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General introduction
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Introduction

1.1 Earth Observation and forest monitoring

Forests presently cover approximately 30% of theestrial Earth surface and function
as habitats for organisms, as soil conservers arghidon pools, thereby constituting one of
the most important aspects of the Earth's biosplferew.fao.org/forestry). Nevertheless,
with the upcoming global warming, forests are urttieeat. Although forests have responded
to global warming in the past, the rate of changelioted in the Z1century and the resulting
feedback effects on global climate is likely tol®recedented (Saxe et al., 2001; Chapin et
al., 2005; Hyvonen et al., 2007). To forecast ctenehange impacts and adaptations, it is a
requisite to be equipped with spatially-explicitdanp-to-date bio-indicators of the health
status of the Earth’s global forest cover (e.g.tpsynthetic activity, carbon and nutrient
sequestration, defoliation, biomass; e.g. see /htipi.fs.fed.us/). Earth Observation (EO)
offers unique opportunities to provide continuood eepetitive data of the Earth forest cover,
from local to global scale. In many parts of theld@pace-based EO technologies constitute
the sole cost-effective data source suitable tmrteppon forest conditions. Owing to the
advantages of EO, many national and internatiomgneies have already implemented
operational EO data streams in forest inventory armhitoring programs (e.g. Canadian
Forest Service, US-GEOSS Forest Monitoring, GME&i8e Element Forest Monitoring).

This thesis focuses on the use of state-of-thesptical EO data for forest properties
mapping. Optical EO data are able to deliver biadkbal and structural canopy properties.
Optical sensors sample the Earth’s reflected \asiblear infrared (NIR) and short-wave
infrared (SWIR) solarelectromagnetiaadiation to deliver images of the Earth's surface
However, an optical sensor only measures the diyatiistributed radiatiorfluxes reflected
from the Earth's surface in the direction of thasse. Optical EO measurements are thus
fundamentally not capable to provide directly tleapy properties that are of interest for
forest monitoring. An intermediate step is necessartransform the EO measurements into
estimates of the vegetation structure or biochewniso perform such a transformation, some
understanding of the involved physics is required.

The physical process that makes optical EO poswslilee interaction between radiation and
matter, called radiative transfer (RT) (Lillesartdak, 2004). Radiative transfer in vegetation
comprises reflection, transmission, absorption @&miission, intrinsically related to the
vegetation elements. These vegetation elementsecaasiations in absorbance and
transmittance across wavelengths via multiple sgati processes throughout the canopy and
background (i.e. understory, soil). This implieattkO data can only provide information on
vegetation properties that have a direct impacamsh are sensitive to the measured radiation
fluxes (Ross, 1981; Goel, 1988; Asner, 1998; Dawetaal., 1999; Chen et al., 2000). In turn,
the explicit retrieval of vegetation properties d®n EO data is limited to variables directly
involved in the radiative transfer within the cagpmalled the radiative state variables
(Verstraete & Pinty, 1996). These state variabbes @ther have a biochemical nature (e.g.,
chlorophyll content, pigments) or a structural mat{e.g. leaf area index (LAIl), canopy cover).
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The knowledge of the state variables and intergcRT processes is encapsulated into a
variety of models.

Fundamentally, the interpretation of EO data alwaydies the use of a model (Widlowski,
2002). This model can ampirical as in the case of various statistical methodsdbaelate
raw data or vegetation indices with variables ¢ériest, or can bphysical,as in the case of
RT models whereby information about the variableat tinfluence the propagation of
radiation fluxes is extracted based on physicagfe.g. Myneni et al., 1995; Gobron et al.,
2000a).

Despite the large variety of models and derivedipets, our current understanding of the
interaction between radiation and forest propergestill far from complete. There aré (
limitations on the side of the modelg) there is the intrinsic complexity of the foresihopy
to be accounted for, andi ] there is the ongoing technological boost towandse powerful
EO instruments such as imaging spectroscopy ant-angular instruments, which requires
an upgrading of our knowledge of the involved medtras at a refined spatial, spectral
and/or angular scale. These points are essenimélyconnected and will be briefly outlined
in the next sections within the context of foresbmitoring. They will finally lead to the
objectives of this thesis that aims to contributéhe broader scientific debate on how multi-
angular imaging spectroscopy can serve monitoriagopy biochemical and structural
properties.

1.2 EO models

1.2.1 Empirical models: vegetation indices

With respect to empirical approaches, vegetatidices (VIs) are among the oldest and most
widely used tools in EO mapping applications. Vie aimple numerical indicators that
reduce multispectral (two or more bands) datagmgle variable for predicting and assessing
vegetation characteristics. Along with the develeptrof optical sensors a broad diversity of
VlIs have been developed, aiming for specific puego@.e., greenness, chlorophyll content,
secondary pigments: e.g. carotene, xanthophyjsljad scales (e.g. leaf, canopy, global) and
spectral resolutions (i.e. broadband vs. narrowpaddevertheless, what all vegetation indices
have in common is that:

» Data are reduced to one single layer, which israsguinformative about the structural or
biochemical condition of the vegetation. Vis arevpdul when fast and local-to-regional
assessments are needed,;

 VIs create only empirical relationships and arestlmited in transferring to other images;

» Besides sensitivity to vegetation properties, ¥ds additionally be affected by a number
of perturbing factors, including: atmospheric effeclouds, soil effects, anisotropy effects,
sensor-specific spectral effects.
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Although quite often effective, this leads to theaaeness that VIs are intrinsically limited by
the empiricism of their design. In any quantitateygplication that requires a given level of
accuracy, all the perturbing factors could resnlterrors or uncertainties that reduce the
predictive power of ViIs below a desired threshéldrthermore, and more importantly, for
the majority of VIs their sensitivity towards peting factors at canopy level has not been
systematically studied, particularly with respexctnisotropic effects or in relation to canopy
heterogeneity. This seriously limits the use ofsthendices, especially when calculated from
EO data for forest monitoring applications. Knovgedf the roles perturbing factors play is
very important when implementing VIs in operatiomabnitoring schemes (Glenn et al.,
2008). Linking VIs with physical models can helpassess these uncertainties (Myneni et al.,
2002).

1.2.2 Physical models: radiative transfer (RT) models

Since statistical or empirical approaches lackdienability and robustness, this has led to the
advancement of physical models for estimating keowical/structural state variables from
canopy spectraPhysical radiative transfer modedescribe the transfer and interactions of
solar radiation inside the canopy based on phydaa$ and thus provide an explicit link
between the biochemical and structural characiesistf vegetation scattering elements (e.g.
the leaf) and the canopy reflectance (Ross, 198&] éhd Thompson, 2000).

Leaf level

RT processes at the leaf level take place at théeaular level, e.g., the absorption
characteristics of the foliar biochemical composersiuch as electronic transitions in the
chlorophyll pigments or the bending and stretchimgrations of the biochemical bonds
(Lichtenthaler, 1987; Curran, 1989). Apart fromdfiemical components, the foliage optical
properties are primarily a function of internalflsgructure, leaf surface roughness and water
content (Ross, 1981; Fourty et al., 1996; Middletvral., 1997; Bousquet et al., 2005). Leaf
RT models attempt to explain how radiation intesagith the above-mentioned biophysics
and biochemistry (Jacquemoud and Baret, 1990; Dawsal., 1998; Ganapol et al., 1998).
Popular leaf-level radiative transfer models ar@©OBRECT (Jacquemoud & Baret, 1990) and
LIBERTY (Dawson et al., 1998).

Canopy level

While the optical properties of the leaves can lescdbed by a leaf-level RT model,
estimates of vegetation properties based on EOfdataair- or space-borne platforms have
to be ultimately assessed at the canopy lésath canopy models are described by a number
of state variables. State variables typically engass LAIl, canopy cover, the
nonphotosynthetic canopy elements and the undgra®ithe main factors driving the EO
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signal (Spanner et al., 1990; Huemmrich & Gowa@B7t Asner, 1998). In principle, these
state variables determine the relative contribtiohthe canopy scattering elements, which
can be typified as photosynthetic vegetation (P\Y monphotosynthetic vegetation (NPV).

There are four broad categories of canopy reflegtamodels, although some models

contain elements of more than one category:

The simplest canopy RT models are the 1Dtwbid media(homogeneous canopies)
models. Turbid medium models describe the canopy lagrizontally homogeneous layer
of scattering and absorbing particles of a givemsdg and orientation (e.g. Verhoef, 1984).
These models (e.g. the SAIL family) are suiteddescribing dense leafy canopies such as
closed forests, which can be described as beingzdraally homogeneous, but are
inappropriate for describing forests that are ni@&rogeneous.

Geometrical-optical modelge.g. Li & Strahler, 1992) describe the canopyhgsk series
of regular geometric shapes, placed on the sdihsaiin a prescribed way. The fractions of
different components are calculated based on thg&inetric optical principles. Canopy
reflectance is determined by the interception ghtliand shadowing by the geometric
objects and the reflectance from the ground surfbese types of models can be applied
to describe sparse canopies such as shrublangenrfarests.

The finest modeling degree Monte Carlo ray tracing which stochastically calculates
photon trajectories within turbid or geometric cpigs. A photon is tracked from its source
until it exits the canopy, with scattering basedpoobabilistic interactions. Ray tracing is
used to assess the influence of multiple scatteongspatial aggregation and angular
dynamics over heterogeneous forests (e.g. Govak988; Lewis, 1999; Disney et al.,
2000). Only these sophisticated models, possesisenfiexibility to render any kind of 3D
scene, are able to represent stands with highelslef complexities.

Hybrid modelscombine elements of both the turbid medium, thengsric optical or the
ray tracing models. In this case, the geometripsbaepresenting the canopy, for example,
are treated as a turbid medium, or simple geomshrapes are introduced in a ray tracing
environment. Often the amount af priori knowledge can be a limiting factor when
constructing a detailed 3D description of a candpythis case, a less detailed approach
with a smaller number of input parameters mightpoeferred, e.g., such as FLIGHT
(Forest LIGHT interaction model) (North, 1996). Theodel is hybrid because of the
combination of a geometrical-optical model and Mor@arlo simulations of photon
transport.

1.2.3 Applying radiative transfer models

The advantage of physical RT models is that thay lea coupled (e.g. leaf with canopy
level), thereby providing a physically based linkdzgtween optical EO data and biochemical
or structural state variables (Verhoef & Bach, 208cquemoud et al., 2009). Once having
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such coupling established it allows inferring foll@ochemistry at canopy scale. Moreover,
with a coupling not only the relationships betwedehar biochemistry (e.g. chlorophyll
content) and reflectance data (and derived vegetatidices) can be analyzed, but also the
effects of additional factongerturbing these relationships, such as sun-tagetor geometry
and canopy structure (Zarco-Tejada et al., 200T)mRdels can be applied in many ways for
forestry applications; some can be run in thevard mode, some both in the forward and
inversemodes.

Running RT models in its direct éorward mode enables creating a database covering a
wide range of situations and configurations. Sumtwérd RT model simulations allow for
sensitivity studies of canopy parameters relativéiverse observation specifications, which
can lead to an improved understanding of the E@asigs well as to an optimized instrument
design of future EO systems (Myneni et al., 1996bKn, 1997; Jacquemoud et al., 2000;
Pinty et al., 2001).

Inversionof the RT model enables retrieving vegetation attaristics from EO data. The
unique and explicit solution for a model inversidapends on the number of free model
parameters relative to the number of available peddent observations. A prerequisite for a
successful inversion is therefore the choice oflkdated and appropriate RT model, which
correctly represents the radiative transfer wittiia observed target (Pinty and Verstraete,
1992; Myneni et al., 1995). When a unique solutismot achieved (unified theorem of
Hadamard well-posedness) then mar@riori information is required to overcome the ill-
posed problem, a condition that is not always addgCombal et al., 2003).

To overcome the problem afpriori information, semi-empirical models may functionaas
compromise. Semi-empirical models are simple mottels contain aspects of both physical
and empirical models by retaining some physicatrprietation with empirical linkages to
describe the pattern of reflectance anisotropyerathan maintain fidelity with biophysical
parameters (Pinty et al., 1989; Su et al., 2009).

