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ARTICLE INFO ABSTRACT

Handling Editor - Dr R Thompson In precision agriculture, methods for analysing 3D point clouds of plants have been introduced, particularly

pointing to the high accuracy of light detection and ranging (LiDAR) laser scanning under field conditions. In the

Keywords: present work, LiDAR-based 3D point clouds of cherry trees (n = 255) were analysed for estimating the leaf area

Fruit tree as the main factor for water interception. Canopies were scanned for segmenting leaf area pointing to a high

]]:as‘;r scanner variability of canopy surface. The derived tree-specific data of leaf area index (LAI) were implemented into the
ear area

Community Land Model (CLM), which takes into account canopy interception processes during rainfall events.
During canopy development of perennial trees the LAI increased resulting in increased water interception. Events
with low rain fall the interception reached 38-100 % capturing LAI of 0.76 — 2.11 m?/m?, respectively. In high
rainfall events, interception varied 10-14 % capturing the same LAI range. An equation for describing the
varying effects of rainfall intensity and LAI is proposed. The evapotranspiration and water interception data point
to a substantial decrease of effective water supply that varies tree-individually during the season. In commercial

Leaf area index
Rainfall interception

fruit production, the proposed method can support precise irrigation management.

1. Introduction

To mitigate the impact of global warming and drought on the high
demand for the limited availability of freshwater resources, irrigation
management decisions are critical in arid and semiarid regions. High
irrigation water use causes water retention, agricultural nutrient
leakage, and reduces water productivity (Afzal et al., 2017). Therefore,
precise irrigation scheduling is required to improve crop yield and avoid
overwatering.

Tree canopy parameters are involved in key actions of crop man-
agement, such as irrigation, but also fertilisation, pesticide application,
and crop load management (Zude-Sasse et al., 2016). Canopy features
interacting with the environment are the foliage, woody parts, and
reproductive organs. Particularly, the leaf area index (LAI) has been
introduced for predicting ecosystem models of hydrologic and carbon
cycles. Changes in the LAI can affect evapotranspiration (ET), which
regulates soil moisture content (Liu et al., 2016; Seo and Kim, 2021).
Furthermore, irrigation (Lebon et al., 2006), water stress (Junttila et al.,
2021), fertilisation (Rosell and Sanz, 2012), application of plant pro-
tection agents (Gil et al., 2014), light interception (Louarn et al., 2008),

and fruit yield and quality (Penzel et al., 2021) have all been linked to
leaf area and leaf density (Kliewer and Dokoozlian, 2005).

Several models that calculate fluxes among soil and land-surface
systems frequently employ the LAI as a key input variable (Gao et al.,
2012; Gyeviki et al., 2012; Carrasco-Benavides et al., 2016). The actual
LAI is directly measured using time-consuming processes that include
partial or complete defoliation of trees. The general effect of foliage
enhancing the water interception was shown in deciduous trees (Stae-
lens et al., 2008). However, direct LAI measurements of individual trees
in vegetation cover or orchards are hardly applied in large-scale
research and are typically used to calibrate indirect methods (Gar-
rigues et al., 2008; Fuentes et al., 2012; Confalonieri et al., 2013). In
research, light detection and ranging (LiDAR) laser scanners are
frequently employed as an indirect way to analyse trees and arable
crops, overcoming effects of varying lighting conditions that limit the
use of camera systems (del-Moral-Martinez et al., 2016). The LiDAR
sensor is typically mounted on terrestrial or aerial platforms in order to
acquire the three-dimensional (3D) profile of plants. Additionally to the
LAI the tree area index (Arno et al., 2013) as well as the leaf wall area
(del-Moral-Martinez et al., 2015) are two further metrics obtained with
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terrestrial laser scanners. Recent studies in forestry exploited the po-
tential of 3D point cloud measured for individual tree to discriminate LA
from stem area by means of LiDAR backscattered reflectance and geo-
metric features (Hackel et al., 2016, 2022). Using the same method, the
estimation of LA was achieved for fruit trees with high accuracy (Zhang
et al., 2021; Tsoulias et al., 2022). Similarly, LiDAR backscattered
reflectance and geometric features have been exploited to segment
cotton balls (Sun et al., 2020) and implemented for autonomous har-
vesting in greenhouse applications (Tao and Zhou, 2017; Lin et al.,
2020). In fruit production, the reflectance intensity and geometric fea-
tures were combined to identify and segment the total number and size
of apples per tree (Gené-Mola et al., 2019; Tsoulias et al., 2020). A
similar approach, based on geometric features was introduced to
segment 3D points of woody parts from leaves and fruit in pomegranates
(Zhang et al., 2021).

