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Abstract
Agricultural residues have gained increasing interest as a source of renewable energy.
The development of methods and techniques that allow to inventory residual biomass
needs to be explored further. In this study, the residual biomass of olive trees was
estimated based on parameters derived from using a Terrestrial Laser Scanning System
(TLS). To this end, 32 olive trees in 2 orchards in the municipality of Viver, Central
Eastern Spain, were selected and measured using a TLS system. The residual biomass of
these trees was pruned and weighed. Several algorithms were applied to the TLS data to
compute the main parameters of the trees: total height, crown height, crown diameter and
crown volume. Regarding the last parameter, 4 methods were tested: the global convex
hull volume, the convex hull by slice volume, the section volume, and the volume
measured by voxels. In addition, several statistics were computed from the crown points
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for each tree. Regression models were calculated to predict residual biomass using 3 sets
of potential explicative variables: firstly, the height statistics retrieved from 3D cloud data
for each crown tree, secondly, the parameters of the trees derived from TLS data and
finally, the combination of both sets of variables. Strong relationships between residual
biomass and TLS parameters (crown volume parameters) were found (R2 = 0.86, RMSE
= 2.78 kg). The pruning biomass prediction fraction was improved by 6%, in terms of R2,
when the variance of the crown-point elevations was selected (R2 = 0.92, RMSE = 2.01
kg). The study offers some important insights into the quantification of residual biomass,
which is essential information for the production of biofuel.

Keywords: TLS; Residual biomass; Voxel; Convex hull; Cloud metrics
1. Introduction
The agricultural sector represents large potential sources of solid biofuels (Bernetti et al.,
2004; Beccali et al, 2009; Scarlat et al., 2011). Biomass sources from agricultural systems
can be classified as short rotation coppices and pruning wastage from fruit trees
(González-García et al., 2014). Among the agricultural waste types, significant amounts
of energy-producing woodchips can be obtained from comminuted pruning residues
(Jones et al., 2010). The need to quantify regular wastage, which is generated in
agriculture management operations, has led to apply dendrometric techniques to retrieve
the main geometric parameters of fruit trees. These data are used to develop tools that
allow the potential output of pruning biomass in agricultural crops to be calculated. This
has also been encouraged by the requirements as stated by the Intergovernmental Panel
on Climate Change (IPCC), which requires that all countries report on all lands and for
each to be assigned under one of the following 6 categories: Forest Land, Cropland,
Grassland, Water land, Settlements, other land; and requires that reporting should be done
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according to pre-defined carbon pools and carbon flows. On the other hand, both the
management and logistics of energy-pruned wood are based on the quantification of waste
(Velázquez-Martí and Annevelink, 2009; Velázquez-Martí and Fernández-González,
2010; Velázquez-Martí et al., 2012a). Furthermore, the commercialization of pruning
waste can be an additional income to the commercialization of food products.

Previous studies indicated that the residual biomass of agricultural trees can be estimated
using dendrometric parameters measured out in the field such as tree height, crown height
and crown diameter (Velázquez-Martí et al., 2011a, b, c; Sajdak et al., 2014; VelázquezMartí et al., 2016). As an alternative to the classical use of dendrometry, a large list of
published studies has been focused on estimating tree parameters by remote sensing
techniques such as Airborne Laser Scanning (ALS) and Terrestrial Laser Scanner (TLS),
mainly in forestry applications (Solberg et al., 2006; Popescu, 2007; Popescu and Zhao,
2008; Straub and Koch, 2011; Moskal and Zheng, 2012; Srinivasan et al., 2015). These
techniques have enabled researchers to obtain highly-detailed geometric properties, even
for the tree crowns which were previously unattainable using classical dendrometry.
The modeling of the tree canopy with TLS allows a repeatability of the dendrometric
parameters with high detail (millimeter-level). This technique is also capable of
determining other parameters no directly measured by traditional techniques such as the
biomass components (total, stem and branches) (Liang et al., 2016) and the crown
volumes (Fernández-Sarría et al., 2013b; Estornell et al., 2017). Furthermore, TLS
systems allows to define irregular crown trees with higher detail compared to traditional
techniques (Fernández-Sarría et al., 2013a). In addition, ALS systems allow to improve
traditional standwise forest inventory (Holopainen et al., 2010). So, these geographical
data could help researchers to model crowns whilst improving the results of earlier studies
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that had considered the issue of estimating pruning biomass. Modeled volume and
statistics derived from LiDAR point clouds can be related to production, necessary inputs
(water, fertilizers and pesticides), pruning and energy wood (Palacin et al., 2007; Escolà
et al., 2017; Gil et al., 2014; Estornell et al., 2015). ALS techniques demonstrated limited
results in extracting 3D crown data since most of the pulses are intercepted by the higher
parts of the crown and therefore the data relating to the lower areas are insufficient (Hadás
and Estornell, 2016; Hadás et al., 2017). In contrast, good results were reported in olive
and walnut trees when TLS data were applied to estimate height, diameter and volume of
the crowns (Moorthy et al., 2011; Estornell et al., 2017). In addition, the recording of the
data when using laser scanner systems can be optimized by transporting the emitters on
board field vehicles what makes this technology more efficient (Rosell et al., 2009).

