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Chapter 1
Introduction

1

Introduction

1.1

Ecological importance of leaf water content

Forests provide a wide variety of goods and ecosystem services for humans. In order to
improve the evaluation of forest conditions and changes, frequent and spatially
continuous measurements of forest essential biodiversity variables are needed (Asner et
al. 2016). Leaf water content (LWC) is one of the important essential biodiversity
variables (Skidmore et al. 2015). It plays a key role in physiological processes and
ecosystem functions such as photosynthesis, transpiration, thermal regulation, net primary
production process and forest fire susceptibility and propagation (Chuvieco et al. 2004;
Sanchez et al. 1983; Scriber 1977b). LWC may be used as an (early) indicator of plant
and environmental stress (de Jong et al. 2012). As an essential biodiversity variable, LWC
is important for ecosystem function and ecosystem structure evaluation (Skidmore et al.
2015). The qualification of LWC and knowledge on its spatial variation provide important
information to assess future forest change associated with climate change, which can
further help forest management and resource decision making (Asner et al. 2016).

1.2

Role of remote sensing in the estimation of leaf water
content

Traditionally, LWC is estimated by conventional in situ destructive sampling, which is
costly and time-consuming (Peñuelas et al. 1993) and is often restricted in a small spatial
extent which limits its applicability (Tucker 1980). At a landscape scale, in situ
observations are rarely sufficiently dense to accurately characterize its regional variation
in LWC (Davidson et al. 2006). Especially in remote areas, in situ observations are often
not feasible (Fleming 1988). Remote sensing techniques provide a non-destructive, rapid
and economical way for the estimation of LWC across a wide range of spatial and
temporal scales (Asner et al. 2016; Colombo et al. 2008; Yi et al. 2014).
In principle, the estimation of LWC using remote sensing is based on the relationship
between spectral reflectance and LWC that relies on the spectral absorption features
associated with LWC throughout the near-infrared (750–1300 nm) (Peñuelas et al. 1993),
shortwave infrared (1300–2500 nm) (Asner and Martin 2008), and mid-infrared to
thermal infrared (3000–15000 nm) (Ullah et al. 2014) spectral regions. The changes in
reflectance depending on LWC can be recognized and quantified as water content
variations (Colombo et al. 2008).
Among a variety of different parameters, two are mainly used to describe plant water
status by remote sensing, namely gravimetric water content (GWC, %) and leaf equivalent
water thickness (EWT, g/cm2) (Yebra and Chuvieco 2009). The former refers to the
proportion of leaf water relative to leaf dry mass which is more common in the fire risk
literature (i.e., fuel moisture content) (Chuvieco et al. 2002), while the latter expresses
leaf water content in mass per unit leaf area which is used in radiative transfer models
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(Ceccato et al. 2001). Studies show that reflectance is more related to changes in leaf
EWT rather than changes in GWC (Ceccato et al. 2001; Colombo et al. 2008). Estimating
EWT is usually more accurate than GWC. To estimate GWC, two independent variables
(i.e., EWT and leaf dry mass area) both affecting leaf optical properties need to be
estimated simultaneously (Yebra and Chuvieco 2009). Therefore, EWT is used
throughout this work.

1.2.1 LiDAR remote sensing
Light detection and ranging (LiDAR) is a remote sensing method that uses visible and
infrared light in the form of a pulsed laser to measure ranges (variable distances) to the
earth (Us Department of Commerce and Atmospheric 2012). LiDAR systems produce a
quantitative 3D digital representation of the objects in a given field of view with a
measurement uncertainty (Vosselman and Maas 2010). LiDAR is an active remote
sensing technique, which is not affected by solar illumination or shadowing (Woodhouse
et al. 2011). Additionally, LiDAR can provide both horizontal and vertical information,
enabling it to eliminate the influence of background, understory and canopy geometry
(Morsdorf et al. 2006). The ability to capture 3D information makes LiDAR a powerful
tool for forest structure characterization (Guang and Moskal 2012; Lefsky et al. 1999).
There are two types of LiDAR instruments - pulsed laser and continuous wave laser. The
pulsed laser is most commonly used for forest applications (Lim et al. 2003). It measures
the round-trip time of a short light pulse from the system to the target and back to the
receiver (Mallet and Bretar 2009). Amongst various applications, two kinds of system can
be identified: discrete echo system and full waveform system.
Discrete return LiDAR only provides the signal at a certain time of the echo, measuring
the range (R) to a target by recording the time delay (t) created by a laser pulse from the
source to the target (Vosselman and Maas 2010).
∙
where c is the speed of light.

2

(1.1)

Discrete return LiDAR systems identify major peaks in the return signal that represent
discrete objects (Fig. 1.1). The potential of discrete return LiDAR for characterizing forest
structure has long been demonstrated (Lovell et al. 2003; Morsdorf et al. 2006; Morsdorf
et al. 2004). Depending on the application, LiDAR instruments can be used with a
terrestrial laser scanner (TLS) or mounted on airborne (ALS) and spaceborne platforms.
Most forest applications using LiDAR rely on ALS for large area data acquisition (Hilker
et al. 2010). High-density ALS has a good chance to penetrate the vegetation canopy to
provide ground information, so tree height can be correctly estimated. The accuracy relies
largely on the individual tree detection and segmentation (Hyyppä et al. 2008). The
variables obtained from segmentation can be later used for further applications such as
3
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biomass estimation and species classification (Ni et al. 2017; Zhao et al. 2009). The
individual tree segmentation may result in large errors in dense forest where tree canopies
are grouped (Zhao et al. 2009). Another method to derive forest structural variables is
based on the discrete metrics within pre-defined grids or plots (Hilker et al. 2010; Solberg
et al. 2009). This method requires an empirical model between the in situ measurement
and LiDAR metrics, which can be used to estimate various structural variables such as
canopy cover and leaf area index (LAI) (Korhonen et al. 2011; Tang et al. 2014a).
Airborne discrete return LiDAR is able to cover large areas more efficiently, but it fails
to detect the lower canopy and the details of different vegetation elements due to the
relatively large footprint size and low sampling density (Hilker et al. 2012; Vierling et al.
2013). The advent of TLS filled the gap between costly traditional field measurements
and relatively low-resolution airborne data, providing a variety of canopy
characterizations at a fine scale. Due to its 3D nature and small footprints, it is able to
capture the information of single leaves without being affected by the existence of
background and other vegetation components (Zhu et al. 2018). In addition, it can be
positioned under the canopy to reduce the shadowing effects and the obstruction of
overstory canopy (Vierling et al. 2013). A growing number of studies have used terrestrial
LiDAR to quantify forest parameters including both biophysical and biochemical
parameters such as LAI, leaf angle and chlorophyll content (Eitel et al. 2010b; Jupp et al.
2009; Loudermilk et al. 2009; Loudermilk et al. 2007; Moorthy et al. 2008; Strahler et al.
2008; Vierling et al. 2013).
In addition to geometric information, discrete return LiDAR can also provide the
backscatter intensity of each return. The definition of intensity varies in different studies,
while in this study, the intensity is defined as the peak amplitude of the returned
waveform. The backscatter intensity recorded by LiDAR instruments is a function of the
reflectance property of an object (Penasa et al. 2014). As an active remote sensing
technique, the intensity is, to some extent, insensitive to ambient light and atmospheric
conditions. It provides good spectral separability for objects identification and
classification (Höfle and Pfeifer 2007). Despite the challenges of calibration for angle and
distance effects, the intensity has been used in combination with geometric information
for various forest applications including species classification, gap fraction modeling and
biomass estimation (García et al. 2010; Kim et al. 2009; Solberg et al. 2008). However,
little is known about how useful backscatter intensity data are for LWC estimation.
Full-waveform LiDAR systems record the continuous signal from the reflected energy,
allowing advanced processing of the echo’s full shape which increases pulse detection
reliability, accuracy and resolution (Mallet and Bretar 2009; Vosselman and Maas 2010)
(Fig. 1.1). Full-waveform systems also provide additional information about the structure
and physical backscattering properties of the targets such as the backscatter coefficient
(Mallet and Bretar 2009; Wagner 2010). These backscatter properties derived from fullwaveform data are very useful for classification as well as vegetation structure estimation
4
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(Lindberg et al. 2012; Yao et al. 2012). Fieber et al. (2013) derived reflectance values of
orange trees from the backscatter coefficient of single-peak waveforms, which were
consistent with published reflectance values. It hints that waveform data have the potential
for biochemical variables estimation.
Echo width
Amplitude
First return

Travel time

Intermediate returns

Last return
Energy
Figure 1.1 Interaction of laser pulse with vegetation and waveform decomposition

1.2.2

Hyperspectral remote sensing

Broad band satellite data have been used for the assessment for LWC using either
empirical models or physical models (Ceccato et al. 2002; Jackson et al. 2004; ZarcoTejada et al. 2003). However, the spectral characteristics of vegetation biochemicals are
oftern masked by convolving the incoming radiation across broad wavelength ranges
(Broge and Leblanc 2001). By contract, hyperspectral data can provide detailed narrow
spectral information (Houborg et al. 2009; Ma et al. 2014). Hyperspectral sensors can
acquire contiguous spectrum for each image pixel over a selected wavelength interval
(Goetz 2009). The strength of hyperspectral remote sensing in the observation of
vegetation is found in the exactness of the spectral response due to its contiguous, narrow
spectral channels (Anderson et al. 2008). In the late 1980’s, many hyperspectral imagers
became commercially available in the market (Goetz 2009). Since then, hyperspectral
remote sensing has been used to retrieve various essential biodiversity variables with good
accuracy (Asner et al. 2015; Meroni et al. 2004; Wang et al. 2017). Gong et al. (2003)
constructed 12 vegetation indices from 168 Hyperion bands for forest LAI estimation
with a high accuracy. Darvishzadeh et al. (2008b) successfully estimated canopy
chlorophyll content with a canopy reflectance model in a grassland using hyperspectral
measurement. Skidmore et al. (2010) used hyperspectral remote sensing to map the
simultaneous distribution of foliar nitrogen and polyphenol in African mopane savannas
and explained how the variation of forage quality can influence management. The
contiguous sampling characteristic has rendered hyperspectral remote sensing an
5
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effective technique especially for LWC estimation, as it is capable of detecting the
absorption features of leaf water with its narrow bands. Gao and Goetzt (1995) showed a
good relationship between LWC and hyperspectral reflectance data, obtaining a good
agreement with an R value of 0.78. Champagne et al. (2003) applied a physical model
using hyperspectral data to directly calculate LWC with an index of agreement (D) of
0.92. Cheng et al. (2006) used a canopy reflectance model to retrieve LWC, showing a
consistent relationship between retrieved and measured LWC.
Amongst these studies, the methods for LWC estimation can be categorized mainly into
two groups: empirical and physical approaches. Estimation using empirical models based
on the relationship between ground-based LWC and reflectance or its transformation
(Houborg et al. 2007). The estimation of LWC using empirical approaches has been
demonstrated in numerous studies (Cheng et al. 2011; Seelig et al. 2008; Ullah et al.
2013). They provide a good accuracy at the local scale and can be applied without high
computational demands (Richter et al. 2007). However, the main drawback of empirical
approaches is their lack of generality (Curran and Williamson 1986). When transferred
across vegetation types and study sites, reliable in-situ measurements are required for
model calibration (Darvishzadeh et al. 2008b).
On the other hand, physical approaches take into account physical processes describing
the interaction between solar radiation and vegetation components based on radiation
transfer models (Jacquemoud 1993). Radiative transfer models (RTM) offer an explicit
physical connection between vegetation biophysical and biochemical variables and
reflectance, thus offer advantages in transferability and robustness compared to statistical
approaches (Darvishzadeh et al. 2012; Schlerf and Atzberger 2006). RTMs inversion
allows the estimation of various vegetation variables, while the inversion can be ill-posed
since different combinations of input parameters may produce the same spectral signature
(Yebra and Chuvieco 2009). At leaf level, leaf RTMs (e.g. PROSPECT, LIBERTY) have
been established to model the interaction between leaf components and radiation (Dawson
et al. 1998; Jacquemoud and Baret 1990). They have been successfully used for LWC
estimation at leaf level (Bowyer and Danson 2004; Ceccato et al. 2001; Yi et al. 2014).
Canopy reflectance models accurately describe canopy reflectance, as a function of
canopy, leaf and background characteristics (Atzberger 2000). Four main categories of
canopy reflectance models can be distinguished (Schlerf and Atzberger 2006): Turbid
medium models (1-D radiative transfer model; e.g. Suits (1971); Verhoef (1984))
characterized forest canopy layer as horizontally homogeneous and infinitely extended,
which is unsuited for the sparse forest that is horizontally heterogeneous. Darvishzadeh
et al. (2011) used PROSAIL to map grassland LAI with airborne hyperspectral data with
accuracies comparable to those of statistical approaches. Geometric models (e.g. Li and
Strahler (1986)) assume that the canopy consists of a series of regular geometric shapes,
placed on the ground surface in a prescribed manner (Liang 2005). Consequently, crown
6
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transparency is assumed to be zero. The neglected transmissivity of tree crowns is a
fundamental weakness of these models (Atzberger 2000). Ray-tracing models (e.g. North
(1996); Kobayashi and Iwabuchi (2008)) can accurately compute the radiation
distribution over a complex canopy configuration. However, due to the complex structure
and a large number of input parameters required, these models are computationally
expensive and difficult to invert (Schlerf and Atzberger 2006). Hybrid models (e.g.
Huemmrich (2001); Li et al. (1995)) are combinations of geometric and turbid medium
models. These types of models provide a compromise between the realism of simulation
of canopy and invertibility (Schlerf and Atzberger 2006). Yang et al. (2011) presented a
new forest LAI inversion method from multisource and multiangle data using a hybrid
model of the invertible forest reflectance model (INFORM) with an R2 value of 0.772
(Atzberger 2000). (Ali et al. 2016b) investigated the relationship between leaf dry matter
content and specific leaf area with the canopy reflectance using INFORM model, which
demonstrated the advantage of INFORM for canopy reflectance simulation and plant
traits estimation.

1.2.3 Integration of LiDAR and hyperspectral
Hyperspectral remote sensing has the advantage for estimating leaf biochemical variables
at many levels, while it also has certain limitations. At the regional scale, canopy structure
often confounds the link between leaf variables and canopy reflectance (Niemann et al.
2012; Wang et al. 2017). In addition, background reflectance is another source that
weakens the relationship between leaf variables and the reflectance. Both empirical and
physical approaches are challenged with these issues. Water-related optical indices are
not only related to LWC but also LAI and canopy cover (Zarco-Tejada et al. 2003). The
large variation of canopy structural variables makes the parameterization of physical
models challenging, resulting in the so-called “ill-posed problem” in the inversion
procedure (Yebra and Chuvieco 2009). Many radiative transfer models have incorporated
background reflectance as a separate layer (Atzberger 2000; Verhoef and Bach 2003), but
from hyperspectral data alone, it is very difficult to extract the background layer in the
mixed pixels. These limitations of hyperspectral remote sensing can be partly overcome
by the integration of LiDAR. The advantage of LiDAR lies in its capability to capture 3D
structural information, which offers a complement for hyperspectral remote sensing.
However, most currently LiDAR systems employ a single wavelength. The relationship
between the desired varible and the intensity of a single wavelength is often weakened by
enviromental, instrumental and geometric factors (Höfle and Pfeifer 2007). The
integration of hyperspectral and LiDAR remote sensing has the potential to overcome the
weekness of both hyperspectral and LiDAR data.

1.3

Challenges in leaf water content estimation

The estimation of LWC faces many challenges at different scales. Terrestrial LiDAR has
very high point density coupled with a small footprint, rendering it an effective tool for
7
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LWC estimation at the leaf scale. However, TLS backscatter intensity for LWC
estimation has not been explored, since the intensity is affected by the distance and
incidence angle effects. The distance effect is mainly dominated by instrumental factors,
so the calibration is straightforward (Kaasalainen et al. 2011). Nonetheless, the incidence
angle effect is largely dependent on the target surface properties (Krooks et al. 2013). The
intensity decreases with increasing incidence angle due to the energy dispersion, while
the rate of decrease is difficult to evaluate before knowing the surface properties of the
target (Zhu et al. 2015). A study by Krooks et al. (2013) showed that the incidence angle
effect is dominated by target reflectance. This finding offered a useful perspective for
intensity calibration.
At the individual canopy scale, except for the influence of distance and incidence angle,
estimating LWC using TLS intensity is also complicated by the effect of partial hits at the
leaf edge (Gaulton et al. 2013). This effect is not significant at the leaf scale, but at the
canopy scale, a large number of laser beams partially hit the edge of the leaves thereby
reducing the fraction of returned energy (Eitel et al. 2010b). This partial hits effect has to
be eliminated before the intensity can be used for LWC estimation. Current studies show
that dual-wavelength TLS such as SALCA (Salford Advanced Laser Canopy Analyser)
has the ability to remove the influence of partial hits by using an intensity ratio of two
bands (Danson et al. 2014). However, the challenge of partial hits calibration remains for
single wavelength TLS which is still the most commonly used terrestrial LiDAR
instrument.
At the regional scale, there are also a few challenges when estimating LWC using airborne
data. As airborne LiDAR has a relatively big footprint (much larger than single leaves),
it is not feasible to calculate the incidence angle between each leaf and the laser beam. In
addition, when the laser beam hits multiple targets, it is not directly related to the target
reflectance, since the intensity is not only a function of the target reflectance, but also the
portion of the beam hitting the target (Béland et al. 2011). Unlike TLS, due to the large
footprint size of ALS, most laser beams hit multiple targets within the footprint. With
insufficient prior knowledge about full hits from the same target, the true reflectance of
partially hit individual targets cannot be unmixed because the target reflectance and the
collision area between the laser beam and partial hits both contribute to the returned
intensity (Béland et al. 2014). On the other hand, canopy reflectance models using
hyperspectral data simulating the spectral bidirectional reflectance as a function of many
important forest characteristics are well established (Atzberger 2000). The downside of
hyperspectral data is as mentioned: the inability to fully eliminate forest structure and
background effects. Therefore, in order to accurately estimate LWC at the regional scale,
the use of an individual sensor is not sufficient. A number of studies have revealed that
more accurate results can be achieved by integrating both sensor types (Fu et al. 2011;
Thomas et al. 2007; Torabzadeh et al. 2014). However, the integration of LiDAR and
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hyperspectral data in radiative transfer modeling has not been attempted for LWC
estimation.
An additional important factor that contributes to the bias of the estimation of leaf
variables (e.g. LAI, LWC) is the presence of plant woody material, especially at the
canopy scale. Hosoi and Omasa (2007) pointed out that one of the most significant factors
that affected the estimation accuracy of LAI was the presence of woody material. When
the remote sensing signal is a mixture of foliar and woody materials, the estimated
variable is a plant variable, instead of a pure leaf variable. Thus, the accurate estimation
of leaf variables requires an accurate classification of foliar and woody materials. On a
2D image, the complete unmixing between these two classes is not possible since not only
are they horizontally mixed, but they are also vertically mixed. Additionally, the footprint
size and point density of airborne LiDAR are not fine enough for the separation between
foliar and woody materials. In comparison, TLS is able to capture the 3D spatial
arrangement of different vegetation components due to its small footprint size and high
point density (Côté et al. 2009). The geometric information provided by TLS has been
assessed for the classification in a few studies (Ma et al. 2014; Zheng et al. 2016a), but
the combination of TLS radiometric (i.e. intensity) and geometric information has
received little attention.

1.4

Research questions

The aim of this study is to retrieve LWC at the leaf and canopy level, as well as explore
upscaling to the regional level, using LiDAR and hyperspectral remote sensing. Four
research questions are outlined below:
(1) Does the calibration of terrestrial LiDAR intensity data to a common leaf angle
significantly increase the estimation accuracy of LWC?
(2) Can canopy LWC be estimated using terrestrial LiDAR by removing the influence
of partial hits?
(3) To what extent does the integration of LiDAR and hyperspectral improve the
accuracy of LWC estimation when coupled in RTMs?
(4) How is the performance of the combination of geometric and radiometric features
for the classification of foliar and woody materials compared to the usage of either
one of them alone?

1.5

Thesis structure

This thesis comprises six chapters, four of which are standalone papers addressing the
research questions presented in section 1.4. Three of them have been published in peerreview ISI journals, one is under review.
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Chapter 2 evaluates the ability of terrestrial LiDAR intensity to estimate LWC with
radiometric calibration at the individual leaf scale. Chapter 3 assesses the feasibility of
estimating canopy LWC using terrestrial LiDAR by removing the influence of partial hits.
Chapter 4 focuses on LWC estimation at the regional scale by using LiDAR and
hyperspectral data. Chapter 5 presents a method to classify foliar and woody materials
through the combination of radiometric and geometric information using terrestrial
LiDAR. Finally, the thesis is concluded with a synthesis of the research presented in
Chapter 6. The research findings are discussed, and future research and suggestions are
proposed.

1.6

Study area

The experiments of Chapter 2 and Chapter 3 were conducted in the Geoscience
Laboratory in the Faculty of Geo-Information Science and Earth Observation of the
University of Twente, Enschede, the Netherlands. The study area of Chapter 4 and
Chapter 5 was located in the Bavarian Forest National Park in southeastern Germany (Fig.
1.2). The natural forest ecosystems of the Bavarian Forest National Park vary according
to altitude: there are alluvial spruce forests in the valleys, mixed mountain forests on the
hillsides and mountain spruce forests in the high areas (Heurich et al. 2010).