1.3 Forests and radiative transfer models

1.3.1 Forest dynamics: the case of an Alpine old-growth forest

Having the models for EO data interpretation avdélaa next step is to select the appropriate
model for linking with a forested target. The desaj the model should be such that it is able
to mimic the radiative fluxes throughout the foreghopy at an acceptable degree of detail for
reliable retrievals. Therefore, some knowledgeavés$t development is required. A forest is
not static and becomes more heterogeneous inwteuahd composition over time (Franklin
et al., 2002). Consequently, the spectral respafisa forest is heavily dependent on its
development stage. The most noteworthy dynamicsiguspectral changes over time will
be further discussed in the context of an Alpinaifewsous forest; however, the growth
dynamics are broadly applicable to boreal and teatpdorests.
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Forests are long-living ecosystems, i.e. they aanwgip to 1000 years old (also termed
old-growth or primary forest). During the developmhef a forest ecosystem, its structure
undergoes dramatic changes in vertical and hoatimension during aging (Brown and
Parker, 1994; Franklin and Van Pelt, 2004). Botdividual structures and their spatial
arrangements are relevant to the understandingypkocesses in the development of a long-
living forest. For instance, young (typically beemel0 and 30 years) and old-growth forests
(exceeding 150 years) offer extreme contrastsliadge distribution. In young forests, foliage
Is concentrated high in the canopy with little @mne lower in the canopy. In old-growth
forests, foliage and living branches are distridutentinuously from the ground to the top of
the canopy (Franklin et al., 2002). Apart from he¢eneity, the increment of woody
elements such as dead standing trees and coarsly webris (CWD) are other features that
characterize old-growth forests (Keddy & Drumnodd96); a high density of CWD may
account for as much as 90% of forest floor massl@éralorp & Keenan, 2005).

From an EO perspective, the spectral trajectory oany decades of old-growth forests is
hence governed by)(an increase of NPV (e.g. dead standing trees, L#VEhe expense of
PV, and (i) a more heterogeneous 3D distribution of PV an® Mements. This implies that
for old-growth forests EO-based retrieval of foll@ochemistry is affected by the complex
combination of structural heterogeneity and optiseattering properties of accumulating
woody elements.

1.3.2 Radiative transfer models and forests*

Old-growth forests play an important role in spsaiversity through niche diversification
and may act as important carbon sinks, due toahg period of forest stability (Knohl et al.,
2003; Luyssaert et al., 2008). Despite the relesasfcold-growth forests, a comprehensive
review in scientific literature (ifrRemote Sensing of Environmergvealed that the majority
of physically-based approaches have been appliggbong to mature forests, rather than the
more structurally complex canopies of old-growthe&is. Figure 1.1 displays studies of
applications of RT models in the last decade. RTdef® can be categorized a¥ 1D or
turbid-medium models; oriij when the canopy space consists of crown architaict
elements, as 3D models. In Figure 1.1, the symbulgcate whether biophysical (open
symbols) or biochemical (closed symbols) varialaless quantified. At a glance, the intuitive
perception that relatively simple 1D models ardl ptieferred in the scientific community
(e.g. Huang et al., 2008) is not confirmed by figsire. Some studies have evidently relied
on the turbid-medium type of models such as thelLSwmily, yet the majority of the
encountered studies effectively applied canopy nsode3D space. For most of the presented

! paragraph based on paragraph 8.3 (written by Jel\éérin: Schaepman, M.E., Ustin, S.L., Plaza, ARainter, T.H.,
Verrelst, J., & Liang, S. (2009). Earth system scéerelated imaging spectroscopy-An assessriRamote Sensing of
Environment, 1135123-S137
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forestry applications RT models are linked withiogit EO data through numerical inversion
methods with the purpose of inferring one or motates variables. For other forestry
applications RT models are run in forward modedonegate synthetic data, e.g. for mapping

purposes based on spectral unmixing or classifinagchniques.
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Figure 1.1: Stand age study site compared for gégublication per radiative transfer model usetie Dpen
symbols represent biophysical retrievals (e.g. tioac cover, LAI), while the closed symbols represen
biochemical retrievals (e.g. chlorophyll). Symbate plotted on the averaged age. The grey linegsept the
full range of stand age of the used study sitefgfRaced legend: Bruniquel-Pinel & Gastellu-Etchegorry,
1998;b: Gemmell, 1998¢: Gemmell and Varjo, 199@: Gastellu-Etchegorry et al., 1999;Gemmell,
1999;f: Brown et al., 2000g:Demarez & Gastellu-Etchegorry, 2000;Kuusk & Nilson, 2000i: Hu et al.,
2000;j: Gao et al., 200%: Huemmrich, 2001; Gastellu-Etchegorry & Bruniquel-Pinel, 2061 Lacaze &
Roujean, 2001n: Gemmell et al.,, 20Q1lo: Kimes et al., 2002: Gemmell et al., 2002y Song et al.,
2002;r: Wang et al., 2003 Shabanov et al., 2008;Gastellu-Etchegorry et al., 2008;Rautiainen et al.,
2004;v: Zarco-Tejeda et al., 2004; Peddle et al.,, 200%; Fernandes et al., 2004#;Meroni et al.,
2004;z aa Kotz et al.,, 2004ab, ac. Fang et al., 200&d: Zhang et al., 2005e Rautiainen & Stenberg,
2005;af: Rautiainen, 2005g: Disney et al., 2006h: Schlerf & Atzberger, 200@i: Eriksson et al.,
2006;aj: Soudani et al., 2006k, al: Cheng et al., 200&m Zhang et al., 2006n Song et al., 20040 Koetz
et al., 2007ap: Colombo et al., 200&q; Lang et al., 2007ar: Malenovsky et al., 200&s at: Kuusk et al.,
2008;au: Huang et al.,, 200&v. Suarez et al, 2008w Verrelst et al, 2008lx Quaife et al.,
2008;ay. Moorthy et al., 2008).

A model-driven motivation for selecting youngemusturally more homogeneous stands
may be the smaller degrees of uncertainty; henesetlstands are better suited for model
parameterization and validation. Simple, turbid medmodels are well suited for dense
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vegetation canopies, such as young, homogeneaudsstalso, due to the ill-posed nature of
the inversion problemQombal et al., 2003Atzberger, 2004), a simplified approximation of
the canopy representation may be required simpbaulse larger numbers of variables will
increase the uncertainty of the inversion. The daah presence of understory and CWD
typical in boreal coniferous forests poses nevéefise a problem for the correct image
interpretation using simplified physically baseddals (Chen & Cihlar, 1996; Eklundh et al.,
2001; Stenberg et al., 2004; Peltoniemi et al. 52&&autiainen et al., 2007).

Only very few contributions have discussed spedaharacteristics of old-growth forests
(Song et al., 2002; Song et al., 2007). In theadiss$, canopy structural variables and leaf
optical properties were entered in a hybrid geoimefptical radiative transfer model (GORT)
to mimic structural canopy changes characteristisurcessional change. Figure 1.1 also
suggests a significant imbalance towards canopghlysical properties compared to canopy
(or even leaf) chemistry. The retrieval of leaf wigry is usually resolved by coupling a
relatively simple leaf-level RT model with a candpyel RT model. The woody component
is typically fixed in these retrieval studies, ass@mption that does not necessarily match
reality (Roberts et al., 2004). A challenge remagnto be resolved is to make the models
more adjustable to canopy compositional variahiktyy. in terms of variable proportions of
foliage and woody elements, which is common in giowth forests (Franklin et al., 2002).
An assessment on the contributions of canopy wasdirto canopy reflectance for a wide
range of canopies would be a first step to do.

Simple turbid medium RT models are likely unableatrount for such structural and
compositional changes. Geometrical-optical modelg tracing models or hybrid models that
have 3D functionalities are expected to be beteipped to simulate the radiative transfer
fluxes within a heterogeneous, woody candpwing to the capability of simulating radiative
fluxes almost on a photon-by-photon basis, meamgriéserving simplicity in generating 3D
scenes, FLIGHT seems to be particularly suitablénto canopy variables with reflectance
data. Having outlined canopy models and their i@ghips with forest, a next step is linking
them with recent technologies in EO: imaging speciopy and multi-angular EO.

1.4 Imaging spectroscopy

While in the 90ies EO was limited to a few broaddsm and a limited number of state
variables could be estimated from broad spectrglons, with the advent of imaging
spectroscopy during the last decennium EO has eshter new paradigm. Imaging
spectrometers use many contiguous and narrow l{apd® more than one hundred). Such a
high number of bands makes it possible to captuwstrabsorption features in a vegetation
reflectance spectrum (Green et al., 1998; Ustal.e2004). This opened new avenues for EO
science: the availability of many narrow bands éthko define new state variables, active in
specific, usually small spectral regions.

10
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Given this refined concept of state variables, auaiexamples of the retrieval of foliar
chemistry and canopy composition exist, usitite spectral information dimension
encapsulated in the narrow spectral bands of ingagpectroscopy instruments. Examples
include: pigments (e.g. chlorophydl & b, carotenoids), relationships with nutrients (e.g.
nitrogen, phosphorus), foliage water content, dafter, understory and canopy composition.
See Schaepman et al. (2009) for an overview. A comand straightforward approach of
using imaging spectroscopy data for inferring cang@poperties is to apply narrowband
vegetation inttes (Majeke et al., 2008). dwever, questions related to up-scaling
uncertainties (e.g., anisotropy effects, influeatstructure) have to be resolved beforehand.

1.4.1 Space-borne imaging spectrometer: CHRIS

Until now, there are not many true imaging specttars in space, satisfying a strict
definition of the criterion of contiguity over arxtended spectral range, either the visible/
near-infrared or from the visible into the shortwawfrared. The development of imaging
spectrometer initiatives for space satellites remalifficult and very expensive in terms of
payload design, maintenance and calibration. Incasg, these difficulties have not deterred
the space agencies to fund innovative missionsyiogrron board imaging spectrometry
payloads (Schaepman et al., 2009). This is the wabeCHRIS (Compact High Resolution
Imaging Spectrometer) developed by a European ctumso funded by European Space
Agency (ESA). CHRIS is the sensor of interest is thesis.

The imaging spectrometer CHRIS on board the PRdjectOn Board Autonomy 1
(PROBA-1) satellite was launched on October 21,12@8 a technology demonstrator.
PROBA-1 is a small platform, weighing approximat&B0 kg and measuring approximately
60x60%x80 cm. CHRIS can acquire up to 62 spectnatian the range of 400050 nm with
a spectral resolution of52 nm. The CHRIS/PROBA system has several unicateifes: the
sensor can be commissioned from the ground stadltmwing different acquisition modes in
terms of both spectral channels and spatial rasal{Barnsley et al., 2004), with a nominal
ground resolution between ~17 and 34 m. The nonswath is 13 km. Five principal modes
have been selected according to the requirementvi major application fields: aerosol,
land cover, vegetation, coastal zones and watdebod

Despite its flexible configuration, however, theigueness of CHRIS lies not only in its
fine spectral sampling. The CHRIS sensor has beerfitst high spatial resolution sensor
with advanced pointing capability, dedicated to alequisition of nearly simultaneous images
with multiple viewing angles. Thanks to its fouraction wheels the platform is highly
maneuverable: along-track pointing allows a givieat® be imaged five times during a single
overpass. The system acquires the images at tirhes ws zenith angle is approximately
equal to a set of so-called fly-by zenith angled?,+#36° and £55° (Barnsley et al., 2004).
The added value of multi-angular EO is explaineldwe

11
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1.5 Multi-angular Earth Observation

Traditional EO applications have mostly focusedextracting structural and biochemical
information from the spectral domain; only recendpace-borne multi-angular sensors
became available to exploit the angular domain.tiMulgular EO sensors are designed to
acquire imagery at varying angles explicitly toleol multiple looks over as short a
timeframe as possible, taking into account the taims imposed by the orbits of their
platforms (Chopping, 2008). Multi-angular EO se&k®xploit the reflectance anisotropy of
the Earth’s surface that is described by the bitimeal reflectance distribution function
(BRDF) that describes the angular distribution pédral radiation scattered by a surface
(Nicodemus et al., 1977). The BRDF describes tlileatance anisotropy of a target as a
function of illumination geometry and viewing gednye it depends on wavelength and is
determined by the intrinsic surface properties. @arg the angular distribution of surface-
leaving radiation from multiple viewing angles tefre has an added value compared to
mono-angular remotely sensed data which mostly giveew on the top of the canopy (nadir
view).