Considering irrigation management, LA and LAI play critical roles in
hydrological processes. During and after a rain event, leaves intercept
substantial amounts of precipitation and evaporate back into the at-
mosphere. The net intake of orchard soils is determined by taking into
account this relationship. Consequently, water resource management
requires an understanding of canopy variation in terms of LAI to esti-
mate water interception. Interception is an important component of
whole orchards’ seasonal water balance, especially in the case of
intensive planting systems, where net irrigation requirements should
incorporate an estimate of interception loss (Gomez et al., 2001) for
precise management. The amount and intensity of rainfall are critical
factors in determining canopy interception. In mixed forest, results
showed that the canopy of broad-leaved Korean pine intercepted 22 % of
rainfall (Sheng and Cai, 2019). However, rainfall interception by the
canopy varied from 7 % to 83 %. Interception by olive trees ranged from
7 % to 25 % of the average annual precipitation (606 mm) considering
0.3 and 5.0 m?/m? LA, respectively (Gomez et al., 2001).

High rainfall amount might lead to changes of canopy interception
(Sheng and Cai, 2019; Sun et al., 2011). According to Schneebeli et al.
(2012), up to 60 % of rainfall is intercepted during light rainfall,
whereas only 4 % is intercepted during periods of strong rainfall, and
roughly 15 % of the rain volume is intercepted during rainfalls of me-
dium intensity. Rain interception of oak canopy trees was affected by
wind speed (Lockwood and Sellers, 1982). Low wind speeds (0.2 m/s)
resulted in no effect on water interception, whereas interception
decreased significantly under windy conditions (3.3 m/s) for vinyl trees
(Toba and Ohta, 2008). Simulation models such as Community Land
Model (CLM) or Gash model have been developed for understanding
these important dynamics, because canopy interception can exceed 59
% of yearly precipitation in mature trees (Xiao et al., 2000). Modeling
performance was good for olive trees, with total interception loss of 18
% considering the experimental period and modeling using the Gash
model (Nobrega et al., 2015). However, most studies were conducted in
forests, whereas in commercial fruit production the CLM hasn’t been
applied so far. Furthermore, the LA in fruit trees varies within the or-
chard due to variability in soil properties, planting material, and pruning
measures. In deciduous fruit trees, such as sweet cherry production, a
seasonal development of foliage takes place, possibly affecting the water
interception.

The objectives of this research were (i) to assess the variability of leaf
area and LAI in a commercial cherry orchard by means of terrestrial
LiDAR laser scanner, and (ii) to construct an empirical model that cal-
culates water interception as a function of cherry LAI and precipitation
at individual tree level.

2. Materials and methods
2.1. Study site and field measurement

In Altlandsberg (52.623867 N, 13.816694 E), Brandenburg, Ger-
many, field measurements were carried out in a commercial sweet
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cherry (Prunus avium L. *Kordia’) orchard in 2019. Sweet cherry trees
were planted 5 years earlier at a distance of 2 m x 5 m. Except on rainy
days, the field was irrigated daily with 4.5 mm using drip irrigation
system. A meteorological station (IMT 280, Pessl, Austria) located
within the experimental site measured daily precipitation, evapotrans-
piration, wind speed and direction.

For calculating the water balance according to Penman-Monteith,
the reference evapotranspiration (ETo) provided the reference for the
crop evapotranspiration (ETc = Kc x ETo), as proposed in FAO-56. The
crop coefficient (Kc) showed monthly variability, since it is affected by
several factors such as the LA growth. Kc estimated for the condition of
an early flowering sweet cherry orchard using the FAO-56 equation. In
May and June, the Kc value reached its peak (1.2-1.4). In July, after
harvest, the Kc value dropped (0.7-0.8).