The aim of this paper was to focus on relating TLS variables retrieved from 3D crown
architecture to residual biomass estimation. The key innovation within this study was to
analyze if the enhanced detail provided by a TLS system, that allows the generation of a
3D shape of the crown, could in fact improve the earlier studies that had been carried out
to estimate pruning biomass, either through data gathered out in the field using traditional
techniques or through previously used and tested ALS techniques. The vast majority of
these studies are focused on retrieving tree parameters of forest trees such as tree position,
trunk and crown diameters, tree height, biomass, and crown volume (Vastaranta et al.,
2009; Liang et al., 2012; Kankare et al., 2013; Srinivasan et al., 2014, 2015). In this study,
we also analyzed a set of height metrics from TLS point cloud of the crown data which
was combined with geometric parameters derived from TLS point cloud (tree and crown
height, crown diameter and crown volume) in order to determine whether more accurate
results could be obtained for estimating residual biomass.
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2. Materials and methods
2.1 Study Area
This study was done in Viver, a municipality located in the inland area of the Castellon
province in Spain, (Fig. 1) which has a typical Mediterranean climate: warm with dry
summers (22 ºC) and moderate winters (7 ºC). The average annual rainfall is 550 mm.
The average elevation is 600 m above sea level. A set of 32 of the Olea europaea species
were selected in 3 zones, intending to cover the 3 different age ranges observed in the
study area: young trees (n=8), medium (n=16) and adult (n=8). In Figure 2, the structure
of an olive tree for each class can be observed. The more abundant category found in the
study area was the medium-sized one. The olive tree crops that were studied were
Arbequina (zone 1) and Picual (zones 2 and 3) (Fig. 1). The characteristics of these
varieties are based on The International Union for the Protection of New Varieties of
Plants (UPOV, 2011) and are shown in Table 1. UPOV is an intergovernmental
organization to provide and to promote an effective system of plant variety
characterization and protection with the aim of encouraging the development of new
varieties of plants for the benefit of society.

Diameter and height of crown, trunk diameter and total height were measured from each
tree in the field at the study site. The stem and crown diameters were measured using a
diameter tape. The longest crown diameter and its perpendicular one were measured. The
average of these two values was considered as a crown diameter for each tree. The total
height was measured using a metric pole. The length of the trunk was also measured with
a tape. The height of the crown was calculated as the difference between total height and
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trunk length. The volume of the crown was calculated using a paraboloid solid as a surface
model (Eq. (1)) (Velázquez-Martí et al. 2012b, 2014; Estornell et al., 2017).
1 𝜋𝜋∙𝐷𝐷𝐷𝐷 2 ∙𝐻𝐻𝐻𝐻

𝑉𝑉𝑝𝑝 = 2

(1)
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Being, Vp (m3) paraboloid volume used to model olive tree crown, Dc crown diameter
(m) and Hc crown height (m).

Table 1. Basic pomological characteristics of studied cultivars
Arbequina cv
UPOV Characteristics

Picual cv

UPOV
Note

UPOV
State

UPOV
Note

UPOV
State

Tree: vigor

1

5

Medium

7

Strong

Tree: growth
habit

2

7

Dropping

5

Upright

Tree: canopy
density

3

5

Medium

7

Dense

Tree: wood color

4

1

Greyish
Green

2

Light grey

Frutiting shoot:
number of lateral
shoots

6

2

Few
presents

4

Many

Fruit: size

21

-

Small

-

Medium

Fruit: weight

-

1.51±0.86

3.67±0.72
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Figure 1. Location map of the olive trees (coordinates in meters, UTM projection,
ETRS89 Zone 30 North). Orthophoto courtesy of IGN, Spain.
The main statistics of these parameters are presented in Table 2. In addition, each tree
was pruned and its biomass was weighed out in the field. Pruning entailed the use of
mechanical harvesting using a trunk vibrator and an inverted umbrella collector.
Consequently, the trees only had one trunk and no low branches, in order to achieve a
free 60º angle to spread the inverted umbrella structure. Vertical bunds were also removed
because they are resiliently strong and are unfruitful.
7

Table 2. Statistics of the parameters of olive trees measured in field (n=32)
Parameter
Stem Diameter (m)
Crown diameter (m)
Crown height (m)
Total height (m)
Crown parabolic
volume, Vp (m3)
Residual biomass (kg)

mean
0.25
3.63
2.77
3.49
10.45

standard deviation
0.19
1.05
0.33
0.49
10.93

minimum
0.07
1.98
2.07
2.47
3.25

maximum
0.81
6.38
3.5
4.48
51.23

8.24

7.67

2.06

31.4

2.2 Laser scanner data
Olive trees were registered by a LEICA Laser Scanner Scan station C10 (Leica
Geosystems, Heerbrugg Switzerland). The main characteristics of this equipment are
shown in Table 3. Each tree was scanned on average from 3 positions to assure that the
whole tree was registered. For larger trees, an additional scan was carried out. The scanner
resolution was set at 7 mm and at 10 m, but since the scanner was placed at a distance
lower that this value, the point density was higher. On average, 3 HDS (High Definition
System) reference targets, were used to register the different scans and create a unique
point cloud for each tree. To do these operations, Cyclone Software v.6 (Leica
Geosystems, Heerbrugg Switzerland) was used. Each merged point cloud was filtered
manually from shrub and herbaceous vegetation commonly found in olive crops. The
existence of points that are registered at a certain distance from the target and present
anomalous values of intensity can be a problem in TLS data processing. In this work, 2
routines were developed using MATLAB version R2010b (Mathworks, Inc.): one to
eliminate isolated points that showed a specific distance from the rest points, with a
threshold of 2.5 cm being set to consider the dimensions of the olive tree leaves. Another
routine was implemented to eliminate points that had inconsistently high and low values
of intensity. To calculate the total height, the crown height, crown diameter and crown
volume, specific routines were developed by MATLAB. 3 entry files were created
8

manually to compute these parameters: one file that contained points of the whole tree,
another one that contained the crown points and the last one that used the trunk points.