Figure 1.2 Location of the study area in Germany
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1.7

Data description

The terrestrial laser scanner used in this study was the time-of-flight scanner RIEGL VZ400 (Riegl LMS GmbH, Horn, Austria) which has been widely applied in forestry studies.
It employs a SWIR (1550 nm) laser, known to be sensitive to LWC (Tucker 1980). The
system has a beam divergence of 0.35 mrad, a range accuracy of 5 mm, an effective
measurement rate of 122,000 meas./sec, and a maximum range of 160 m at 20%
reflectance in a high speed mode. The pulse’s energy follows a Gaussian distribution
within the laser beam.
The airborne LiDAR flight campaign was carried out at the end of July 2012 using a Riegl
LMS-Q 680i sensor at a nominal height of 650 m above ground covering the whole park.
The wavelength of the LiDAR data was 1550 nm and the data had an average point density
of 30 points per m2. The system had a beam divergence smaller than 0.5 mrad, a range
accuracy of 20 mm and a maximum pulse repetition rate of 400,000 Hz.
Airborne hyperspectral data were obtained with a HySpex sensor by German Aerospace
Center (DLR) for the study area on July 22, 2013. The system comprises two imaging
spectrometers with spectral ranges from 400 to 1000 nm across 160 channels (visible and
near infrared, VNIR) and from 1000 to 2500 nm across 256 channels (short-wave infrared,
SWIR). The spatial resolutions of these two spectrometers were 1.65 m and 3.3 m,
respectively. The data were collected at an average nominal altitude of 3000 m in 19
image strips. The data were preprocessed by DLR. Image data were converted from digital
numbers to surface reflectance using the atmospheric correction model ATCOR4 based
on atmospheric lookup tables generated with the radiative transfer model MODTRAN4
(Wang et al. 2016). Ortho-rectification was performed based on the parametric
model/table using recorded attitude and flight path data in combination with a digital
terrain model (DEM) (Wang et al. 2017).
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3D leaf water content mapping using
terrestrial laser scanner backscatter intensity
with radiometric correction



This chapter is based on: Zhu, X., Wang, T., Darvishzadeh, R., Skidmore, A.K., &
Niemann, K.O. (2015). 3D leaf water content mapping using terrestrial laser scanner
backscatter intensity with radiometric correction. ISPRS Journal of Photogrammetry and
Remote Sensing, 110, 14-23.
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Abstract
Leaf water content (LWC) plays an important role in agriculture and forestry
management. It can be used to assess drought conditions and wildfire susceptibility.
Terrestrial laser scanner (TLS) data have been widely used in forested environments for
retrieving geometrically-based biophysical parameters. Recent studies have also shown
the potential of using radiometric information (backscatter intensity) for estimating LWC.
However, the usefulness of backscatter intensity data has been limited by leaf surface
characteristics, and incidence angle effects. To explore the idea of using LiDAR intensity
data to assess LWC we normalized (for both angular effects and leaf surface properties)
shortwave infrared TLS data (1550 nm). A reflectance model describing both diffuse and
specular reflectance was applied to remove strong specular backscatter intensity at a
perpendicular angle. Leaves with different surface properties were collected from eight
broadleaf plant species for modeling the relationship between LWC and backscatter
intensity. Reference reflectors (Spectralon from Labsphere, Inc.) were used to build a
look-up table to compensate for incidence angle effects. Results showed that before
removing the specular influences, there was no significant correlation (R2 = 0.01, P >
0.05) between the backscatter intensity at a perpendicular angle and LWC. After the
removal of the specular influences, a significant correlation emerged (R2 = 0.74, P < 0.05).
The agreement between measured and TLS-derived LWC demonstrated a significant
reduction of RMSE (root mean square error, from 0.008 to 0.003 g/cm2) after correcting
for the incidence angle effect. We show that it is possible to use TLS to estimate LWC
for selected broadleaved plants with an R2 of 0.76 (significance level α = 0.05) at leaf
level. Further investigations of leaf surface and internal structure will likely result in
improvements of 3D LWC mapping for studying physiology and ecology in vegetation.
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2.1

Introduction

Vegetation water content provides useful information for assessing plant physiological
status (Sanchez et al. 1983; Scriber 1977a) and is critical in parameterization of radiative
transfer models (Dawson et al. 1998; Jacquemoud and Baret 1990). In addition, it is
commonly used to assess forest fire susceptibility and propagation (Chuvieco et al. 2002;
Ray et al. 2005) and many forest fire behavior models rely on it as an input (Bowyer and
Danson 2004; Cruz et al. 2004; Rothermel et al. 1986). Remote sensing techniques
provide an efficient and non-destructive way to estimate vegetation water content. Passive
multi-spectral and hyper-spectral data have been widely used for retrieving vegetation
water content from 2-dimensional (2D) images using either empirical models (Gao 1996;
Serrano et al. 2000; Ullah et al. 2014) or physical models (Jacquemoud and Baret 1990;
Kötz et al. 2004; Zarco-Tejada et al. 2003). Tucker (1980) simulated spectral reflectance
changes in the 700-2500 nm region using different leaf water contents (LWC), suggesting
that the 1480-1750 nm spectral interval was the best-suited region for ground-based
monitoring of vegetation water status. Serrano et al. (2000) showed that reflectance
indices formulated from near infrared (NIR) water absorption bands were the best
indicators of vegetation water content. Ullah et al. (2014) investigated the spectral region
390-14000 nm for retrieving LWC using narrow-band indices. The results showed that
the most accurate spectral index could yield very high prediction accuracy (R2 = 0.93).
However, such passive remote sensing could be affected by solar illumination and
atmospheric conditions. In addition, 2D imaging techniques do not differentiate between
different vegetation elements (e.g. leaves, branches), nor do they eliminate background
soil and understory vegetation signal (Eitel et al. 2010a; Wagner et al. 2008a; Wessman
1994). Chuvieco et al. (2002) stated that the main challenge of using passive remote
sensing is that reflectance is affected by factors of spectral variation, such as canopy
geometry, soil background or atmospheric effects that confound the foliar biochemical
signal.
Terrestrial laser scanners (TLS) have the potential to overcome many intrinsic limitations
of optical platforms. Their data are independent of solar illumination, and are thus able to
obtain the measurements at optimal viewing angles where no shadowing is present
(Woodhouse et al. 2011). In addition, the 3-dimensional (3D) measurement techniques
allow the separation of background noise such as understory vegetation and background
soil using vertical information (Höfle 2014) or TLS backscatter intensity (Pirotti et al.
2013). TLS data have been extensively used for obtaining 3D geometrical information
using more traditional airborne and spaceborne Light Detection and Ranging (LiDAR)
modeling techniques. The high point-density of TLS enables vegetation information to
be explored at small spatial scales (mm) (Vierling et al. 2013). The backscatter intensity
value of the reflected backscatter signal recorded by TLS is a function of the reflectance
property of an object (Penasa et al. 2014), which is, to some extent, insensitive to ambient
light and atmospheric conditions (Höfle and Pfeifer 2007) and provides good spectral
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separability for detecting and classifying objects (Franceschi et al. 2009; Höfle 2014).
Although little is known about how useful backscatter intensity values are for retrieving
leaf biochemical characteristics, such as estimating LWC, some recent studies support
the use of TLS in this realm. Eitel et al. (2010a) utilized the green band TLS (532 nm) to
measure leaf chlorophyll content for two tree species, and showed that the green band
backscatter intensity is strongly correlated with leaf chlorophyll content (R2 = 0.77). In
another study, green band TLS backscatter intensity data were shown to be useful for
estimating the foliar nitrogen concentration of spring wheat (Eitel et al. 2011b). Magney
et al. (2014) found a strong relationship between green laser return intensity and nonphotochemical quenching, demonstrating that green laser return intensity holds promise
to provide detailed information about plant physiological status. Gaulton et al. (2013)
used a dual-wavelength laser scanning for LWC estimation. A strong relationship (R2 =
0.80) was found between a normalized ratio of the two wavelengths (1063 nm and 1545
nm) and LWC. Other studies have examined the ability of TLS with SWIR wavelength
for classifying minerals due to the strong water absorption in this region (Franceschi et
al. 2009; Penasa et al. 2014). Béland et al. (2011) separated the photosynthetic part from
the non-photosynthetic of six trees in order to obtain leaf area index using TLS
backscatter intensity at the wavelength of 1535 nm, since the water absorption in this
band is higher in leaves than in branches (Tucker 1980). These studies show that TLS
with a specific wavelength can be used to obtain certain leaf biochemical parameters and
their exact spatial distribution. Therefore, it is feasible to use TLS with water absorption
band to estimate LWC. With its 3D geometric and radiometric information, TLS has the
potential to provide information on 3D plant structure and biochemical content for each
measurement point at different parts of a plant. It can therefore be useful for analyzing
plant physiology.
Using TLS backscatter intensity to estimate LWC is complicated by the leaf angle
distribution, because the incidence angle between the laser beam and the leaf normal
affects TLS backscatter intensity strongly (Eitel et al. 2010a; Gaulton et al. 2013).
Gaulton et al. (2013) showed that a normalized ratio of two wavelengths from a dualwavelength laser is highly correlated with vegetation moisture content. The normalized
ratio of two wavelengths should be insensitive to the incidence angle, since the effect is
partially cancelled when the backscatter intensity of both wavelengths is similarly
influenced by the incidence angle (Eitel et al. 2014; Gaulton et al. 2013). These newly
emerged instruments provide means for removing incidence angle effects, while for the
widely used TLS instruments with single wavelength, correction for incidence angle
effects is necessary. Even for the dual-wavelength laser scanning, the effect can be
removed by using the ratio only when the two wavelengths are similarly affected by the
incidence angle (Eitel et al. 2014). Thus, radiometric correction for incidence angle
effects is still necessary. The incidence angle effect mainly depends on the target’s
properties, including reflectivity and roughness (Kaasalainen et al. 2011). TLS
backscatter intensity decreases as incidence angle increases due to the energy dispersion
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caused by spot spreading, while the rate of angle-dependent decay increases with the
backscatter intensity measured at normal incidence if a regular surface is considered
(Pesci and Teza 2008). Kukko et al. (2008) presented a comprehensive experiment how
backscatter intensity depends on the incidence angle using a set of natural and artificial
samples. They demonstrated that the incidence angle effect is stronger for high reflectance
targets. The angle effect also depends on the surface roughness of targets with a large
grain size compared to the laser spot size, while reflectance other than roughness plays a
stronger role for targets with small grain size (Kukko et al. 2008). Krooks et al. (2013)
investigated the role of surface properties such as grain size and reflectance on the angledependent decay of backscatter intensity. They showed that the incidence angle effect is
dominated by target reflectance, whereas the variations in surface topography that are
smaller than the laser footprint on the target do not have a significant influence on the
incidence angle effect. This suggests that the incidence angle effect can be corrected using
functions that depend on the object brightness (Krooks et al. 2013). Leaf surface
topography is usually smaller than the laser spot size which is about 7 mm at a distance
of 2 m for the instrument used in this study. Therefore, radiometric correction of TLS
should allow object brightness to be accurately normalized to reflectance.
There are three generally accepted approaches for radiometric correction of LiDAR
backscatter intensity: The first is a theoretical model based on the radar equation
describing the relationship between the transmitted signal power and received signal
power (Ding et al. 2013). In a perfect Lambertian distribution, the backscatter intensity
value is related to the cosine of the incidence angle (Coren and Sterzai 2006). The main
limitation of this approach is that most objects do not follow the Lambertian scattering
law. Besides, some TLS systems do not follow the radar equation at close ranges due to
optical vignetting or brightness reducers (Pfennigbauer and Ullrich 2010). A second
approach employs an empirical model using predefined homogeneous samples (Höfle
and Pfeifer 2007) to estimate parameters for a function accounting for angle-dependent
factors. This method is very laborious and precludes automation of the backscatter
intensity correction process (Ding et al. 2013). The third method uses a reference targetbased model based on commercial or natural reference targets (Kaasalainen et al. 2009)
to acquire the different rate of angle-dependent decay caused by surface brightness. The
reference target-based model can avoid laborious measurements, as it uses the same
model based on standard reference targets for various species.
Before correcting for the angle effect, the relationship between LWC and backscatter
intensity at an angle perpendicular to the TLS-object nadir needs to be established.
However, a challenge to attain this relationship is to remove the specular backscatter
intensity component for this wavelength (1550 nm) (Eitel et al. 2014). Although the
contribution of specular backscatter intensity from the leaf surface may have little effect
on total backscatter intensity from a different incidence angle, it has a noticeable effect at
a perpendicular angle (Sinclair et al. 1973). At a perpendicular angle, there is a large
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fraction of specular backscatter intensity that varies due to the different surface features
(Ding et al. 2013). As discussed by Eitel et al. (2010a), shiny leaf surfaces have a higher
specular fraction of backscatter intensity than matte leaves and exhibit different
backscatter intensity values than matte leaf surfaces, especially at a perpendicular angle
,even though they have the same leaf chlorophyll content. Thus, for LWC estimation, the
backscatter intensity at a perpendicular angle may be affected by leaf surface type, which
also needs to be corrected. Here we hypothesize that a reflectance model which
incorporates both specular and diffuse backscatter intensity can eliminate surface feature
effects across species, so that the correlation between backscatter intensity and LWC can
be improved.
The overall objective of this study was to examine the suitability of TLS backscatter
intensity data to estimate LWC. Specifically, we aimed: (1) to examine the correlation
between LWC and TLS backscatter intensity at a perpendicular angle; (2) to investigate
the influence of the leaf surface feature on backscatter intensity and to assess the
application of a reflectance model on leaf backscatter intensity; and (3) to evaluate the
incidence angle effect on backscatter intensity variation and LWC mapping.

2.2

Materials and methods

2.2.1

Terrestrial laser scanner

The laser scanner used in our study was the time-of-flight scanner RIEGL VZ-400 (Riegl
LMS GmbH, Horn, Austria; Fig. 2. 1) which has been widely applied in forestry studies.
It employs a SWIR (1550 nm) laser, known to be sensitive to LWC (Tucker 1980). The
system has a beam divergence of 0.35 mrad, a range accuracy of 5 mm, an effective
measurement rate of 122,000 meas./sec, and a maximum range of 160 m at 20%
reflectance in a high speed mode. The pulse’s energy follows a Gaussian distribution
within the laser beam. All of the data were acquired in a high speed mode with a pulse
repetition rate (PRR) of 300 kHz.
Discrete return systems record the return amplitude of each received echo as backscatter
intensity, while a large number of LiDAR systems are able to record full-waveform
information providing range, peak amplitude (backscatter intensity) and the shape of the
waveform (Jupp et al. 2005). RIEGL VZ-400 can provide both full waveform output and
discrete returns. The result of online waveform processing is a stream of data providing
precise information on target range, amplitude and reflectance for each detected target
echo (RIEGL Laser Measurement Systems, 2014). The reflectance provided is a ratio of
the actual amplitude of that target to the amplitude of a white flat target at the same range.
It has been used as the backscatter intensity in this study for estimating LWC. The main
advantage of this output is that the range-dependent effect has been removed
(Pfennigbauer and Ullrich 2010).
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2.2.2 Experiment design and TLS measurement
Leaves (13-18 samples per species, 127 in total) were randomly collected from eight
broadleaf plant species for modeling the relationship between LWC and TLS backscatter
intensity. The eight plant species were Piggyback Plant (Tolmiea menziesii), Smooth
Hydrangea (Hydrangea arborescens), Rhododendron (Rhododendron sp.), Garden
Croton (Codiaeum variegatum), Red Robin (Photinia fraseri), Dwarf Umbrella Tree
(Schefflera arboricola), Ficus Tree (Ficus benjamina) and Zanzibar Gem (Zamioculcas
zamiifolia) (Fig. 2.2 from left to right; Table 2.1). As can be seen in Fig. 2.2, Zamioculcas
zamiifolia and Ficus benjamina have shinier leaves than other species, while Tolmiea
menziesii and Hydrangea arborescens have hairy and matte leaves. Other species have
visually moderate shiny leaves. Four additional broadleaf plant species were used for
validation on plants without detaching: Kangaroo Vine (Cissus antartica), Aralia Fabian
(Polyscias fabian), African Hemp (Sparrmannia africana) and Cherry Laurel (Prunus
laurocerasus) .
To study the incidence angle effect on backscatter intensity, four Spectralon panels
manufactured by Labsphere, Inc. with nominal reflectance values of 12%, 25%, 50%,
99% were scanned at incidence angles between 0° and 80°, in steps of 10° (Fig. 2.1). A
simple goniometric platform was built to measure the leaf backscatter intensity change
with angle (Fig. 2.2). It can be rotated horizontally to change the incidence angle, whereas
the elevation was fixed to the same height as the laser scanner. A protractor was fixed on
the platform to show the incidence angle. The platform board was painted matte black to
differentiate leaves from the background. Leaves were detached from the eight plant
species, placed in an oven to dry progressively and taken out every hour for measuring
backscatter intensity and weight. They were flattened and attached to the board for the
backscatter intensity measurements made at a perpendicular angle to obtain the
correlation between water content and backscatter intensity. In total, we obtained 463
measurements with different levels of water content for modeling (Table 2.1). Backscatter
intensity was also measured at incidence angles of 0° to 30° in steps of 2° to simulate the
specular and diffuse fractions. The one sided area of each leaf was computed by
multiplying the number of leaf pixels by the pixel area. Leaf pixels were distinguished on
the scanned image by performing a segmentation with the ENVI software (ITT Visual
Information Solutions Inc., USA).
The LWC was calculated using the following formula (Danson et al. 1992):
⁄

⁄

2.1

where MW is the mass of the wet leaf (g), MD is the mass of the completely dried leaf
(g), and A is the surface area of the leaf (cm2).
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Figure 2.1 The terrestrial laser scanner measuring Spectralon panels

Figure 2.2 Leaves of 8 plant species attached to a goniometric platform
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Table 2.1 Statistics of the leaf water content of modeling samples
Species name

Measurements

Max LWC
(g/cm2)

Min LWC
(g/cm2)
0.0047

Mean
LWC
(g/cm2)
0.0089

Standard
deviation
of
LWC (g/cm2)
0.0021

Tolmiea
menziesii
Hydrangea
arborescens
Rhodedendron
sp
Codiaeum
variegatum
Photinia fraseri
Schefflera
arboricola
Ficus benjamina
Zamioculcas
zamiifolia
In total

64

0.0133

48

0.0109

0.0024

0.0070

0.0019

96

0.0236

0.0064

0.0147

0.0034

39

0.0195

0.0062

0.0137

0.0038

80
58

0.0194
0.0370

0.0036
0.0080

0.0114
0.0240

0.0044
0.0080

36
42

0.0192
0.0536

0.0030
0.0273

0.0113
0.0457

0.0049
0.0064

463

0.0536

0.0024

0.0161

0.0114

2.2.3 Reflectance model for terrestrial laser scanner backscatter
intensity simulation
Natural surface reflectance of an object is a combination of diffuse and specular
reflectance. Thus, a mixed Lambertian/non-Lambertian model is needed for both the
diffuse and specular reflectance modeling. The specular reflectance is the mirror-light
reflectance of light from a surface. A linear combination of the Lambertian model and
Beckmann law (Poullain et al. 2012), which provides a comprehensive theory that can be
applied to a wide range of surface conditions ranging from smooth to very rough, was
used to simulate the backscatter intensity. The Lambertian model defines the diffuse
intensity for the dull, matte surfaces, while the Beckmann law (Beckmann and
Spizzichino 1987) models specular intensity properties.
cos

1

⁄

⁄ cos

2.2

where I is the backscatter intensity, f represents backscatter intensity at normal incidence
angle, kd is the fraction of the diffuse intensity, α is the incidence angle, and m is the
surface roughness and typically takes values between 0 (smooth surface) and 0.6 (rough
surface).
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2.2.4 Incidence angle effect correction on backscatter intensity
2.2.4.1 Incidence angle
The incidence angle is the angle between the surface normal and the laser beam.
Thus, the surface normal is required. The K-nearest neighbor (KNN) algorithm was
used to search for the nearest neighbors of each point , since KNN can cope with
boundaries, holes and different sampling densities (Hoppe et al. 1992). Then the
surface normal was estimated based on the analysis of the eigenvectors and
eigenvalues of a covariance matrix from the nearest neighbors of the query point
(Gross and Thoennessen 2006). The incidence angle was therefore calculated from
the following equation:
∙ ⁄|

|

2.3

where α is the incidence angle, and P is the laser beam vector from the laser scanner to
the surface. N is the surface normal vector.
2.4.4.2 Models for incidence angle correction
In this paper, the reference target-based model is used to test its potential for retrieving
LWC, while the Lambertian model is used as a baseline to compare the results.


Theoretical model for incidence angle correction

According to the radar range equation (Jelalian 1992), the backscatter intensity observed
from an ideal diffusely reflecting surface or ideal diffuse radiator is directly proportional
to the cosine of the angle α. Assuming that footprints on objects are circular, the surface
has Lambertian scattering characteristics and that atmospheric conditions are constant, it
can be simplified to the following equation (Höfle and Pfeifer 2007):
cos

∙ /

2.4

where Ir is the received signal power, It is the transmitting signal power, ρ is the target
reflectance, R is the distance from sensor to target, ηatm is the atmospheric attenuation
constant, α is the incidence angle, and C is the sensor system constant factor.
Since It, ηatm, and C were constant, R has been corrected (Pfennigbauer and Ullrich 2010).
Ir is proportional to cos α. Therefore, for all points, the measured backscatter intensity
was normalized by I = Ir/cosα considering the incidence angle (Jutzi and Gross 2009).
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In order to correct the backscatter intensity, the observed backscatter intensity at different
incidence angles for the four panels with different backscatter intensity at perpendicular
angles (I (0°)) was stored in a look-up table (LUT). The LUT is interpolated to provide I
(0°) for any specific incidence angle and observed backscatter intensity, so that I (0°) can
be linearly interpolated from the model for a given backscatter intensity recorded by the
instrument and incidence angle calculated (see 2.2.4.1). Fig. 2.3 gives a surface
visualization of the radiometric calibration model.

Figure 2.3 Surface visualization of the radiometric calibration model generated from observations
with four Spectralon panels at multiple angles

2.3

Results

2.3.1 Correlation between backscatter intensity and leaf water
content at a perpendicular angle before removing specular
backscatter intensity
The relationship between TLS backscatter intensity and LWC is demonstrated in Fig. 2.4.
It shows that for most species, TLS backscatter intensity at a perpendicular angle
decreased with increasing LWC (Fig. 2.4a). This suggests that backscatter intensity is
negatively correlated with LWC, since the energy of laser is partly absorbed by the leaves’
water. When the LWC is higher, the absorptance of backscatter intensity at 1550 nm is
stronger. Table 2.2 shows the polynomial correlation between TLS backscatter intensity
and LWC for eight plant species. TLS backscatter intensity was correlated with LWC for
each of the seven species, while there was no significant correlation observed for
Zamioculcas zamiifolia (R2 = 0.01). Combining the eight plant species together, no
significant correlation was found between TLS backscatter intensity and LWC (Fig. 2.4a).
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Figure 2.4 Relationships between leaf water content and backscatter intensity at a perpendicular
angle. (a) before removal of specular backscatter intensity, (b) after removal of specular backscatter
intensity.
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Table 2.2. Polynomial R2 of the correlation between terrestrial laser scanner backscatter intensity
at a perpendicular angle and leaf water content for eight plant species individually
RMSE
Species name
R2
Zamioculcas zamiifolia
0.01
0.09
Ficus benjamina

0.54

0.04

Schefflera arboricola

0.65

0.03

Photinia fraseri

0.80

0.03

Codiaeum variegatum

0.54

0.02

Rhodedendron sp.

0.78

0.02

Hydrangea arborescens

0.77

0.01

Tolmiea menziesii

0.75

0.01

2.3.2 Effect of removing the specular backscatter intensity on the
correlation between leaf water content and backscatter
intensity at a perpendicular angle
2.3.2.1 Terrestrial laser scanner backscatter intensity simulation using a linear
combination of the Lambertian model and Beckmann law
TLS backscatter intensity has been simulated to exclude the specular component in order
to attain a more general model for LWC prediction using a linear combination of the
Lambertian model and Beckmann law (Table 2.3). Zamioculcas zamiifolia and Ficus
benjamina showed the lowest diffuse fractions and highest specular fractions compared
to the other species. Fig. 4a shows that these two species exhibited higher specular
backscatter intensity, while Hydrangea arborescens and Tolmiea menziesii had the lowest
specular fractions. Table 2.3 also shows that leaves with higher ‘kd’ values also had higher
‘m’ values, suggesting that rough leaves might have higher diffuse fraction.
For species with a lower value of parameter kd (Table 2.3), with the same backscatter
intensity at a perpendicular angle, the backscatter intensity dropped more significantly as
the incidence angle increased (Fig. 2.5). For instance, Zamioculcas zamiifolia had the
highest specular fraction (smallest kd value). At off-normal angles, it was the diffuse
fraction that contributed most to the backscatter intensity, so the whole backscatter
intensity dropped faster than for other species. On the other hand, Tolmiea menziesii had
the lowest specular fraction, which was very close to a Lambertian surface (Fig. 2.5).
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Table 2.3 Terrestrial laser scanner backscatter intensity simulation for 8 plant species using linear
combination of the Lambertian model and Beckmann law. kd: diffuse fraction, m: surface roughness
Species name
kd
m
R2
RMES
Zamioculcas zamiifolia

0.34

0.09

0.95

0.03

Ficus benjamina

0.44

0.13

0.98

0.01

Schefflera arboricola

0.63

0.18

0.98

0.01

Photinia fraseri

0.64

0.21

0.94

0.02

Codiaeum variegatum

0.68

0.17

0.97

0.01

Rhodedendron sp.

0.73

0.20

0.99

0.01

Hydrangea arborescens
Tolmiea menziesii

0.95
0.99

0.22
0.38

0.99
0.83

0.01
0.01

1
0.9

Zamioculcas
zamiifolia
Schefflera
arboricola
Photinia fraseri

intensity

0.8
0.7
0.6

Hydrangea
arborescens
Ficus benjamina

0.5
0.4
0.3
0

10
20
incidence angle
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Figure 2.5 Linear combination of the Lambertian model and Beckmann law simulation for eight
plant species. Backscatter intensity at a normal incidence angle has been scaled to 1.