2.2. Leaf area measurement and data processing

A two-dimension (2D) LiDAR laser scanner (LMS511 pro model, Sick,
Diisseldorf, Germany) mounted on an agricultural tractor with an
adjustable rigid aluminium frame served as mobile LiDAR system (MLS).
Based on the time-of-flight (ToF) principle, the sensor worked at a
wavelength in the near infrared range (905 nm). The MLS included an
inertial measurement unit (IMU) (MTi-G-710, XSENS, Enschede,
Netherlands) and a real-time kinematic global navigation satellite sys-
tem (RTK-GNSS) system (AgGPS 542, Trimble, Sunnyvale, USA) for
monitoring 3D tilt and georeferencing the laser hits, respectively. The
LiDAR laser scanner was mounted on the same frame as the GNSS rover
antenna and the IMU. The 2D LiDAR sensor has a field of view (FoV) of
180 degrees, 80 m maximum scanning range, and scanned objects in
vertical planes. The tractor was driven at 0.5 km/h along both sides of
the rows (n = 255 trees), 1.5 m distance to the centre of the trees (Fig. 1).
The mounting height of LiDAR laser scanner (1.6 m) was chosen at half
average height of cherry trees, allowing the LiDAR’s FoV to capture the
full tree from top to bottom. The LiDAR scan was taken with 0.1667°
angular resolution, 25 Hz scanning frequency.

Analysis of LiDAR sensor data was carried out according to meth-
odology described previously (Tsoulias et al., 2019; Saha et al., 2020)
capturing the merging of the two canopy sides into one 3D point cloud of
each tree. Rigid translations and rotations were applied on each point of
3D cloud, while alignment of pairing tree sides was carried out with
iterative closest point algorithm, using a k-dimensional space to speed
up the process (Vazquez-Arellano et al., 2018; Tsoulias et al., 2019).
Segmentation of leaf area (LA) and wood by means of backscattered
reflectance and geometric features based on decomposed eigenvalues of
covariance matrix (Zhu et al., 2018b; Zhang et al., 2021; Tsoulias et al.,

GNSS antenna

Fig. 1. The LiDAR sensor, GNSS rover antenna and IMU were installed on a
metal frame and mounted on the tractor for scanning of non-defoliated and
subsequently defoliated cherry trees at 80 DAFB.
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2022). For estimation of LA, the segmented wood was subtracted (Fig. 2)
and a linear regression was built considering the segmented LA points
and manually measured foliage. Tree canopy scanning was carried out
mid of May, June, and July (36, 80, 96 days after bud break [DABB]).
The dates were chosen along developmental stages of tree canopy. At 36
DABB, leaves of this season were visible, but not fully grown. Leaves
were expanded and mostly mature at 80 DABB and canopy was
full-grown at 96 DABB. No further growth can be expected later in the
season.

After each of the three LiDAR scans, randomly selected 3, 2, and 2
trees, respectively, were defoliated by hand picking of all leaves
collected in plastic bags for reference LA determination. Defoliated trees
(n = 7) were scanned again using the LiDAR to calculate the surface area
of all stems and branches. To determine the reference LA, all harvested,
fresh leaves were scanned from one side in the laboratory with a desktop
paper scanner (Scanjet 4850, HP, Palo Alto, CA, USA) in groups of 5-15
leaves to generate RGB-images and all leaves were counted per tree. To
calculate the actual LA, a MATLAB script was used to analyse the
scanned RGB-images considering the sum of pixels of each leaf (Hobart
et al., 2020). The area of 1 cm? equalled 6241 pixels, the total area of
leaves was determined for each RGB-image of group of leaves.

Increases of LA of individual trees were interpolated with logistic
growth model (Tsoulias et al., 2022), where gamma (equ. 1) was
adjusted for each individual tree by means of minimising the root mean
square error in the fitting process

GLA (t) = (xmin Xmax)/(xmin + (xmax'xmin) e-y l) (1)
where t represented days after bud break; G(t) denotes the estimated
growth of LA at t [m?]; Xmin was the initial value and Xmax the upper
horizontal asymptote of extracted features and y was the acceleration
and deceleration constant rate of approximation to the two asymptotes.