Figure 2. Representation of 3 olive trees registered by the TLS system corresponding to
the categories small, medium and large.

Table 3. Basic characteristics of the LEICA C10 TLS (https://hds.leicageosystems.com).
Technical parameter
Range Leica C10
Scan rate
Field of view
Horizontal
Vertical
Wavelength
Scan resolution (spot size)
Accuracy of single measurement
Position
Distance
Angle (horizontal/vertical)
Modeled surface precision / noise
Target acquisition
Dual-axis compensator

Value
300 m 90% albedo; 134 m 18% albedo
Up to 50,000 points/second
360º
270º
532 nm, visible, green color
From 0-50 m: 4.5 mm
6 mm
4 mm
60 µrad / 60 µrad (12” / 12”)
2 mm
2 mm
Selectable on/off, resolution 1”,
dynamic range+/- 5’, accuracy 1.5”
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2.3 Geometric parameters derived from TLS point clouds
Several routines were developed to calculate the following dendrometric parameters from
TLS: total height, crown height, crown diameter and crown volumes using the following
methods: global convex hull volume (Vgch), convex hull by slice volume (Vchs), section
volume (Vsec) and voxel volume (Vv). These parameters were compared to the parameters
measured using traditional techniques. Simple linear regression models were calculated
and the values of R2 and RMSE were obtained.

Total and crown height: the file that contained 3D points of the whole tree was used to
calculate the total tree height. This parameter was computed calculating the difference
between the points with maximum and minimum heights. For the crown height, the file
that contained 3D crown points was used. In this case, this parameter was derived by
calculating the difference between the maximum heights and minimum heights of the
crown.

Crown diameter: an algorithm was developed in order to obtain this parameter. This
method required the calculation of each tree center using 3D crown points. All diameters
were obtained by using this point. In relation to all diameters, the maximum diameter and
its perpendicular one were selected as crown diameters. Details of this procedure can be
found in Fernández-Sarría et al. (2013a). For this parameter, the files that contained trunk
and crown points were used; the first one to define the trunk structure (the trunk center
was considered the tree center), and the second one to calculate the diameters that pass
through the center. The algorithm is described using the following steps: (i) The center of
each tree was calculated taking into account all 3D crown points within a section at a
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height of 5 cm above the trunk to ensure there are enough points in the top part of the
trunk to define the shape of its section and then to determine the position of the trunk and
the crown center. (ii) The selected points were projected on a XY plane and their
Cartesian coordinates were transformed into polar coordinates (measuring the distance
and angle with respect to the crown center). (iii) Each tree crown was divided into sections
of 5º, to obtain 72 sections. The longest radius of each section was selected. (iv) Each
radius selected in each section was added to the opposite one obtaining 36 diameters for
each crown. (v) The longest and its perpendicular diameter were selected and the diameter
was calculated using the mean of these 2 values.

Crown volumes: 4 approaches to obtain crown volumes were used (Fig. 3). The 4
algorithms were calculated using Matlab (Fernández-Sarría et al., 2013b) and the files
with only crown points were used as data entry. The 4 algorithms applied for calculating
crown volumes are described below:
• Global convex hull volume (Vgch): This is an application to calculate the convex hull
surface (quick hull algorithm, Barber et al., 1996) for the crown points of olive trees. In
a first step, 6 exterior crown points (maximum and minimum X, Y, Z) were selected to
generate an octahedron. Crown points within this volume were discarded and from the
remaining points, the furthest crown points of the 4 regions of the octahedron were
selected to create a new 3D shape. The same process was repeated until there were no
more external points to the 3D shape created in the previous step. The volume of the final
3D shape was calculated as the crown volume for each tree.
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• Convex hull by slice volume (Vchs): The crown points for each tree were divided into
slices that had 10 cm in height. This value was selected to avoid sections without points.
The total volume for each tree crown was calculated using the sum of each slice area.
• Section volume (Vsec): This method is based on the calculation of a 2D Delaunay
triangulation and uses sections at every 10 cm in height. The global volume was obtained
by adding the volume of all sections.
• Voxel volume (Vv): This process enables the transformation of a point cloud into small
volumetric units (voxels) using 3-dimensional space grid (Hosoi and Omasa, 2006). Due
to the small size of olive tree leaves, a voxel size of 3 cm was selected. The volume of
each crown was computed adding the volume of each voxel (27 cm3) with data (points
within voxels).

Figure 3. Different ways to define olive crown number 12: TLS point cloud; global
convex hull; convex hull by slice volume; section every 10 cm; 3 cm voxels.

The estimation of pruning biomass was also analyzed using a set of height metrics from
TLS point cloud for each crown. The elevation of each point was normalized by referring
to the minimum elevation of each crown tree. These data were computed using the
Cloudmetrics tool of FUSION, version 3.70 (McGaughey, 2014): Total number of returns,
Minimum (Elevmin), Maximum (Elevmax), Mean (Elevmean), Mode (Elevmode),
12

Standard deviation (Elevsd), Variance (Elevvar), Coefficient of variation (Elevcv),
Interquartile distance (Elevid), Skewness (Elevskew), Kurtosis (Elevkur), AAD (Average
Absolute Deviation, ElevAAD), MADMedian (Median of the absolute deviations from
the overall median, ElevMADMedian), MADMode (Median of the absolute deviations
from the overall mode, ElevMADMode), L-moments (L1, L2, L3, L4), L-moment
skewness (Lskew), L-moment kurtosis (Lkur), Percentile values (1st, 5th, 10th , 20th,
25th, 30th, 40th, 50th, 60th, 70th, 75th, 80th, 90th, 95th, 99th percentiles, Pvalue),
Canopy relief ratio (CRR) ((mean - min) / (max – min)), Generalized means for the 2nd
and 3rd power (Elev quadratic mean, Elevqm and Elev cubic mean, Elevcm).