2.3.2.2 Correlation between terrestrial laser scanner backscatter intensity and leaf
water content at a perpendicular angle after removing the specular
backscatter intensity
TLS backscatter intensity at a perpendicular angle was corrected by subtracting the
specular component. As expected, species with a higher backscatter intensity at the same
LWC level, such as Zamioculcas zamiifolia and Ficus benjamina, had a higher specular
backscatter intensity, although after correction, values dropped to the same level as other
species (Fig. 2.4b), whereas the backscatter intensity of species which were less shiny
experienced a smaller decrease after correction due to their lower specular fraction.
Therefore, after removing specular backscatter intensity, when we pooled the samples
from the eight plant species together (Fig. 2.4b), we obtained a more accurate R2 value of
0.74 (compared to the uncorrected data shown in Fig. 2.4a). As expected, TLS backscatter
intensity decreased as LWC increased, while it became less sensitive when LWC was
high (Fig. 2.4b) (they had a logarithmic relationship).
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2.3.3 Correction of incidence angle effect on terrestrial laser scanner
backscatter intensity and leaf water content prediction
Fig. 2.6 shows the recorded backscatter intensity as a function of incidence angle for four
panels: when the reflectance was higher, the angle decay was more significant. This could
also be observed for leaves (Fig. 2.7). Fig. 2.8 shows the result of estimating LWC using
uncorrected TLS backscatter intensity: the LWC was significantly overestimated.
Fig. 2.9 shows the visualization of TLS backscatter intensity correction on a plant
(Polyscias fabian). For leaves with a large incidence angle (off-nadir to TLS), the
backscatter intensity was much lower than those with small incidence angle (Fig. 2.9a).
After backscatter intensity correction, it was observed that most parts of the plant had a
higher backscatter intensity. Especially for leaves with a large incidence angle, the
backscatter intensity became much higher compared to leaves with a small incidence
angle, suggesting the correction was effective. In addition, backscatter intensity of
branches was significantly higher than that of the leaves.
The estimation of LWC using corrected TLS backscatter intensity data showed the
improvement of R2 and smaller RMSE (root mean square error) (Fig. 2.10). The reference
target-based model provided a more accurate estimation of LWC, yielding an R2 value of
0.76 and RMSE of 0.003 g/cm2 compared to the theoretical model (R2 = 0.55, RMSE =
0.004 g/cm2). When LWC was above 0.02 g/cm2, the LWC was overestimated, indicating
the saturation problem of TLS backscatter intensity data for high LWC levels.

Observed intensity (0-1)

Fig. 2.11 gives a visualization of LWC spatial distribution on two plant species (Polyscias
fabian and Camellia japonica). It provides the information of the LWC for every TLS
point on the leaves, thus it is possible to determine the water status of leaves on the plant.
It is clear that the venation had a higher water content than the other parts of a leaf (Fig.
2.11a). Fig. 2.11b shows more variation of LWC on a plant: most of the newer leaves
close to the ends of the branches had a higher LWC than older leaves closer to the root.
1
0.8
0.6

ρ = 0.991

0.4

ρ = 0.607

0.2

ρ = 0.344
ρ = 0.172

0
0

50

100

Incidence angle (°)

Figure 2.6 Terrestrial laser scanner backscatter intensity as a function of the incidence angle and
reflectance for the Spectralon panels
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predicted water content (g/cm2)

Figure 2.7 Leaf backscatter intensity changes with incidence angle and backscatter intensity at a
perpendicular angle

R² = 0.39
RMSE = 0.008

0.06
0.05
0.04
0.03
0.02
0.01
0
0

0.01 0.02 0.03 0.04 0.05 0.06
observed water content (g/cm2)

Figure 2.8 Leaf water content estimation using terrestrial laser scanner backscatter intensity before
angle correction

a

b

Figure 2.9 Terrestrial laser scanner backscatter intensity correction visualization. (a) before
correction, (b) after correction
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a
R² = 0.55
RMSE = 0.004

0.02

0.01

b

0.03
predicted water content (g/cm2)

predicted water content (g/cm2)

0.03

R² = 0.76
RMSE = 0.003

0.02

0.01

0

0
0

0.01
0.02
0.03
observed water content (g/cm2)

0

0.01
0.02
0.03
observed water content (g/cm2)

Figure 2.10 Leaf water content estimation using terrestrial laser scanner backscatter intensity after
angle correction. (a) theoretical model based correction, (b) reference target based correction.

Figure 2.11 Example of leaf water content mapping. (a) Polyscias fabian, (b) Camellia japonica.

2.4

Discussion and conclusion

LWC estimation has so far mainly focused on hyperspectral passive remote sensing,
which provides very high accuracy with an R2 above 0.8 (Ullah et al. 2014; Zhang et al.
2012), however the advent of TLS allows the assessment of LWC and its exact spatial
distribution. In this paper we have demonstrated that TLS with a SWIR wavelength can
be used to estimate LWC for selected broadleaved plants at an acceptable accuracy (R2 =
0.76, RMSE = 0.003 g/cm2, α = 0.05) at leaf level.
Before removal of the specular component, LWC was correlated with TLS backscatter
intensity at a perpendicular angle for most species, although in the case of Zamioculcas
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zamiifolia, there was no significant correlation (P > 0.05; Fig. 2.4a). There are three
possible reasons for this. Firstly, the LWC of Zamioculcas zamiifolia is very high (0.030.06 g/cm2), so if the LWC is too high, it appears to induce the laser signal saturates. Fig.
2.4b demonstrates that above a certain LWC level (around 0.02-0.03 g/cm2), TLS
backscatter intensity becomes less sensitive to LWC (logarithmic function). This can also
be observed from Fig. 2.10, both the methods show that above about 0.02 g/cm2, the
prediction accuracy tends to be lower. This saturation phenomena of LWC estimation has
been discussed in other studies using hyperspectral SWIR data (Ceccato et al. 2001) and
thermal infrared data (Ullah et al. 2012). More research is needed to fully understand and
solve this issue. Secondly, the diffuse fraction of Zamioculcas zamiifolia is very low (kd
= 0.34) so that the dominant backscatter intensity at a perpendicular angle is ‘specular’.
Specular backscatter intensity varies widely at low incidence angles. Therefore, the
backscatter intensity before removal of the specular component is affected by small
changes of incidence angle, which explains the variation of TLS backscatter intensity at
the same LWC level. Thirdly, when dried in the oven, the leaf surface of Zamioculcas
zamiifolia became less shiny leading to the decrease of its specular fraction. This change
is also present in other species, to various extents. When the leaf surface is shinier, the
influence tends to be stronger.
After pooling the eight plant species together, before correcting for specular backscatter
intensity, the TLS backscatter intensity showed no significant correlation with LWC (Fig.
2.4a). Leaf reflectance emanates from both the interior of the leaf and the leaf surface.
The diffusive character of leaf backscatter intensity is derived from the multiple scattering
of radiation within the leaf, whereas the specularly reflected intensity is a function of leaf
surface characteristics (Grant 1987). At a perpendicular angle, the specular backscatter
intensity is more noticeable (Sinclair et al. 1973). Different plant species may have the
same LWC, but with different surface features. Shiny leaf surfaces exhibit a higher TLS
backscatter intensity than matte leaf surfaces, as they are more affected by specular
backscatter intensity at a perpendicular angle. This is especially true of Zamioculcas
zamiifolia and Ficus benjamina, whose backscatter intensity values are much higher than
other species at the same LWC level (Fig. 2.4a). A linear combination of the Lambertian
model and Beckmann law successfully quantifies the difference of diffuse and specular
fraction (Table 2.3). In Fig. 2.5, the decreasing backscatter intensity of Tolmiea menziesii
was very close to a Lambertian surface due to its low specular backscatter intensity. After
removing the specular backscatter intensity, a good correlation was found (R2 = 0.74) for
the eight plant species pooled together, suggesting that the simulation and correction are
effective (Fig. 2.4b). LWC difference can be clearly reflected by TLS backscatter
intensity, since diffuse backscatter intensity is less affected by leaf surface.
Correcting the incidence angle effect on TLS backscatter intensity improved the accuracy
of LWC retrieval (Fig. 2.10). We used reference targets of different brightness levels to
model angle-dependent backscatter intensity decay. In Fig. 2.7 we show that the
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brightness difference (backscatter intensity (0°)) has a notable influence on the leaf
backscatter intensity decay with incidence angle, suggesting that brightness needs to be
considered as a factor for backscatter intensity correction. Brightness dominates the
incidence angle effect on TLS backscatter intensity, rather than grain size, due to the
smaller leaf size (grain) compared with the laser footprint size. We will investigate grain
size effect and its correction in future studies.
The reference target-based model is superior in correcting for backscatter intensity
compared to the theoretical model (Fig. 2.10). The theoretical model assumes that leaves
are perfect Lambertian reflectors that follow the cosine incidence angle law. In reality,
leaves are not perfect Lambertian surfaces and the relationship between received optical
power and reported backscatter intensity DNs (digital number) is nonlinear (Hartzell et
al. 2015). However, radiometric calibration methods based on the theoretical model (radar
equation) using normalized or raw backscatter intensity assume a linear relationship
between TLS backscatter intensity and received optical power. For reference target-based
models, the backscatter intensity at a perpendicular angle may be interpolated from the
LUT without assuming a linear relationship.
In this study, the relative reflectance output of the online full waveform processing was
used for LWC estimation. The online full waveform analysis converts the full waveform
into multiple returns with range, amplitude, relative reflectance and pulse shape deviation.
But in our controlled experiment, there were only single returns in modelling (leaves
attached on the board) and very few multiple returns in validation, since the laser beam
size was very small and the density of vegetation used in validation was low. Thus, the
multiple returns of the online waveform output have little impact on the estimation of
LWC. However, in a dense forest, the multiple returns could have larger influence on the
result, because for multiple returns, only a fraction of the laser beam can reach the target.
The backscatter intensity is therefore attenuated, resulting in inaccurate estimation of
LWC. Using single return data might be a better choice in this condition, as it is very
difficult to assess the area of collision and the received power on the target for multiple
returns.
Riegl VZ-400 can also output the full waveform data in addition to the discrete returns.
The raw waveform contains the whole energy reflected by a target, taking into
consideration the duration of the received signal, instead of only amplitude (Heinzel and
Koch 2011; Wagner et al. 2008b). In addition, more parameters can be retrieved from the
waveform, such as echo width, backscatter cross section and coefficient using Gaussian
decomposition. Echo width has shown to be related to surface roughness (Lin and Mills
2010), which may benefit LWC estimation across species. The backscatter cross section
and coefficient have been applied on classification using airborne data in many studies
(Alexander et al. 2010; Mallet et al. 2011). Since the backscatter cross section and
coefficient are directly related to the biconical reflectance (Wagner 2010), they might be
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more correlated to LWC than backscatter intensity. However, these studies mainly
focused on airborne data, the decomposition and calibration of TLS waveform data are
not direct due to brightness saturation or logarithmic amplifiers (Hartzell et al. 2015).
Further research is needed to address these issues and compare the result from offline full
waveform analysis.
The visualization of backscatter intensity and LWC in Fig. 2.9 and Fig. 2.11 demonstrates
the differences of LWC in the 3D plant structure. The backscatter intensity of branches is
much higher than that of leaves (Fig. 2.9), suggesting that the water content of the
branches is lower than that of green leaves because the absorptance is higher in leaves
than in branches (Béland et al. 2011). Several studies have used LWC to classify plant
photosynthetic and non-photosynthetic tissue, especially for leaf area index estimation
(Béland et al. 2011; García et al. 2011). In addition, there are differences of water content
inside a leaf: the water content of the venation is higher than other parts. The principal
function of the venation of a leaf is to deliver water (Roth-Nebelsick et al. 2001) so it is
logical that the LWC is higher. However, we would note that the TLS used in this study
has only one band, viz. 1550 nm, which is not only affected by LWC, but also by the
leaf’s internal structure (Ceccato et al. 2001), so this will require further investigation, for
example by correcting for the venation leaf structure component of the signal. Fig. 2.11b
also shows that the LWC of older leaves is lower than for new and emerging leaves.
Mooney et al. (1977) demonstrated that when leaves are fully hydrated, new leaves have
a higher water content than older leaves. 3D LWC mapping has the potential to provide
more useful information for physiological and ecological studies in vegetation, such as
drought and fuel loading assessment.
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Niemann, K.O., & Liu, J. (2017). Canopy leaf water content estimated using terrestrial
LiDAR. Agricultural and Forest Meteorology, 232, 152-162.
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Abstract
Leaf water content (LWC) within plant canopy plays an important role in light penetration
and scattering, thus affecting reflectance simulation with radiative transfer models. It is
also of key importance for the distribution of other plant biochemical parameters, fire
propagation simulation and habitat suitability evaluation. Although passive remote
sensing techniques have been widely applied to estimate LWC, they are unable to retrieve
the LWC vertical distribution within canopy. In this paper we investigated the
applicability of the full-waveform terrestrial laser scanning data (TLS) to estimate the
LWC vertical distribution within the canopy of individual plants. A modified skewed
Gaussian function that accommodates the nonlinear nature of the system was proposed to
perform a decomposition on the full-waveform data. The amplitude, the backscatter
cross-section, and the backscatter coefficient were assessed to estimate LWC,
respectively. Our results showed that the backscatter coefficient had the strongest
correlation with LWC (R2 = 0.66) for four plant species after an incidence angle
correction. Good agreements were achieved between the predicted vertical profile of
LWC and the measured vertical profile of LWC with a mean RMSE (root mean square
error) value of 0.001 g/cm2 and a mean MAPE (mean absolute percent error) value of
4.46 %. However, the performance of LWC vertical profile estimation varied across
species, suggesting the influence of leaf structure other than LWC on waveform features,
which should be considered in future studies. Nevertheless, our study successfully
demonstrated the feasibility of retrieving LWC vertical distribution within plant canopy
from a full-waveform terrestrial laser scanner.
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3.1

Introduction

Leaf water content (LWC) is an important indicator of plant physiological processes
(Bowman 1989) such as stomatal conductance, transpiration, photosynthesis and
respiration (Yamasaki and Dillenburg 1999), and a key factor affecting forest fire ignition
and fire propagation (Chuvieco et al. 2002). The vertical distribution of LWC may also
play an important role in the distribution of other plant biochemical parameters (e.g.
nitrogen and carbon) (Zhang et al. 2013), fire propagation (Koetz et al. 2008; Saatchi et
al. 2007) and habitat suitability evaluation (Scriber 1977a; Tsunoda et al. 2014).
In the past few decades passive remote sensing data have been widely used for LWC
estimation at both leaf and canopy levels (Serrano et al. 2000; Tucker 1980). However,
the challenge of using this approach is that the reflectance measured from passive remote
sensing is complicated by canopy structure, soil background and solar illumination (Ali
et al. 2016a; Eitel et al. 2010a; Wessman 1994). Additionally, passive remote sensing
cannot capture the vertical LWC distribution within the canopy. Radiative transfer models
can successfully simulate light penetration and scattering, with the assumption that the
vertically homogeneous canopy extends to two layers including an understory layer (Liu
et al. 2015; Verhoef 1984; Yi et al. 2013). However, plant biophysical and biochemical
properties (e.g. leaf area index, chlorophyll content and LWC) vary vertically within the
canopy greatly affecting light penetration and scattering (Ciganda et al. 2008; Tang et al.
2012; Wang and Li 2013). Using vertically homogeneous radiative transfer models for
simulating directional reflectance by using only the average values of LWC within the
plant canopy may lead to significant bias (Wang and Li 2013).
Terrestrial laser scanning (TLS) data can potentially overcome such intrinsic limitations
of passive remote sensing data, while being capable of providing vertical information
(Calders et al. 2014; Côté et al. 2012; Hosoi and Omasa 2009). There are two different
techniques used in LiDAR (light detection and ranging) systems—discrete return and
full-waveform. Discrete return LiDAR systems identify major peaks in the return signal
that represent discrete objects. They provide the geometric coordinates and amplitude of
the return power. Both discrete return LiDAR and waveform data have been tested for
estimating LWC (Gaulton et al. 2013; Zhu et al. 2015). Compared to discrete return, fullwaveform offers extra information such as echo width (Heinzel and Koch 2011). Fullwaveform also provides more flexibility in the methods that may be used for processing,
since the data are not preprocessed and full-waveform output gives the opportunity for
users to adjust the processing method to match the application (Fieber et al. 2013;
Hancock et al. 2015). Many studies have been carried out on benefits of full-waveform
data for object classification. Heinzel and Koch (2011) explored full-waveform
parameters for tree species classification with an overall accuracy of 57%. Alexander et
al. (2010) demonstrated the advantage of using full-waveform attributes in urban
classification. Reitberger et al. (2008) developed a methodology for tree species
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classification using full-waveform features, leading in the best case to an overall accuracy
of 85% in a leaf-on situation and 96% in a leaf-off situation.
A decomposition of the waveform is needed to be performed in order to obtain the fullwaveform parameters. One approach, a Gaussian decomposition, is commonly used to
decompose a waveform into a sum of echoes (Mallet and Bretar 2009). More specifically,
the range, amplitude and width of each echo can be extracted by applying a
decomposition. Gaussian decomposition was developed initially to apply to ‘Laser
Vegetation Imaging Sensors’ (LVIS) waveforms (Hofton et al. 2000). It has been widely
applied in various fields, such as vegetation detection (Höfle et al. 2012), tree species
classification (Yao et al. 2012) and roughness mapping (Hollaus et al. 2011). A
complication is that some LiDAR systems have a nonlinear response to high energy
returns resulting in asymmetric curves (Hartzell et al. 2015): a constraint also relevant to
the TLS (RIEGL VZ-400) used in this study. Due to the nonlinearity in the detector
electronics, there is a long trailing edge at the right side of the waveform (Hancock et al.
2015), meaning that a standard Gaussian approach is not suitable for this type of
waveform decomposition. Hartzell et al. (2015) proposed an empirical system response
model decomposition from a series of observations using calibrated reflectance targets,
and presented a numerical least squares method for decomposing waveforms. They found
that this method decreased decomposition fitting errors for high amplitude returns and
reduced range estimation errors on planar surfaces by 17% over a standard Gaussian
model. In this study, we present a modified skewed Gaussian function that introduces
asymmetry and therefore reduces range estimation errors. Using this modified skewed
Gaussian function, it is possible to retrieve the amplitude and echo width as well as the
standard Gaussian function without the need to use reflectance targets.
Following the decomposition, a standard radiometric calibration has been suggested
(Wagner 2010) to convert the amplitude and echo width to physically well-defined
radiometric quantities (e.g. the backscatter cross-section and backscatter coefficient)
proportional to surface reflectance of the target (Höfle and Pfeifer 2007). The backscatter
cross-section of a target is equal to the physical cross-sectional area of an idealized
isotropic target. It is a measure of the electromagnetic energy intercepted and re-radiated
by a target towards the sensor (Wagner et al. 2006). The backscatter coefficient is the
backscatter cross-section normalized relative to the illuminated target area (Wagner
2010). The main advantage of using the backscatter coefficient is that the data acquired
using different sensors and different conditions can be directly compared (Wagner 2010).
Previous studies have highlighted the effectiveness of the backscatter coefficient for
classification purposes (Alexander et al. 2010; Mallet et al. 2011). Fieber et al. (2013)
derived reflectance values of orange trees from backscatter coefficient of single-peak
waveforms, which are consistent with published reflectance values.
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However, estimating LWC from TLS is complicated by the effect of the partial hits at the
leaf edge. Partial hits occur when the laser beam partially hits the edge of a leaf so that
only a fraction of the laser beam is return back (Eitel et al. 2010a). Thus the intensity from
partial hits cannot be directly used to describe the scattering properties of targets before
radiometric calibration. Additionally, laser return energy is influenced by the incidence
angle between the leaf normal and the laser beam. As the incidence angle deviates from
the perpendicular orientation, the returned energy decreases due to the energy dispersion
caused by spot spreading (Kaasalainen et al. 2011). This energy decay does not follow
the cosine incidence angle law so that radar equation cannot be directly applied to correct
the incidence angle effect.
In this paper, we aim to retrieve LWC vertical distribution within plant canopy using fullwaveform TLS. The specific objectives are to: (1) develop a modified skewed Gaussian
function to decompose the full-waveform data; (2) evaluate the full-waveform features
for estimating LWC; (3) examine the influence of the partial hits and the incidence angle
effects on LWC estimation.

3.2

Materials

3.2.1

Measurements of leaf water content

We selected dwarf schefflera (Schefflera arboricola compacta), weeping fig (Ficus
benjamina Twilight), Chinese banyan (Ficus microcarpa), ficus (Ficus benjamina
Danielle) and Zanzibar gem (Zamioculcas zamiifolia) for retrieval of simultaneous LWC
from TLS measurements. We used 4 plants per species (20 in total). In order to obtain
LWC vertical distribution, each plant was divided and stratified into 6-10 vertical layers
(with interval of 10 cm per layer) depending on the height of the plant. At each layer, all
leaves were harvested and their total fresh weight and surface area were measured. The
leaves were dried in an oven for 72 hours at 65 °C and their dry weight was measured
accordingly. The area of the leaves was measured by a LI-3100C area meter (LI-COR,
Lincoln, Nebraska USA). The average LWC (g/cm2) of each layer was computed using
the following equation (Danson et al. 1992):

 MW  MD  / A

3.1

where MW is the mass of all the fresh leaves in the layer (g), MD is the mass of all the
completely dried leaves in the layer (g), and A is the total surface area of the leaves in the
layer (cm2). In total we obtained 146 samples, of which half were used for modeling and
the other half were used for validation. Summary statistics of the measurements are
presented in Table 3.1.
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Table 3.1 Summary statistics of the measurements
Common
name
Dwarf
schefflera
Weeping fig
Chinese
banyan
Ficus
Zanzibar gem

Species name
Schefflera arboricola
compacta
Ficus
benjamina
Twilight
Ficus microcarpa
Ficus
benjamina
Danielle
Zamioculcas
zamiifolia

Pooled data

3.2.2

Samples
size

Mean LWC
(g/cm2)

Max
LWC
(g/cm2)

Min
LWC
(g/cm2)

37

0.027

0.031

0.024

26

0.018

0.020

0.015

30

0.023

0.025

0.013

28

0.017

0.020

0.010

25

0.048

0.053

0.035

146

0.026

0.053

0.010

Terrestrial laser scanning data

The TLS data used in this study was a time-of-flight scanner RIEGL VZ-400 (Riegl LMS
GmbH, Horn, Austria). It employs a short wave infrared (1550 nm) laser, known to be
sensitive to LWC (Tucker 1980). The system has a beam divergence of 0.35 mrad, a range
accuracy of 5 mm and an effective measurement rate of 122,000 measurements/s. The
pulse energy follows a Gaussian distribution within the laser beam. RIEGL VZ-400
provides both discrete returns and waveform outputs allowing users to adjust the
processing methods. The data were acquired in a high speed mode with a pulse repetition
rate (PRR) of 300 kHz and an angular step of 0.035° at a distance of 3 m. The zenith angle
of scanning was between 100° and 130°. The point spacing at this distance is about 2 mm.
A typical leaf area is between 20 and 30 cm2, so the number of points on a single leaf is
around 500. The waveform data were exported from the instrument using RiWAVELib
wfm library(RIEGL Laser Measurement Systems, 2014) and processed in Python.

3.3

Methods

3.3.1 Waveform decomposition
3.3.1.1 Modified Gaussian function
Due to the asymmetric characteristics of the waveform (Fig. 3.1), the TLS waveform data
were decomposed by fitting a series of modified skewed Gaussian functions.
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Figure 3.1 A waveform generated from a RIEGL VZ-400 single laser return for extended targets
with high reflectance.