The surfaces of LA [m?] obtained from LiDAR scans of the 255
canopies, each on three measuring dates, were further used as index per
ground area LAI considering the planting distance of trees.

z [m]

Fig. 2. Registered and aligned 3D point cloud of singularised sweet cherry tree
showing the points per tree (PPT) with colour labelling considering the leaf area
(green) and wood (brown). The 3D tree point cloud is representative for an
average tree found in the orchard.
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2.3. Interception calculation

The original canopy interception parameterisation scheme in Com-
munity Land Model (CLM4.5) is expressed by Sheng and Cai (2019) as
follows:

I=Rx « [l—exp(—05 (LAI) )
where [ is the intercepted water [%]; a is the empirical parameter (taken
as 0.22 according to Yang et al., 2019), R represents the amount of
rainfall per day [mm)]. In the present study, L (leaf) was replaced by leaf
area index, LAI measured with LiDAR laser scanner.

In previous studies, precipitation less than 0.5 mm were considered
negligible according to CLM (Sheng and Cai, 2019). Therefore, CLM was
modified to consider all rainfall data including the light rainfall events,
which provide deeper insight in the influences of canopy surface as
follows:

I=m+a [R—m|l1-exp(—0.5 (LAI))] 3)
where m =R if R < 0.5 and m = 0.4 if R > 0.5.

From the beginning of April (when leaves appeared) through the end
of July (fully grown canopy, after harvesting), the rainfall interception
was calculated for each day, when precipitation was recorded, consid-

ering the tree-individual LAIL

3. Results and discussion
3.1. Estimation of LAI during the canopy growth period

Cherry trees were scanned with LiDAR scanner from both sides,
which facilitated to produce a 3D tree point cloud model of each tree
(n = 255) at high density of points with average of 109467 points per
tree (PPT, Fig. 2). The 3D point clouds were further analysed to segment
the leaf area (LA) of the trees. The coefficient of determination for LA
estimation based on PPT (LApjpar) and manually measured LA (LApa-
nual) has frequently been reported as very high, also in fruit trees (Pforte
et al., 2012; Sanz et al., 2018; Tsoulias et al., 2019; Zhang et al., 2021),
which was confirmed in the present study.

However, a limiting factor for the LApjpagr estimation are occlusion
effects occurring in the canopies (Lei et al., 2019) and differences in the
percentage of wood during seasonal canopy growth in perennial trees. In
the present study, the verification of the LiDAR based LA estimation was
carried out considering reference LApanual analysis (n = 7) after defo-
liation ranging between 5.7 m? and 14.6 m? and PPT after removal of
points belonging to wood (Fig. 2). A strong correlation (r? = 0.93) was
found between LiDAR based LA and manually measured LA from the
corresponding cherry trees (Fig. 3).

20
y = 0.5407x + 2.5286
=093
15
°
£ 10
£
<
-
5
0

0 5 10 15 20
LAipar (M?)

Fig. 3. Scatter plot of leaf area (LA) estimated from LiDAR 3D point cloud and
measured destructively after defoliation (n = 7).
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Geometric features of linearity and LiDAR backscattered reflectivity
were utilised for this purpose as shown earlier, e.g. by Sanz et al. (2018),
already revealing high correlation of manual and LiDAR analyses in
apples trees (r2 = 0.88) and vineyards (r2 = 0.80). Recent work on
segmenting woody parts and LAjpar at several growth stages in apple
trees by means of 3D point cloud analysis, indicated that percentage of
wood decreased during canopy growth. Considering the entire vegeta-
tion period, LAjjpar estimation was improved, when subtracting the
increased amount of LiDAR points belonging to wood (Tsoulias et al.,
2022). The relationship between LApjanyal and LApjpar Were enhanced
after removal of woody parts, revealing a substantial increase of rgdj, v
= 0.81 with wood and erj, cv = 0.92 without wood (Tsoulias et al.,
2022).