2.4 Pruning biomass modeling
To estimate the pruning biomass using TLS data, 2 sets of potential independent variables
were considered: height metrics from TLS points for each crown, and the tree geometric
parameters derived from TLS data (included total height, crown height, crown diameter
and crown volume, using the global convex hull volume, convex hull by slice volume,
section volume and voxel volume methods). These data were considered to calculate
stepwise regression models using the following potential explicative variables: a) height
metrics for each TLS crown (model 1); b) geometric parameters derived from TLS point
clouds (model 2); and c) combining both sets of data (model3). Multicollinearity using
multi regression models was analyzed by means of Variance Inflation Factor (VIF)
values. A VIF value lower than 5 indicates that the explicative variables used for
calculating the regression models do not show multicollinearity (Rogerson, 2001). Other
authors suggested that the maximum value of VIF should be 10 (Marquardt, 1970;
Kennedy, 1992; Hair et al., 1995). In our study, we used a more restrictive VIF (value
=5) to ensure that the regression models obtained were not affected by multicollinearity.
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Shapiro-Wilk tests using a significance level of α = 0.05 were applied to analyze whether
the residuals followed a normal distribution or not. A cross-validation procedure was used

to assess the reliability of these models by leave-one-out technique. A comparison
between the Root Mean Squared Prediction Error (RMSEcv) and the Root Mean Square
Error of the regression (RMSE) was done. In addition, field data and predicted values
obtained from cross-validation techniques were compared, calculating a scatter plot with
a regression fit line and the coefficient of determination measurement.

3. Results and discussion
3.1. Crown volume
Figure 4 includes some results relating to the comparisons between field and TLS
parameters such as total height, crown diameter and crown volume. Strong relationships
were obtained for these tree parameters with R2 values 0.85, 0.92 and 0.87, respectively.
These results are in line with those reported by Moorthy et al., (2011) in olive trees. In
addition, similar results were also found for these parameters in walnut trees using TLS
data (Estornell et al., 2017). These results confirm the accuracy of the terrestrial laser
scanner to retrieve the basic parameters of fruit trees. It is important to highlight the ability
of the TLS technique in estimating the crown volumes for olive trees. This variable, as
will be seen in the next section, is well correlated with the residual biomass of the crown.
The highest correlations between TLS and field crown volumes were obtained for the
following methods: global convex hull, convex hull by slice volume, and section volume
with same values of determination coefficient (R2 = 0.87). The Kruskal-Wallis test was
applied to analyze if there were statistically significant differences among the crown
volumes calculated by each of these 3 methods. The statistic was 2.16 and the p value
14

0.3394 indicating that there were not statistically significant differences among the
medians of each group of volumes, with a confidence level of 0.95. These results indicate
that any of these tree methods could be used to calculate field crown volumes. In contrast,
a significant decrease in terms of R2 was obtained for Vv (R2=0.77).

Figure 4. Comparison of field and TLS parameters for Total Height (Ht), Crown Diameter
(Dc) and crown volume calculated from field data (Vp) and by the section volume from
TLS data (Vsec).

3.2. Regression models
The results of the regression models for estimating residual biomass are presented in
Table 4 for each group of explanatory variables, namely: height metrics from TLS crown
points; geometric parameters computed from TLS data; and combination of both sets of
statistics. The model with the lowest R2 value (0.46) was calculated considering only
height metrics derived from the TLS crown points (model 1). For this model, the RMSE
and RMSE% were 5.3 kg and 65 %, respectively. In this model, the median of the absolute
deviations from the overall median (Elevmad) and the maximum elevation (Elevmax)
were selected as explicative variables. However, using these variables that were retrieved
from the TLS cloud data to predict the residual biomass of olive trees did not deliver
sufficiently good results. In reviewing the literature, no published agricultural studies
have yet been found on the retrieval of any statistical parameters relating to tree structures.
However, the relevance of these types of variables has been reported in forestry
15

applications for the estimation of tree characteristics (Næsset and Gobakken; 2005, Yu et
al., 2011; Kankare et al., 2013) and, mainly, for forest plot attributes (Hevia et al., 2016;
Guerra-Hernández et al., 2016; Castaño-Díaz et al., 2017; Domingo et al., 2018). The
results improved for models in which the geometric parameters retrieved from TLS data
were used (model 2), as evidenced by the explained variance (R2=0.86). This model
included one statistically significant variable: section volume. For this model, the RMSE
and RMSE% were 2.78 kg and 33.7 %, respectively. This variable characterizes the tree
crown in 3 dimensions and has an obvious relationship with residual biomass. In fact, it
was observed that the higher the crown volume, the more pruning biomass that was
estimated. Similar results were obtained for crown volumes calculated by the methods:
global convex hull and convex hull by slices with values of R2 of 0.86 and 0.85,
respectively. These results are congruous with previous studies indicating that the most
accurate correlations were obtained for geometric parameters derived from the TLS data
instead of using statistical height parameters retrieved from the crown cloud points
(Kankare et al., 2013). In urban forest studies, good results were also found when residual
biomass of Platanus hispanica was estimated using TLS data (R2=0.73) (FernándezSarría et al., 2013a). In this case, the explanatory variable that was selected was the crown
volume calculated by the voxel-based method. In our study, the relevance of this variable
to estimate the residual biomass of olive trees was also analyzed, obtaining lower values
in terms of R2 (0.63). A possible explanation for this might be that olive trees especially
have a high density of leaves which makes it more difficult for the energy beam to
penetrate their crowns and therefore, there is little data within the crown for volume
calculation (Fig. 5). Another factor to be considered in this case was the voxel size.
Previous studies used larger voxel sizes, 0.25 m – 0.4 m (Hauglin et al., 2013; FernándezSarría et al., 2013b) to calculate the crown volumes in forest trees, in comparison with
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the selective size chosen in our study (0.03 m). This is an important issue for future
research. However, larger sizes would be not suitable in the case of estimating canopy
gap fraction measurements (Cifuentes et al., 2014; García et al., 2015).