A standard Gaussian function describing a single-peak waveform is shown in the
following equation (Wagner et al. 2006):





y  A0 exp   t   0  / 2 s02  n0
2

3.2

where A0 is the amplitude, s0 is the standard deviation and n0 is the noise, μ0 is the peak
position and t is the timestamp.
In order to describe the asymmetric waveform, we firstly replaced the standard deviation
s0 with a well behaved function s(t) to model the asymmetry (Stancik and Brauns 2008).
The standard deviation of the function is allowed to vary:



s  t   2s0 / 1  exp  a  t  0  



3.3

The parameter a is a measure of asymmetry, negative values skew the spectrum toward
higher wave numbers while positive values skew it toward lower wave numbers (Stancik
and Brauns 2008). When a is zero, Eq. 3.3 becomes a standard Gaussian function as in
Eq. 3.2.
Secondly, we adjusted the noise parameter n0 to fit the right trailing edge, replacing it
with a function:

n  t   n0 exp  b  t  

3.4

where b is a scaling parameter and μ(t) equals 0 when t is equal or smaller than μ0, μ(t)
equals 1 when t larger than μ0. The amplitude A0 is also replaced by a function A(t) to
make the function continuous at μ0:
A(t)  A0  n(t)

3.5
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For radiometric calibration, we used the value A0-n0 as amplitude, and s0 as the standard
deviation in order to calculate the backscatter cross-section and the backscatter coefficient
as a standard Gaussian function (Wagner 2010).
3.3.1.2 Fitting algorithm
Following the decomposition method developed by Hofton et al. (2000), all LiDAR
waveforms were modeled by the aforementioned skewed Gaussian function instead of
the standard Gaussian function. Firstly, a Gaussian smoothing was performed with a
predetermined half-width from the observed waveform in order to isolate the inflection
points. Secondly, the initial position and pulse width were estimated based on the
inflection points, and the amplitude was estimated using a non-negative least square
method. Finally, a constrained least square technique was applied to model the waveform
using the skewed Gaussian function. The amplitude was limited to positive values, pulse
width was constrained between 0 ns and 3ns, while a was constrained between -1 and 1.
The constrained least square technique was used to minimize the sum of the squared
differences between the model and the data.

3.3.2

Radiometric calibration

The physical principles of the ranging process in LiDAR systems can be described with
the same principles as radar systems but at shorter wavelengths (Briese et al. 2008).
Before applying the radar equation, a calibration table is used to compensate the nonlinear
behavior of the received amplitude for the stronger signal provided by the RiWAVELib
wfm. For Gaussian scatterers, considering system variables and additional power losses,
the cross-section may be calculated as (Wagner 2010):
ˆ
 i  Ccal Ri4 Ps
ï p ,i

where σi is the cross-section of the ith target, R is the range,
the standard deviation. Ccal is the calibration constant:
ˆ
Ccal  4t2 / sysatmDr2Ss
s

3.6
is the amplitude and sp,I is
3.7

where ηsys is the system transmission factor, ηatm is the atmospheric transmission factor,
βt is the transmitter beam width, Dr is the aperture diameter of the receiver optics and Ŝ
and ss are the intensity and pulse width of the transmitted laser pulse, which are assumed
to be constant in this study.
In order to obtain the calibration constant, an external Lambertian reference target with
known reflectance is needed to estimate the backscatter cross-section (Wagner et al.
2006). We used the reference reflector (Spectralon from Labsphere, Inc.) with a
reflectance of 0.17. The theoretical cross-section of the reflector σref is given by:
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ref  0.17 R2t2

3.8

and the estimate of the calibration constant is:
Ccal  0.17 t2 / R 2 Pˆref s p ,ref

3.9

and sp,ref are the observed mean amplitude and standard deviation of the
where
reflector.
The backscatter coefficient γ is the cross-section normalized by the illuminated target area
(m2m-2) (Wagner 2010):

 0   / Ai

3.10

where Ai is the illuminated target area.
For an extended target that is larger than the footprint size of the laser beam, the
illuminated area is equal to the laser’s footprint area Alf. Such a target obviously produces
only a single echo.

 0   / Alf

3.11

Eq. 3.11 only applies on full hits, where the full laser beam hits an extended target which
triggers a single return. However, at the edge of a leaf there are many partial hits where
only a part of the laser beam hits the leaf. As a consequence, the collision area of the laser
beam and the leaf is not identical with the footprint. There are three cases of partial hits.
Firstly, when the laser beam is split on a leaf edge and the rest of the energy triggers
another return. Secondly, when most of the laser beam hits on a leaf, the rest of the energy
is too weak to trigger another return. Lastly, the rest of the energy exits the canopy without
another return after a partial hit on a leaf edge. In the first case, the partial hits can be
identified as multiple returns. In the second and third cases, there is no second return that
can be identified. We have only considered the partial hits in the first case. Because in the
second case, the attenuation of the first return is high and the amount of remaining
transmitted energy is trivial, we treated them as full returns. As for the third case, the
position of the plants in this study were lower than the laser scanner, so the zenith angle
of all the laser beams was larger than 90°. Therefore, the LiDAR energy could always hit
the ground, and this energy component is obviously included in the first two cases. The
backscatter cross-section is the effective area of collision of the laser beam and the target,
taking into account the directionality and strength of reflection, as described in (Wagner
et al. 2008a):

 i  (4 / i ) i Ai

3.12

where Ωi is the scattering solid angle, ρi is the reflectivity of the target, and Ai is the
effective area of collision. For multi-echo waveform, Ai is not equal to the footprint area
Alf.
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Assuming the scattering solid angle Ωi and reflectivity ρi of the target are the same for
points on the same leaf, the collision area can be obtained using the ratio of the query
point and its neighborhood full hit points:

Ai An  i  n

3.13

where σn is the mean cross-section of neighborhood full hit points, and An is the mean
collision area of neighborhood full hit points, which is equal to the mean footprint area
of these points. So in this step we used the K nearest neighbor (KNN) algorithm to search
for full hit points (single returns) close to query partial hit points identified as multiple
returns. Therefore, it was possible to obtain the collision area of the partial hit points using
Eq. 3.13 The backscatter coefficient was calculated by dividing cross-section by the
actual collision area instead of the footprint area for partial hits.

3.3.3

Correcting for the incidence angle effect

The backscatter coefficient decreases with increasing incidence angle (Wagner 2010). In
this study, we used the reference target-based model (Zhu et al. 2015) for incidence angle
correction at individual plant level.
3.3.3.1 Incidence angle
The incidence angle is the angle between the surface normal and the laser beam. Thus,
the surface normal is required. We used KNN algorithm to search for the neighborhood
points of each point. The number of neighbors (K) that we used to estimate the surface
normal was 50, and the resulting average size of the search neighborhood around 8 mm.
Then the surface normal was estimated based on the analysis of the eigenvectors and
eigenvalues of a covariance matrix from the nearest neighbors of the query point (Gross
and Thoennessen 2006). The incidence angle was then calculated as:

  arccos(PN / PN )

3.14

where α is the incidence angle, and P is the laser beam vector from the laser scanner to
the surface. N is the surface normal vector.
3.3.3.2 Reference target-based model
In order to correct the backscatter coefficient, the observed backscatter coefficient at
different incidence angles for four panels with different backscatter coefficient at
perpendicular angles (γ (0°)) was stored in a look-up table (LUT). The LUT is interpolated
to provide γ (0°) for any specific incidence angle and observed backscatter intensity, so
that γ (0°) could be linearly interpolated from the model for a given backscatter intensity
recorded by the instrument and the incidence angle.
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3.3.3.3 Data analysis
For statistical analysis, we used half of the plants for modelling and half for validation,
with both validation and calibration groups being sampled for each of the 5 species. We
evaluated the amplitude, backscatter cross-section and backscatter coefficient to estimate
LWC, respectively. In order to explore the full potential of the waveform data, we added
the echo width as a co-variable to model LWC, as echo width is affected by the roughness
of the object (Lin and Mills 2010). Echo width can potentially help improve the model
by differentiating plant species with different roughness.

3.4

Results

3.4.1

Leaf water content measurements

The LWC measurements varied between species and different layers within plant canopy.
As can be observed from Table. 3.1, Z. zamiifolia was considered as an extreme case in
this study with very thick leaves and high LWC (about 0.05 g/cm2). We tested our method
using both samples with and without the extreme case to assess the prediction ability of
the waveform parameters on species with very high LWC.

3.4.2

Waveform decomposition
a

b

Figure 3.2 Waveform decomposition of a single high amplitude (a) and low amplitude (b), echo
with the standard Gaussian model (G) and the modified skewed Gaussian (SG) model (the vertical
lines are peak position)

The RMSE and residuals values were calculated between the observed waveform and the
fitted models. The observed waveform is the waveform exported from the scanner which
is composed of digitized samples with exact timestamp and amplitude. Compared to the
standard Gaussian model, the RMSE (root mean square error) and residuals values of the
decomposition results were significantly reduced using the modified skewed Gaussian
model. The results are presented in Fig. 3.2. As can be observed from the figure, for low
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amplitude echoes, the RMSE decreased from 36.15 DN to 5.84 DN. The accuracy of high
amplitude echo modeling was also much higher with the skewed Gaussian model.

Figure 3.3 Waveform decomposition of a multiple echo with the standard Gaussian model (G) and
the skewed modified Gaussian (SG) model (the vertical lines are peak position)

The decomposition of a multiple echo generated from a vegetation canopy using the
standard Gaussian function and the skewed Gaussian function is shown in Fig. 3.3.
Gaussian decomposition peak positions were delayed again due to the trailing edge of
high amplitude targets, while the skewed Gaussian decomposition showed a significantly
lower RMSE (10.59 DN). Table. 3.2 shows the decomposition statistical comparison for
a number of echoes generated from a scan of a sample plot with several trees. As can be
observed form the table, the average RMSE of both single and double echoes were largely
improved by using the skewed Gaussian decomposition.
Table 3.2 Mean R2 and RMSE values of waveform decomposition comparison between Gaussian
decomposition (G) and skewed Gaussian decomposition (SG)
Mean R2

Mean RMSE (DN)

Echoes

Sample
number

G

SG

G

SG

1

3782

0.96

0.99

121.49

16.73

2

2280

0.97

0.99

90.49

21.85

The results of decomposition for reflectance panels are shown in Fig. 3.4. Gaussian
decomposition led to notable range discrepancies between target panels with different
reflectance. The range discrepancy increased as the reflectance increased. In comparison,
the range differences of the skewed Gaussian decomposition were minimized, especially
for the three panels with medium and low reflectance. The range discrepancy for the panel
with 99% reflectance has been largely reduced by using the skewed Gaussian
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decomposition, while there were still notable differences. However, it was not in the
scope of this research, since our main targets in this study are leaves with low amplitude.
a

b

Figure 3.4 Results of decomposition for four reflectance panels (Spectralon from Labsphere, Inc.
with reflectance of 99%, 61%, 34% and 17%, from left to right). (a) Gaussian decomposition, and
(b) Skewed Gaussian decomposition

3.4.3

Modeling leaf water content

Before the incidence angle correction, statistically significant relationships were found
between LWC and all the waveform parameters (P < 0.05, Fig. 3.5). However, none
showed a strong relationship with LWC (amplitude, backscatter cross-section and
backscatter coefficient). All the values of the three parameters declined as LWC
increased, while the R2 value (0.38) between the backscatter coefficient and LWC was
higher than the other two parameters. The backscatter coefficient is still the most sensitive
parameter to LWC change (R2 = 0.50). However, none of the relationships was strong
enough to build a model for predicting LWC of the pooled data. As the backscatter
coefficient had a stronger relationship with LWC, it was selected to correct the incidence
angle effect for modelling LWC. Fig. 3.6 shows the relationship between the backscatter
coefficient and LWC after correcting for the incidence angle effect. Strong relationship
(R2 = 0.66) emerged, indicating the effectiveness of incidence angle correction. A linear
model was used for the LWC prediction without the extreme case.
In addition, we added echo width as a co-variable with the backscatter coefficient to test
its usefulness for LWC estimation without the extreme case using a multiple linear
regression. The performance of the prediction model was improved. The value of R2
increased from 0.66 to 0.70, and the value of RMSE decreased from 0.0027 g/cm2 to
0.0025 g/cm2.
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Figure 3.5 Relationships between three waveform parameters (i.e., amplitude, backscatter crosssection, and backscatter coefficient) and LWC before correcting for incidence angle effect
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Figure 3.6 Relationships between the backscatter coefficient and LWC after correcting for
incidence angle effect
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3.4.4

Validation of leaf water content estimation

The observed LWC and predicted LWC from the backscatter coefficient are reported in
the scatterplots in Fig. 3.7a. The intercept of -0.001 and slope of 0.956 indicated a high
model accuracy, while the R2 value of 0.72 and RMSE value of 0.0029 g/cm2 indicated a
high level of precision. In Fig. 7b, the scatterplot of the observed LWC and LWC derived
from the prediction model combining the backscatter coefficient and echo width is
presented. It can be realized that the slope of 0.756 has decreased from 0.956 (Fig. 3.7a),
but the R2 value raised from 0.72 (Fig. 3.7a) to 0.85 (Fig. 3.7b). Accordingly the RMSE
value declined from 0.0029 g/cm2 to 0.0016 g/cm2. In addition, the scattered points were
more concentrated to the original 1:1 line (dash line) than in Fig. 3.7a.

0.03

0.04

R2

= 0.72
RMSE = 0.0029
g/cm2
Slope = 0.956

0.02

0.01
0.01
0.02
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Observed leaf water content (g/cm2)

Predicted leaf water content (g/cm2)

Predicted leaf water conent (g/cm2)
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R2 = 0.85
RMSE = 0.0016
g/cm2
Slope = 0.756

0.02

0.01
0.01
0.02
0.03
0.04
Observed leaf water content (g/cm2)

Figure 3.7 Scatterplots of the measured and estimated leaf water content by the backscatter
coefficient. (a) prediction without echo width and (b) prediction with echo width

In order to generate LWC vertical profiles, the predicted LWC was compared with the
measured LWC at different heights (examples presented in Fig. 3.8). Good agreements
were obtained between the predicted and measured LWC vertical profile. The mean
MAPE (mean absolute percent error) value of the presented two plants was 4.46 % and
the mean RMSE value was 0.001 g/cm2, indicating a high level of accuracy, while the
prediction accuracy varied across species with the RMSE values ranging between 0.0006
g/m2 and 0.0015 g/cm2.
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Figure 3.8 Comparison of measured and predicted leaf water content vertical profile (dwarf
schefflera, weeping fig)

Fig. 3.9 shows some examples of the LWC vertical profile distribution. The points were
distributed in different layers showing the leaf structure distribution along the height. In
particular, the points at the top layer of the plants were mostly concentrated at a relatively
higher level of LWC with very few points at a lower level, whereas the points at the
middle and bottom layers were more evenly distributed at different levels of LWC. At the
lower layers, there were a number of points located at very low level of LWC.
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a

b

Figure 3.9 Examples of leaf water content distribution of the 2 plant species (weeping fig and ficus).
(a) LWC vertical distribution (The red square indicates the mean value and the blue rectangle
indicates the standard deviation) and (b) LWC visualization (plants were scanned downward from
the TLS)

3.5

Discussion and conclusion

In this study, we estimate the LWC vertical distribution within plant canopy using fullwaveform terrestrial laser scanner data. The LWC as a function of plant height was
modelled with an acceptable level of accuracy.
Notably, when leaves are fully hydrated, new leaves at the top of a plant have higher
water content than older leaves (Mooney et al. 1977). We verified the observation that
leaves at the top layers of a plant have high LWC when fully watered (Fig. 3.9). But the
differences of LWC along the height were not significant, probably because the height of
the plants was too short to show any differences. This phenomenon might be helpful to
determine whether a plant is under stress conditions such as drought. Moreover, it has
been shown that in some radiative transfer models the vertical heterogeneity of
biophysical and biochemical parameters within the canopy largely affects the canopy
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reflectance simulation and inversion (Wang and Li 2013). However, this is very difficult
to measure with passive remote sensing data. Using LiDAR techniques, we are able to
detect the LWC at different height level. They can provide very useful information for
radiative transfer models which incorporate the vertical LWC in the future.
The substantial model fitting errors from the Gaussian decomposition arise from the
system nonlinearity effects. This effect led to a right skewed Gaussian echo shape. We
adopted and modified a skewed Gaussian function which allowed the echo width to vary
with time and the noise level to differ. The modified skewed Gaussian decomposition
produced much smaller fitting errors and higher values of R2 for both high and low
amplitude targets (Fig. 3.2 and Table. 3.1).
Three waveform features, namely the amplitude, the backscatter cross-section and the
backscatter coefficient have been tested for modeling LWC. Before the incidence angle
correction, all the three parameters were significantly correlated with LWC, though none
of them had a high enough correlation to accurately predict LWC. This was mainly due
to the variation of the incidence angle effect. The high correlation achieved after
incidence angle correction indicates the effectiveness of the reference target based
method. This method is supposed to be more effective for near-Lambertian targets, since
the specularity of a leaf could be very different from the Spectralon. However, the
incidence angle between leaves and laser beams was mostly off-nadir due the orientation
of the scanning zenith angle and the leaf angles in this experiment. According to the
Phong reflection model, the specular fraction of the intensity was very small when the
incidence angle was larger than 10° (Ding et al. 2013). As a result, the diffuse intensity
was the dominant intensity. Therefore, the reference targets based method has
significantly improved the results. In a forest plot when the incidence angle is very small,
a reflection model needs to be applied to remove the specular intensity. It is possible to
determine the specular and diffuse fraction using a reflection model with a sample of
near-nadir points.
In Fig. 3.9, the visualization shows the LWC of each point. The low values of LWC
indicated high laser energy, as water absorbed the energy. So on some parts of the leaf
edge, the corrected backscatter coefficient was slightly higher than the other parts of a
leaf. We think this is due to the overcorrection of the incidence angle influence. We found
that on the edge of some leaves, the incidence angle was larger due to the curling edge of
the leaves. The overestimation of the incidence angle of the leaf edge could lead to
overcorrection, leading to a higher backscatter coefficient value.
Among the three parameters, the backscatter coefficient provided the highest value of R2
and the lowest value of P (Fig. 3.5). There are two possible reasons for this. Firstly, the
backscatter coefficient is normalized relative to the footprint, so the variation of footprint
influence has been eliminated. Secondly, the backscatter coefficient is also normalized
50

Chapter 3

by the illuminated area. Therefore, the influence of attenuated energy on the leaf edge
caused by the partial hits from multiple returns has also been minimized. Nonetheless, we
have only dealt with the first case of a partial hit where the partial hit has a second return.
At plot level, the zenith angle of the laser beams could be smaller than 90°, so after a
partial hit, the rest of the energy might exit the canopy without a return. Such partial hits
which cannot be neglected are more difficult to be identified: this requires further
investigation at plot level.
After the correction of the incidence angle effect with a reference targets-based model,
the correlation between backscatter coefficient and LWC became higher (Fig. 3.6). It was
previously demonstrated that this method is effective for LWC estimation at the leaf level
(Zhu et al. 2015). The results of this study have further demonstrated that the method of
incidence angle effect correction is also effective for LWC modelling at individual plant
level. To the best of our understanding, LWC has little effect on echo width. Echo width
exhibits a relative stable behavior when amplitude, range and scan angle vary
substantially, while roughness is the most significant factor affecting echo width (Lin and
Mills 2010). The reason that adding echo width improved the model might be that the
structure among various plant species are different as reflectance is not only affected by
LWC, but also plant structure. The performance of LWC vertical profile prediction varied
across species (Fig. 3.8) even by adding echo width, indicating the influence of plant
structure other than LWC. The newly emerged instruments such as SALCA (Salford
Advanced Laser Canopy Analyser) (Danson et al. 2014) with dual-wavelength capability
and the hyperspectral TLS currently under development can potentially address the issue
by using a ratio of two bands that are similarly affected by the plant structure.
The point density was very high in this study due to the small angular step (0.035°) and
close scanning distance (3 m). There were about 500 points striking a single leaf, so it
appears quite feasible to use a K of 50 to estimate the surface normal of a leaf in the KNN
algorithm. Nevertheless, in a forest stand, the point density will be much lower. With the
smallest angular step of 0.024° at a distance of 30 m (common radius for a forest plot),
the distance between two consecutive points is around 1.2 cm. So on a typical leaf with
an area of 30 cm2, there are about 20 points. In order to create the plane within a
homogenous region, the K should be reduced to below 20. Therefore, for a broadleaf
forest plot with 30 m radius, it should still be feasible to estimate the LWC. As for very
small leaves (smaller than 10 cm2) and long range data, the surface normal approach to
calculate incidence angle is not applicable. Using TLS with higher point density and the
pulse width to estimate the incidence angle might be a solution in this situation
(Pfennigbauer et al. 2013).
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Chapter 4
Retrieval of leaf water content from airborne
LiDAR and hyperspectral data

*



This chapter is based on: Zhu, X., Skidmore, A. K., Darvishzadeh, R., Wang, T. (under review).
Improved estimation of canopy leaf water content by combining airborne LiDAR and hyperspectral
data. ISPRS Journal of Photogrammetry and Remote Sensing.
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Abstract
The accurate estimation of leaf water content (LWC) and knowledge about its spatial
variation are important for forest and agricultural management, since LWC provides key
information for evaluating plant physiology. Airborne LiDAR data has the advantage of
providing canopy structural information, while its intensity data have not yet been
explored for LWC estimation. In comparison, hyperspectral data are rich on spectral
information but the effects of canopy structure and background variation confound
canopy reflectance, introducing error to the retrieval of LWC. Radiative transfer models
(RTM) provide a robust approach to combine information obtained by these two different
systems. In this study, we sought to improve the accuracy of LWC retrieval using airborne
LiDAR and hyperspectral data. Firstly, a canopy height model (CHM) was created using
LiDAR point clouds in order to mask vegetation and thereby obtain a variety of soil
spectra from hyperspectral imagery. The soil reflectance derived from hyperspectral and
LiDAR remote sensing was introduced as an input to the RTMs in order to generate a
look-up table. Secondly, forest canopy cover and understory leaf area index were
estimated using LiDAR data and used as a priori information to constrain the model
inversion. In addition, LiDAR intensity data were also investigated for LWC estimation.
The models were validated against field measurements obtained from 26 forest plots and
then used to map LWC in the southern part of the Bavarian Forest National Park in
Germany. The results show that the introduction of a priori vegetation cover and
understory LAI information obtained from LiDAR significantly improved the accuracy
of LWC retrieval when inverting INFORM, from an R2 of 0.55 and a normalized RMSE
(nRMSE) of 0.28 to 0.78 and 0.19, respectively. The spatial variation in LWC, derived
using remote sensing, corresponded strongly with the distribution of broadleaf, needle
leaf and mixed forests. Hybrid RTMs such as INFORM, tuned for specific areas through
the use of LiDAR and hyperspectral imagery, point to methods potentially useful to
upscale RTMs to regional and continental levels.
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4.1