Similar to the interpretation of EO data in the&pd domain, interpretation of EO data in
the angular domain relies on the use of models (Waet al.,, 1997). These models should
enable the pixel-by-pixel inversion of measuredecthnce anisotropy over wide areas into
useful products (Lucht et al., 2000). Although Igeimost realistic, physical models are
computationally too demanding to allow rapid invensover wide areas, and the necessity of
a priori knowledge for parameterization makes that theyirdtexible to account for a range
of surface cover types (Roberts, 2001). Semi-ecgdirmodels do not requira priori
knowledge; usually three or four independent patarseare sufficient for describing the
reflectance anisotropy of a target. As such, theg particularly useful for angular
extrapolation and interpolation schemes in viewhef limited angular sampling delivered by
multi-angular EO platforms. Among the semi-empiricaodels, the Rahman—Pinty—
Verstraete (RPV) model (Rahman et al., 1993) dessrthe reflectance anisotropy based on
four parameters. Inversion of the model againsukamngeflectance data allows quantifying
the surface reflectance anisotropy in one singtarpater, the so-called Minnadrparameter.

1.5.1 Spectrodirectional data for forest structure mapping

Multi-angular EO data provide access to surfacepgniies by exploiting their anisotropic
reflectance characteristics. It is this reflectannesotropy that enables information about the
structural properties of the surface to be inferf@dner et al., 1998; Deering et al., 1999;
Sandmeier & Deering, 1999; Diner et al., 1999, 208&hough not always straightforward,
in the last few years multi-angular EO data havwenbégsed to develop a variety of approaches
that map structural properties of forests, such as:
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» Tree density estimates (Sabol et al., 2002; Wesstetd., 2004; Chopping et al., 2006,
2008, 2009)

* LAI (Pocewicz et al., 2007)

* Tree height (Kimes et al., 2006; Heiskanen, 2006&@ping et al., 2008, 2009)

« Foliage clumping index (Chen et al., 2005; Leblanhal., 2005)

» Canopy heterogeneity (Widlowski et al., 2001; Piettyal., 2002).

While these studies demonstrated that there is ssmgturally-related information
embedded in the angular domain, almost all of tiveene using the Multi-angle Imaging
Spectroradiometer (MISR) on board the Terra platf@Diner et al., 1998). The advantage of
the MISR instrument lies in its 9 viewing anglegwever, the relatively high angular
sampling is at the expense of a low spectral réisol(5 broad bands) and a coarse spatial
resolution (275 m in red, 1100 m in the other brbadds). Although the use of MISR data
led to an improved understanding of angular amggtiof vegetation canopy reflectance and
to the development of methods that derive strutinfarmation from it, basically all these
methods were developed in the red spectral broaldbacause of it has the best spatial
resolution. MISR is unable to record reflectances@mopy over the full VNIR (visible and
NIR), which is a gap to be filled because of thesel coupling between optical and structural
parameters (Roujean et al., 2004).

The rich information content of CHRIS data at aatigkly high spatial resolution may
refine our understanding on how vegetation propgrftnpact the partitioning of the canopy-
leaving radiation in the VNIR. More precisely, CHRInay open opportunities to decouple
the angular domain from the spectral domain, thergtking the spectral domain with
biochemistry and the angular domain with canopucstre at the tree canopy level. It is
therefore of interest to investigate how space-®ospectrodirectional (combined multi-
angular and spectroscopy) data can contributeresfanonitoring, specifically in the case of
natural, heterogeneous old-growth forests.

1.6 Obijectives

The main objective of this thesis is to evaluatev lspace-borne spectrodirectional data can
contribute to the mapping and monitoring of bioclehand structural properties of a
heterogeneous old-growth forest.

While anisotropy of vegetation canopy reflectanseknown to be related to canopy
structure, our knowledge about the embedded infoomaichness of angular reflectance
anisotropy as measured over the whole VNIR is &dhitThe imaging spectrometer CHRIS
provides an excellent instrument to fill this knedgie gap.

One way to quantify the canopy reflectance aniggtiaf an old-growth forest is by means
of assessing the angular response of vegetatianemdimaging spectroscopy data allow
calculating a large range of vegetation indicethatcanopy level that may be useful for forest
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monitoring. The effects of canopy reflectance antgry on the performance of vegetation
indices are nevertheless largely unknown. Thereftire first hypothesis igvulti-angular
imaging spectroscopy enables assessing the rolssstifevegetation indices with respect to
reflectance anisotropy.

Due to the forest heterogeneity, it is expected tiod only reflectance anisotropy but also
structural and compositional canopy variables aftee efficacy of vegetation indices in
assessing foliar biochemistry (e.g. chlorophyllteo). The role perturbing variables play in
the performance of indices can be theoreticallyyaea and quantified by means of forward
RT modeling. Therefore the second hypothesifkediative transfer models can provide a
theoretical framework for assessing the efficacywedetation indices over heterogeneous
forested areas.

Having theoretically identified some cause-effeeiationships between reflectance
anisotropy and canopy variables in the VNIR, a n&ep is to analyze how space-borne
measured canopy anisotropy can be applied to demsgpable forest structural properties.
Inversion of the RPV model with CHRIS data can beful for this purpose. The RPV model
enables to decompose and quantify reflectance tamggoat one single wavelength in one
single parameter, the Minnadrtparameter. A systematic evaluation of the inforomat
content of the Minnaelt-parameter across the spectral domain may leadpgoved canopy
structure mapping. Therefore the third hypothesisThe Minnaert-k parameter allows to
systematically estimate the dynamics of reflectamigotropy across the VNIR wavelengths.

This research should ultimately lead to an improaegloitation of the angular and spectral
domain with the purpose of developing a mappingtineu that quantifies structural
heterogeneity with a level of detail that cannotrbached by mono-angular optical data.
Therefore the final hypothesis iSimultaneous exploitation of the angular and spctr
domain should lead to improved forest heterogemadpping.

Based on the above hypotheses the following researestions will be investigated in this
thesis:
A. To what extent does thenisotropic reflectance of vegetated surfaces easared by
CHRIS influence the performance of vegetation iadjcand what are the underlying
mechanisms (investigated in chapter 2)?

B. Can foliar chlorophyll content be reliably estingitan woody, heterogeneous forest
types using vegetation indices (investigated irpt#ra3)?

C. How does reflectance anisotropy of a heterogenémnest behave across the spectral
VNIR domain as measured by CHRIS (investigatechapter 4)?

D. Can spectrodirectional CHRIS data be applied foredb heterogeneity mapping
(investigated in chapter 5)?
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1.7 Outline of this thesis

The core of this thesis (Chapters 2-5) is based series of four peer-reviewed papers. Each
chapter is introduced here by stating its resegoais and by outlining its relationship with
other relevant work.

Chapter 2 explores the influence of reflectance anisotropyaosuite of broadband and
narrowband vegetation indices as measured by CHRdSries to explain some mechanisms
underlying the observed angular variation.

Chapter 3 goes further in evaluating the efficacy of vegetaindices at the canopy scale.
By coupling a leaf reflectance model (PROSPECT)hwét canopy reflectance model
(FLIGHT) the contribution of canopy variables inrfpebing the performance of chlorophyll-
sensitive vegetation indices is theoretically anaty

Chapter 4 uses CHRIS images of coniferous forests underewiobnditions. The RPV
model is used to quantify the anisotropic behauno a single parameter: the Minnakrt-
parameter. This study exploits the unique strulifuralated information content that is
embedded in the angular domain.

Chapter 5 aims at developing a mapping application basetherMinnaertk parameter.
The underlying idea is that the information contdetived from the angular domain can be
combined with the information content derived fr¢ime spectral domain to yield improved
forest cover heterogeneity mapping.

Finally, chapter 6 concludes this thesis with conclusions, discussibtihe main findings
and suggestions for future work.
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Chapter 2

Angular sensitivity analysis of vegetation indices derived
from CHRIS/PROBA data

Abstract

View angle effects present in spectral vegetatratices can either be regarded as an added
source of uncertainty for variable retrieval oraasource of additional information, enhancing
the variable retrieval; however, the magnitude lgse angular effects remains for most
indices unknown or unquantified. We use the ESAsiis CHRIS/PROBA (Compact High
Resolution Imaging Spectrometer onboard the PrdmciOn-board Autonomy) providing
space-borne imaging spectrometer and multi-anglata to assess the reflectance anisotropy
of broadband as well as recently developed narrodlyadices. Multi-angular variability of
Hemispherical Directional Reflectance Factor (HDR$&)a prime factor determining the
indices” angular response. Two contrasting strattuegetation types, pine forest and
meadow, were selected to study the effect of riflexe anisotropy on the angular response.
Calculated indices were standardized and statilstievaluated for their varying HDRF.
Additionally we employed a coupled radiative tramsmodel (PROSPECT/FLIGHT) to
guantify and substantiate the findings beyond amndental case study. Nearly all tested
indices manifested a prominent anisotropic behavpart from the conventional broadband
greenness indices e.g. Simple Ratio Index (SRIymédzed Difference Vegetation Index
(NDVI), light use efficiency and leaf pigment ind&e.g. Structure Insensitive Pigment Index
(SIPI1), Photochemical Reflectance Index (PRI) amth&cyanin Reflectance Index (ARI) did
express significant different angular responsesdeing on the vegetation type. Following
the quantification of the impact, we conclude tha angular-dependent fraction of non-
photosynthetic material is of critical importandeping the angular signature of these ViIs.
This work highlights the influence of viewing geanyeand surface reflectance anisotropy,
particularly when using light use efficiency andflpigment indices.

Keywords: vegetation indices, multi-angular remote sensiragrawband indices, light use
efficiency, coniferous canopy, reflectance anigogrgohotochemical reflectance index
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2.1. Introduction

Spectral vegetation indices (VIs) are designedssess vegetation photosynthetic activities,
leaf area, biomass and physiological functioningyriiehi et al., 1995) on the land surface
while reducing the effects of extraneous factohsas background substrate, atmosphere and
illumination effects (Vincent, 1997) and so enaplimulti-temporal and cross-sensor
comparisons (e.g. Goetz, 1997; Lenney et al., 19B@wever, it has been demonstrated
already that VIs do not only minimize but, in facan also exaggerate impacts of solar zenith
and view angle (Jackson et al., 1990, Kimes etl@85; Pinter et al., 1987). VIs do suffer
from directionality not only because of the reffeate anisotropy of surfaces due to
vegetation type, canopy structure, non-photosyitimeaterial, background contributions and
shadowing (Kimes et al., 1985; Leblanc et al., 19Qi7et al., 1995), but also because of the
inherent viewing geometry of (large swath) sens@te Normalized Difference Vegetation
Index (NDVI), the most frequently used index in e sensing applications, usually has
higher values at larger viewing angles than atmaakition (Huete et al., 1992; Jackson et al.,
1990; Pinter et al., 1987). Typically, over vegetaicanopies near infrared (NIR) photons are
more affected by multiple scattering than red phstthat cause an increase of the spectral
contrast between the NIR and red band (Kimes, 19B8)addition, surface reflectance
anisotropy affects the relationship of red and Néfectance values, resulting in slightly
varying directional responses per vegetation tymblanc et al., 1997; Qi et al., 1995). Also
for other indices, such as the Soil Adjusted Vegmtalndex (SAVI) and the Global
Environmental Monitoring Index (GEMI), similar paths for various vegetation types were
observed with higher values at off-nadir angles taanadir position (Gemmell & McDonald,
2000; Huete et al., 1992). These and other stdigsDeering et al., 1999) demonstrated that
broadband indices are equally dependent on vammiilo sun—target—sensor geometry, as in
single band measurements, and thus caution isresjuwhen using spectral vegetation
indices.

One way to cope with the influence of directiontieets is through the development of
correction approaches either by following an enspiror a physical logic. Huete et al. (1992)
minimized variations in SAVI-view angle responsdhné simple empirically derived cosine
function, although this approach does not allowapdlation to other indices. A number of
methods have been recently proposed using phyBidalectional Reflectance Distribution
Function (BRDF) models to reduce uncertainties edulBy sun/view angle and surface
variations (Bacour et al., 2006; Csiszar et alQ12MHuete et al., 2002; Los et al., 2005). For
example, the angular concerns and the regionalrdgseeity of the surface area of the
MODIS VI products are standardized by BRDF mod&lsh@af et al., 2002) to produce nadir
equivalent reflectance values from which the insliaee computed (Huete et al., 2002; Van
Leeuwen et al., 1999).