Figure 5. Representation of the 3D crown of a olive tree and 3 horizontal sections at 0.3
m, 0.9 m and 1.2 m.

The most accurate model was obtained when tree parameters and metrics retrieved from
the TLS crown data were combined (model 3), which gave R2, RMSE and RMSE %
values of 0.92, 2.01 kg and 24.3%, respectively (Table 4). This stepwise model included
2 significant variables: crown volume calculated by section method (Vsec) and height
variance of the crown points (Elevvar). In this model, the crown volume explained the
large variability in the pruning biomass. This estimation improved by 6% when a metric
derived from the TLS cloud data was selected (Elevvar). Similar results were obtained
17

for models that used convex hull by slice volume and Elevar variables (R2=0.92) and
global convex hull volume and Elevar variables (R2= 0.91). Although these 3 methods to
calculate crown volume could be used for residual biomass estimation we selected the
Vsec since it gave slight improvements in the estimations. Akaike Information Criterion
(AIC) was also calculated for each model considering as independent variables Elevvarsection volume, Elevvar- Convex hull slice volume, and Elevvar- Global Convex Hull
volume being 1.68, 1.69 and 1.77 selecting the first pair of variables since they gave the
lowest AIC value.

TLS predicted versus field-measured biomass showed a good linear relationship close to
the 1:1 line (Fig. 6). These outcomes are consistent with earlier research using airborne
LiDAR data in olive trees (Estornell et al., 2015). In that study (n=25), the model included
2 significant variables: the area of the crown and maximum intensity. The results in terms
of R2 and RMSE were 0.89 and 2.78 kg (relative RMSE = 30%), respectively. The relative
RMSE of the model calculated in our study improved by 6% when compared to the model
obtained from ALS data. In addition, we propose a model that does not contain any
variable related to intensity values. This type of data may generate some drawbacks
relating to atmospheric effects and illumination conditions that need to be normalized.

For the residuals, the results of the Shapiro-Wilk test (W = 0.955, p-value > 0.05)
indicated that they were normally-distributed (Fig. 6 right). The mean value of the
residuals (-0.01) and the near linear pattern of them in the normal probability plot (Fig.6
right) confirmed the normality of the residuals. The validation of estimated pruning
biomass was done by the leave-one-out cross-validation technique using the variables
selected in the regression model 3, i.e. Vsec and Elevvar. As a result, the root mean squared
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prediction error (RMSEcv) was therefore calculated from the predicted biomass values,
applying this validation technique. Similar values were found between RMSEcv and
RMSE (2.01 kg vs 2.24 kg), which indicated the capability of the calculated model in
estimating the pruning biomass of olive trees. In addition, a strong correlation was found
among field data and predicted values that were obtained from using the cross-validation
technique (R2 = 0.91).

Table 4. Residual biomass models using height metrics from TLS of crown points (model
1), geometric parameters derived from TLS (model 2) and the combination of both sets
of data (model 3).
Parameter

Estimate

SE

t

P-value

Constant

-11.711

9.861

-1.188

0.245

Elevmax

14.491

2.750

5.239

Elevmad

-62.225

24.885

-2.500

Model 1

VIF

R2ADJ

0.000

1.60

0.46

0.018

1.60

-1.795

0.887

-2.023

0.052

Vsec

0.406

0.029

13.812

0.000

1.00

0.86

0.84

2.78

3.03

0.92

0.91

2.01

2.23

Br = -1.795 + 0.406∙Vsec

Constant

8.544

2.103

4.063

0.000

Vsec

0.486

0.027

18.309

0.000

1.52

-29.339

5.674

-5.171

0.000

1.52

Elevvar
Model 3

5.36

Br = -11.711 + 14.491∙Elevmax – 62.225 ∙ Elevmad

Constant
Model 2

R2cv RMSE RMSEcv

Br = 8.544 + 0.486∙Vsec – 29.339∙Elevvar

Br: residual biomass (kg); independent variables derived from cloud data for each tree:
Elevation maximum (Elevmax); Median of the absolute deviations from the overall
median (Elevmad); section volume method (Vsec); Elevation variance of each tree point
cloud (Elevvar); Standard error of the coefficients (SE); variance inflation factor (VIF);
Root Mean Square Error in kg (RMSE); cross validation root mean square error in m
(RMSEcv); cross validation determination coefficient (R2cv)
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Figure 6. Scatterplots of the predicted versus observed residual biomass (left) and the
normal probability plot of the volume residuals (right).