Introduction

Leaf water is an essential component of plant leaves which plays a key role in many
physiological processes such as plant growth, photosynthesis, transpiration, and thermal
regulation (de Jong et al. 2014; Running and Gower 1991; Ullah et al. 2013) and is a
major driver in predicting the susceptibility to fire (Chuvieco et al. 2004). Leaf water
content (LWC) is also important as an essential biodiversity variable, having relevance
for ecosystem function and ecosystem structure (Skidmore et al. 2015). The
quantification of LWC and knowledge about its spatial variation can provide crucial
information for assessing forest drought conditions and predicting future forest change
associated with climate change (Anderson et al. 1976; Asner et al. 2011).
Remote sensing data can be used to retrieve leaf properties, including LWC, across a wide
range of spatial and temporal scales (Zarco-Tejada et al. 2003). A number of studies have
successfully demonstrated the feasibility of retrieving leaf biochemical variables from
passive remote sensing data through empirical approaches as well as the inversion of
radiative transfer models (RTM) (Ceccato et al. 2001; Cheng et al. 2012; Cheng et al.
2006; Colombo et al. 2008; Mirzaie et al. 2014). Empirical correlations are usually
established by linking leaf biochemical variables to reflectance using spectral indices
(Seelig et al. 2008; Tong and He 2017), artificial neural networks (Dawson et al. 1999;
Mutanga and Skidmore 2004), or partial least square regression (Asner et al. 2015;
Atzberger et al. 2010). The main disadvantage of empirical approaches is that they need
field observations for model calibration and that the established model may be highly
dependent on site and sampling conditions (Cheng et al. 2012; Darvishzadeh et al. 2012).
In contrast, RTMs simulate physical processes describing the interaction of photons and
vegetation components, and their inversion allows the retrieval of vegetation biochemical
and biophysical variables, thus offering advantages in robustness and transferability
compared to empirical models (Colombo et al. 2008; Darvishzadeh et al. 2008b; Houborg
et al. 2009).
At the canopy level, the link between leaf biochemical variables and reflected radiation
is often complicated by canopy structure (e.g. canopy cover, leaf area index (LAI))
(Colombo et al. 2008; Niemann et al. 2012; Ollinger 2011; Wang et al. 2017). According
to Fourty and Baret (1998), a large variation in LAI may weaken the relationship between
LWC and spectral reflectance. Zarco-Tejada et al. (2003) demonstrated the dependency
of water-related optical indices on LAI. Cheng et al. (2006) showed that the retrieval of
LWC using RTMs was significantly influenced by vegetation canopy architecture causing
over or under estimations.
In addition to the complications arising from canopy structure, background reflectance
forms a source of variability in canopy reflectance (Houborg et al. 2009; Jacquemoud
1993). Caetano and Pereira (1996) found that in sparse forest the spectral characteristics
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of the background have a significant contribution to the reflectance of mixed targets of
overstory and background. Zarco-Tejada et al. (2004) indicated that soil background
dominated the bidirectional reflectance signature in open crop canopies. Cheng et al.
(2006) simulated canopy reflectance with three different soil background types using an
RTM and showed that the variation in soil background reflectance had a significant effect
on canopy reflectance and contributed to the error when retrieving LWC. Eriksson et al.
(2006) evaluated the impact of understory on remotely sensed LAI, indicating that the
reflectance values vary by up to ±18% in the red and up to ±10% in the near infra-red
region of the spectra due to the understory and the resulting variation in LAI due to the
understory vegetation was found to be 1.6 units on average. Colombo et al. (2008)
demonstrated that spatial variability in background reflectance could produce significant
variation in canopy reflectance data, especially when the canopy is sparse. Moreover, a
sensitivity analysis using the PROSAIL radiative transfer model (Jacquemoud et al. 1995)
showed that for sparse canopies, soil reflectance accounted for 4-34% of the variation in
canopy reflectance (Xiao et al. 2014).
A common challenge when using RTMs is the ill-posed problem in the model inversion,
as is well documented in a number of studies (Combal et al. 2003; Koetz et al. 2005). The
ill-posed problem is mainly caused by the under-determined nature of the modeling
schemes (Jacquemoud et al., 1995). Different parameter combinations may yield almost
the same spectral signatures (Darvishzadeh et al. 2008a; Jacquemoud 1993). The use of
prior knowledge of the model input parameters may help overcome this problem during
inversion and improve the estimation of vegetation variables (Combal et al. 2002;
Darvishzadeh et al. 2008b). Darvishzadeh et al. (2008a) examined the effect of soil
background brightness on LAI retrieval and suggested that using prior knowledge about
soil background was important when estimating vegetation variables. Dasgupta et al.
(2009) showed that the use of prior information improved fuel moisture content
estimation by 18-27 % in a grassland when employing the PROSAIL model. Xiao et al.
(2014) indicated that the usage of prior knowledge of canopy structure when inverting an
RTM was key to accurately estimating leaf biochemical variables, especially with sparse
canopy cover. A number of studies utilizing RTMs have incorporated soil or background
reflectance as a separate layer (Atzberger 2000; Kötz et al. 2004; Verhoef and Bach 2003,
2007). However, soil reflectance is often introduced as fixed background reflectance, or
if it is considered, then only a small number of different soil types from existing soil type
maps have been used (Laurent et al. 2011; Meroni et al. 2004; Yang et al. 2011): this will
not fully represent the real situation at a large spatial scale. Prior information of
background reflectance and canopy structure is usually collected from field
measurements (Ali et al. 2016b; Rautiainen 2005; Yang et al. 2011), though such in situ
sampling is labor intensive and time-consuming, especially in remote areas.
An alternative way to obtain information on background reflectance and canopy structural
variables more efficiently at large spatial scale is to use airborne Light Detection and
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Ranging (LiDAR). LiDAR data, which provide three-dimensional (3D) information, have
been successfully used to estimate vegetation structural properties such as canopy height,
canopy cover and LAI (Fieber et al. 2015; Korhonen et al. 2011; Solberg et al. 2009). In
addition to structural information, LiDAR also provides radiometric information as
backscatter intensity. Intensity data were found to be particularly useful for identify
different tree species (Heinzel and Koch 2011; Ørka et al. 2009). But the use of intensity
for the estimation of essential biodiversity variables is still limited. The main reason is
that LiDAR intensity is affected by many factors including atmospheric conditions, the
distance between the sensor and the target and the incidence angle between the laser beam
and the target surface normal (Höfle and Pfeifer 2007). Eitel et al. (2010a) used a green
band TLS (532 nm) to measure leaf chlorophyll content, and showed that the green band
backscatter intensity is strongly correlated with leaf chlorophyll content (R2 = 0.77). Zhu
et al. (2015) corrected the incidence angle effects on the intensity data of a TLS, showing
that LWC could be estimated with a good accuracy (R2 = 0.76). However, directly
observing LWC from airborne LiDAR has not been explored.
The integration of LiDAR and hyperspectral data offers the potential to solve key issues
related to the effects of canopy structure on the reflectance spectra and the inversion of
RTMs by providing prior information (Niemann et al. 2012). Koetz et al. (2007) showed
that the introduction of prior information derived from LiDAR data in RTM inversion
significantly improved the estimation accuracy of canopy cover compared to an
estimation based solely on spectral information. Cao et al. (2012) decomposed the
reflectance of spectral scene components using LiDAR. The result was then used as an
input in a simplified Li–Strahler geometric-optical model (Li et al. 1995). Ma et al. (2014)
estimated canopy height using LiDAR data to parameterize a geometric-optical mutualshadowing (GOMS) model for the retrieval of LAI in a natural forest. To our knowledge,
no study has used LiDAR in combination with hyperspectral data to retrieve background
reflectance and canopy structure as prior information to retrieve LWC using RTM
inversion.
The aim of this study is (1) to demonstrate how airborne LiDAR intensity data may be
used for forest LWC estimation, and (2) to obtain a priori information of soil spectra,
canopy cover and understory LAI from the combination of LiDAR and hyperspectral data,
and use this information to improve the accuracy of LWC estimation through the
inversion of a canopy radiative transfer model.

4.2

Materials

4.2.1

Study area

The study area is located in the Bavarian Forest National Park in southeastern Germany
and covers an area of 24,250 hectares of forest (Fig. 4.1). The elevation ranges from 600
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to 1453 m. The natural forest ecosystems of the Bavarian Forest National Park vary
according to altitude: there are alluvial spruce forests in the valleys, mixed mountain
forests on the hillsides and mountain spruce forests in the high areas. Dominant tree
species are Norway spruce (Picea abies) (67%) and European beech (Fagus sylvatica)
(24.5%), with some white fir (Abies alba) (2.6%), sycamore maples (Acer psudoplatanus)
(1.2%) and mountain ash (Sorbus aucuparia) (3.1%) (Heurich et al. 2010).

Figure 4.1 The location of the study area in Germany and the distribution of sample plots in the
southern part of the Bavarian Forest National Park

4.2.2

Field data collection and laboratory analysis

The fieldwork was carried out between July 11 and August 23, 2013, using a stratified
random sampling design. A land cover map with the classification of broadleaf, needle
leaf and mixed forest including stand age (i.e. mature, medium and young) was provided
by the Bavarian Forest National Park for analysis. To incorporate the heterogeneity and
variation in canopy structure, 26 plots (7 broadleaf, 6 needle leaf, and 13 mixed stands)
were randomly selected. Each plot was 30*30 m in size. Within each plot, leaf samples
were taken from the branches of one to three dominant tree species depending on the
homogeneity. Each sample consisted of at least 20 leaves taken from the top of each
selected tree using a crossbow. For each leaf sample, leaf water weight (g) and leaf dry
mass (g) were measured from fresh and oven-dried (65° for 48 h) mass in the laboratory.
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The one-sided area of each leaf sample was computed by multiplying the number of leaf
pixels by the pixel area. Leaf pixels were distinguished on the scanned image by
performing a segmentation using the Matlab software (MATLAB, The MathWorks Inc.,
USA, 2016). Then LWC (g/cm2) and leaf dry mass per area (LMA, g/cm2) were calculated
from leaf water weight and dry mass, respectively, along with leaf area. Specific leaf area
(SLA, cm2/g) was calculated by dividing the total leaf area of the leaf samples by leaf dry
mass.
The canopy structural parameters crown diameter (CD) and stand height (SH) were
calculated from the mean CD and mean height, respectively, of five trees randomly
selected in each plot. Tree height, diameter at breast height, and the number of trees for
each dominant species were recorded in the field measurments to calculate the species
fraction of foliar dry biomass using allometric equations (Widlowski et al. 2003). The
plot level LWC was then calculated (Eq. (4.1)) as the mean LWC for each species,
weighted by the leaf area fraction, which was calculated from foliar biomass fraction and
average specific leaf area for each species (Eq. (4.2)) (Homolova et al. 2013; Wang et al.
2016).
(4.1)

where lwci represents the average leaf water content of species i within a plot, and k is the
number of species within a plot. fLAi is the leaf area fraction of species i, which was
calculated as
(4.2)
∑
where fBiomassi is the foliar biomass fraction of species i, and SLAi is the average specific
leaf area for species i within a plot.
At least 16 hemispherical photos at a height of 1.3 m were taken at each plot from the
plot center and 10 m from the center in all diagonal directions and processed using the
Hemisfer software (Hemisfer, Swiss Federal Institute for Forest, Snow and Landscape
Research WSL, Switzerland, 2016) to calculate the canopy cover (Thimonier et al. 2010).
Hemispherical photos were classified as sky or canopy pixels by applying a brightness
threshold. An automatic thresholding procedure was carried out using the algorithm of
Nobis and Hunziker (2005) after a gamma correction (ϒ = 2.2) (Moeser et al. 2014). The
hemispherical photos were stratified into 5 rings with a step of 15° (Moeser et al. 2014).
Only the first two rings were used for canopy cover estimation, since Bunnell and Vales
(1990) demonstrated that the canopy cover measurements were most accurate with view
angles below 30°. Subsequently, the canopy cover was calculated as the ratio of canopy
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pixels to total pixels in the hemispherical photos (Table 4.1) (Moeser et al. 2014). LAI
and average leaf angle (ALA) were also computed from the hemispherical photographs
(Ali et al. 2016b).
Table 4.1 Summary of statistics regarding in situ measurements of leaf and canopy variables
collected in Bavarian Forest National Park. (LMA: leaf dry mass per area, CD: crown diameter,
SH: stand height, CC: canopy cover)
LWC
LWC
LWC
LMA
CD
SH
CC
(Needle
(Broadleaf) (Mixed)
LAI
2)
(g/cm
(m)
(m)
(%)
leaf)
(g/cm2)
(g/cm2)
(g/cm2)
Mean
0.0260
0.0098
0.0184
0.0140 4.60 5.67
20.23 79.96
Standard
0.0025
0.0029
0.0034
0.0030 0.72 1.56
4.52
11.45
deviation
Maximum
0.0291
0.0135
0.0229
0.0291 6.21 10.55 27.36 95.24
Minimum
0.0215
0.0071
0.0135
0.0034 2.79 2.91
12.26 50.12

4.2.3

Airborne LiDAR and hyperspectral data collection

An airborne LiDAR flight campaign was carried out at the end of July 2012 using a Riegl
LMS-Q 680i sensor at a nominal height of 650 m above ground covering the whole park.
The wavelength of the LiDAR data was 1550 nm and the data had an average point
density of 30 points per m2. The system had a beam divergence of 0.5 mrad, a range
accuracy of 20 mm and a maximum pulse repetition rate of 400,000 Hz.
Airborne hyperspectral data were obtained with a HySpex sensor by German Aerospace
Center (DLR) for the study area on July 22, 2013. The system comprises two imaging
spectrometers with spectral ranges from 400 to 1000 nm across 160 channels (visible and
near infrared, VNIR) and from 1000 to 2500 nm across 256 channels (short-wave infrared,
SWIR). The spatial resolutions of these two spectrometers were 1.65 m and 3.3 m,
respectively. To coincide with the plot size, the data were resampled to 30 m resolution
for the RTMs inversion. The data were collected at an average nominal altitude of 3000
m in 19 image strips. The data were preprocessed by DLR. Image data were converted
from digital numbers to surface reflectance using the atmospheric correction model
ATCOR4 based on atmospheric lookup tables generated with the radiative transfer model
MODTRAN4 (Wang et al. 2016). Ortho-rectification was performed based on the
parametric model/table using recorded attitude and flight path data in combination with a
digital terrain model (DEM) (Wang et al. 2017).

4.3

Methods

Firstly, LiDAR intensity was investigated for LWC estimation. Secondly, prior
knowledge obtained from the combination of the two sensors was evaluated when
coupled in RTMs. The prior knowledge consisted of soil reflectance, canopy cover and
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understory LAI. Soil reflectance was obtained from the combination of LiDAR and
hyperspectral data, and a range of spectra were used as input in the forward mode of
RTMs to simulate canopy reflectance. Canopy cover and understory LAI were directly
estimated from LiDAR data, and then used to constrain the RTM inversion

4.3.1

Leaf water content estimation from LiDAR intensity

The LiDAR intensity was mainly affected by the range, incidence angle and atmospheric
conditions (Höfle and Pfeifer 2007). The atmospheric conditions were assumed to be
constant during the flight campaign (Fieber et al. 2013). The correction of range and
incidence angle effects was based on the radar equation (Höfle and Pfeifer 2007):
1
(4.3)
cos
where Ir is the corrected intensity, I is recorded intensity, R is the range between the sensor
and the target, α is the angle of incidence between the laser beam and surface normal, and
Rs is the normalized range. Single returns were used for LWC estimation, as they were
less affected by the area of collision between the laser beam and the target.
To calculate the range R between the sensor and the target, the GPS location of the sensor
was interpolated using the recorded GPS time of each return, since the frequency of the
GPS recording of the sensor was lower than that of the laser beams. Then the range was
calculated between the location of the sensor and the target.
The incidence angle is the angle between the surface normal of each plot and the laser
beam. The surface normal was estimated based on the analysis of the eigenvectors of the
covariance matrix of the point cloud (Zhu et al. 2015). The vector of the laser beam was
obtained based on the point location and the sensor location.

4.3.2

Retrieval of soil reflectance

LiDAR point clouds were classified to extract ground returns and non-ground returns
using the Lasground module in Lastools (Lastools, rapidlasso GmbH, Germany, 2017) to
produce the digital elevation model (DEM). All LiDAR points were then normalized by
subtracting the DEM. After normalization, the elevation value of a point indicated the
height from the ground to that point. The canopy height model (CHM) matching the
resolution of the hyperspectral data (3.3 m) was created from the LiDAR point cloud
using a spike-free algorithm (Khosravipour et al. 2016). The co-aligned LiDAR and
hyperspectral data were used to extract the soil reflectance of the study site. For this, 10
large areas (22648 pixels in total) in the southern part of the park were randomly selected.
Within these areas, we firstly applied a dilation with a 3*3 moving window to the CHM
to enlarge the tree crowns and reduce the effect of shadow. The value of the center pixel
was updated by the maximum value of all pixels in the 3*3 moving window (MATLAB,
The MathWorks Inc., USA, 2016). To capture the soil reflectance, pixels in the
hyperspectral images with a height below 0.1 m in the CHM were considered to be soil
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pixels. In total, 3497 soil pixels were thus obtained. To parameterize the RTM, the
maximum and minimum reflectance of the soil were selected from the 3497 soil pixels.
A scale factor was randomly generated to allow the soil reflectance varying within this
range.

4.3.3

Canopy cover estimation

LiDAR point clouds were classified to extract ground returns and non-ground returns
using the Lasground module in Lastools (Lastools, rapidlasso GmbH, Germany, 2017) to
produce the digital elevation model (DEM). All LiDAR points were then normalized by
subtracting the DEM. After normalization, the elevation value of a point indicated the
height from the ground to that point. A threshold of 1.3 m was used to separate canopy
returns and below-canopy returns to coincide with the height of the hemispherical
photographs (Korhonen et al. 2011). A Beer's Law modified (two-way transmission loss)
intensity ratio (IR) (Hopkinson and Chasmer 2009) was used to estimate canopy cover in
the Matlab software (MATLAB, The MathWorks Inc., USA, 2016) (Eq. (4.4)).
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(4.4)

where I represents the intensity, and each subscript refers to the class of pulse return.

4.3.4

Understory leaf area index

A threshold of 1.3 m was applied to remove canopy returns. Eq. (4) was used to calculate
understory cover. Understory LAI was then calculated based on (Chen and Cihlar 1995):
(4.5)
cos ⁄
1
where CCu is the understory cover, θ is the LiDAR viewing zenith angle, G is the fraction
of the leaf area projected on a plane normal to the zenith angle θ. G is calculated as (Li et
al. 2017):
.
tan
cos
(4.6)
G
1.774
1.182 .
where x is a shape parameter of the leaf angle distribution. A spherical distribution with
x = 1 was applied in this study (Li et al. 2017).

4.3.5

Radiative transfer model

The invertible forest reflectance model (INFORM) (Atzberger 2000) was chosen for
canopy reflectance modeling and inversion. The choice of INFORM was a trade-off
between suitability for forest structure characterization and simplicity in generating
scenes and inversion (Schlerf and Atzberger 2012). The model is an combination of the
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forest light interaction model (FLIM) (Rosema et al. 1992), SAILH (Verhoef 1985) and
PROSPECT (Jacquemoud and Baret 1990), simulating the bidirectional reflectance of
forest stands between 400 and 2500 nm. INFORM is hybrid model with geometricaloptical (crown shadowing) and turbid-medium (multiple scattering) representation
(Schlerf and Atzberger 2006). Our model adopts the same parameterization values as
developed by (Ali et al. 2017) to estimate specific leaf area.

4.3.6

INFORM parameterization and generation of look-up table

At leaf level, the leaf structure parameter (N) was fixed at 1.5 since it has little influence
on canopy reflectance (Ali et al. 2016b; Jacquemoud 1993). The chlorophyll content was
arbitrarily set from 40 to 80 (μg/cm2) (Ali et al. 2016b; Ali et al. 2016c). For the other
leaf parameters such as LWC (g/cm2) and leaf dry mass (g/cm2), the range was selected
based on the range of the variables as measured in the field.
The model input canopy structural parameters consisted of stem density (SD, n/ha), stand
height (SH, m), crown diameter (CD, m) and ALA (degree); of which SD and CD were
mainly used to calculate ground covered by crowns (Co) and by shadow (Cs) under an
observation zenith angle θo (degree) and a solar zenith angle θs (degree), respectively,
using Eq. (4.7) (Atzberger 2000):

C  1  exp(  k  SD/ cos( ))

(4.7)

where k represents the average horizontal area of a single tree crown (ha).
When observed at nadir, ground covered by crowns (Co) equals canopy cover (CC): the
proportion of the forest floor covered by the vertical projection of the tree crowns
(Jennings et al. 1999). To obtain SD and CD estimations, segmentation must be
performed on individual trees. Recent studies have shown that although canopy height
can be retrieved from LiDAR with high accuracy, the retrieval of SD and CD from
LiDAR segmentation is complicated and introduces uncertainty (Morsdorf et al. 2004;
Reitberger et al. 2009). On the other hand, canopy cover can be retrieved from LiDAR
with much less uncertainty (Hopkinson and Chasmer 2009; Korhonen et al. 2011; Moeser
et al. 2014). In addition, SD and CD are used to calculate canopy cover which is main
input to simulate reflectance in INFORM. Therefore, in this study, SD and CD were
replaced with canopy cover in the INFORM forward mode for the simulation of canopy
reflectance. The range of forest canopy cover was set from 0.1 (canopy cover above 10
%) to 1 (full canopy cover) according to the definition of forest provided by the Forest
and Agriculture Organization of the United Nations’ definition of forests (FAO 2017).
The ranges of other structural parameters (i.e. single tree LAI, LAI, understory LAI, SH,
CD, and ALA (degree)) were set based on prior information obtained from field
observations. The sun zenith angle (degree), observation angle (degree) and azimuth
angle (degree) were determined based on the HySpex image acquisition campaign (Table
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4.2). The standard soil reflectance for comparison purpose was generated using wet and
dry soil spectra (Feret et al. 2008), a scale factor was randomly generated to allow the soil
reflectance to vary between these two spectra. The soil reflectance derived from
hyperspectral and LiDAR data was described in §4.3.2. In total, 100,000 combinations
were randomly generated and the simulated reflectances were stored in LUT.
Table 4.2 The input parameters and their ranges for LUT generation using INFORM
Parameter
Abbreviation Unit
Minimum value Maximum value
Leaf dry mass
Cm
g/cm2
0.005
0.03
Leaf water content
LWC
g/cm2
0.005
0.035
Leaf structural parameter
N
1.5
1.5
μg/cm2 40
40
Chlorophyll content
Cab
2
8
Single tree LAI
LAIs
0
1
Understory LAI
LAIu
Canopy cover
CC
0.1
1
Stand height
SH
m
5
40
Crown diameter
CD
m
2
10
Average leaf angle
ALA
degree 40
60
degree 28
38
Sun zenith angle
θs
Observation zenith angle
θo
degree 0
0
Azimuth angle
Ψ
degree 126
182
Fraction of diffused radiation Skyl
0.1
0.1

4.3.7

The look-up table inversion

The simplest and most popular method to solve the inverse problem for RTMs is to use
minimization algorithms through LUTs (Combal et al. 2003; Darvishzadeh et al. 2008b).
The inversion problem is based on the minimization of a cost function δ2 that concurrently
measures the discrepancies between 1) the observed and simulated reflectance and 2)
variables to estimate and the associated prior information (Jacquemoud et al. 2009):
2

n

  j   jprior

k
   j 1 
   j 



2



(4.8)


where ρo and ρs are the observed and simulated reflectance, respectively; χj and χpriorj are
the estimated values of the simultaneously retrieved variables and the prior values,
respectively; and σ indicates the variance. In this case, the prior information of canopy
cover and understory LAI was measured from LiDAR.
   s
   i 1  o
   o 
2

4.3.8 Statistical analysis
The estimated variables were tested against the measured variables based on the
coefficient of determination (R2), the root mean square error (RMSE), normalized RMSE,
as well as normalized bias. In order to compare the estimated and measured variables, the
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regression line was forced to the origin (y = x), and the R2 was calculated accordingly.
Leave-one-out cross validation was used for the validation of LWC estimation using
LiDAR intensity data.
∑
(4.9)
1
∑

RMSE

∑

⁄

nRMSE
nBias

(4.10)

(4.11)

∑

where yi and are the measured and estimated values for sample i, and
mean and the number of samples, respectively.

(4.12)
and n are the

4.4

Results

4.4.1

Leaf water content estimation from LiDAR intensity

Fig. 4.2 shows that corrected LiDAR intensity produced a moderate accuracy for LWC
estimation with an R2 value of 0.59 and nRMSE of 0.26.