An alternative to minimizing the impact of directal effects to the status of a source of
error, is the exploitation of the anisotropic cluaeaistics of the surface for improving indices’
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performances. Followers of the multi-angular apphoadvocated that a multi-angular
viewing improved the performance of indices (e.@2\N) for discriminating cover and leaf
area index (LAl), when compared to nadir viewingcdugse it explicitly accounts for
structural heterogeneity and canopy shading (Deteal., 1999; Gemmell & McDonald,
2000).

In any case, whether directional effects are treatther as superfluous information or as a
source of additional information is only importahthe magnitude and significance of the
angular variability is assessed, quantified, amally included in interpretation of the data.
Apart from the conventional broadband indices, #onoof the directional response is for
most indices absent. Particularly for the recerdiveloped narrowband indices have
directional effects not yet been adequately address

Recently developed narrowband indices are oftedonger exclusively based on broad
spectral bands located in the well-known red andR Npectral regions but are found
anywhere within the 400 to 2500 nm wavelength ramaang typically a spectral resolution
of 2 to 15 nm. Many of these indices originate frstudies on specific absorption features of
pigments and structure in single leaves e.g. Phetoaal Reflectance Index (PRI) and were,
with the advent of space-borne imaging spectromgtsgin et al., 2004), upscaled to canopy
level (e.g. Asner et al., 2004; Nichol et al., 208@hol et al., 2002; Pefiuelas & Inoue,
2000; Rahman et al., 2001). These indices posdesscdpability to assess — formerly
undetectable — biochemical and biophysical properiuch as variation in photosynthetic
Light Use Efficiency (LUE) (e.g. Gamon et al., 19%fuelas et al., 1995; Stylinski et al.,
2002; Trotter et al., 2002), which is a primaryveri of Net Primary Production (NPP) and
thus ecosystem functioning (Monteith, 1972). Toedahly a small subset of narrowband
indices has been systematically tested at canomf [e.g. He et al., 2006; Schlerf et al.,
2005; Xavier et al., 2006; Zarco-Tejada et al., 0@&nd even less were tested on their
directional response. This lack of directional itegtimits the potential use of the vegetation
indices for consistent and accurate longterm mangoof vegetation on larger to global
scales.

The objective of this work is to assess and coerisist compare on a statistical basis the
magnitude of surface reflectance anisotropy of comgnused spectral reflectance indices.
Further some of the key factors governing the ctdliece anisotropy have been identified and
investigated using a coupled radiative transfer )(Riodel. The selected indices are
categorized into broadband and narrowband greenligisisuse efficiency and leaf pigments.
Because reflectance properties of land surfaceisotropic in nature, indices are assumed
to be sensitive to changing viewing angles dependin the spectral bands used and the
degree of surface anisotropy present in the obdeseene. The pushbroom CHRIS (Compact
High Resolution Imaging Spectrometer) sensor maumaie the PROBA (Project for On-
Board Autonomy) platform offers a unique availalilof continuous spectral bands and
multi-angular views from space. This wealth of datebled the assessment of the angular
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variability for a wide range of broadband and natvand indices, exemplified over two
Alpine vegetation types exhibiting different degr@é reflectance anisotropy.

2.2. Data
2.2.1. Study site

The test site for this study is located in the @asOfenpass valley, which is part of the Swiss
National Park (SNP) in South East Switzerland (BGF@'E/ 46°3%5"N). The Ofenpass
represents a dry inner-alpine valley with ratherited precipitation (900-1100 mm/a) at an
average altitude of about 1900 m asl. The soutimfaslope of the Ofenpass valley floor is
considered as the core test site and has longdsabject to ecological studies (e.g. Kotz et
al., 2004) and described extensively (Schaepmaal.et2005). Two dominant subalpine
ecosystems characterized by contrasting anisofeqiyres (Koetz et al., 2005), being an old-
growth coniferous forest and a meadow, were chasemegetation types to assess angular
sensitivity.

The evergreen coniferous forest is dominated yirby mountain pine Kinus Montana
ssparboreg and secondly by stone pin®iflus cembrg being of interest for natural
succession. The forest ecosystem can be clasasiebodland associationsBfico-Pinetum
muga The understory is characterized by low and deregetation composed mainly of
Vaccinium, Ericacege andSeslaraiaspecies. The second vegetation type, a subalpine
meadow, can be characterized as poor grasslandcaleareous soils. The mixed grassland
ecosystem belongs to the floristic associageslerio-Caricetum sempervirentis.

2.2.2. Satellite data

The CHRIS sensor on PROBA provides co-registerpdgtsal contiguous bands at 17 m
ground sampling distance, in the spectral wavelermginge from 415 nm to 1050 nm.
PROBA is an experimental ESA space platform thatbéss the sensor to capture images
from five viewing angles. CHRIS Mode 3 (Land) datare acquired over the SNP on 2004-
06-27, 10:41 AM, under partly cloudy conditions 8ty cloud cover) and low aerosol
conditions (Aerosol Optical Depth (AOD) < 0.0864t2 nm, <0.022 at 862 nm). Data
specifications are shown in Table 2.1 and the vigvgeometry is shown in Figure 2.1. Solar
position can be regarded as constant for all fitARCS Fly-by Zenith Angles (FZA), since
the time difference between first and last recaydiaring the satellite overpass was less than
two minutes. In the current along-track pointingndguration, the FZA is equivalent to the
nominal view angle, which might deviate from thduat observation angle. Actual view
angle for the nadir scene was +21.21° in the fodwaoking direction (28° off the solar
principal plane). FZA +36° was acquired exactlytive solar principal plane. FZA +55°
differed only 14° from the solar principal planedas further referred as forward-scatter. The

21



Chapter 2

backscatter angles of FZA —-36° and FZA -55° diffeB3° and 45°, respectively, from the
solar principal plane and lie in backscatter digect

Table 2.1: CHRIS specifications for Land Mode 3

Sampling Image area View angles Spectral Spectral

bands range
~17m@ 13x13km 5 nominal 18 bands 447-1035
556 km (744 x 748  angles @ 0°, with 6- nm
altitude pixels) +36°, £55° 33nm width

330 < 30

300 60

60
20 40

270 90

240 120

210 150
180
PP

Figure 2.1: Polar plot of CHRIS image acquisitiow dlumination geometry as of June 27, 2004. Ritdipal
Plane.

The CHRIS image set was geometrically and radiaoaly corrected following an
approach dedicated for rugged terrains (Kneublgtieal., 2005). The geometric correction
relies on a parametric approach taking into accdébetviewing geometry, and geometric
distortion due to the sensor, platform and topdgyag\tmospheric correction of the CHRIS
radiance data was performed using the physicalbedhaadiative transfer model ATCOR-3
(Richter, 1998), which is based on MODTRAN-4. ATCQRnables the processing of data
from tilted sensors by accounting for varying pbkethgths through the atmosphere, varying
transmittance and for terrain effects by incorpgaatigital terrain model (DTM) data and
their derivatives (slope and aspect, sky view faaod solar illumination) (Richter &
Schlapfer, 2002). One particularity of this apptoas that ATCOR-3 corrects for path
scattered radiance and adjacency effects, howeokrfan hemispherical irradiance. The
ATCOR-3 generated ‘surface reflectance’ is thef@presenting Hemispherical Directional
Reflectance Factor (HDRF), following the reflectarterminology of Schaepman-Strub et al.
(2006).
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The evaluated accuracy of the acquisition geomeftr@ HRIS/PROBA in the core of the
Ofenpass test site after preprocessing result@dgeolocation uncertainty for nadir and off-
nadir scenes of 0.5-1 pixels (Kneubuhler et alQ520All preprocessing efforts of CHRIS
data finally resulted in geometrically corrected RIbdata with a spatial resolution of 17 m.
The core test site was located in the scene ceén&r®f each scene, implying that cross-track
effects could be considered as negligible.

A cloud present above this site, particularly wharserved from the +55° FZA, was
masked out for all scenes, considerably limiting ithclusion of a number of potential forest
pixels at lower slopes.

2.3. Methods

Among the most commonly used indices, we selediedet that fit the wavelengths, or
closely approach, the centre wavelength positidn$e spectral resolution of CHRIS Land
Mode 3 (Figure 2.2). The VIs were calculated uding remote sensing software package
ENVI (ITTVIS, Boulder, CO, USA). Calculated indicegere subsequently standardized and
studied for their angular effects by means of aalgsis of Variance Repeated Measurements
(ANOVA RM) and an independent sample studantisst.

IHTHHT‘HTYTITIWHTIWTHTTHHH"I_WHHH"I_HI_!HHHH TTTTTT
20 —

0 IR NN HLHJLHJJHUHJJ‘HHHJ_HI_IHHHHJ_I_UH
400 500 600 700 800 900 1000 1100
Wavelength [nm]

Figure 2.2: A typical canopy reflectance (438—-1689 of Swiss pine forest from the CHRIS sensor \itgh
respective bandwidths (Mode 3).

The indices listed in Table 2.2 were selected tacéleulated from multi-angular CHRIS
HDRF data. We use four general categories of Vimling to their plant physiological
functioning: @) broadband greenness Vlis (1-3), being measuréseobverall amount of
photosynthetic material in vegetatiob) farrowband greenness VIs (4-6), being measures of
the overall amount and quality of pigment contentvegetation; ) Light Use Efficiency
(LUE) VIs (6-9), being measures of the efficiencithwwhich vegetation is able to use
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incident light for photosynthesis, and) (leaf pigment VI (10), being a measure of stress-
related pigments present in vegetation. In casm@ex could not be calculated for a certain

scene pixel (e.g. because of cloud cover, or ngetadion cover), such a pixel was not

included in the study. After pixel cleaning indiceslues for 353 meadow pixels for the 5

scenes were collected, whilst for forest 3488 gixatre collected.

Vegetation indices were calculated from HDRF daia dach scene. Even though the
Atmospherically Resistant Vegetation Index (AR\f)ands to minimize atmospheric effects,
we still preferred to apply ARVI on HDRF data. Tlakowed preserving consistency in the
quantitative inter-index evaluation of the angusagnatures, and following Santer et al.
(2007) in dark dense vegetation (DDV) trends of ARYe not significantly different from
spectral radiance or HDRF data. However, the pymase of ARVI is for top-of-the-
atmosphere radiance data (Kaufman & Tanré, 1998jlewn this case we use the DDV
approximation to justify the use of ARVI deriveaifn HDRF. In all other situations than the
one above, ARVI must be derived from TOA radiances.

Despite the dedicated atmospheric correction, thprassion arose that the extreme
topography still exerted influence on reflectanogsatropy and, in turn, on indices' values.
The influence that topographic attributes may havé/Is is discussed in Deng et al. (2007),
where many subtle but important variations in toppby—vegetation relationships were
observed. Since the Alps face an erratic topograytigh is often paired with changing land
cover characteristics, the inclusion of topograpimyght significantly perturb surface
reflectance anisotropy. To limit our approach incemainty, we decoupled topographic
effects from our analysis. Multiple regression seil assessed stepwise the contribution of
topographic attributes, which are slope and sdlamination, to the variability of indices'
values. These attributes accounted for up to 13%hefvariations of the indices' values for
each angular scene. To ensure that topographicteféee sufficiently decoupled in further
analysis a topographic subset was thresholdechéAvalley floor the topography is relatively
flat and smooth consisting of monotonous conifefoussts and patches of uniform subalpine
meadow. Restricting the study site to homogenopsg@phic conditions of the south-facing
slope less than 8° and full sunlight conditiondgsdlumination > 90%), enabled a reduction
of topographic influences on the indices' valuesaliout 3% for meadow and about 2% for
forest. Such small correlation coefficients ledite assumption that considered topographical
attributes were sufficiently decoupled. Within tteenaining forest data pool an equal number
of forest pixels and meadow pixels were randomiy@ad (#308), ensuring a sound basis for
statistical comparison.