The LAyipar values obtained at three measuring dates were inter-
polated by means of growth model (equ. 1) to estimate the Gy of each
tree over the season starting at bud break in April until the canopy was
fully developed after fruit harvest in July (Fig. 4). During the growth
period from 36 days after bud break (DABB) until 80 DABB, the Gpa
increased sigmoidal as expected. Leaves were developing rapidly till
June and with decreased growth rate in July, when the leaves were
mature and finally no further canopy growth appeared. Considering all
trees (n = 255 per measuring date), LA ranged from 0.02 to 2.95 m? in
May, 0.15-3.49 m? in June, and 0.78-3.51 m? in July (Fig. 4).

For further calculation of the canopy water interception, the LA was
expressed per unit ground area as dimensionless index LAL Equally, the
LAI changed according to the canopy growth of the perennial, deciduous
fruit trees. A high variability of LA and LAI was observed in the orchard,
which possibly affects the water interception.

3.2. Effects of rainfall and LAI on canopy water interception

Canopy water interception of rainfall is a dynamic process, thus the
interception ratio is not a constant value as reported by Sheng and Cai
(2019). Mean interception (%) of all trees at each rain event (31 points)
were calculated and the relationship with amount of rainfall described
(Fig. 5). An increase of rainfall resulted in exponential decrease of
interception (Eq. 4). High coefficient of determination of r? = 0.92 was
found in the present study. The relationship of rainfall (R) and water
interception (I) was calculated as

I=46958 R %™ (O]

Rainfall was fully intercepted for light rainfall events less than
0.5mm (Fig. 5). Mean interception during small rainfall events (<
5 mm) was 42 % compared to 15 % for high rainfall (> 5 mm). During

25
—a&— LA at LiDAR scan dates
20 —e— LA at rainfall events
& 15
£
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- |
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9]
=
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Time (DABB)
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Fig. 4. Mean and standard deviation of leaf area (LA) at rain events (black)
calculated for each tree with growth model and LiDAR measurements (red),
where LA was directly measured (n = 7905).
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Fig. 5. Water interception considering one mean leaf area index according to
the amount of measured rainfall (n = 31).

events with high peak intensities (> 30 mm), calculated interception was
occasionally low (14 %). As rainfall continued during most large events
(> 30 mm), there was slight difference between gross precipitation and
calculated net rainfall as shown earlier (Sidle and Ziegler, 2017; Yerk
and Montalto, 2014; Van Stan et al., 2011). Actually, numerous studies
have mentioned that the intensity of rain has a significant impact on
canopy water interception (Zeng et al., 2000; Murakami, 2007). It was
noticed that interception process was sensitive to rainfall intensity, but
marginally affected by its duration. With less rainfall intensity, the
interception increased because of the proportion of rainwater required
for wetting the crown surface, a main component of interception loss
from rainfall. In the present study, the maximum calculated interception
(100 %) occurred for a rainfall intensity of 0.5 mm/h. In contrast, the
minimum interception (5 %) was calculated for a rainfall intensity of
9.0 mm/h.

The mean LAI development generally followed the sigmoid growth
curve of LA during the season. However, LiDAR laser scanning of can-
opies pointed to high variability of LAI of individual trees within the
orchard, which can be assumed to affect water interception. Due to the
general growth trend of canopies but individual tree growth, this vari-
ability of LAI differed at each rain event (Fig. 6).

LAI was calculated for each tree at each rain event considering 255
trees at 31 rainfall events equalling 7905 data sets, which were used in
CLM to calculate interception (equ. 2, 3). Changes in canopy surface
affected the amount of rainwater intercepted (Fig. 7). However, no trend
was visible over the growth period. In May, when the leaves were small,
frequently low rainfall events occurred, leading to high percentage of
interception. This was the case, even if hardly any LA was measured. On
the other hand, in the temperate climate with increased precipitation in
summer months, frequently high rainfall event occurred end of June and
in July. At these high rainfall events, the percentage of intercepted water
decreased even if the foliage was fully developed. Considering the
highest rainfall event (23.4 mm) in July, it was found that the water
interception of individual trees varied substantially between 9 % and 20
%. The increase of LAI from 1.95 to 2.11 m?/m? during June and July,
increased the simulated interception by 6.49 mm (86 %). This was
calculated without wind consideration (Lii et al., 2007). However, Toba
and Ohta (2008) reported that interception was not significantly
affected by low wind speeds (0.2 m/s) and even decreased under windy
conditions (3.3 m/s) for vinyl trees.