Figure 4.2 Cross validation of LWC estimation using LiDAR intensity
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4.4.2

Background reflectance

The background pixels were initially derived from hyperspectral images, being pixels for
which the corresponding height in the original CHM was less than 0.1 m (Fig. 4.3(a) and
(c)). Fig. 4.3(b) shows the CHM after 3*3 dilation to avoid shadow on the background
pixels. As the tree crowns became larger, fewer pixels (red dots) were selected from the
CHM after the dilation.

Spectral reflectance

Canopy height model (m)

Fig. 4.4 shows the mean and spectral variability of background reflectance from the
spectral imagery and LiDAR CHM, and the standard soil reflectance (dotted line). For
the derived background reflectance using LiDAR height information, the maximum and
the mean showed vegetation characteristics with a small peak in the NIR region except
for the minimum spectrum, which represents soil without chlorophyll. This indicated that
the background was not only composed of soil, but also of low vegetation such as short
grass and moss.

a

b

c

d

Figure 4.3 An example of background pixels from hyperspectral image and canopy height model.
(a) original canopy height model (b) dilated canopy height model; (c) and (d) spectral reflectance
(red pixels indicate height below 0.1 m), before and after dilation, respectively
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Figure 4.4 Mean and spectral variability of the soil reflectance spectrum (dotted line: standard soil;
solid lines: from remote sensing derived background)

4.4.3 Canopy cover and understory leaf area index
The LiDAR-derived canopy cover was compared with the canopy cover estimated from
the hemispherical photos for the 26 forest plots (Fig. 4.5). The scatterplot showed a good
correlation with an R2 value of 0.63. The low nRMSE value (0.08) indicates that the
LiDAR index is suitable for canopy cover estimation.

Figure 4.5 Scatterplot showing the relationship between canopy cover obtained from hemispherical
photos and the LiDAR index

4.4.4

Retrieval of leaf water content by inversion

The roles of LiDAR-derived canopy cover and background reflectance used as prior
information in the model inversion for the retrieval of LWC were evaluated on the basis
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a

b

c

of R2, RMSE, nRMSE and nBias values. Fig. 4.6(a) demonstrates that the inversion of
INFORM for the retrieval of LWC using hyperspectral data alone (without prior
information) yielded a low R2 with a large bias. After introducing prior information of
remote sensing derived soil reflectance in the model, the inversion accuracy significantly
increased (R2 = 0.72) and the error decreased (nRMSE = 0.22) (Fig. 4.6(b)), while the
introduction of prior information of understory LAI and canopy cover further improved
the accuracy marginally.
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Figure 4.6 Scatterplots between observed
leaf water content and predicted leaf
water content obtained from (a) inversion
of LUT using hyperspectral only; (b)
using prior information of remote sensing
soil reflectance; (c) using all prior
information
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4.4.5 Mapping of leaf water content using LiDAR and hyperspectral
data
The HySpex image was masked to extract the forest areas from the land cover map
provided by the Bavarian Forest National Park. The image and the aligned LiDAR data
were used as input in the model inversion of INFORM to produce the map of LWC (Fig.
4.7). In addition, LWC of broadleaf, needle leaf and mixed forests with different stand
ages was also extracted using the land cover map. On average, LWC was higher in the
areas with lower latitude where needle forests were located.

Figure 4.7 Leaf water content mapping of Bavarian Forest National Park using LiDAR and
hyperspectral data

We compared the LWC map with the forest type map. The spatial variation of LWC was
in accordance with the distribution of broadleaf, needle leaf and mixed forests (Table 4.3).
Needle leaf forests had higher LWC than mixed and broadleaf forests. For the needle leaf
forests, the LWC was higher in mature forests, while for broadleaf forests, younger forests
had higher LWC.
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Table 4.3 Summary of statistics for leaf water content of different forest types
Forest type

Needle leaf

Broadleaf

Mixed

Mature Medium Young Mature Medium Young Mature Medium Young
Mean
leaf
water content 0.022
(g/cm2)
Standard
deviation
0.008
(g/cm2)
Mean of all
0.021
(g/cm2)

4.5

0.021

0.017

0.015

0.017

0.018

0.019

0.019

0.018

0.009

0.007

0.009

0.009

0.008

0.010

0.009

0.008

0.016

0.019

Discussion and conclusions

We estimated leaf water content (LWC) in the Bavarian Forest National Park from
airborne LiDAR and hyperspectral data. Firstly, LiDAR intensity was investigated for the
estimation of LWC by correcting the range and incidence angle effects. Secondly, the
prior information obtained from the combination of LiDAR and hyperspectral data was
introduced as an input in the modelling and inversion of RTMs for LWC estimation.
Results show that LWC was estimated using LiDAR intensity alone with an R2 value of
0.59 and nRMSE value of 0.26. When combining the information from the two systems
in the RTMs inversion, a significantly (t-test; p<0.05) higher retrieval accuracy of LWC
with an R2 value of 0.78 and an nRMSE of 0.19 was obtained than with the results derived
from hyperspectral data alone (R2 = 0.55, nRMSE = 0.28)
The results show that the introduction of the soil reflectance derived from remote sensing
significantly improved the accuracy of LWC estimation. In this study, the soil reflectance
was derived from hyperspectral images with a CHM height filter. The height threshold
(0.1 m) minimized the influence of the forest understory layer, which needs to be
separated from the soil reflectance in INFORM modeling. The standard soil reflectance,
did not appear to represent background variation as well as the remote sensing derived
soil reflectance, the product of a larger collection of samples. The wide range of soil
reflectance derived from remote sensing indicated that the background in the park was
not only composed of soil, but also vegetation such as grass, moss, lichen and plant litter.
Allowing the soil reflectance to change within the range of remote sensing derived soil
spectra in the LUT generation could better map the variation of the real background than
using a standard (single) soil reflectance.
The introduction of canopy cover and understory LAI improved the RMSE of LWC
estimation by 13.6 %. The mean canopy cover of our plots was 79.96 % with a minimum
value of 50.12 %. In closed canopies, canopy reflectance is less affected by canopy
structure (Xiao et al. 2014). Forest traits can be accurately estimated from canopy
reflectance, irrespective of the heterogeneity of structural variables, providing that canopy
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cover exceeds 50% (Ali et al. 2016b). In addition, due to the high canopy cover, the
understory LAI was relatively low (0-1.1). The limited range of understory LAI did not
have a large impact on the variation of canopy reflectance. Nevertheless, the prior
information of canopy cover and understory LAI was important to minimize the impact
of canopy structure and background on canopy reflectance. This technique would work
better in a more heterogeneous forest-grassland system, where the variation of canopy
cover is larger (e.g. 10 % - 100 %).
In order to fully explore the potential of LiDAR in canopy structure characterization, we
employed canopy cover to replace the two structural parameters, stem density (SD) and
crown diameter (CD), in INFORM. Our results show that canopy cover can be retrieved
using LiDAR accurately (nRMSE = 0.08). We also tried to detect single trees with a
segmentation method (i.e. watershed) in our study area, but the accuracy of detection rate
was low (nRMSE > 0.45, not shown in this paper). We expect the influence of replacing
SD and CD with canopy cover on the inversion results to be minimal. In INFORM, SD
and CD are used to calculate canopy cover for reflectance simulation, so the only
discrepancy this modification may have caused is a difference in range. If the range of
SD and CD was to be converted from the range of canopy cover using the INFORM
formula, the only difference in the generated LUTs would be caused by randomness in
the LUT generation.
LiDAR systems do not only deliver geometric information, but also radiometric
information such as backscatter intensity. Previous studies have shown the potential of
airborne LiDAR data for object classification (Mallet et al. 2011; Zhang and Liu 2012).
This study demonstrates that airborne LiDAR intensity data could be potentially used for
the estimation of LWC. However, there are a number of challenges when using airborne
intensity to estimate essential biodiversity variables (Zhu et al. 2015). The incidence angle
was calculated based the angle between the laser beam and the surface plane of a plot,
and then the incidence angle effects were corrected based on the radar equation. However,
forests, especially needle leaf forests, are highly anisotropic. The incidence angle effects
are more complicated than when dealing with homogeneous areas such as road and
grassland (Kim et al. 2009). In addition, even within the crown of a single tree, the
topography changes. Initially in this study, the surface plane was constructed based on a
radius of 1 m to model the local incidence angle within a crown, but the cross validation
results indicated that correction of the incidence angle was not effective (not shown in
this paper). This issue could potentially be overcome by using a LiDAR system with
multiple wavelengths. By using a ratio of two bands which are similarly affected by the
incidence angle, the effects could be canceled out as proven on a TLS system by (Gaulton
et al. 2013; Hancock et al. 2017).
The map of LWC in the Bavarian Forest National Park showed a spatial variation in
accordance with the forest types map provided by the Bavarian Forest National Park
administration. Needle leaf forests which are mostly located at low latitude had a higher
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LWC than broadleaf forests at high latitude, which was also observed in our laboratory
measurements (Table 4.1). This phenomenon also follows Hatcher (1990) observation
that young broadleaf trees have a higher LWC than mature ones. A recent study
(Chavana‐Bryant et al. 2016) demonstrated monotonic decreases in LWC with age
across broadleaf trees. For needle leaf trees, however, our mapping showed that mature
trees had a higher LWC than young ones (Table 4.3)
The LiDAR-derived canopy cover was compared with that from hemispherical photos.
Although the scan zenith angles mostly fell within 0-30°, they varied between plots. The
viewing angles of hemispherical photos were more consistent. This could be one of the
reasons causing the discrepancy between the results derived from these two techniques.
Even though an automatic thresholding method was applied, changing sun angle and
weather conditions during the field work may also cause inconsistency.
There were some noteworthy temporal differences between the field measurements and
the remote sensing data. In particular, LiDAR data were obtained in July 2012, while the
field data were measured in July and August 2013. We expect the change in the forest
canopy structure to be minimal since the data were both collected in the summer when
the leaves had stopped growing. The hyperspectral data were collected in July 2013,
which is in the same year the fieldwork took place. However, some plots were measured
in August, and LWC could have changed due to different weather conditions. More
accurate results may have been obtained had all plots been measured at the same time as
the hyperspectral data.
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Abstract
Separation of foliar and woody materials using remotely sensed data is crucial for the
accurate estimation of leaf area index (LAI) and woody biomass across forest stands. In
this paper, we present a new method to accurately separate foliar and woody materials
using terrestrial LiDAR point clouds obtained from ten test sites in a mixed forest in
Bavarian Forest National Park, Germany. Firstly, we applied and compared an adaptive
radius near-neighbor search algorithm with a fixed radius near-neighbor search method
in order to obtain both radiometric and geometric features derived from terrestrial LiDAR
point clouds. Secondly, we used a random forest machine learning algorithm to classify
foliar and woody materials and examined the impact of understory and slope on the
classification accuracy. An average overall accuracy of 84.4 % (Kappa = 0.75) was
achieved across all experimental plots. The adaptive radius near-neighbor search method
outperformed the fixed radius near-neighbor search method. The classification accuracy
was significantly higher when the combination of both radiometric and geometric features
was utilized. The analysis showed that increasing slope and understory coverage had a
significant negative effect on the overall classification accuracy. Our results suggest that
the utilization of the adaptive radius near-neighbor search method coupling both
radiometric and geometric features has the potential to accurately discriminate foliar and
woody materials from terrestrial LiDAR data in a mixed natural forest.
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5.1

Introduction

Forest structure can have profound effects on ecosystem function and diversity, including
mass and energy cycling through transpiration and photosynthesis (Hosoi et al. 2013;
Spies 1998). In order to understand and manage forest structure, many forest structural
parameters have been developed using various remote sensing techniques, such as leaf
area index (LAI), biomass and height (Ali et al. 2016a; Hosoi et al. 2010; Lucas et al.
2008). LAI is one of most used and essential forest structural parameters. The estimation
of LAI from remote sensing requires the accurate separation between foliage and woody
materials. Passive optical remote sensing has been widely used to estimate forest
structural variables and essential biodiversity variables (Schlerf and Atzberger 2006;
Skidmore et al. 2015; Treitz and Howarth 1999). However, mapping and monitoring
forest structure have been challenging with existing passive optical sensors, as in 2D
image pixels, different objects are often mixed or overlapped (Wagner et al. 2008a).
Light detection and ranging (LiDAR) provides an advantage over passive remote sensing
in its ability to capture 3D information about forest structure (Cao et al. 2016; Henning
and Radtke 2006). In particular, terrestrial laser scanning (TLS) data with very high point
density and small beam size, would allow an accurate characterization of forest structure
(Hosoi et al. 2010). Moreover, using high point density data, TLS is able to capture the
geometric features of different vegetation elements and ground (Zheng et al. 2016a).
Clawges et al. (2007) estimated leaf area by subtracting the leaf-off returns from leaf-on
returns. But this approach requires both leaf-off and leaf-on returns, which is not practical
for evergreen vegetation such as coniferous forests. Ma et al. (2016b) applied a geometricbased classification algorithm to separate photosynthetic and nonphotosynthetic
components using TLS data, indicating that the local dimensionality features (how the
point clouds are geometrically distributed) played a significant role in differentiating
leaves and stems as leaves had a random feature and stems had a linear feature. In addition
to geometric information, radiometric information from TLS data has also been applied
to object detection and forest parameter retrieval (Penasa et al. 2014; Zhu et al. 2017).
Zhao et al. (2011) used a threshold on the ratio of total power to reflected pulse width to
separate foliage and woody materials, since woods were solid targets that produced a
sharply peaked return pulse compared to foliage material. Danson et al. (2014) suggested
that the Salford Advanced Laser Canopy Analyser (SALCA), a dual-wavelength LiDAR
could be used to derive a ratio of ‘apparent reflectance’ that was insensitive to laser
incidence angle. Thus, it allowed the classification of different structural components of
vegetation. Although radiometric and geometric features derived from TLS data have
been used separately, their combination for separation of foliar and woody materials
needs to be further explored.
In order to obtain the geometric and radiometric features of a point, a local neighborhood
point set is needed. The local neighborhood is defined as a spherical shape (Demantke et
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al. 2011), where local points are within a fixed radius (Koenig et al. 2015). The local point
set within a spherical neighborhood can be used to calculate the local dimensionality that
indicates whether the points are more likely to be a line, a plane surface, or a random
cluster (Brodu and Lague 2012). However, the size of the radius used to search for
neighborhood points affects the geometric dimensionality (Yang and Dong 2013) and
radiometric features (Koenig et al. 2015), which can result in misclassification. As
demonstrated by Brodu and Lague (2012), at a few centimeter scale, leaves have a plane
surface dimensionality, while at a larger scale (i.e. 30 cm), they have a random
dimensionality (3D). Ma et al. (2016b) conducted a sensitivity analysis on the effects of
the searching radius on photosynthetic and nonphotosynthetic components classification,
suggesting that 0.45 m would be a good choice for a single TLS location-based forest plot
with mid-successional ages. In another study, Ma et al. (2016a) suggested that the
diameter at breast height (DBH) is a good reference to choose an appropriate size of the
searching radius. Koenig et al. (2015) calculated the local neighborhood features with
four radius thresholds in crop fields. This multi-scale approach can be used in forest plots
with heterogeneous DBHs so that the selection of a specific radius is not needed.
However, it could result in very high dimensional features and low computational
efficiency in a forest plot due to a large amount of features it produces. An adaptive radius
near-neighbor search method (Demantke et al. 2011) choosing the optimal radius might
be a good choice for the classification between foliar and woody materials.
The classification accuracy is usually compromised by other factors. Previous studies
have shown that the understory and slope have a strong influence on the accuracy of
LiDAR-derived forest parameters (e.g. canopy height, fractional cover) (Spaete et al.
2011; Su and Bork 2006; Wasser et al. 2010). Thus, in order to assess the classification
results, we also evaluate the influence of understory and slope on the classification
accuracy.
This study aims to classify foliar and woody materials using TLS data in a mixed natural
forest. Specifically, we address the following research questions: (1) Does the
combination of geometric and radiometric features significantly improve the
classification of foliar and woody materials using TLS data results compared to those of
using either one of them alone? (2) How is the performance of the adaptive radius nearneighbor search method in comparison to the commonly used fixed radius near-neighbor
search method for the classification of foliar and woody materials using TLS data? and
(3) Do understory and slope significantly affect the classification accuracy of foliar and
woody materials using TLS data?
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5.2

Study area and data

5.2.1

Study area

The study was carried out in Bavarian Forest National Park in south eastern Germany.
The natural forest ecosystems of the Bavarian Forest National Park vary according to
altitude: there are alluvial spruce forests in the valleys, mixed mountain forests on the
hillsides and mountain spruce forests in the high areas. Data from the TLS and in situ
measurements were acquired in summer 2016 at four broadleaf, two coniferous, and four
mixed circular plots of 10 m radius with varying density and height. In each plot, we
recorded tree species, acquired LiDAR data with the TLS and took hemispherical photos
in order to compare the results with LiDAR. Hemispherical photos were processed using
the ‘Hemisfer’ software (Hemisfer, Swiss Federal Institute for Forest, Snow and
Landscape Research WSL, Switzerland, 2016) to calculate the plant area index.
Hemispherical photos were classified into sky and canopy pixels by applying a brightness
threshold. An automatic thresholding procedure was carried out using the algorithm of
Nobis and Hunziker (2005) after a gamma correction (ϒ = 2.2) (Moeser et al. 2014). The
description of the data collected in each plot is given in Table 5.1.
Table 5.1 Plot characteristics collected during the fieldwork in Bavarian Forest National Park,
Germany.
Plot
Vegetation type
Dominant tree species
Effective leaf area
index
1
Broadleaf
Beech
2.83
2
Conifer
Spruce
0.91
3
Mixed
Beech, Spruce
3.08
4
Conifer
Spruce
3.18
5
Broadleaf
Beech
3.46
6
Mixed
Beech, Spruce, Fir
3.14
7
Mixed
Beech, Spruce
3.10
8
Mixed
Beech, Spruce
3.44
9
Broadleaf
Beech
3.17
10
Broadleaf
Beech
3.68

5.2.2

Terrestrial laser scanning data

The TLS used in this study was a time-of-flight scanner RIEGL VZ-400 (Riegl LMS
GmbH, Horn, Austria). It employs a shortwave infrared (1550 nm) laser. The laser beam
is 7 mm in diameter as it leaves the device. The system has a beam divergence of 0.35
mrad, a range accuracy of 5 mm and an effective measurement rate of 122,000
measurements/second. The pulse energy follows a Gaussian distribution within the laser
beam. The data were acquired in a long-range mode and an angular step of 0.04°. To
cover the whole plot, a center scan and three triangular scan positions were used for each
plot (Béland et al. 2011). Data were registered with RISCAN Pro software (RIEGL Laser
Measurement Systems, 2016).
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5.3

Method

5.3.1

Feature calculation

The most commonly used geometric parameters derived from LiDAR data for
characterizing the structure of an object are height-related features (Koenig et al. 2015)
(Table 2). In addition to these features, the local dimensionality features expressing how
the neighborhood points are distributed have strong ability to discriminate different leaves
and woods (Chi-Keung and Medioni 2002; Zheng et al. 2016b). In order to acquire the
local dimensionality features, for a set of neighboring points within a radius of a given
point, a local covariance matrix is calculated. The eigenvalues (λ) are positive and
ordered, so λ1 > λ2 > λ3. The following features (α1D , α2D,α3D) are selected to describe the
likelihood that the shape of the local points of the given point is linear, planar, or random
respectively (Demantke et al. 2011):
 1 D  ( 1   2 ) / 1 ,  2 D  ( 2  3 ) / 1 ,  3 D  3 / 1

(5.1)

Additionally, some radiometric features are proposed to including backscatter intensity
(I), mean intensity of the local points (Imean), intensity coefficient of variation of the local
points (Icov), Riegl’s pulse deviation (δ) and red, green and blue DNs from digital camera
(RGB) (Table 5.2). Intensity has been proved to be useful in classification in many works
(Lin and Herold 2016; Penasa et al. 2014; Zhang and Liu 2012). The distance effect on
Riegl’s intensity output has been eliminated by subtracting the range-dependent
amplitude obtained when measuring to a reflectance standard. (Pfennigbauer and Ullrich
2010).
Table 5.2 List of the radiometric and geometric features used/ extracted in this study from TLS data
Type
Feature
Definition
Reference
Pfennigbauer and
I
Backscatter intensity
Ullrich (2010)
Imean
Mean intensity of the local points
Koenig et al. (2015)
Icov Intensity coefficient of variation of the local points Koenig et al. (2015)
Radiometric
Pfennigbauer and
features
δ
Riegl’s pulse deviation
Ullrich (2010)
R
G
Red, green and blue DNs from digital camera
B
The likelihood that the shape of the local points is
Demantke et al. (2011)
α1D
linear (1D)
The likelihood that the shape of the local points is
α2D
Demantke et al. (2011)
planar (2D)
The likelihood that the shape of the local points is
Geometric
α3D
Demantke et al. (2011)
random (3D)
features
StdZ
Standard deviation of the height values
Koenig et al. (2015)
Zdiff
Range of maximum and minimum height value
Koenig et al. (2015)
Height difference between the single point and the
Dz
Koenig et al. (2015)
minimum elevation value
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5.3.2

Adaptive radius for near-neighbor search

Many geometric and radiometric features relevant to LiDAR classification are based on
the local neighborhood of each laser point (Penasa et al. 2014). For the fixed radius nearneighbor search, all points within this spherical neighborhood are included. For the
classification of foliage and woody materials, the DBH of a tree is a good reference to
choose a suitable searching radius (Ma et al. 2016a).
But the DBH varies across trees and plots. Thus, in this study, the dimensionality features
were computed for increasing radius values 0.2 m, 0.3 m and 0.4 m based on the DBH
variation in our plots from which we can use the adaptive radius search algorithm
(Demantke et al. 2011) to choose the optimal one. The choice of the radius was a tradeoff between accuracy and computing time. A Shannon entropy of the discrete probability
distribution proposed by Demantke et al. (2011) is calculated:
Ef 1D ln1D  2D ln2D  3D ln3D 

(5.2)

The variable definition is detailed in Table 2. Ef is the entropy feature. The lower Ef is,
the more one dimensionality prevails over the two other ones. The optimal radius is
obtained when:
roptim al  argm in  E f



(5.3)

The criterion allows defining an optimal radius that minimizes the entropy feature. So we
calculate the entropy feature for the three radiuses and choose the radius with the lowest
entropy feature. We are able to derive the optimal radius for each point.

5.3.3 Classification
In this study, we employed a nonparametric machine learning algorithm, i.e. Random
Forests, since parametric classifiers such as Maximum Likelihood Classification (MLC)
have a limitation when dealing with multi-modal input datasets (Liu et al. 2011). Random
Forests is an ensemble classifier that has become popular within the remote sensing
community. It can handle high data dimensionality with highly correlated features and is
both fast and insensitive to overfitting (Belgiu and Drăguţ 2016). Random Forests
classifiers have been widely applied in forest applications using hyperspectral and LiDAR
data (Belgiu and Drăguţ 2016; Bigdeli et al. 2015; Koenig et al. 2015). Features
importance from random forests was assessed using the learning classifier itself which
was used to select relevant features. The implementation of classification was based on
Scikit-learn python package (Pedregosa et al. 2011).
To train the Random Forests model, training samples were manually selected from the
point cloud and were identified as foliage, woody and ground points (about 1000 per
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class). All the geometric and radiometric features listed in Table 2 were calculated with
the various (near-neighbor) radii used for classification. These features were used as
inputs in the Random Forests classifier. The class weights were ‘balanced’ for all
instances, since the sample size of these classes was not equal. The number of trees was
set to 100 (Guan et al. 2013; Pal 2005), and the number of features to consider when
looking for the best split was set at default (the squared root of the total number of
predictors). Consequently, the model was applied on the whole validation dataset (Fig.
5.1).
Training
dataset

Sample 1

Sample 2

Sample n

Vote 2

Vote 3

Most popular classes

Figure 5.1 The flow chart of Random forests

5.3.4

Accuracy assessment

The validation was performed at two levels. First, we randomly selected 50 points per
plot which were visually identified into the three different classes (viz. wood, foliage,
ground) in LiDAR point cloud visualization. The point color was taken from the true
color channel of the camera images for better visualization. Different classes could be
easily identified in the point cloud visualization (Fig. 5.2). Second, we classified the
images from the hemispherical camera for comparison to the classification results from
TLS data.
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Figure 5.2 Visual interpretation of leaf and ground points

The accuracy assessment included overall accuracy, Cohen’s kappa. A McNemar’s test
(de Leeuw et al. 2006) was conducted to compare the difference between classification
results. The comparison of the classification results between TLS data and hemispheric
photos was evaluated by a linear correlation test (Pearson 1896).
In order to test the classification accuracy of this method and analyze the factors that
contribute to the variation of classification accuracy, we applied the method on ten plots
individually and calculated the slope and understory coverage of each plot. We derived
the slope by fitting a plane to the ground to calculate the angle between the plane and the
horizontal plane (Gross and Thoennessen 2006). As for the understory coverage, we
filtered all the points above 2 m (Martinuzzi et al. 2009), and estimated the coverage by
dividing nonground points by all points. A Spearman’s partial correlation (Kendall 1946)
was used to test the influence of these two factors.