Finally, all indices were normalized against tha@eraged nadir value, so nadir-position
values were set at 1. Normalization provided anodppity to compare statistically the
angular shape of the indices within the same madeit A coupled RT model
(PROSPECT/FLIGHT (Jacquemoud & Baret, 1990; Nat®96) was then applied to assess
scale independent and in a physical manner therlyig driving factors governing the
angular signatures.

24



Table 2.2: Overview of selected vegetation indices

Angular sensitivity analysis

Index Formula

Description Reference

a: Broadband Greenness

NDVI: normalized difference

1 vegetation index (Rnvir—Rrep) / (Ruir + Rren)

RNIR/ RRED

2 SRI: simple ratio index

ARVI: atmospherically resistant
vegetation index

(RNIR_ (ZQRED_ RBLUE)) / (RNIR + (ZRRED_
RBLUE))

b: Narrowband Greenness

NDVI,gs red edge normalized
difference vegetation index (RrsoRrod) / (Rrso+ Rrod
mSRkqs modified red edge simple

ratio index (Rrso— Rass) / (Rros+ Rass)

mNDVI,qs modified red edge
6 normalized difference vegetation (R;50— Ryos) / (Rys0+ Ryos— Raas)
index
: Light Use Efficiency

o

PRI: photochemical reflectance
indexp (Rs31— Rs70) / (Rsa1+ Rs70)
SIPI: structure insensitive pigment
index

(Reoo— Russ) / (Rsoo+ Rros)

9 RGRI: red green ratio index

d: Leaf Pigments

ARI: anthocyanin reflectance

index (R550)>1_ (R7OO)>1

Mean of all bands in the red range divided Anthocyanins/chlorophyll
by the mean of all bands in the green rangdCHRISig: Rs30. Rss1, Rs70. Re31, Res1, Re72, Reg7 NM)

Measure of green vegetation cover.
(CHRIS;5: NIR = 781 nm, RED = 672 nm) Tucker, 1979
Measure of green vegetation cover.

(CHRISyg NIR = 781 nm, RED = 672 nm)

Similar as NDVI while being less sensitive to aetos
effects

(CHRISyig: NIR =781 nm, RED= 672 nm,

BLUE =490 nm)

Tucker, 1979

Kaufman & Tanre,
1992

Gitelson & Merzlyak,
1994

Leaf chlorophyll contents
(CHRISyig: Rros, Rragnm)

Narrowband SRI, compensates for high leaf surface
(specular) reflectance

(CHRISyig: Ragz, Rros Ryaghim)

Narrowband NDVI, compensates for high leaf surface

(specular) reflectance Sims & Gamon, 2002
(CHRISyig: Ragz, Rros Ryaghim)

Sims & Gamon, 2002

Index of photosynthetic radiation use efficiency.
Sensitive to carotenoid/ chlorophyll ratio
(CHRISyig: Rz Rs70 M)

Carotenoid/chlorophykh while decreasing sensitivity
to variation in canopy structure

(CHRIShd: Raaz Rros Ryganm)

Gamon et al., 1992

Penuelas et al., 1995

Gamon et al., 1999

Leaf anthocyanins content

Gitelson et al., 2001
(CHRISig: Rss1, Ryos nm)

R, reflectance. CHRIgy denotes the centre of the used CHRIS bands in No@tp://www.chris-proba.org.uk/mission/bandsédis®l). The wavelengths in the Formula
column stand for the original proposed VI wavelésgtwhile the wavelengths in the Description colustemd for the CHRIS wavelengths that approachesest to the

original proposed wavelengths.
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2.3.1. Statistical analyses

Mean and Standard Error of Mean (SEM) were usedepoesent angular variability per
vegetation type and ANOVA RMs were additionally acdated to compare per index off-
nadir values to nadir values. ANOVA RMs were tyflicased to identify differences for two
datasets measured over succeeding steps (e.cstaps.

Accordingly, comparing the indices' off-nadir vadue the nadir values, the underlying null
hypothesis is that there is no effect of angulariBesultantF values, which are a
measurement of distance between individual disiobg, will function as an angular
sensitivity indicator. If the null hypothesis isroect therF is expected to be about 1, whereas
a ‘large’ F value indicates a larger between-viewing-angleanae than a within-viewing-
angle variance, and can thus be interpreted ag lagirangular effect. Given the assumption
that a forest pronounces a higher anisotropy ansp#ially more heterogeneous than a
meadow, then it is of interest to verify how theslects in magnitude of the value. Absolute
t values of the independent samptest provide a likewise measure of the (dis-) kirty of
the angular shapes of both structural types.

2.3.2. FLIGHT simulations

The Forest LIGHT Interaction Model (FLIGHT) devetapby North (1996) is a Monte Carlo
numerical ray-tracer simulating photon propagattmough a 3D heterogeneous leaf canopy.
The model allows the representation of complex tagm structures and a correct treatment
of multiple scattering within the scene composedvafious scatter elements. For 3D
simulations, tree crowns are represented by geamgtimitives with defined shapes and
positions of individual trees with associated shaddfects. Within each crown envelope
foliage is approximated by volume-averaged pararset@th optical properties of both leaf
and woody scattering elements. Canopy reflectaheerange of forest stands parameterized
by field-measured canopy variables and CHRIS adnsgeometries have been simulated.
The FLIGHT parameterization was based on averagdd fneasurements of four core test
sites within the forest. Crowns were representeddnes; the canopy structure and optical
specifications are further described in Kotz et(2004). The foliage optical properties were
modeled by PROSPECT (Jacquemoud & Baret, 1990) leduwith FLIGHT while the
spectral properties of the woody parts and undersiere characterized by spectrometric
field measurements (Kotz et al., 2004). Finallg BRF output of FLIGHT is compared with
the approximated HDRF of the CHRIS data. SinceHIDRRF approximation produced by
ATCOR includes a hemispherical and adjacency compiprihe approximation — at least in
its trend — is valid.
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2.4. Results

The assessment of the angular sensitivity of the tensidered structural canopy types
required similar topographical conditions and ndrpaéion of the angular shapes to a
reference level. Intra- and inter-angular stat@ticomparisons enabled subsequently good
validation of the directional performance of thesidered indices.

2.4.1. Assessment of angular sensitivity

The key feature in the statistical comparison egerds the assessment of the angular
response of the indices; however the true bioplysmpact of this is not assessed in this
study. The angular dynamics of the vegetation gglin response to meadow and forest are
shown in Figure 2.3 and Figure 2.4 respectivelyesehfigures show the nadir-normalized
averaged values for the sampled pixels includingStdndard Error of Mean (SEM). As a
reference the nadir value is plotted, which is i1;-b in case of PRI. Note that directional
effects are most extreme in the solar principah@l@yneni et al., 1997) implying that it
should be taken into account that the maximum amgedriability is most likely not reached
in this study.
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Figure 2.3: Averaged angular VIs values (normaliagéinst its averaged nadir value) from meadovece&dhce
valuesx-axis denotes viewing angles (negative angles rafgack-scattering direction, positive angles are in
forward-scattering directiony-axis denotes normalized VIs. The error bars sharentl SEM. Angular values
compared
levels: * < 0.05, *p < 0.01, ***p < 0.001.
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Figure 2.4: Averaged angular Vs values (normaliagdinst its averaged nadir value) from forestertéince
valuesx-axis denotes viewing angles (negative angles radgack-scattering direction, positive angles are in
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*** n<0.001.

Because of normalization and rescaling the valdesome indices, typically operating at
smaller ranges (e.g. nadir-average PRI around +®8@ir-average ARI around 0.007), are
dramatically expanded. For others operating atratduor higher (SRI, ARVI, mSRJs, SIPI,
RGRI) normalization implied diminishing of actuablues. For the sake of consistent
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interpretation, the graphs should be interpretedoimbination with their statistical analysis.
ANOVA RMs' results are shown graphically in Figuee3 and Figure 2.4F values of
calculated ANOVAs are presented in Table 2.3. Apein mSR}os and mMNDVlgs, the
indices exhibited significant differences for tindtvegetation types.

Table 2.3: Percentages of change compared to nedires for extreme viewing angles and ANOVA
RM F values (off-nadir values compared to nadir valdesmeadow and forest.

—55° vs. +55° vs. —55° vs, +55°vs.  ANOVA ANOVA
nadir nadir nadir nadir F-values F-values

Meadow Meadow Forest Forest meadow Forest
Index (%) (%) (%) (%) (Fi6147) (Fi614)
NDVI 7 12 8 8 137.4%** 116.3%**
SRI 16 36 18 34 167.3*** 200.2%**
ARVI 11 10 13 -7 99.9*** 10.4**
NDVIl7gs 4 13 9 16 122.8%** 184.1%**
MSRkos 3 1 12 -9 4.5*% 0.097 p=0.761)
MNDVlgs 2 1 6 -6 5.2* 0.05 p=0.814)
PRI -6 —26 -32 -108 12.3%** 74.359%**
SIPI -3 -1 -2 11 10.6%** 129.126***
RGRI -2 0 -3 9 29.6%** 59.4%**
ARI 6 40 -5 68 106.3*** 120.1%**

*p < 0.05, **p < 0.01, **p < 0.001.

2.4.2. Statistical results

ANOVA RM F values (4 off-nadir subsets, each compared tn#ua#r subset; subset = 308
pixels), shown in Table 2.3, were used to evaltladgemagnitude of the angular variability
compared to nadir values. Based on this small-sstastical exercise with 2 vegetation
types, the traditional broadband indices NDVI afid, NDVI;o5 and ARI yielded the highest
values for both structural types, especially forést general:F > 106;p < 0.001) and can
therefore be considered as most sensitive to chgngewing angles. Regardless of the
apparently greatest angular response shown byRhgmphs (Figure 2.3 and Figure 2.4), the
F values for forest expressed relatively small numb@ forest 74.4F meadow 12.3,
see Table 2.3). In contrast, no significant diffees compared to nadir values were found
when using mSRs (p = 0.761) and mMNDVbs (p = 0.814) over forest.

A greater degree of anisotropy (forest) did notaaisvautomatically translate into higher
F values. In the case of NDVI, m&RB mNDVI;os and prominently in the case of ARVI a
higherF value for meadow than for forest was found. Haear-nadir position showed a flat
response; only when observed under larger viewnges was the true anisotropy perceived.

Based on the ANOVA's of the two contrasting vedetastructures, VIs that show, in either
case, significantp(< 0.05) angular variability (Table 2.3) will befeered to as ‘anisotropic’,
whereas those VIs not revealing a prominent angbktravior are further referred as
‘Lambertian’, as is the case for mpRand mMNDV¥gs The VIs were further ranked in Table
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2.4 according to the summdévalues of meadow and forest, ranging from displgyi
primarily anisotropic sensitivity to exhibiting Ldrartian behavior. Regarding the two
ecosystems, the SRI, the simplest index, was massitere to changing viewing angles,
followed by the NDVj}os and NDVI. Because of the resulting Idwvalue above meadow,
PRI exhibited the smallest anisotropic behavioat,itywas still largely significant.

Table 2.4: Ranked overview table based on staistialysis ANOVA RM from most anisotropic to
Lambertian (= no significant differences). Meadawd dorest values were compared with an indepensimple
student's-test fi = 1540).

Meadow-forest

Summed meadow-forest Ang_u_la_r comparison
Index ANOVA F-values Sensitivity student’ t ang-values
SRI 337.5 anisotropic t=0.444 p=0.657)
NDVI ;g5 306.9 anisotropic t = 6.519%*
NDVI 253.7 anisotropic t=-1.154 p = 0.249)
ARI 226.4 anisotropic t = 4.105%**
SIPI 139.7 anisotropic t=17.280***
ARVI 110.3 anisotropic t=—9.232%**
RGRI 89.0 anisotropic t=16.120***
PRI 86.7 anisotropic t=-10.488***
MNDVl5gs 5.2 Lambertian t = —3.344**
MSRkes 4.6 Lambertian t=-1.919 p = 0.055)

*p < 0.05, *p < 0.01, ***p < 0.001.

An independent sample studemitest compared the influence of the two vegetatymes
on the indices' angular behavior. Apart from ND8RI and mSRbs, the angular response
was for all remaining indices vegetation-type dejgsn (Table 2.4). The mNDWsdid
express significant different angular shapes depgndn the structural types; however, as
shown earlier, mNDVbs did not express significant angular variabilityrgmared to nadir
values. The studentgest indicated that for the remaining narrowbandices and ARVI
angular responses were not solely affected by vigwaeingles, but also by vegetation type.
SIPI, RGRI and PRI yielded the highest studeintalues, indicating that — from the set of
tested indices — they were most affected by thérasiing vegetation types.