The relationship of measured rainfall (R) and LAI with estimated
water interception (I) was described by one equation (Eq. 5). The co-
efficient of determination (r?) between modelled and measured values
was high with r? = 0.99, and fit standard error and Fstat were found 0.11
and 2736.14, respectively (Fig. 8).

I'=-033+237 / R*+0.97¢ "™ (5)
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Fig. 6. Box-plot considering leaf area index (LAI) at each rain event (n = 31) in sweet cherry trees (n = 255) in temperate climate in the four months relevant for
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Fig. 7. Box-plot of water interception of cherry tree canopy considering the variation of leaf area index of 255 trees at each rainfall event (n = 7905).

Increasing LAI by 25 % and 50 % resulted in 17 % and 34 % increase
in interception. For precise irrigation management in practise, the
interception additionally to gross rainfall data would be valuable. Such
data can be calculated based on the empirical model. Table 1 presents
the summary of calculated interception and gross rainfall for the total of
31 rainfall events in the sweet cherry orchard considering the period
from bud break until after harvest, when fruit trees are commonly irri-
gated in temperate climate. Average interception (%) varied between 27
% and 46 % for the monthly cumulative rainfall depending on LAI. The
average interception values for all events was 41 %.

The discrepancy between crop evapotranspiration (ETc) and net
rainfall appeared especially in June and July (Fig. 9). The high water
needs, here ETc, at high water vapour pressure deficit is the main factor
dominating the seasonal trend. The seasonal course of ETc is actually
hiding the high variability of percentage of water interception during
canopy development. However, despite an increase in rainfall during
end of June and in July, water supply is insufficient due to increased
water demand. Resulting, from the relationship shown in Fig. 8, in
cherry orchard, the interception can be calculated. It can be assumed
that the model can be used in other fruit trees as well. The substantial
amount of intercepted water explains that it is an important part of the
seasonal water balance, and an estimate of water loss due to interception

should be factored into the calculation of net irrigation demand. LiDAR
laser scanning may, therefore, provide a feasible method for more pre-
cise irrigation. Additionally, wind may affect canopy interception
(Zabret et al., 2018), especially for medium-size leaves, leathery and
smooth such as cherry trees (Gyeviki et al., 2012; Van Stan et al., 2011;
Yang et al., 2019), which needs to be investigated further.

4. Conclusion

High spatial resolution information on canopy geometry and struc-
ture may result in better orchard management decisions. In this study,
LiDAR was applied to estimate LAI as critical parameter influencing
rainwater interception by cherry tree canopy in a commercial orchard.
The relationship between measured LAI and rainfall with estimated
interception was derived from the Community Land Model (CLM),
which provides a numerical equation to calculate interception in fruit
trees.

The results considering LAI are pointing to inter-tree variability in
water interception. As such, the present results support that rainfall
interception are increased by increasing LAI and should be considered in
seasonal water balance calculations of cherry orchards. The model needs
to be confirmed for other fruit trees. Interception losses increase the
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Fig. 8. Relationship between rainfall and water interception considering the
leaf area index (LAI) of sweet cherry trees with 255 trees at 31 rainfall
event (n = 7905).

Table 1

Monthly interception loss and net rainfall according to LiDAR measurements of
the sum of leaf area index (LAI).

Time No. of rain events Rainfall (mm) LAI (mz/mz) Interception (%)
April 4 13.2 0.07 £+ 0.09 46.48 + 38.84
May 11 34.4 1.00 + 0.06 45.45 + 31.16
June 7 91.0 2.03 +£0.57 42.91 + 28.99
July 9 73.2 2.11 £0.55 27.35+14.34
Total 31 211.8 1.30 40.55
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200 4
E
£
= 150 A
=
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Fig. 9. Monthly crop evapotranspiration and effective precipitation over the
period of crop development.

water demand of crops, necessitating additional irrigation demands.
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