5.4

Results

5.4.1

Geometric and radiometric features analysis

Fig. 5.3 demonstrates the LiDAR intensity image of a subplot, showing the differences in
intensity between the foliage, wood, and ground. The separability of intensity between
foliage and other classes is illustrated in Fig. 5.4a. The foliage had a lower intensity than
the other two classes. In Fig. 5.4b, the surface feature (α2D) shows that the wood had the
lowest likelihood of having a planar shape. A clear division can be seen between wood
and the other two classes. However, although the ground had the highest values of α2D,
the separability of the ground from foliage was not clear. Combining the mean intensity
feature, the three classes could be better identified.
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Figure 5.3 LiDAR Intensity image of a sample subplot
(b)

(a)

woody
and
ground
points

Figure 5.4 Distribution of LiDAR point clouds for different features; (a) frequency distribution of
mean intensity data, (b) distribution of mean intensity and surface feature of point clouds

The importance of the features calculated using the Random Forests function is detailed
in Table 5.3. ‘Importance’ can be used to predict the explanatory power of the features.
The most relevant features were three geometric α2D, α3D, Zdiff, Imean and Icov with values
above 0.1 indicating geometric features were important than radiometric features.
Table 5.3 Feature importance values derived from Random Forests classifier (~: smaller than 0.02)
Features
α2D
α3D Zdiff Imean Icov
Dz StdZ α1D
I
B R G δ
Importance 0.187 0.165 0.150 0.116 0.111 0.077 0.071 0.063 0.029 ~ ~ ~ ~

The overall accuracy and kappa values for the classification results using different
features for the ten plots are listed in Table 5.4. The performance of classification varied
across different plots, but the classification using the combination of geometric and
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radiometric features outperformed that of using either of them alone which also is visually
apparent in Fig. 5.5.
Table 5.4 Classification performance of using different features
Combination of both
Plot
Geometric features
features
Overall
Kapp Overall accuracy Kapp
accuracy (%)
a
(%)
a
1
90
0.85
78
0.67
2
86
0.77
64
0.48
3
86
0.77
60
0.40
4
80
0.68
80
0.68
5
82
0.72
48
0.22
6
82
0.73
74
0.61
7
90
0.83
72
0.56
8
84
0.73
74
0.55
9
80
0.7
78
0.66
10
84
0.75
76
0.61

(a)

foliage points

(b)

woody points

Radiometric features
Overall
(%)
56
78
54
18
48
50
26
34
50
44

accuracy

Kapp
a
0.34
0.66
0.30
0.06
0.24
0.25
0.01
0.15
0.21
0.22

(c)

ground points

Figure 5.5 Visual comparison of classification results based on (a) radiometric features, (b)
geometric features, and (c) the combination of both radiometric and geometric features
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5.4.2

Effects of searching radius on classification performance

In order to evaluate the effects of using different searching radiuses, we calculated the
overall accuracy and Cohen’s kappa of the classification results for the ten plots with the
combination of both geometric and radiometric features (Table 5.5). The results obtained
with the fixed-radius plots were generally high, the plot-to-plot results varied, while the
adaptive radius results were consistently high for all the plots.
Table 5.5 Classification performance of using different searching radiuses
Adaptive radius Radius: 0.2 m
Radius: 0.3 m
Overall
Overall
Pl Overall
Kap
accurac
accurac
Kappa
accuracy Kappa
ot
pa
y (%)
y (%)
(%)
1
90
0.85
86
0.79
84
0.76
2
86
0.77
72
0.57
80
0.66
3
86
0.77
84
0.74
82
0.71
4
80
0.68
68
0.52
60
0.39
5
82
0.72
64
0.39
64
0.40
6
82
0.73
68
0.52
78
0.67
7
90
0.83
84
0.75
68
0.49
8
84
0.73
74
0.61
68
0.49
9
80
0.70
62
0.42
58
0.35
10 84
0.75
62
0.45
48
0.22

Radius: 0.4 m
Overall
accuracy Kappa
(%)
84
0.76
80
0.66
84
0.74
64
0.49
64
0.40
72
0.58
80
0.67
64
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Fig. 5.6 shows the classification results using different searching radius in two sample
plots. In plot 1, the misclassification appeared for the results of using the radiuses of 0.2
m and 0.4 m, whereas the misclassification in plot 2 emerged for the results of using the
radiuses of 0.2 m and 0.3 m. As can be observed from Fig. 5.6 the best fixed radius
differed for various plots and trees, while the adaptive radius showed its robustness across
different plots.
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(a)

(b)

(c)
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(1) Plot 1

(a)

(b)

(c)

(d)

(2) Plot 2

foliar points

woody points

Figure 5.6 Visual comparison of classification results using based on different searching radius for
two sample plots; (a) r = 0.2 m, (b) r =0.3 m, (c) r = 0.4 m and (d) adaptive radius
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5.4.3

Impact of understory and slope on classification performance

Table 5.6 shows that the overall accuracy of all the ten plots was above 80 %. The
Spearman’s partial correlation test between the slope, understory coverage, and the
accuracy demonstrated (Table 5.7) that both, the slope and understory coverage had
significant negative effect on the overall classification accuracy with an R value of -0.79
and -0.76. The overall accuracy decreased with increasing understory coverage and slope.
Table 5.6 Classification results and statistics for the sample plots
Ground
Understor
Overall
Kapp
Plo Dominan Slop
accurac
y coverage accurac
a
t
t species
e (°)
y (%)
(%)
y (%)
1
Beech
3.6
32
90
0.85
100
2
Spruce
3.1
66
86
0.77
71
Beech,
3
4.6
39
86
0.77
83
Spruce
4
Spruce
4.9
53
80
0.68
91
5
Beech
11.3
50
82
0.72
93
Beech,
6
Spruce,
12.0
49
82
0.73
82
Fir
Beech,
7
6.0
39
90
0.83
96
Spruce
Beech,
8
16.6
29
84
0.73
96
Spruce
9
Beech
18.8
41
80
0.70
87
10
Beech
3.4
42
84
0.75
91

Wood
accurac
y (%)
82
92

Leaf
accurac
y (%)
93
90

87

100

71
71

75
82

71

94

93

67

87

44

75
73

82
83

Table 5.7 Spearman’s partial correlation test between the slope, understory coverage and the
accuracy (bold: P value < 0.05)
Understory coverage
Slope
Overall accuracy
R = -0.76, P = 0.02
R = -0.79, P = 0.01
Ground accuracy
R = -0.62, P = 0.08
R = -0.05, P = 0.89
Wood accuracy
R = -0.54, P = 0.14
R = -0.43, P = 0.25
Leaf accuracy
R = -0.01, P = 0.97
R = -0.41, P = 0.28

5.4.4

Comparison with hemispherical image classification

We classified images from the hemispherical camera into foliage, woody and sky pixels
and estimated a ratio between foliage and woody pixels. This ratio was plotted against
that derived from TLS classification. Fig. 5.7 shows that there was a good correlation
between the results. TLS underestimated the ratio of foliage and woody materials
compared to hemispherical photos. In Fig. 5.8 the final classification result for a mixed
plot compared to LiDAR point cloud colorized by RGB photos is presented.
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TLS derived ratio

3

y = 0.9658x - 0.1433
R² = 0.78

2
1
0
0

1

2

3

Hemispherical photos
derived ratio
Figure 5.7 Comparison of the ratio between foliage and woody materials derived from TLS and
hemispherical photo for the 10 sample plots

(b)

(a)

foliage points

woody points

ground point

Figure 5.8 TLS point cloud colorized by RGB photos and its final classification result for a mixed
plot; (a) TLS point cloud and (b) classification result

5.4

Discussion and conclusion

In this paper, we used an adaptive radius near-neighbor search algorithm to obtain both
geometric and radiometric features for discriminating between foliage, woody and ground
87

Foliar and woody materials discriminated using terrestrial LiDAR in a mixed natural forest

materials from TLS data. We achieved an average overall accuracy of 84.4 % and an
average kappa value of 0.75.
The average overall accuracy of using either geometric features or radiometric features
alone was 70.4 % and 45.8 % respectively. Coupling radiometric and geometric
information provided a better separability between foliage, woody and ground points than
using either of them alone (Table 4). For instance, in the geometric domain, the wood
could be easily separated from the ground and foliage in a broadleaf plot due to its nonsurface feature (Fig. 5.4b). However, broadleaves could have the similar geometric
feature (surface feature) to the ground (Fig. 5.4b). Intensity provides the possibility to
differentiate leaves, thanks to their different spectral characteristics at the water
absorption wavelength (1550 nm). Leaf tissues usually have much lower intensity than
woody tissues and ground at this wavelength, as a considerable amount of the energy
emitted from TLS is absorbed by the leaf water (Zhu et al. 2015). But the use of intensity
data is usually limited by the influence of the distance, partial hit and laser incidence angle
(Kaasalainen et al. 2011). The distance effect was eliminated for this instrument, while
the partial hit and incidence angle effects are very complicated in this situation. Often in
a forest plot, some targets like small branches and needles are irregular and also smaller
than the footprint of the scanner, which makes it difficult to estimate the incidence angle
and the collision area between the footprint and target. A possible solution to this issue is
to use a multi spectral TLS. If the influence of the incidence angle and the collision area
of the target are similar at two wavelengths, the ratio would be insensitive to these factors
(Gaulton et al. 2013). Combining multi spectral information with geometric information
may largely improve the discrimination of different materials in the forest.
The results demonstrated that the adaptive radius near-neighbor search performs robustly
comparing to the fixed radius near-neighbor search in the classification between foliage,
wood, and ground across different plots (Table 5.5). The average overall accuracy of
using the fixed radius was 70.5 % which much lower than using the adaptive radius. One
important factor could be that the dimensionality of a local cluster of points varies as the
searching radius changes (Brodu and Lague 2012). For instance, the point cloud of a stem
at a few centimeter scale could have a surface feature (2D), while at a larger scale, the
point cloud of the stem is more likely to have a linear feature (1D). Fig. 5.6 confirms that
using fixed radiuses was not the most reliable choice, since the best radius varied in
different situations. Combining features from all scales leads to high dimensional data
and low computational efficiency, since it produces much more features than using one
scale. The adaptive radius search was originally proposed to classify between buildings
and vegetation in an urban area at a larger scale (Demantke et al. 2011). It chooses the
optimal scale at different situations while avoiding having high dimensional data. The
application of this method on the classification of foliage, woody and ground points at a
fine scale shows its superiority over the fixed radius search across species and structure.
The choice of using the radiuses of 0.2 m, 0.3 m, and 0.4 m was a tradeoff between
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accuracy and computational efficiency. Choosing the optimal radius from more scales of
radius might improve the result and can be more robust in various forest situations at a
larger scale.
The classification results of the sample plots showed that both slope and understory
coverage were significantly correlated to classification accuracy. The accuracy decreased
with increasing understory coverage (Table 5.6). In areas with high understory coverage
percent, classification could not perform well to separate ground and vegetation points
(Huang et al. 2011). Thick vegetation cover makes LiDAR more difficult to penetrate
through it to the ground (Hodgson and Bresnahan 2004). The slope also had a negative
impact on the classification results. In this study, we have used some features related to
height (i.e. StdZ, Zdiff and Dz). These parameters have the ability to discriminate the
ground from foliage and wood in flat areas (Koenig et al. 2015), since the height
difference of the ground points is much smaller than the other two classes. However, in
the plots with complex topography (e.g. plot 9), they become less reliable. In addition,
due to the variation of the incidence angle between the ground and laser beam, the
intensity of ground points could be lower, further affecting the separation between the
foliage, wood, and ground (Tang et al. 2014b).
It is useful to compare our results with those from previous studies, although the forest
structure and forest condition vary a lot and the classification methods used earlier are
different. Zheng et al. (2016a) used a point classification method to classify foliar, woody
and ground points, resulting in an overall accuracy of 85.5 % for one plot. In another
study, Ma et al. (2016b) applied a geometric-based automatic forest point classification
algorithm to three plots in Washington Park Arboretum and some individual trees in a
forest. The overall accuracy of the three plots were 84.3 %, 94.4 %, and 97.8 %,
respectively. The difference in accuracy can be attributed to several factors. Our study
area is located in a mixed natural forest which is more complicated in forest structure,
condition and topography. The variation of slope in their study area ranged from 0° to
10°, much less than our study area (i.e., 3.4° to 18.8°). There was also little understory
which showed a negative relationship with the classification accuracy (Table 5.7). In
addition, Ma et al. (2016b) showed that the spatial distribution patterns of foliage
elements violated the feature definition of leaves in a plot dominated by Douglas fir, thus
the method provided poor classification results. It was suggested by the authors to
incorporate additional information such as calibrated intensity information (Ma et al.
2016b). In plot 6 in our study, Douglas fir was one of the three main species. An overall
accuracy of 82 % and leaf accuracy of 94 % were achieved. However, the percentage of
Douglas fir was much lower than that in their study area. Further research is needed to
assess the species influence at a larger scale.
The correlation between classifications results obtained using TLS data and
hemispherical images was strong, although the one from TLS underestimated the foliage
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material by 17.2 %. The images from the hemispherical camera are more subject to the
occlusion effect by leaves which were more scattered because of its 2D nature. Therefore,
leaf pixels in these images might be overestimated. TLS images from four scan positions,
in this case, is less affected by occlusion. Additionally, the images from the hemispherical
camera (with a hemispherical view) cover all the objects within the field of view, while
TLS only records objects around the scanner within a certain distance (cylinder field of
view). This could also cause the discrepancy of the results.
In the Bavarian Forest National Park, there is little human intervention. “Let nature be
nature!” is the philosophy of the Bavarian Forest National Park. As a result, some plots
were found not only covered by low understory vegetation, but also lying dead wood and
dead leaves. This could significantly change the geometric dimensionality and lower the
intensity value of the ground. Flat soil ground usually has a surface feature (Demantke et
al. 2011), while ground cover with dead leaves can has a random feature, depending on
the thickness of the dead leaves on the ground. Therefore, the true ground becomes much
more indistinguishable from vegetation components. In addition, the slope of some plots
(e.g. plot 9) is steep, which makes it more difficult to differentiate the ground from the
other classes. A quantitative assessment of these interactions needs to be further studied,
but the relative impact of these interaction effects on the overall accuracy when
distinguishing woody from photosynthetic foliar material is most probably marginal.
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Synthesis: LiDAR and hyperspectral remote
sensing of leaf water content
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6.1

Summary

Forests cover a third of all land on earth which provide various ecosystem services. The
assessment and prediction of forest change and its influence on forest ecosystems require
the monitoring of a wide range of essential biodiversity variables. Leaf water content
(LWC) as one of the variables plays an important role in mapping and monitoring the
condition of forest ecosystems, including environmental stresses, fire susceptibility and
species distribution (Asner et al. 2016; Ustin et al. 1998; Yi et al. 2014). As a
consequence, water content was proposed as one of the essential biodiversity variables
(EBVs) to assess progress towards the Aichi Biodiversity Targets (Skidmore et al. 2015).
It is also considered as a very important variable for developing fire susceptibility models
by the Global Observation of Forest and Land Cover Dynamics fire implementation team
(GOFC/GOLD-Fire) (Chuvieco and Kasischke 2007).
This thesis evaluated the usage of remote sensing data for the estimation of LWC at
different scales and examined the impact of the incidence angle and partial hits on LiDAR
intensity data, as well as eliminated the influence of canopy structural variables and
background reflectance on canopy spectral reflectance. Chapter 2 investigated the
influence of the incidence angle and leaf surface feature on the relationship between LWC
and terrestrial laser scanner (TLS) backscatter intensity. The accuracy of LWC estimation
was significantly improved by applying a reference target-based model using the LiDAR
intensity. Chapter 3 examined the partial hits and incidence angle effects on LWC
estimation at the individual canopy scale. LWC vertical distribution within plant canopy
can be retrieved from TLS. Chapter 4 evaluated the integration of LiDAR and
hyperspectral data for the estimation of LWC through radiative transfer models (RTM) at
the regional scale. The results showed that the introduction of canopy cover and
background reflectance using the integration of LiDAR and hyperspectral data
significantly improved the accuracy of LWC retrieval. Chapter 5 assessed the
performance of the combination of geometric and radiometric features and an adaptive
radius near neighbor search method on the classification of foliar and woody materials
using TLS. The findings suggested that an accurate classification between foliar and
woody materials can be achieved in a mixed natural forest by using TLS.

6.2

Leaf water content estimated at the leaf scale

Most water content studies at the leaf scale have focused on the use of hyperspectral data.
Estimation using LiDAR has rarely been explored since LiDAR intensity is significantly
affected by the distance and incidence angle effects. Unlike ALS, the distance effect on
TLS intensity is mostly dependent on instrumental factors, which is constant for a specific
instrument, so the calibration is usually direct (Kaasalainen et al. 2011). However, the
incidence angle effect on TLS intensity is strongly associated with surface properties
(Krooks et al. 2013). The experiment showed that even when two species had the same
LWC, their intensity could be different at the perpendicular angle (Fig. 6.1). For example,
92

Chapter 6

Photinia fraseri and Ficus benjamina both had around an average LWC of 0.01 g/cm2,
but the intensity was significantly different (Fig. 6.1a). The main reason behind this is
that the surface properties (Eitel et al. 2010a) were different. The backscatter intensity
reflected from the leaves consists of two parts: the specular intensity and the diffuse
intensity. The diffuse intensity is mainly dependent on LWC, whereas the specular
intensity is determined by the surface properties. The linear combination of the
Lambertian model and Beckmann law successfully simulated the fraction of the specular
intensity and the diffuse intensity (Table 6.1). Ficus benjamina had a higher specular
fraction (0.56) than Photinia (0.36), so the specular intensity caused by the surface was
also higher. The removal of the specular intensity was achieved so that LWC became the
main factor that contributed to the recorded intensity (Fig. 6.1b). The reflectance model
for intensity correction is desirable, especially for data located in the nadir regions of
targets with highly reflective surfaces (Ding et al. 2013).
a

b

Figure 6.1 The backscatter intensity of two species with same leaf water content. (a) Before removal
of the specular intensity and (b) after removal of the specular intensity.
Table 6.1 Terrestrial laser scanner backscatter intensity simulation for 2 plant species using a linear
combination of the Lambertian model and Beckmann law. ks: specular fraction
Species name
ks
R2
RMSE
Ficus benjamina

0.56

0.98

0.01

Photinia fraseri

0.36

0.94

0.02

TLS has been demonstrated in numerous studies for its ability to capture vegetation
structure, while its potential for LWC estimation has rarely been explored. It offers the
advantage to avoid many intrinsic drawbacks of passive remote sensing, by explicitly
being able to model and account for the canopy structure influence, viewing and
illumination geometry and the noise from background and woody materials (Magney et
al. 2014). Additionally, it can capture the detailed LWC distribution within leaves and
canopy (Fig. 6.2). Fig. 6.2a shows that the water content of the venation is higher than
the other parts since the principal function of the venation is to deliver water (Roth-
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Nebelsick et al. 2001). In Fig. 6.2b, the older leaves had lower LWC than emerging
leaves. Mooney et al. (1977) demonstrated that when leaves are fully hydrated, new
leaves have a higher water content than older leaves. During drought-stress, plants water
is redistributed from old to young leaves to maintain the water content of young leaves,
and thereby leaf function (EVANS 1932; Rabas and Martin 2003). Kramer (1959) stated
that young leaves usually can obtain water at the expense of older leaves and the latter
usually die first during drought. These two maps indicate that TLS has a great potential
to assess plant physiological status. Due to the powerful highly collimated laser light and
the small footprint size, these measurements using TLS at the fine leaf scale do not require
direct physical contact, which is the biggest advantage of TLS against passive remote
sensing. With the advance of the technology, the beam divergence will be smaller so that
even at a long distance (plot scale) TLS can capture the detailed information of a single
leaf. It is more comprehensive, and cost and time efficient, holding promise to replace
field measurements.

a

b

Figure 6.2 3D Leaf water content mapping (g/cm2). (a) Polyscias fabian and (b) Camellia japonica.

6.3 Leaf water content distribution within the canopy of
individual plants
The distribution of LWC within the canopy affects the light penetration and scattering. It also plays
an important role in the distribution of other plant biochemical parameters. But the spatial
distribution within the canopy, especially the vertical distribution has never been studied using
remote sensing. Chapter 3 investigated the feasibility of estimating LWC distribution within the
canopy of individual plants using TLS by removing the effects of partial hits. It demonstrated for
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the first time that LWC distribution within the canopy of individual plants can be estimated with a
good accuracy using TLS.
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Chapter 2 showed that LWC can be modeled and estimated from the TLS backscatter intensity with
a good accuracy at the leaf scale. Chapter 3 intended to upscale the use of TLS from the leaf level
to the individual canopy level. In addition, instead of using discrete return data, a number of fullwaveform features were assessed for their ability to estimate LWC. The incidence angle effect
remained an issue at the canopy scale since the zenith scan angle of the TLS was far from vertical.
Fig. 6.3 shows the relationship between three full-waveform features (i.e., amplitude, backscatter
cross-section, and backscatter coefficient) and measured LWC before correcting for the incidence
angle effect. None of the three parameters showed a strong relationship with LWC, while the R2
value between the backscatter coefficient and LWC was the highest. After the incidence angle
correction, a strong and significant relationship (R2 = 0.63) emerged, indicating that the incidence
angle correction was also effective for the canopy level correction. The logarithmic relationship
showed that laser signal was insensitive to high LWC values. This problem also affected the LWC
prediction. Fig. 6.5 shows the prediction of LWC for both excluding (a) and including the extreme
case (b). Compared to the prediction of LWC (R2 = 0.72) excluding the extreme case with very high
LWC, the R2 value including the extreme case dropped to 0.66 (Fig. 6.5). This problem was also
observed at the leaf level study. This requires further investigation.
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Figure 6.3 Relationships between three waveform parameters (i.e., amplitude, backscatter crosssection, and backscatter coefficient) and LWC before correcting for incidence angle effect.
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Figure 6.4 Relationships between the backscatter coefficient and LWC after correcting for
incidence angle effect (The circled points indicate extremely high LWC).
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Figure 6.5 Scatterplot of the measured and estimated leaf water content by the backscatter
coefficient. (a) excluding extreme case and (b) including extreme case

Fig. 6.6 showed that on some parts of the leaf edge, the LWC was slightly lower than that
on the other parts of a leaf. We think this is due to the overcorrection of the incidence
angle influence. On the edge of some leaves, the incidence angle was larger due to the
irregular curling edge of the leaves. The overestimation of the incidence angle of the leaf
edge could cause overcorrection, leading to higher backscatter coefficient values, thus
lower LWC values.
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Incidence angle (°)

Leaf water content (g/cm2)
Fig. 6.6 Leaf water content and incidence angle mapping

An example of LWC mapping (Fig. 6.7) showed the LWC vertical distribution as well as the
horizontal distribution within the canopy of a typical individual plant. Again, new leaves at the top
of the plant showed a higher LWC than older leaves (Magney et al. 2014). This phenomenon might
be helpful to determine whether a plant is under stress conditions such as drought. Moreover, it has
been shown that in some radiative transfer models the vertical heterogeneity of biophysical and
biochemical parameters within the canopy largely affects the canopy reflectance simulation and
inversion (Wang and Li 2013). However, this is very difficult to measure with passive remote
sensing data. Using LiDAR techniques, we are able to detect the LWC at different heights. They
can provide very useful information for RTMs which incorporate the vertical LWC in the future.

