are difficult to obtain by traditional and simpler methods.

In terms of relative RMSE, it is interesting to note the results obtained for crown and stem
diameters (5.15% and 6.44%, respectively) reveal a significant potential for this technique for measuring
these parameters. For stem diameter, these results are in line with those reported by De Eugenio et al. (2018)
for Pinus pinaster when applying ground SfM techniques. Similar results were also found for this parameter
on forest trees registered with TLS systems (Heinzel et al. 2017; Pitkénen et al. 2019). These studies
reported values of RMSE ranged from 0.7 cm to 2.1 cm. However, this technology, unlike ground SfM, is
more time consuming and requires several stations to register completely each tree and the high cost of
equipment limits its use (especially for small-medium plantation owners). The results obtained for this
parameter could monitor growth and classify the trees according their sizes. The capability of ground SfM
technique for estimating walnut crown diameters was also demonstrated in this study. This result was in
accordance with findings reported in Estornell et al. (2017) for walnut trees. In this study, a TLS system
was applied that obtained an RMSE value of 0.44 m. Both techniques enable modeling the crown of the
tree in great detail while dealing with the irregularities found in crowns. In our study, the algorithm
developed enabled computing 36 diameters from the 3D point cloud. In contrast, the measurement of the

diameter by traditional methods presents some complexity, especially for leafless trees as shown in our



Journal of the Indian Society of Remote Sensing

study. The border of the crown can be extracted in great detail from the 3D point clouds (Estornell et al.
2018). Previous studies have shown the relevance of crown diameter for estimating crown and pruning
biomass in olive trees (VVeldzquez-Marti et al. 2011; Veldzquez-Marti et al. 2014).

Lower values in terms of R were found for height parameters (0.89-0.9), especially for large trees
(Fig. 8). These results could be explained considering that the detection of the highest and terminal parts of
the branches was difficult using terrestrial SfM algorithms. A mixture of reflections from sky and vegetation
background can often occur when measuring high parts and this generates some noise and anomalous 3D
points (Fig. 5). To our knowledge, no previous study has focused on estimating fruit tree parameters using
terrestrial SfM. However, tree height parameters are estimated with other techniques. For instance, RMSE
values in the range of 0.21 m and 0.43 m were reported for walnuts and olives using airborne LIDAR data,
TLS and UAV systems (Diaz-Varela et al. 2015; Torres-Sanchez et al. 2015; Lépez-Cortés et al. 2019). In
our study, an RMSE of 0.56 m was obtained. To explain this higher value another issue should be
considered. Walnut trees in our study were registered under leafless conditions and the small radiometric
contrast with the background sky and the slight movement due to the low wind of the thinnest terminal
branches makes the determination of tie points less accurate. More accurate results may be expected for
leafy trees, when the high leaf coverage of the walnuts would make it possible to obtain true tie points
adjusted to the crown envelope, and so generating a denser 3D point cloud that could enable defining the
canopy with greater detail.

For crown volumes, significant relationships were found between paraboloid volumes, calculated
from field data (crown height and crown diameter) and crown volumes computed from 3D point clouds.
We would like to emphasize that this volume is not actual volume but geometrical volume. To know actual
values of volume, it would be necessary to apply destructive methods or to determine the volume of each
branch by other measuring methods. Two procedures were tested (convex hull and convex hull by slices).
The estimation of crown volume by applying the convex hull method is more accurate than using a 3D
shape model such as a paraboloid based on traditional measurements. Differences between these methods
can even be more relevant for irregularly shapes and leafless crowns as those considered in our study.
Several studies reported the potential of the crown volume parameter in precision agriculture for adjusting
spray volume (Miranda-Fuentes et al. 2016) and calculating the leaf area index (Arné et al. 2013). In
addition, these results could be applied for estimating crown biomass based on a widely accepted

biophysical relationship between crown volume and crown biomass. Allometric equations based on field
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data for estimating this parameter are not common in agriculture, and these values need to be obtained from
destructive samples. Therefore, the results obtained could be applied to estimate crown biomass in an
indirect way using information retrieved of 3D models developed in our study. Another aspect to be
mentioned is that the photographs were captured for trees under leafless conditions (early February). This
situation offers advantages and disadvantages. The main advantage of the absence of leaves is that the solid
structure of the trunk and the thicker branches can be modeled with greater detail than with thinner and
more terminal branches, which are complex to model with this technique. Trees in this stage offer a better
approximation to the amount of wood biomass. For trees with leaves, crown solid volumes can be defined
by the enveloped 3D shape that could be also used to estimate in an indirect way crown biomass. For stem
volume, an accurate regression model was also reported. Walnut stems show a approximate cylindrical
geometry that was identified clearly from the 3D point clouds. For crown and stem volumes, it should be
noted that R? values represent the percentage of variation explained by crown and stem volumes computed
by the 3D point cloud, respectively. These variables were previously transformed to meet linearity model
assumptions (for instance normality of the residuals). Therefore, these results were reported in the linearized

space, and not in the original scale. These results should be analyzed with caution.

Conclusions

Several walnut parameters were derived successfully and accurately in our study such as crown diameters,
crown and total height and crown and stem volume using terrestrial automated photogrammetry (ground-
based SfM technique). These parameters are of interest for the management of fruit plantations as reported
in the article. The technique used in this study was SfM method applied on images taken by a standard
digital camera, not requiring specific instruments (laser scanner, aerial LIDAR sensors, GNSS devices) or
specialized users to capture the data. This technique constitutes a low-cost observation technique unlike
other capture systems. For these, specific and more expensive devices are used, and other auxiliary devices
where the measurement equipment are installed and which often require more logistics. In addition, unlike
ground SfM methods, these observation systems require a higher level of user specialization.

Previous studies applied this terrestrial approach to determine different parameters of forest trees.
Despite this, it is necessary to explore the suitability of this technique on fruit trees with crowns, branches

and stems of smaller dimensions. For these reasons, testing the potential of this low-cost technology on
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these trees is of interest. The possibilities of modeling both the canopy and the stem in three dimensions
are interesting for many applications such as pruning, quantification of wood biomass, phytosanitary
treatments, CO- sequestration and for estimating biofuel production.

Although promising results were obtained for the estimated parameters (in terms of R? and RMSE),
there are some aspects that could be improved in our study. As reported, difficulties to model the highest
and smallest branches were observed (some duplications, incomplete branches due to occlusions, erroneous
3D points), and lower accuracy was found for the total height and the crown height compared to the rest of
parameters. Despite these limitations, we obtained accurate values for R?, RMSE and RMSE %. Images
were taken in leafless conditions making more challenging the use of this method for determining these
parameters. However, this observation condition has advantages as reported in the article (accurate
definition of the stem and more information of tree branches). For leafy trees a better definition of the upper
parts of the canopy could be obtained by detecting a greater number of tie points automatically in the
photogrammetric processes. These acquisition advantages require to be analyzed in further studies to

improve the results obtained in this study.
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