4. Conclusions
In this study, the capability of a TLS system was demonstrated to estimate residual
biomass. It was validated that the performance of the models improved when the
geometric parameters (crown volume) and height statistics of the TLS crown points
(variance of the heights) were combined to estimate residual biomass. The results
achieved in this study improved in terms of determination coefficient and RMSE,
respectively compared to those obtained in earlier research. In addition, dendrometric
parameters such as the total height, crown diameter and crown volume were also obtained
with high accuracy, by means of TLS data. These results confirmed that this technology
enables the estimation of pruning biomass and other parameters. The methodology
applied in this work could be applied to other fruit trees in order to quantify and locate
potential pruning biomass in a specific area. Knowledge of the amount of residues
available is an important element in the Biofuel Supply Chain, just as much as supplying
bio-materials to be processed in biofuel plants.
20

References
Barber, C.B., Dobkin, D.P., Huhdanpaa, H.T. 1996. The quickhull algorithm for convex
hulls. ACM Transactions on Mathematical Software (TOMS), 22 (4), 469–483.
https://doi.org/10.1145/235815.235821
Bernetti, I., Fagarazzi, C., Fratini, R. A. 2004. Methodology to analyze the potential
development of biomass energy sector: an application in Tuscany. Forest Policy and
Economics 6, 415 – 432. https://doi.org/10.1016/j.forpol.2004.03.018
Beccali, M., Columba, P., D’Aleberti, V. 2009. Assessment of bioenergy potential in
Sicily: a GIS-based support methodology. Biomass and Bioenergy, 33, 79-87.
https://doi.org/10.1016/j.biombioe.2008.04.019
Castaño-Díaz, M., Álvarez-Álvarez, P., Tobin, B., Nieuwenhuis, M., Afif-Khouri, E.,
Cámara-Obregón,
A.
2017.
Annals
of
Forest
Science,
74,
69.
https://doi.org/10.1007/s13595-017-0665-7
Cifuentes, R., Van der Zande, D., Farifteh, J., Salas, C., Coppin, P. 2014. Effects of voxel
size and sampling setup on the estimation of forest canopy gap fraction from terrestrial
laser scanning data. Agricultural and Forest Meteorology, 194, 230-240.
https://doi.org/10.1016/j.agrformet.2014.04.013.
Domingo, D., Lamelas, M.T., Montealegre, A.L., García-Martín, A., de la Riva, J. 2018.
Estimation of Total Biomass in Aleppo Pine Forest Stands Applying Parametric and
Nonparametric Methods to Low-Density Airborne Laser Scanning Data. Forests, 9(4),
158. https://doi.org/10.3390/f9040158
Escolà, A., Martínez-Casasnovas J.A., Rufat, J., Arnó, J., Arbonés, A., Sebé, F., Pascual,
M., Gregorio, E., Rosell-Polo J.R. 2017. Mobile terrestrial laser scanner applications in
precision fruticulture/horticulture and tools to extract information from canopy point
clouds. Precision Agriculture, 18 (1), 111-132. https://doi.org/10.1007/s11119-0169474-5
Estornell, J., Ruiz, L.A., Velázquez-Martí, B., López-Cortés, I., Salazar, D., FernándezSarría, A. 2015. Estimation of pruning biomass of olive trees using airborne discretereturn
LiDAR
data.
Biomass
and
Bionergy
81,
315-321.
https://doi.org/10.1016/j.biombioe.2015.07.015
Estornell, J., Velázquez-Martí, A., Fernández-Sarría, A., López-Cortés, I., Martí-Gavilá,
J., Salazar, D. 2017. Estimación de parámetros de estructura de nogales utilizando láser
escáner
terrestre.
Revista
de
Teledetección,
0(48),
67-76.
https://doi.org/10.4995/raet.2017.7429
Fernández-Sarría, A. Velázquez-Martí, B., Sajdak, M., Martínez, L. Estornell, J. 2013a.
Residual biomass calculation from individual tree architecture using terrestrial laser
scanner and ground-level measurements. Computers and Electronics Agriculture, 93, 9097. https://doi.org/10.1016/j.compag.2013.01.012

21

Fernández-Sarría, A. Velázquez-Martí, B., Sajdak, M., Martínez, L. Estornell, J., Recio,
J. 2013b. Different methodologies for calculating crown volume of Platanus hispanica
trees by terrestrial laser scanner and comparison with classical dendrometric
measurements. Computers and Electronics Agriculture, 90, 176–185.
https://doi.org/10.1016/j.compag.2012.09.017
García, M., Gajardo, J., Riaño, D., Zhao, K., Martín, P., Ustin, S. 2015. Canopy clumping
appraisal using terrestrial and airborne laser scanning. Remote Sensing of Environment,
161, 78-88. https://doi.org/10.1016/j.rse.2015.01.030.
Gil, E., Arnó, J., Llorens, J., Sanz, R., Llop, J., Rosell-Polo, J., Gallart, M., Escolà, A.
2014. Advanced technologies for the improvement of spray application techniques in
Spanish
Viticulture:
An
overview.
Sensors,
14(1),
691–708.
https://doi.org/10.3390/s140100691
González-García, S., Dias, A.C., Clermidy, S., Benoist, A., Maurel, V.B., Gasol, A.M.,
Gabarell, X., Arroja, L. 2014. Comparative environmental and energy profiles of
potential bioenergy production chains in Southern Europe. Journal of Cleaner Production
76, 42-54. https://doi.org/10.1016/j.jclepro.2014.04.022
Guerra-Hernández, J., Tomé, M., González-Ferreiro, E. 2016. Using low density LiDAR
data to map Mediterranean forest characteristics by means of an area-based approach and
height threshold analysis. Revista de Teledetección, 0(46), 103-117.
https://doi.org/10.4995/raet.2016.3980
Hadás, E., Borkowski, A., Estornell, J., Tymkow, P. 2017. Automatic estimation of olive
tree dendrometric parameters based on airborne laser scanning data using alpha-shape
and principal component analysis. GIScience & Remote Sensing, 54(6), 898-917.
https://doi.org/10.1080/15481603.2017.1351148
Hadás, E., Estornell, J. 2016. Accuracy of tree geometric parameters depending on the
LiDAR data density. European Journal of Remote Sensing, 49 (1), 73-92.
https://doi.org/10.5721/EuJRS20164905
Hair, J. F. Jr., Anderson, R. E., Tatham, R. L. Black, W. C. 1995. Multivariate Data
Analysis (3rd ed). New York: Macmillan.
Hauglin, M., Astrup, R. Gobakken, T., Næsset, E. 2013. Estimating single-tree branch
biomass of Norway spruce with terrestrial laser scanning using voxel-based and crown
dimension features. Scandinavian Journal of Forest Research, 28(5) 456-469.
https://doi.org/10.1080/02827581.2013.777772
Holopainen, M., Vastaranta, M., Rasinmäki, J., Kalliovirta, J., Mäkinen, A., Haapanen,
R., Melkas, T., Yu, X., Hyyppä, J. 2010. Uncertainty in timber assortment estimates
predicted from forest inventory data. European Journal of Forest Research, 129(6),
1131–1142. https://doi.org/10.1007/s10342-010-0401-4
Hevia, A., Álvarez-González, J., Ruiz-Fernández, E., Prendes, C., Ruiz-González, A.,
Majada, J., González-Ferreiro, E. 2016. Modelling canopy fuel and forest stand variables