2.5. Discussion of VIs angular responses

The angular behavior of the single vegetation iesliand influential factors are discussed in
the next section in more detail. The greennessc@sdi(SRI, NDVI, NDV}gs5, mMSRks,
MNDVIlzgs and ARVI) and the light use efficiency and leajmpent indices (SIPI, RGRI, PRI
and ARI) are discussed individually.
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2.5.1. Greenness indices

Traditional broadband indices based on red and HI® known to inherently exhibit
anisotropic behavior, eventually additionally liske vegetation type or soil conditions (Qi
et al., 1995; Leblanc et al., 1997). Indeed, SRR(Nd) gave rise to the most pronounced
angular variability with the highest values appéarnenthe extreme forward-scatter direction
and the lowest values at nadir position (Figurd28d Figure 2.4b). Measured NDVI shapes
(Figure 2.3a and Figure 2.4a) were consistent eattier studies (Galvao et al., 2004; Huete
et al., 1992; Leblanc et al., 1997) and radiatraesfer modeling (Sellers, 1985). The angular
shape remained unchanged in the case of the naamimed edge NDVI (NDVbs) (Figure
2.3d and Figure 2.4d). In contrast, mgkrand mNDV}es which were designed to eliminate
the effect of leaf surface reflectance (Sims & Gan902), responded in Lambertian fashion
to changing viewing angles (Figure 2.3e,f and Feg2ide,f). This Lambertian phenomenon
can be explained by including the 445 nm referdyaoed, the only modification compared to
the NDVkos. The angular distribution of this blue band washea flat, with a slight
decreasing trend in the extreme forward-scattectdon. A similar flattening in the blue was
observed by Jin et al. (2002) and Abdou et al. §200hen using Multi-angle Imaging
SpectroRadiometer (MISR) surface BRF products. ds wecognized that this phenomenon
originates in part from the low values in the blaled uncertainties due to atmospheric
correction.

ARVI, designed to minimize atmospheric effects e tsensor output by replacing the
aerosol sensitive red wavelength used in the NDWh & combination of the red and blue
wavelength (Kaufman & Tanre, 1992), proved to benmwetrical around nadir for the
meadow site (at both sides +10%) (Figure 2.3c agdr€ 2.4c). Such a symmetrical trend
was also observed in an earlier study over gragsradluete et al., 1992), and therefore a
simple cosine adjustment was suggested to cor@ctviewing effects. ARVI angular
response above forest, however, did not reveaharstrical trend. The inclusion of the blue
band in the algorithm to correct for atmospherite@t flattened values around the nadir
position though performed less successfully atdatigwing angles.

2.5.2. Light use efficiency/leaf pigment indices
2.5.2.1. Photochemical Reflectance Index (PRI)

The measured PRI exhibited a very significant aagahisotropy for both meadow and forest
canopies, but it was specifically perceived aboweedt canopy (Figure 2.4g). Average
absolute forest PRI values, —0.014 (nadir) and 2310(+55°) (values not shown), were
coherent with canopy observation over evergreenbsbpecies (Stylinski et al., 2002) and
with spruce stands (Lewis et al., 2005). The extentvhich canopy structure, view and
illumination angles are likely to influence the reesed PRI values was further investigated
based on the FLIGHT model similar to a modelinglgthy Barton and North (2001).
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FLIGHT simulations were carried out consideringdieneasurements taken in the core test
site of the Swiss National Park (SNP). Over this EAl values varied between 1.5 and 4.5,
when derived from nadir observations (Ko6tz et2004). In addition, the woody fraction (ca.
30%) is relatively high because of the advanced afy¢he pine forest and as forest
management practice stopped 70 years ago. Congbqugwven the relatively woody stands
characterized by gaps between branches and tre@sayi be reasonable to expect that
observed proportions of photosynthetic vegetatiew)(and non-photosynthetic vegetation
(NPV) depend on viewing angle. For instance, likisly that at greater viewing angles lower
proportion of PV and a greater proportion of NPWntribute to the observed canopy
reflectance. This hypothesis was tested by FLIGHTuktions for which we increased the
within-crown NPV proportions as a function of viegi angle (Figure 2.5). The resulting
angular signature of the PRI based on the simuBRJg produced a concave shape similar as
observed by CHRIS (Figure 2.4g). However, the HR®Wsed a convex shape when FLIGHT
was parameterized with constant PV/NPV proportidos all view angles. Similar
observations were published in the study of Baaid North (2001).
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Figure 2.5: FLIGHT-simulated angular PRI valuesr(nalized against their nadir value) for a coniferdorest.
Viewing geometry is according to CHRIS FZAs (0°3&°, + 55°). Within-crown PV and NPV proportions
varied with viewing angle (%6NPV = 100 — %PV).

Shadow is another key factor in affecting the amnggry of forest canopies (Gerard & North,
1997) and therefore the angular response of Vie. Sifadowed canopy (forward-scattering
values) demonstrated an unequivocally larger P&b ¢r108%) than the sunlit canopy (back-
scattering values: —32%), which implies that shadeffects are prevalent in the PRI
response. However, since a drop is apparent atddis around nadir, one can conclude that
shadow is not the prime driving factor.

The presented RT model simulations demonstrateatnaidex exclusively sensitive to leaf
photosynthesis activity will be substantially diséal, both spatially and directionally, by the
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contribution of NPV present in a canopy pixel (dbganches, trunks). Indeed, in the spatial
domain, variations in NPV and background reflectaatfect the performance of greenness
Vis (e.g. NDVI, SRI) (Asrar et al., 1992; Baret &uot, 1991; Goward & Huemmrich,
1992). In the directional domain, it is the viewiaggle that determines the proportion of
photosynthetic, non-photosynthetic and backgrouochpounds that are exposed to solar
radiation in that direction. Then, similar to spatvariations, varying NPV fractions along
changing angles may equally impose effects on tigular VI signal. For canopies with
LAl < 5.0, NPV has been shown to impose a significeffect on the canopy reflectance in
woody plant canopies (Asner, 1998). This is esfiigdiae case in conifer canopies where the
primary reflectance compounds (foliage, branches)sgistematically organized at the shoot,
branch, whirls, and crown level (Malenovsky et 2008).

2.5.2.2. Structural Invariant Pigment Index (SIPl) and Red Green Ratio Index
(RGRI)

Despite its apparent resemblance and flat shapeaadir values of SIPI (Figure 2.3h and
Figure 2.4h) and RGRI (Figure 2.3i and Figure 2difjered from nadir values (ANOVA
RM, p<0.001) and the total angular shape differed doth structural types (students
test,p < 0.001). The differences between both indice®akd only when considering the
F values in Table 2.3. Whereas forest RGRiias twice as large &in meadow conditions,

in case of SIPI, however, the foréstvas more than ten times larger than the medelovihe
reason this behavior occurs can be partly explabvemhuse SIPI is designed to reduce the
impact of leaf surface and mesophyll structure gltimating carotenoids to chloropleyll

In a coniferous forest, carotenoids were not exgeetd play an important role but the greater
variability of NPV and PV might account for a largengular variability. The higher SIPI
angular sensitivity over forest relative to RGRInclhe partly understood because of the
averaging of all red (600 nm to 699 nm) and allegr¢500 nm to 599 nm) channels in the
RGRI. Indeed, for a range of varying view angleesfi@ PV-NPV settings, FLIGHT
recorded an averaged relative flattening of —168%: 81) in the far back-scattering direction
and —74% (SD: 25) in the far forward-scatteringdiiton when broadening the spectral range
from a centre red band (CHRIS ppd661 nm) and a centre green band (CHRIS
greemig: 551 nm) towards all red and green bands.
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2.5.2.3. Anthocyanin Reflectance Index (ARI)

An Anthocyanin Reflectance Index in the form of AR(Rsso) * — (R0 * estimates
anthocyanin accumulation in intact senescing anesséd leaves (Gitelson et al., 2001).
Whereas reflectance at 700 nm depends solely updorophyll content, reflectance at
550 nm depends on both chlorophyll and anthocyeairient. Pronounced angular responses
over meadow and coniferous stands emphasize tlye heariability that can occur. In
backscatter direction values tended to fluctuaturaa or below nadir, in forward-scatter
direction a prominent increase was apparent (FiguBegand Figure 2.4j). Shadow effects and
the influence of a likely greater fraction of obsst non-photosynthetic material at larger off-
nadir sensor view angles are again most likelyrdauting to the angular response. Due to the
inversion of the two wavelengths, a larger decreaiseeflectance at 550 nm rather than
700 nm implied a larger contrast and subsequenilirsg ARI.

In general, one must be cautious when applyingcegliat the canopy level, which were
originally based and adapted to leaf level obsemat At leaf level a decrease in the green
reflectance was related to an increase in anthacy@mtent, whereas the reflectance in the
blue, red and NIR ranges remained basically theeq&@itelson et al., 2001). At canopy level
a decrease in green reflectance might have multipleses; one of which is an increase in
anthocyanin content. Woody compounds, litter, sihadmd soil conditions are other driving
factors leading to a decrease in the green in al.pin turn the feedback on reflectance of
these dynamics varies under changing viewing angles

2.6. Summary and conclusions

Viewing geometry is a major determinant controllitige spectral behavior of vegetation
canopies and thus affecting the quality of extdddéochemical parameters. The angular
responses of four classes of vegetation indices wempared. Evidence from a sparse
angular sampling of four off-nadir CHRIS recordingdicates the following:

Nearly all indices manifested a prominent reflecearanisotropy in the two alpine
ecosystems. Indices where off-nadir values sigmifily differed from nadir values were
labeled as being ‘Anisotropic’. The traditional SRIDVI, NDVl-g5 and ARI gave sign of
greatest angular sensitivity. The greenness indideish use reflectance at 445 nm as a
reference wavelength (mSRBd mMNDVl,os) responded rather insensitive and have been
labeled as being ‘Lambertian’. Further, an indegendample-test showed that, apart from
NDVI, SRl and mSRys most indices did express varying angular shapgsraing on the
vegetation type. For those indices the specifidaser reflectance anisotropy additionally
affects the angular responses.

Reflectance anisotropy of broadband indices obse(bVI, SRI, and ARVI) concurs
with earlier observations (Galvéao et al., 2004; tdust al., 1992; Leblanc et al., 1997). Also
Light Use Efficiency indices PRI, SIPI, RGRI and Agave rise to significant reflectance
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anisotropy with an emphasis over forest and in &wdascatter direction. FLIGHT simulations
showed that structural variability, in terms of trganization of PV and NPV elements, is a
key player in shaping the angular signature of R¥.therefore suggest that when applying a
VI designed to assess leaf processes at canopy, lénve accuracy of the biochemical
parameter mapping can be greatly improved if thetions of NPV and background (Canisius
& Chen, 2007) are being taken into account.

Traditional broadband indices continue to be appée large-scale analyses of ecosystem
monitoring, for example the boreal forests (e.gclBet al., 2006; Goetz et al., 2006).
Presently a growing fleet of narrow spectral resofusensors are operational (e.g. MERIS,
MODIS, Hyperion, ALI, etc) with capacities to upsefight use efficiency and leaf pigments
indices at canopy level over large areas. Furtheemmmdices products are increasingly
subject to joint multi-temporal (e.g. Telesca & &penara, 2006; Xiao et al., 2006) and cross-
sensor studies (e.g. Chen et al., 2005; Ferreah,2003).