Figure 6.7 An example of leaf water content mapping
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6.4

Leaf water content estimation at the regional scale

The estimation of LWC at the regional scale using RTMs or statistical models may be
confounded by canopy structure and forest background (Ali et al. 2016b; Darvishzadeh
et al. 2008a). When using RTM, a common problem is the ill-posed problem when
inverting a model, which is well documented in a number of studies (Combal et al. 2003;
Koetz et al. 2005). It is mainly caused by the under-determined nature of the modeling
schemes (Jacquemoud et al. 1995). The use of prior knowledge has been suggested by
many studies to solve the ill-posed problem (Dasgupta et al. 2009; Xiao et al. 2014).
However, at the regional scale, field measurements of such information are labor
intensive and time-consuming, especially in remote areas, and there is a lot of temporal
and spatial variation. LiDAR offers an alternative to obtaining information about
vegetation structure and forest background. The combination of LiDAR and
hyperspectral data may allow retrieval of background reflectance and canopy structure
which can be used as prior information for LWC estimation – such an approach has not
been earlier investigated.
Chapter 4 assessed the performance of the inversion of INFORM radiative transfer model
using prior information obtained from airborne LiDAR and hyperspectral data for LWC
estimation. The INFORM model was modified by replacing stem density and crown
radius with the canopy cover since canopy cover could be effectively retrieved from
airborne LiDAR data (Korhonen et al. 2011). The global sensitivity analysis shows that
at the regional scale, the canopy cover (CC) (0.1-1) and background reflectance had a
larger influence on canopy reflectance than LWC when there was no prior information
(Fig. 6.8). The study demonstrated that, despite the large influence of the canopy cover
and background reflectance, LWC can be estimated with a good accuracy through the
inversion of INFORM model using prior information obtained from LiDAR and
hyperspectral data.
In order to map the LWC of the Bavarian Forest National Park, the range of the canopy
cover (Fig. 6.9) was set between 0.1-1 for lookup table (LUT) generation based on the
FAO (Forest and Agriculture Organization of the United Nations) definition of forests
(FAO 2017). This was the main reason why canopy cover had such a large influence on
the variation of canopy reflectance. Due to the large coverage of the airborne LiDAR data
with high point density (average 30 points/m2), the canopy cover of the park could be
retrieved with a good accuracy. Once modeled and known for each pixel, the canopy
cover influence on the variation of canopy reflectance was effectively minimized, which
was the key to accurately estimating LWC through model inversion. Another factor that
contributed to the variation of canopy reflectance was the background reflectance. In this
study, for the first time, the background reflectance at the regional scale was acquired
through the combination of LiDAR and hyperspectral data. A LiDAR-derived canopy
height model (CHM) was used as a mask to extract the background reflectance in the
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hyperspectral imagery. A threshold of 0.1 m effectively masked (eliminated) those pixels
under the influence of understory vegetation. Allowing the soil reflectance to change
within the range of remote sensing derived spectra in the LUT generation could better
map the variation of the real background than using a standard (single) soil reflectance.

Figure 6.8 Results of FAST first-order sensitivity coefficients to canopy reflectance with modified
INFORM (Cw: leaf water content, Cm: dry mater content, LAIs: single tree LAI, LAIu: understory
LAI, CC: canopy cover, H: height, CD: crown diameter, Backref: background reflectance)

Figure 6.9 Canopy cover mapped using LiDAR data in the Bavarian Forest National Park, Germany

The results show that the introduction of a priori soil reflectance, vegetation cover and
understory LAI information obtained from LiDAR significantly improved the accuracy
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of LWC retrieval when inverting INFORM, from an R2 of 0.55 and a normalized RMSE
(nRMSE) of 0.28 to 0.78 and 0.19, respectively. The spatial variation of LWC was
significantly in accordance with the distribution of broadleaf, needle leaf and mixed
forests (Table 6.2, Fig. 6.10), which appeared to be consistent with ecological knowledge.
Needle leaf forests had a higher LWC than broadleaf forests. Hatcher (1990) showed that
conifers had greater concentrations of all measured foliar constituents than broadleaf
trees. As can be seen in Fig. 6.10 (a), striping has appeared in the LWC map. This is due
to the edge of the flying strips of the hyperspectral data.
Table 6.2 Summary of statistics for leaf water content of different forest types
Forest type
Mean (g/cm2)

100

Needle leaf

Broadleaf

Mixed

0.021

0.016

0.019

Chapter 6

(a)

(b)

Figure 6.10 Leaf water content mapping (a) and forest type map (b)
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6.5 Foliar and woody materials discriminated using
terrestrial LiDAR
Quantitative characterization of the forest structure, especially the separation of foliar and
woody materials, is critical to accurately estimate biophysical variables (e.g. leaf area
index) as well as biochemical variables such as LWC (Ma et al. 2016b). TLS with high
point density and small beam size permits an accurate characterization of forest structure
(Zheng et al. 2016a). The geometric-based classification has been applied to the
separation of foliar and woody materials (Ma et al. 2016a; Zheng et al. 2016b),
demonstrating that the local dimensionality features played a significant role in
differentiating leaves and stems as they showed different geometric features. Radiometric
information has also been used for the classification of these two components since foliar
and woody materials have different backscatter intensities (Béland et al. 2011). The
combination of geometric and radiometric features for the separation of foliar and woody
materials is yet to be explored.
The geometric and radiometric features of a point are calculated based on a group of local
neighborhood points. The local neighborhood is defined as a spherical shape (Demantke
et al. 2011), where local points are within a fixed radius (Koenig et al. 2015). So the
features of each point can be calculated within this local neighborhood. However, the size
of the neighborhood is difficult to determine. Different sizes can result in variation in
features, thus affecting the classification accuracy.
Chapter 5 evaluated an adaptive radius near-neighbor search algorithm to obtain both
geometric and radiometric features for the separation of foliar, and woody and ground
materials from TLS data. The combination of radiometric and geometric features yielded
a more accurate classification result. Fig. 6.11 showed the clear division between these
three classes. Figure 6.12 demonstrates that the combination of geometric and radiometric
features produced better classification results than using either of them alone. In the
geometric domain, wood could be separated from the ground and foliage, while broadleaf
species had a similar surface feature to the ground. Intensity provided a good way to
separate the foliage from the other two classes due to the water absorption in leaves.
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Figure 6.11 The distribution of the ground, wood, and foliage in the geometric (surface feature: the
shape of the local points is close to a surface) and radiometric domain.

(a)

foliage points

(b)

ground points

(c)

woody points

Figure 6.12 Visual comparison of classification results based on (a) radiometric features, (b)
geometric features, and (c) the combination of both radiometric and geometric features

The results of the classification also demonstrated that the adaptive radius near-neighbor
search performs with a higher accuracy when compared to the fixed radius near-neighbor
search in the classification between foliage, wood, and ground (Table 6.3). The highest
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accuracy was achieved by using the adaptive radius, achieving an average overall
accuracy of 84.4 %. An
(a) important factor appears to be that the dimensionality of a local
cluster of points varies as the search radius changes (Brodu and Lague 2012). At the scale
of a few centimeters, the stem could appear as a surface feature (2D), whereas at a large
scale, it is more likely to be a linear feature (1D). The adaptive radius search method
chooses the optimal size of the radius. The choice of using three radii of 0.2 m, 0.3 m,
and 0.4 m was based on the reality of the plots and a tradeoff between computational
efficiency and accuracy. To achieve a more accurate result, a large number of radii is
recommended. In the meantime, the size of the radii should be determined based the stem
size of the study area. Fig. 6.13 shows the final results of the classification of a broadleaf
plot and a needle leaf plot, indicating that the method used in Chapter 5 has the potential
to be applied in different forest types.
Table 6.3 Average accuracy of the classification results using different searching radius
Adaptive radius
Radius: 0.2 m
Radius: 0.3 m
Radius: 0.4 m
Overall
Overall
Overall
Overall
Kapp
Kapp
accuracy
Kappa
accuracy
Kappa
accuracy
accuracy
a
a
(%)
(%)
(%)
(%)
84.4

0.75

72.4

(a)

0.58

69.0

0.51

70.0

0.54

(b)

Figure 6.13 Classification results for a broadleaf plot and a needle leaf plot. (a) broadleaf, (b) needle
leaf.
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6.6 Broader implication of leaf water content estimation
for ecological studies
This thesis explored the potential of LiDAR remote sensing alone for LWC estimation at
the leaf and individual canopy scales, and the combination of LiDAR and hyperspectral
data for LWC estimation at the regional scale. The results indicate that the LWC
distribution within individual leaves and the vertical distribution of LWC within
vegetation canopy can be estimated using terrestrial LiDAR, and the prior information
derived from LiDAR and hyperspectral data can significantly improve the estimation of
LWC through the inversion of radiative transfer models at the regional scale. Using the
calibration methods developed in this thesis, the approaches have the potential to be
transferred to other sites.
At the leaf and individual canopy scale, the distribution of LWC within leaves and an
individual canopy estimated from terrestrial LiDAR can provide useful information for
forest management. Especially the estimation of the differences of LWC at different
height of a plant might be helpful to determine whether a plant is under stress conditions
such as drought. At the regional scale, the accurate estimation of LWC is critical for forest
managements. Forests provide a variety of goods and ecosystem services for humans,
including the habitat for plant and animal species, carbon storage for climate change
mitigation and adaptation, water supply for industries and communities, timber for wood
products and ecotourism (Chornesky et al. 2015). The variation of LWC could
significantly affect forest fire susceptibility and severity, thus the ecosystem services.
Regional and global mapping of LWC can further our understanding of physiological
processes and ecosystem functions such as photosynthesis, transpiration, thermal
regulation, net primary production process and forest fire susceptibility and propagation
(Chuvieco et al. 2004; Sanchez et al. 1983; Scriber 1977b). In addition, it could improve
the predictions of how forests will change in the future, which can be useful for
environmental conservation and management and resource policy making (Asner et al.
2016).
This study is focused on the estimation of LWC over the forest ecosystem. However, the
method is in principle transferable to other types of ecosystems such as agricultural and
grassland ecosystems. The knowledge of LWC can provide useful information in
agriculture for irrigation decisions and drought assessment (Colombo et al. 2008).
Grasslands by nature are prone to fires, so improving the estimation of LWC is of
importance to assess fire susceptibility and propagation (Dasgupta et al. 2009). The
relatively homogenous nature of agriculture and grass landscapes is expected to limit the
confounding contribution of biophysical factors to canopy reflectance (Dasgupta et al.
2009). However, canopy reflectance over agriculture and grass landscape can be affected
by the background, especially in areas with open canopies. The combination of LiDAR
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and hyperspectral data offers the means to obtain canopy cover and background
reflectance information, so the confounding effects can be largely ruled out.

6.7

Future work and recommendations

The wavelength of the TLS is 1550 nm falling in the water absorption region. There are
a few other existing instruments with different wavelengths which have been used for the
estimation of plant biochemical variables. For example, the Leica ScanStaion 2 employs
a pulsed green (532 nm) laser that is advantageous for the estimation of chlorophyll
concentration (Eitel et al. 2010a). The same TLS has also been used for the evaluation of
nitrogen status (Eitel et al. 2011a). Magney et al. (2014) demonstrated that the green laser
return intensity was significantly correlated with non-photochemical quenching.
Although the usage of the single wavelength TLS for plant biochemical variables is still
limited, these studies show that TLS holds promise to provide detailed information about
plant physiological status as long as the incidence angle effect can be tackled.
The instrument in the aforementioned studies employs a single wavelength laser, so the
calibration for the distance and incidence angle effects have to be addressed. Nonetheless,
recent advances in TLS provided an alternative to the calibration procedure: multiwavelength laser scanning. With dual-bands, even multiple bands, TLS offers the
potential to obtain vegetation indices. The normalized ratio of two selected wavelengths
should be insensitive to the incidence angle as the influence can be canceled when the
intensity of both wavelengths is similarly affected by the incidence angle (Gaulton et al.
2013). However, the selection of wavelengths has to be careful. A recent study showed
that the laser spectral indices based on ratio combinations of green and red laser return
intensity reduced the distance effect, while they did not account for variations in leaf
angle (Eitel et al. 2014), suggesting the pronounced differences in the bidirectional
reflectance distribution factor between the green and red laser wavelengths at the leaf
scale. In another study, a number of spectral indices based on the near and middle infrared
(1063 nm and 1545 nm) were tested for LWC estimation (Gaulton et al. 2013). A strong
relationship (R2 = 0.87) was found between a normalized ratio and measured LWC,
indicating that not only the incidence angle effect could be canceled, the partial beam hits
effect could also be minimized by using a dual-wavelength laser scanning system. The
development of these new instruments will not only benefit the estimation of plant
biochemical variables, but also biophysical variables and tree species classification.
At the regional scale, airborne LiDAR and hyperspectral data were combined to alleviate
the ill-posed problem when inverting RTMs. Canopy cover and understory LAI was
obtained from a LiDAR metric, and background reflectance was derived from LiDAR
and hyperspectral data. LiDAR has the potential to obtain additional structural variables
other than canopy cover such canopy height profile (Fieber et al. 2015) and to classify
tree species (Yu et al. 2017). These canopy structural parameters may be input to more
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complicated radiative transfer models (Bye et al. 2017; Gastellu-Etchegorry et al. 2015;
North et al. 2010) as prior information in model inversion for not only LWC content but
also other parameters estimation. Moreover, the recently developed multispectral laser
scanning techniques is an attractive option for forest studies, as it not only provides 3D
point clouds but also multispectral information (St-Onge and Budei 2015; Yu et al. 2017).
This technique can avoid the uncertainty from the geometric and radiometric registration
between two different datasets (Wallace et al. 2012). The multispectral information may
also tackle many problems relating to the calibration of the intensity data. Coupling with
the geometric information, multispectral LiDAR offers a powerful tool for forest canopy
radiative transfer modeling, thus the estimation of forest essential biodiversity variables.
The method of combining LiDAR and hyperspectral data in an RTM could potentially be
applied to spaceborne data (in the future) for global LWC as well as other EBVs mapping.
The main limitation of current available passive satellite data is the spectral or/and spatial
resolution. The open satellite data such as Landsat and Sentinel data do not provide
detailed narrow spectral information, so the spectral characteristics of plant traits are often
masked by convolving the incoming radiation across broad wavelength ranges (Broge
and Leblanc 2001). The confounding effects of vegetation structure and forest
background are more difficult to eliminate. The integration of LiDAR is of key
importance for this matter. In terms of the resolution of available spaceborne LiDAR data,
the Geoscience Laser Altimeter System (GLAS) sensor has a large footprint (70 m
diameter) with a density of 0.52 points/km2 which is not enough for detailed mapping of
EBVs. The Global Ecosystem Dynamics Investigation (GEDI) LiDAR will be launched
in 2019, which produces the first high resolution (footprint = 20 m diameter) laser ranging
observations of the 3D structure of the Earth (Lidar 2017). It provides a great opportunity
for monitoring global EBVs at a relatively high resolution.
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Summary
Forest leaf water content (LWC) plays a key role in many physiological processes such
as plant growth, photosynthesis, transpiration, and thermal regulation. The estimation of
LWC and knowledge about its spatial variation can provide important information for
assessing forest drought conditions and predicting future forest change associated with
climate change. Recently it was proposed as one of the essential biodiversity variables
(EBVs) to assess progress towards the Aichi Biodiversity Targets.
Remote sensing data have been proved effective to provide a non-destructive, rapid and
economical way for the estimation of LWC at various scales. At the leaf scale, terrestrial
laser scanning (TLS) data enable vegetation information to be explored at small spatial
scales (mm). The backscatter intensity value of the reflected backscatter signal recorded
by TLS is, to some extent, insensitive to ambient light and atmospheric conditions and
provides good spectral separability for detecting and classifying objects. At the individual
canopy scale, TLS data are capable of providing vertical information of LWC within
canopies. However, at the regional scale, unlike TLS, due to the large footprint size of
airborne laser scanning (ALS), most laser beams hit multiple targets within the footprint.
With insufficient prior knowledge about full hits from the same target, the true reflectance
of partially hit individual targets cannot be unmixed because the target reflectance and
the collision area between the laser beam and partial hits both contribute to the returned
intensity.
The thesis aimed to estimate LWC at the leaf, canopy and regional scales using LiDAR
and/or hyperspectral data. The research in the thesis firstly presented a new method to
eliminate the incidence angle effects on TLS intensity data. The results showed that LWC
and its 3D spatial distribution can be estimated at a moderate accuracy using corrected
TLS intensity data. Secondly, the thesis evaluated the partial hits and incidence angle
effects on LWC estimation at the individual canopy scale. LWC vertical distribution
within plant canopy can be retrieved from TLS. To quantify the impact of woody material
on the estimation of LWC, the thesis subsequently investigated a new algorithm to
classify foliar and woody materials using TLS data. An adaptive radius near-neighbor
search algorithm was employed to extract both geometric and radiometric features. The
findings suggested that an accurate classification between foliar and woody materials can
be achieved in a mixed natural forest by using TLS. Then the research moved on to the
regional scale with the emphasis on removing canopy structural and background effects
on LWC estimation from airborne LiDAR and hyperspectral data using radiative transfer
models. Prior knowledge about canopy cover and background reflectance using the
integration of LiDAR and hyperspectral data was used in the inversion of radiative
transfer models. The results showed that the structural and background effects could be
effectively minimized and the accuracy of LWC estimation was significantly improved.
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Summary

This thesis explored the potential of LiDAR remote sensing alone for LWC estimation at
the leaf and individual canopy scales, and the combination of LiDAR and hyperspectral
data for LWC estimation at the regional scale. It demonstrates that the LWC distribution
within individual leaves and the vertical distribution of LWC within vegetation canopy
can be estimated using terrestrial LiDAR, and the prior information derived from LiDAR
and hyperspectral data can significantly improve the estimation of LWC through the
inversion of radiative transfer models at the regional scale. Using the calibration methods
developed in this thesis, the approaches have the potential to be transferred to other sites.
Global maps of LWC can be generated when satellites data such as the Global Ecosystem
Dynamics Investigation (GEDI) LiDAR become operational.
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Samenvatting
Blad-watergehalte speelt een sleutelrol in veel fysiologische processen, zoals
plantengroei, fotosynthese, transpiratie en thermische regulatie. De inschatting van bladwatergehalte en kennis over de ruimtelijke variatie ervan kan belangrijke informatie
opleveren voor het beoordelen van bos-droogtecondities en het voorspellen van
toekomstige verandering van het bos in verband met klimaatverandering. Onlangs werd
bovenstaande voorgesteld als een van de essentiële biodiversiteitsvariabelen om de
voortgang van de Aichi-biodiversiteitsdoelen te beoordelen.
Gegevens van teledetectie zijn effectief gebleken om een niet-destructieve, snelle en
economische manier te bieden voor de schatting van blad-watergehalte op verschillende
schalen. Op het blad-niveau maken terrestrische laserscanning (TLS) gegevens het
verkennen van kleine ruimtelijke schaal mogelijk. De intensiteitswaarde van het
gereflecteerde terugverstrooiing signaal geregistreerd door TLS is in zekere mate
ongevoelig voor omgevingslicht en atmosferische omstandigheden, en biedt een goede
spectrale scheidbaarheid voor het detecteren en classificeren van objecten. Op de
individuele canopy-schaal kunnen TLS-gegevens verticale informatie van LWC binnen
blad-luifels leveren. Op regionale schaal, in tegenstelling tot TLS, hebben de meeste
laserstralen echter door de grote gebieds-grootte van laserstralen in de lucht worden
verschillende doelen binnen het gebied geraakt. Met onvoldoende voorkennis over
volledige treffers van hetzelfde doel, kan de werkelijke reflectie van gedeeltelijk getroffen
individuele doelen niet uniform zijn, aangezien de reflectie van het doel en het
botsingsgebied tussen de laserstraal en gedeeltelijke treffers beide aan de gereflecteerde
intensiteit bijdragen.
Het proefschrift was gericht op het schatten van blad watergehalte op de blad-, kruin- en
regionale schalen met behulp van LiDAR en/of hyperspectrale gegevens. Ten eerst
presenteerde het onderzoek in het proefschrift een nieuwe methode om de
incidentiehoekeffecten op TLS-intensiteitsgegevens te elimineren. De resultaten toonden
aan dat blad-watergehalte en zijn ruimtelijke 3D-verdeling op gematigde nauwkeurigheid
met behulp van gecorrigeerde TLS-intensiteitsgegevens kunnen worden geschat.
Ten tweede evalueerde het proefschrift de partiële treffers en incidentiehoekeffecten op
de schatting van blad watergehalte op de individuele blad-luifelschaal. Verticale
verdeling van blad-watergehalte binnen het bladerdak van de plant kan door TLS worden
verkregen. Om de impact van houtachtig materiaal te kunnen kwantificeren op basis van
de schatting van LWC, onderzocht het proefschrift vervolgens een nieuw algoritme om
blad- en houtachtige materialen te classificeren met behulp van TLS-gegevens. Een
adaptief radius near-neighbour search-algoritme werd gebruikt om zowel geometrische
als radiometrische kenmerken te extraheren. De bevindingen suggereerden dat een
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nauwkeurige classificatie tussen blad- en houtachtige materialen in een gemengd
natuurlijk bos met behulp van TLS kan worden bereikt.
Ten derde werd het onderzoek voortgezet op regionale schaal met de nadruk op het
verwijderen van luifel structurele en achtergrondeffecten op basis van de LWC schatting
en van in de lucht aanwezige LiDAR en hyperspectrale gegevens met behulp van
stralingsoverdrachtmodellen. Voorafgaande kennis over luifeldekking en
achtergrondreflectie met behulp van de integratie van LiDAR en hyperspectrale gegevens
werd gebruikt bij de omkering van radiatieve overdrachtsmodellen. De resultaten toonden
aan dat de structurele en achtergrondeffecten effectief konden worden geminimaliseerd
en de nauwkeurigheid van de schatting van blad watergehalte aanzienlijk werd verbeterd.
Dit proefschrift onderzocht het potentieel van alleen LiDAR remote sensing voor de
schatting van blad watergehalte op de blad- en individuele luifels, alsmede de combinatie
van LiDAR en hyperspectrale gegevens voor de schatting van blad watergehalte op
regionale schaal. Het toont aan dat de verdeling van de blad watergehalte binnen
individuele bladeren en de verticale verdeling van blad watergehalte binnen de begroeiing
van vegetatie met behulp van terrestrische LiDAR kan worden geschat, en dat de
voorafgaande informatie afgeleid van LiDAR en hyperspectrale gegevens de schatting
van LWC aanzienlijk door de omvorming van modellen voor stralingsoverdracht op
regionale schaal kan verbeteren. Met behulp van de kalibratiemethoden die in dit
proefschrift zijn ontwikkeld, kunnen de benaderingen naar andere sites worden
overgedragen. Globale kaarten van blad watergehalte kunnen worden gegenereerd
wanneer satellietsgegevens zoals de Global Ecosystem Dynamics Investigation (GEDI)
LiDAR operationeel worden.
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