22

and characterizing the influence of thinning in the stand structure using airborne LiDAR.
Revista de Teledetección, 0(45), 41-55. https://doi.org/10.4995/raet.2016.3979
Hosoi, F., Omasa, K. 2006. Voxel-based 3-D modeling of individual trees for estimating
leaf area density using high-resolution portable scanning LiDAR. IEEE Transactions on
Geoscience
and
Remote
Sensing,
44,
3610-3618.
https://doi.org/10.1109/TGRS.2006.881743
Kankare, V., Holopainen, M., Vastaranta, M., Puttonen, E., Yu, X., Hyyppä, J., Vaaja,
M., Hyyppä, H., Alho, P. 2013. Individual tree biomass estimation using terrestrial laser
scanning. ISPRS Journal of Photogrammetry and Remote Sensing, 75, 64-75.
https://doi.org/10.1016/j.isprsjprs.2012.10.003
Kennedy, P. 1992. A Guide to Econometrics. Oxford: Blackwell.
Jones, G., Joeffler, D., Calkin, D., Chung, W. 2010. Forest treatment residues for thermal
energy compared with disposal by onsite burning: emissions and energy return. Biomass
and Bioenergy, 34, 737-746. https://doi.org/10.1016/j.biombioe.2010.01.016
Liang, X., Litkey,P., Hyyppä, J., Kaartinen, H., Vastaranta, M., Holopainen, M. 2012.
Automatic stem mapping using single-scan terrestrial laser scanning. IEEE Transactions
on
Geoscience
and
Remote
Sensing,
50
(2),
661-670
https://doi.org/10.1109/TGRS.2011.2161613
Liang, X., Kankare, V., Hyyppä, J., Wang, Y., Kukko, A., Haggrén, H., Yu, X.,
Kaartinen, H., Jaakkola, A., Guan, F., Holopainen, M., Vastaranta, M. 2016. Terrestrial
laser scanning in forest inventories. ISPRS Journal of Photogrammetry and Remote
Sensing, 115, 63-77 https://doi.org/10.1016/j.isprsjprs.2016.01.006
Marquardt, D. W. 1970. Generalized inverses, ridge regression, biased linear estimation,
and nonlinear estimation. Technometrics, 12, 591–256.
McGaughey, R.J. FUSION/LDV: Software for LIDAR Data Analysis and Visualization;
USDA Forest Service, Pacific Northwest Research Station: Seattle, WA, USA, 2014.
Moskal, L.M., Zheng, G. 2012. Retrieving Forest Inventory Variables with Terrestrial
Laser Scanning (TLS) in Urban Heterogeneous Forest. Remote Sensing, 4(1), 1-20.
https://doi.org/10.3390/rs4010001
Moorthy, I., Miller, J.R., Jimenez Berni, J.A., Zarco-Tejada, P., Hu, B., Chen, J. 2011.
Field characterization of olive (Olea europaea L.) tree crown architecture using terrestrial
laser scanning data. Agricultural and Forest Meteorology, 151 (2), 204-214.
https://doi.org/10.1016/j.agrformet.2010.10.005.
Næsset, E., Gobakken, T. 2005. Estimating growth using canopy metrics derived from
airborne laser scanner data. Remote Sensing of Environment, 96 (3–4), 453-465.
https://doi.org/10.1016/j.rse.2005.04.001