This work highlights the importance of viewing gestny, and, by relying on the Helmholtz
Reciprocity Principle (Magda et al., 2001), alsdasgeometry inevitably propagating in
multi-temporal and multi-sensor studies. Becausleatance properties of the land surface
are anisotropic in nature, sun—target—sensor gegmedy create artificial noise imposed
upon basically all Vis. Furthermore, space-borné ainborne sensors with large FOVs (e.g.
Hymap: 61.3°, MERIS: 68.5°) are equally subjectwithin-scene viewing effects. In turn
utmost caution is mandatory when inter-comparirggite from aranisotropy-sensitivendex
acquired under varying sun—target—sensor configursitfor a given land cover type. In the
present era of multi-temporal and cross-sensoricgijuns, standardization of vegetation
indices is therefore desired to establish confidanahe reliability of its use. Standardization
to correct for sensor-specific characteristics agvadays achieved by applying cross-sensor
translation equations (e.g. Miura et al., 2006 ll@eet al., 1997; Trishchenko et al., 2002;
Steven et al., 2003), but a prerequisite to reduwoss-sensor uncertainty is that atmospheric
corrections and processing strategies are adeguadelessed (van Leeuwen et al., 2006).
Standardization to correct for reflectance anigotris nowadays achieved by BRDF models
from which VIs normalized to a standard geometryldde computed (e.g. Bacour et al.,
2006; Csiszar et al., 2001; Huete et al., 2002;dtaa., 2005). Nevertheless, until now, these
advanced approaches have remained restricted tdrdad#ional broadband indices (e.qg.
NDVI). Now that a wealth of fine-tuned narrowbamdlices has been developed, evaluation
of their compatibility and consistency may be atfstep to allow for large-scale and multi-
temporal studies.

On the other hand, research on the potential irdiion content inherent to the directional
dimension of many VIs regarding surface anisotrbpg been largely left aside (however,
see Barnsley et al., 1997; Pocewicz et al., 20&f)idence from the employed work
demonstrated that the angular shape of most o$tigied indices, particularly narrowband
indices, differs depending on the vegetation stmatttype. It is therefore suggested that
exploiting the angular dimension, parallel to thdices' actual measures, opens opportunities

36



Angular sensitivity analysis

to provide a quick, additional, source of inforroatregarding structural matters. Future work
should further investigate how the angular varigbibf specific indices (e.g. PRI, SIPI)
independently relates to structural features (&g fraction cover).

Finally, with the advent of having multi-angular aging spectrometers in space, the
decoupling of atmospheric and surface-induced ctftece anisotropy will gain in
importance. On the one hand to achieve consistdrievals of biochemical and structural
variables at unprecedented accuracies over largthswtime frames and regions; on the other
hand to decrease retrieval uncertainties relatecnigotropy effects. In any case, both
approaches will be required simultaneously to alfowa consistent process monitoring of
land and water surface properties (Schaepman, 20@ggtation indices as discussed in this
contribution will then be a major contributor teetmeasurement of ecosystem changes and
disturbance in an operational fashion.
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Effects of woody elements on simulated canopy
reflectance: Implications for forest chlorophyll co ntent
retrieval

Abstract

An important bio-indicator of actual plant healthtss, the foliar content of chlorophgland

b (Cab), can be estimated using imaging spectroscopy.fém@st canopies, however, the
relationship between the spectral response andheahistry is confounded by factors such as
background (e.g. understory), canopy structure, ted presence of non-photosynthetic
vegetation (NPV, e.g. woody elements) — particyldre appreciable amounts of standing and
fallen dead wood found in older forests. We presesgnsitivity analysis for the estimation of
chlorophyll content in woody coniferous canopiesiggadiative transfer modeling, and use
the modeled top-of-canopy reflectance data to aeatiie contribution of woody elements,
leaf area index (LAI), and crown cover (CC) to tterieval of foliar Cab content. The
radiative transfer model used comprises two linkglmodels: one at leaf-level (PROSPECT)
and one at canopy-level (FLIGHT). This generatatirectional reflectance data according to
the band settings of the Compact High Resolutioagimy Spectrometer (CHRIS) from
which chlorophyll indices were calculated. Most tbe chlorophyll indices outperformed
single wavelengths in predictin@ab content at canopy level, with best results obthibg
the Maccioni index @Rrso—Rrid / [Rrso—Resg). We demonstrate the performance of this
index with respect to structural information onerdistinct coniferous forest types (young,
early mature and old-growth stands). The modelesylts suggest that the spectral variation
due to variation in canopy chlorophyll content esbcaptured for stands with medium dense
canopies. However, the strength of the up-scélald signal weakens with increasing crown
NPV scattering elements, especially when crown cexeeeds 30%. LAI exerts the least
perturbations. We conclude that the spectral imibgeof woody elements is an important
variable that should be considered in radiativexsier approaches when retrieving foliar
pigment estimates in heterogeneous stands, paniguf the stands are partly defoliated or
long-lived.

Keywords: chlorophyll content, non-photosynthetic vegetatiold-growth forest, radiative
transfer, PROSPECT, FLIGHT, chlorophyll indices
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3.1. Introduction

The foliar content of the main photosynthetic pigisechlorophylla andb (Cab) is widely
regarded as a bio-indicator of the plant's actusdltitn status, such as its stress condition
(Lichtenthaler et al., 1996; Zarco-Tejeda et abl02 Gitelson et al., 2003; Sampson et al.,
2003), and of vegetation gross primary productiy@jtelson et al., 2006). Various leaf and
canopy experiments have indicated that imaging tepsmopy is a powerful method for
assessing variation in the chlorophyll contenteafvies (e.g. Zarco-Tejada et al., 2000; Ustin
et al., 2004; Kokaly et al., 2009). However, whka bbservational scale moves from leaf to
canopy level, the relationship between reflecteldrsadiation and leaf chemistry tends to
weaken (e.g. Trotter et al., 2002; Nichol et a0, Ustin et al., 2009). The scattering and
absorption properties caused by the foliar chegniate then confounded by background
reflectance and other dominating scatterers su¢heafoliage configuration and distribution
of woody elements (e.g. Asner, 1998; Blackburn &eBt, 1999). Pigment indices that have
originally been designed at leaf level (Ustin et 2009) are particularly likely to suffer from
these additional heterogeneity factors (Bartonldarth, 2001; Suarez et al., 2008; Verrelst et
al., 2008b).

At canopy level, a common approach for dealing wstibpixel heterogeneity is to
decompose a pixel into fractions of green photdsstit vegetation (PV), non-photosynthetic
vegetation and litter (NPV), and bare soil (Robettal., 1993). PV is characterized by strong
absorbance peaks in the blue and red regions ofpketrum, predominantly due to the
presence oCab while NPV is characterized by a gradual reflectaimceease in the visible
region of the spectrum. Although decomposition téghes (e.g. spectral unmixing) facilitate
the study of ecosystem dynamics (e.g. Asner e2@03; Harris et al., 2003), they do not fully
elucidate the complexity of the interaction of seahg elements with solar radiant energy.

An alternative approach is to estimate the follaristry from optical remote sensing data
by using inverted radiative transfer (RT) modelan@y RT models describe the transfer and
interaction of solar radiation inside the canopytloa basis of physical laws and thus provide
a cause—effect relationship between scattering exiésn their biochemical constituents,
structure, and top-of-canopy (TOC) reflectance. iMas studies have investigated the
interaction of solar radiation with canopy biocheativariables through the use of coupled
radiative transfer models (Demarez & Gastellu-Egciney, 2000; Zarco-Tejada et al., 2001;
Zhang et al., 2008; Jacquemoud et al., 2009). Tlesk other studies recognized that
improved parameter retrieval from remote sensint daquires appropriate strategies for
modeling the surface bidirectional reflectancertbstion function (BRDF) that take account
of canopy structure (crown shape, forest stand igggnsanopy heterogeneity), and
background (e.g. Dawson et al., 1999; Sandmeiere&ridg, 1999; Rautiainen et al., 2004;
Schaepman, 2007). Though much work has been domadiative transfer modeling, the
relative importance of woody elements (NPV) in dieig canopy chlorophyll content has not
been adequately evaluated. Only recently has thence of the 3D structure of trunks and
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branches on the reflectance in a young coniferansmy been explicitly modeled and tested
(Malenovsky et al., 2008). But that study was done young production forest ( < 30 years
old), and in such forests the woody elements ahg art of the living standing trees and are
concentrated in the lower part of the canopy. Intast, old-growth forests contain many
woody components in the form of lying and standiegdwood (coarse woody debris: CWD)
which is distributed within the canopy layer andtbe forest floor, and can account for 18—
40% of the total woody biomass (Siitonen, 2001)t Blarprisingly, therefore, in these older
forests, woody elements play a significant roledetermining canopy reflectance (Asner,
1998), as they represent an important photon aleprind scattering component. At the
subpixel scale, forest aging processes will leachtwe NPV scattering at the expense of PV
scattering. As well as changing its canopy compmsitan aging forest also becomes
structurally more heterogeneous vertically and zworially (Franklin et al., 2002), so
therefore structural attributes will be importanivdrs of the canopy spectral response
(Nilson & Peterson, 1994; Song & Woodcock, 2002).

Quantitative, physical-based RT modeling of 3D ganarchitecture reveals the cause—
effect relationship between the biochemical contpwsi of the canopy and satellite
observations. Old-growth forests present a challeftgy the RT modeler, because those
ecosystems have the most heterogeneous mix of {pkage and woody elements. A recent
comprehensive overview of RT approaches used toemearious stand ages over time
(Schaepman et al., 2009) indicates that only aR3wbased studies have investigated old-
growth forests, e.g. by studying the spectral ttajy of forest succession (Song &
Woodcock, 2002; Song et al., 2007). Song and aglies input canopy structural variables
and leaf optical properties into a geometric-optied model and simulated the canopy
spectral changes related to forest succession. rifeless, the model had difficulty
accommodating the structural changes related tengiterials comprising the canopy, such as
the accumulation of woody elements during succesdi@iven that foliage elements and
woody elements vary vertically and horizontally owene, we decided to investigate the
influence of these structural changes on canopgataince in detail.

Monte Carlo (MC) ray-tracing models are very fldgitand are capable of obtaining
accurate canopy representations, yet they haverdwback of requiring a long processing
time for simulation (Myneni et al., 1989; Widlowséd al., 2007). An appealing advantage of
such models is that the interaction between ramhasind the vegetation canopy is tracked
almost on a photon-by-photon basis, making thisl ihRT very realistic (c.f., Disney et al.,
2000). For this reason, we opted to use the MCtnagtng model FLIGHT (Forest LIGHT
interaction model) (North, 1996) to simulate thdluence of the structural dynamics
occurring during forest development on TOC reflacta

This paper reports on the influence of canopy caitipmal and structural effects when
inferring chlorophyll content from modeled reflenta data. We created a reflectance data set
for varying forest properties by coupling FLIGHTtlia leaf-level RT model (PROSPECT)
(Jacquemoud & Baret, 1990). Our hypothesis waskhatvledge of the trends in simulated
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spectral reflectance and derived vegetation indicegstimating chlorophyll content over a
wide range of simulated stands with near-realisémopy structural configurations will

improve our understanding of leaf-to-canopy scalifige objectives of the study were
therefore twofold: 1) to evaluate the general penfince of single wavelengths and
chlorophyll-sensitive indices in predicting foliashlorophyll content given woody and

heterogeneous forest canopies, and 2) to evaloat®re detail the stand-specific influence
of NPV and structural variables on the estimatiércidorophyll content by using the best
performing index.