23

Palacin, J., Palleja, T., Tresanchez, M., Sanz, R., Llorens, J., Ribes-Dasi, M., Masip, J.,
Arno, J., Escolà, A., Rosell, J.R. 2007. Real-time tree-foliage surface estimation using a
ground laser scanner. IEEE Transactions on Instrumentation and Measurement, 56 (4),
1377–1383. https://doi.org/10.1109/TIM.2007.900126
Popescu, S. C. 2007. Estimating biomass of individual pine trees using airborne LiDAR.
Biomass and Bioenergy, 31 (9), 646-655. https://doi.org/10.1016/j.biombioe.2007.06.022
Popescu, S.C., Zhao, K. 2008. A voxel-based LiDAR method for estimating crown base
height for deciduous and pine trees. Remote Sensing of Environment, 112 (3), 767–781.
https://doi.org/10.1016/j.rse.2007.06.011.
Rogerson, P. A. 2001. Statistical methods for geography. London: Sage.
Rosell, J.R., Llorens, J., Sanz, R., Arno, J., Ribes-Dasi, M., Masip, J., Escolà, A., Camp,
F., Solanelles, F., Gracia, F., Gil, E., Val, L., Planas, S., Palacin, J., 2009. Obtaining the
three-dimensional structure of tree orchards from remote 2D terrestrial LIDAR scanning.
Agric. For. Meteorol. 149, 1505–1515. https://doi.org/10.1016/j.agrformet.2009.04.008
Sajdak, M., Velázquez-Martí, B., López-Cortés, I., Estornell, J., Fernández-Sarría, A.
2014. Prediction models for estimating pruned biomass obtained from Platanus hispanica
Münchh. used for material surveys in urban forests. Renewable Energy 66, 178-184.
https://doi.org/10.1016/j.renene.2013.12.005
Scarlat, N., Blukdea, V, Dallemand, J.F. 2011. Assessment of the availability of
agricultural and forest residues for bioenergy production in Romania. Biomass and
Bioenergy, 35, 1995-2005. https://doi.org/10.1016/j.biombioe.2011.01.057
Solberg, S., Næsset, E., Bollandsås, O.M. 2006. Single tree segmentation using airborne
laser scanner data in a heterogeneous spruce forest. Photogrammetric Engineering and
Remote Sensing, 72 (12), 1369–1378.
Srinivasan, S., Popescu, S.C., Eriksson, M., Sheridan, R.D., Ku, N.W. 2014. Multitemporal terrestrial laser scanning for modeling tree biomass change. Forest Ecology and
Management, 318, 304–317. https://doi.org/10.1016/j.foreco.2014.01.038
Srinivasan, S., Popescu, S.C., Eriksson, M., Sheridan, R.D., Ku, N.-W. 2015. Terrestrial
Laser Scanning as an Effective Tool to Retrieve Tree Level Height, Crown Width, and
Stem Diameter. Remote Sensing, 7(2), 1877-1896. https://doi.org/10.3390/rs70201877
Straub, C., Koch, B. 2011. Estimating single tree stem volume of Pinussylvestris using
airborne laser scanner and multispectral line scanner data. Remote Sensing, 3 (12), 929–
944. https://doi.org/10.3390/rs3050929.
UPOV. International Union for the Protection of new Varieties of Plants. TG/99/4. 2011.
Vastaranta, M., Melkas, T., Holopainen, M., Kaartinen, H., Hyyppä, J., Hyyppä, H. 2009.
Laser-based field measurements in tree-level forest data acquisition. The
Photogrammetric Journal of Finland, 21 (2), 51-61
24

Velázquez-Martí, B., Annevelink, E. 2009. GIS application to define biomass collection
points as sources for linear programming of delivery networks. Transactions of ASABE,
52(4), 1069-1078. https://doi.org/10.13031/2013.27776
Velázquez-Martí, B., Fernández-González, E. 2010. Mathematical algorithms to locate
factories to transform biomass in bioenergy focused on logistic network construction.
Renewable Energy 35(9), 2136-2142. https://doi.org/10.1016/j.renene.2010.02.011
Velázquez-Martí, B., Fernández-González, E., López-Cortes, I., Salazar-Hernández, D.
M. 2011a. Quantification of the residual biomass obtained from pruning of trees in
Mediterranean
almond
groves.
Renewable
Energy
36,
621-626.
https://doi.org/10.1016/j.renene.2010.08.008
Velázquez-Martí, B., Fernández-González, E., López-Cortes, I., Salazar-Hernández, D.
M. 2011b. Quantification of the residual biomass obtained from pruning of vineyards in
Mediterranean
area.
Biomass
and
Bioenergy
35(3),
3453-3464.
https://doi.org/10.1016/j.biombioe.2011.04.009
Velázquez-Martí, B., Fernández-González, E., López-Cortes, I., Salazar-Hernández, D.
M. 2011c. Quantification of the residual biomass obtained from pruning of trees in
Mediterranean olive groves. Biomass and Bioenergy 35(2), 3208-3217.
https://doi.org/10.1016/j.biombioe.2011.04.042
Velázquez-Martí, B., Fernández-González, E., Callejón-Ferre, A.J., Estornell, J. 2012a.
Mechanized methods for harvesting residual biomass from Mediterranean fruit tree
cultivations. Scientia Agricola 69 (3), 180-188. http://dx.doi.org/10.1590/S010390162012000300002
Velázquez-Martí, B., Estornell, J., López-Cortés, I., Marti-Gavila, J. 2012b. Calculation
of biomass volume of citrus trees from an adapted dendrometry. Biosystems Engineering.
112(4), 285-292. https://doi.org/10.1016/j.biosystemseng.2012.04.011
Velázquez-Martí, B., López Cortés, I., Salazar Hernández, D. M. 2014. Dendrometric
analysis of olive trees for wood biomass quantification in Mediterranean orchards.
Agroforestry Systems. 88(5), 755-765. https://doi.org/10.1007/s10457-014-9718-1
Velázquez-Martí, B., Gaibor-Chávez J., Pérez-Pacheco S. 2016. Quantification based on
dimensionless dendrometry and drying of residual biomass from the pruning of orange
trees in Bolivar province (Ecuador). Biofuels, Bioproducts and Biorefining Biofuels, 10,
175–185. https://doi.org/10.1002/bbb.1635
Yu, X., Hyyppä, J., Vastaranta, M., Holopainen, M., Viitala, R. 2011. Predicting
individual tree attributes from airborne laser point clouds based on the random forests
technique. ISPRS Journal of Photogrammetry and Remote Sensing, 66 (1), 28–37.
https://doi.org/10.1016/j.isprsjprs.2010.08.003

25