3.2. Methodology
3.2.1. Canopy radiative transfer model

As noted above, to study the perturbing effectwaddy elements (NPV) on the estimation of
Cabcontent we coupled a leaf RT model (PROSPECT) wi8D canopy model (FLIGHT),
hereafter called PROFLIGHT. PROSPECT idealizesléaé as a stack of elementary plates
composed of absorbing and diffusing constituentse Wersion of the model we used
(Jacquemoud et al., 2000) is parameterized by aplydl content, dry matter content, leaf
water content, and effective number of leaf lay&tROSPECT has been widely used in
broadleaves for numerical inversion to estimatemghyll content. However, it has also
been re-calibrated and used to simulate the oppioaperties of coniferous needles (e.g.
Zarco-Tejada et al., 2004; Malenovsky et al., 2006)

FLIGHT computes the TOC bidirectional reflectanaetér (BRF) (Schaepman-Strub et al.,
2006) by explicitly representing complex canopyetures, including crown overlapping and
multiple scattering of solar radiant fluxes withime scene (North, 1996; Gerard & North,
1997). It traces the individual photons from theotar radiation source, through all relevant
collisions, until the ray either is absorbed ortexine canopy. As photons enter a crown, they
are scattered in accordance with probability dgrfsibctions. Tree crowns are idealized by
volumetric primitives of defined shapes with asatail shadowing effects. Crown positions
are estimated from a statistical distribution. He tndividual crown envelopes, the foliage is
approximated by statistical foliage properties gsine optical properties of both leaf (PV)
and woody elements (NPV). The NPV scattering eldmeme treated as opaque foliage
elements, thus they scatter or absorb incidentatiadi only. PV scattering elements
additionally transmit incident radiation. The lowssund of the canopy is a soil medium with
an anisotropic scattering behavior (Hapke, 1981 Thorizontal exchange of rays with
neighboring areas is accounted for by cyclic bompndanditions, i.e. rays exiting laterally
from the bounding box are rebound from the oppgiié@e at the same trajectory angle, to
extend scattering to an infinitely extended for&ibsequently, each generated scene canopy
BRF is the result of a unique stand configuratswiar illumination directionds, @), surface
reflection directiond;, ¢), and spectral wavelength.
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3.2.2. Model parameterization

The models used were parameterized with field ffata an old-growth coniferous forest in
the Swiss National Park, Switzerland (104BBE/ 46°3%45'N) (Schaepman et al., 2004).
This is one of the few areas in Western Europaambive been influenced by humans during
most of the 20th century: its forest has not beamaged since the park was established in
1914. Since then, the forest has undergone a looceps of change in stand structure and
stand development. The forest, characterized byolds (165-200 years) pine stand. (
montanaand P. cembrd, is classified as a woodland associationEofco-Pinetum mugo
(Zoller, 1995). Because of the high altitude (190@sl) and cold Alpine climate,
decomposition proceeds slowly and therefore subatajuantities of large CWD can remain
in the forest for many years. The forest floor awered by CWD Ericaceaeand Sesleria
shrub species. The overstory canopy is characterme open and discontinuous stands,
resulting in a relatively low crown cover (CC, beem 50-80%), a low leaf area index (LAI,
between 1.5-4.5) (K6tz et al., 2004), and a lamgpgrtion of woody elements (e.g. trunks,
branches, CWD): one study found that 3% of the agownd standing biomass in the park is
comprised of foliage (7 Mg A and 97% (250 Mg h3 of wood (Risch et al., 2003). Over
20% of the trees in the park are standing dead ki#led by root-rot fungi; they are usually
concentrated in infected patches (Dobbertin & Br2a§1).

In addition to the old-growth mixed pine stand e tSwiss National Park, to illustrate the
ranges and trends for chlorophyll content estinmattavo other forest types differing in age
and canopy structure characteristics were includethis study: a young Norway spruce
(Picea abies /L./ Karst.plantation in the Czech Republic, described inlddavsky et al.
(2008), and a beetle-infested early mature Lodgepoile Pinus contortaDougl. ex. Loud
var. latifolia Engl.) stand in British Columbia, Canada (e.g.cdeed in White et al., 2005).
For a description of these stands and their incheatructural values, see Table 3.1.
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Table 3.1: Three coniferous forests at distinctelfgyment phases: description and derived structnoalel
parameters NPV = 100 - PV.

Name Location Description Age LAI CC [%] NPV [%]
Young Moravian-Silesian Monoculture plantation
Norway Beskydy forest. Foliage is
spruce Mountains (Czech concentrated in the dense, 30 7-9 80-90 <5
stand Republic) uniform overstory.
49°50'N/ 18°54'E
Old- Swiss National Mixture of P. montanaand
growth Park (Switzerland) P. cembras stands (see

Pine stand 46°39'N/ 10°13'E  section study site). 165-200  1.5-4.5  50-80 10-40

Early Central interior of Dominant Sub-Boreal

mature British Columbia  Spruce (SBS)

Lodgepole (Canada) approx. biogeoclimatic zone.

pine 124°18'N/ 53°39' E Occasional mountain pine

stand beetle Dendroctonus
ponderosagattacks. Rates
of spread and attack
intensity increased
dramatically recently
(White et al., 2005).

61-80 3-57 60-80 5-50%

t: Coarse-resolution LAl maps (Chen et al., 2002)
t: Assessed

3.2.3. PROFLIGHT simulations

The detectability of variation in leaf chlorophyltontent from spectral reflectance
measurements depends on the species type (Belaingler 1995), the needle age (in the case
of evergreen conifers: Jach & Ceulemans, 2000),etihgronmental stress load (Carter &
Knapp, 2001), and the irradiation conditions witthe canopy (Zhang et al., 2008). Changes
in leaf chlorophyll content result in variation leaf reflectance and transmittance spectra,
which contribute to the canopy reflectance. In approach, we simulated leaf-levéhb-
related spectral variation and then input the tesubkpectral variation into the canopy model
in order to simulate canopy-level reflectance u@res. The aim was to assess the
contribution of canopy variables that potentialffeeat the invoked reflectance variations.

The variation in optical properties (reflectanaansmittance and absorption) of needle
leaves (PV) related to chlorophyll content was dated with PROSPECT. The chlorophyll
content chosen ranged from 15 to 95 ug/émincrements of 10 pg/cnsuch ranges are
typical both in young and in mature needle leaé$brstands (Malenovsky et al., 2006). The
remaining PROSPECT variables — leaf mesophyll airac(N parameter), dry matter {C
and water content ({J — were derived from field measurements takenngdutine Fire Spread
and Mitigation (SPREAD) campaign at the same sitthé Swiss National Park as described
in Kotz et al. (2004). They were subsequently aggted to obtain values generic for the
Swiss National Park study site (Table 3.2). Durithg@ above-mentioned campaign, the
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spectral reflectance characteristics of undersforgst floor, and woody parts were measured
with an ASD field spectroradiometer. The field gp@oof understory vegetation, bark of
branches, and bark of trunks were averaged (35tategkeunderstory spectra, 15 bark spectra)
to cover the spectral properties of the NPV andkgamind components (Figure 3.1) needed
for the radiative transfer parameterization. Theoifl of an old-growth forest typically
comprises a complex layer of shrubs, herbaceousespeCWD, litter, and other ecosystem
elements. In our study, “background” refers to ¢benbined understory and forest floor, and
its optical properties can essentially be concédgeas a complex of PV and NPV elements.
Patches of bare soil occur very rarely within tbeeét.

Table 3.2: Within-crown structural variation usedthe simulations and field observations of staadables
relevant for FLIGHT parameterizatiohNPV = 100 — PV° 0.5 until LAI = 5, then increments of 1.0).
Range of simulated variation

Variable Unit Field observations Min. Max. Step
Needle parameters (PROSPECT)

Water content g/cm 0.044

Dry matter glcrh 0.036

Mesophyll structure (N) unitless 3.80

Chlorophyll content pg/cm 15 95 10
Within-crown structure

Crown NPV % 30 0 80 10
LA - 2.5 1 10 0.8
Crown cover (CC) % 60 20 80 10
Leaf angle distribution Spherical

Stand structure

Tree height m 11.93+29

Crown radius m 0.88

Trunk height m 7.0

Trunk diameter m 0.179 (on ground)
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Figure 3.1: Averaged reflectance and transmittarfice PROSPECT-simulated needle, and reflectandeaid
and background representing the spectral propesti®s/, NPV, and background. The gray band reptssine
SD related to th€abrange of the needle.

Having introduced spectral variation at needle lletree analysis was shifted to canopy
level, by inserting this spectral variation into IBHT. It is important to establish the
relationship between confounding factors (e.g.cstme, woody elements) and chlorophyll
content for any given canopy structure or compasitihat may occur during forest aging.
Key structural components that vary throughout gtdavelopment are stand LAI, canopy
cover (CC), and the proportions of NPV and PV withine crown. In FLIGHT, LAl is
defined as the one-sided total foliage area pdraaviered scene area (North, 1996). This LAI
represents the plant area index (PAl), i.e., incdgdvoody elements. Canopy (i.e. crown)
cover is defined as the area of vertically projeédtee crowns per total scene area. The optical
properties of leaf/woody scattering elements inGHT are randomly distributed within a
tree crown. Hence, the model uses a parametedésatibes the proportions of crown NPV
and PV scattering elements, whereby NPV[%] = 160/{%]. We used stand architecture
data (e.g., trunk height, tree height, trunk radia®own radius and leaf size) from the
SPREAD campaign to parameterize FLIGHT. The majaracteristics are summarized in
Table 3.2. The simulated trees were horizontaltritiuted on a flat terrain according to a
Poisson distribution and had crowns of irregulamical shape and cylindrical trunks. Within
the individual crowns a spherical leaf angle dmttion of the NPV and PV scattering
elements was assumed.

BRFs were simulated in 18 spectral bands correspgntb the band settings of the
Compact High Resolution Imaging Spectrometer (CHREhsor in Mode 3 (land). CHRIS,
on board European Space Agency’s experimentallisatBlROBA (Project for On-board
Autonomy), is capable of providing combined spdcarad directional sampling of selected
terrestrial targets at high spatial resolution (ni)7 (Barnsley et al., 2004). One of
CHRIS/PROBA'’s targeted test sites is the Swiss dvatli Park. In the “land” mode, CHRIS
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spectral bands are optimized to monitor vegetatmrer. All spectral data were convolved to
these spectral bands, using the CHRIS spectralpassds (Table 3.3). The solar zenith and
azimuth angles were set to those during the Swagnhal Park overpass on June 27, 2004
(6s: 24.0°, @z 162.8°, see Verrelst et al., 2008b, for detailsg, view zenith angle was set at
nadir (note that in principle, CHRIS/PROBA is alite observe at 5 nominal view zenith
angles (0°, £36°, £55°)).

Table 3.3: Center wavelength (CHRJ$ and full-width-half-maximum (FWHM) for the CHRI$hode 3
“Land” band setting.

CHRISyig (nm) 442 490 530 551 570 631 661 672 697 703 7092 7748
FWHM (nm) 9 9 9 10 8 9 11 11 6 6 6 7 7

781 872 895 905 1019
15 18 10 10 33

3.2.4. Sensitivity analysis

To ensure that we studied the relationships betwed#lectance spectra and chlorophyll
content without influence from factors other thdre tvariables of interest, the optical
characteristics of the overstory canopy were sitedlavithout the presence of an atmosphere.
In addition to the canopy variables, the compositai the forest floor also affects the
accuracy of chlorophyll content assessments (Zagjada et al., 2004; Zhang et al., 2008).
Therefore, a background layer was included to mittmécoptical properties of the understory
at the Swiss National Park test site. A total d3g ®orest scene simulations Cab x 14 LAI

x 7 CC x 9NPV) with PROFLIGHT provided the spekttsampling for the subsequent
analysis of the contribution of woody elements arddleCab content to the spectral signal
at stand level. Once the initialization had beemejoone million rays penetrated each
experimental canopy. FLIGHT calculates directiorglectance by accumulating photons in
predefined solid view angles. The theoretical aacyof canopy reflectance approximated a
relative standard error of 1.9% for the settingsnfllion photons, 10 zenith and 36 azimuth
angles), which is considered an appropriate leivatouracy (Kotz et al., 2004).

The idea underlying this modeling exercise is ttit simulated stands might provide
insights helpful for evaluating the suitability ohaging spectroscopy-based indicators for
estimating chlorophyll content. The specific bandf@gurations of CHRIS allow a number of
chlorophyll sensitive indices to be calculated, sasnmarized in Table 3.4. Chlorophyll
indices are assumed to outperform single wavelsngtpredicting foliar chlorophyll content.
However, their performance has not been systentigtiessessed in relation to woody
canopies. To test which of the four studied inpatameters Gab, LAI, CC, and NPV)
determines most of the variation in the forest scgmulations, we used analysis of variance
(ANOVA) (Snedecor & Cochran, 1980) to decomposetthal variance into terms related to
the individual factors. The ANOVA partitions thenswof squares of the simulations into a
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sum of squares related to the overall mean, a swguares related to treatment effects, and a
residual sum of squares. Interactions among fastere found to be not important. In the
ANOVA, the ratio of the mean square of an inputapaeter resulting from different levels of
the input factor to the residual mean square, dalle F statistic, can be tested for its
significance (given by the critical level). If ofsand (or index) yields smaller critical levels
than another one, then the former one has largeepaolo test whether a specific band (or
index) is sensitive foCab, the F statistic forCab was used. To test the sensitivity f0ab
relative to the other factors (LAI, CC, and NPV) fastatistic was calculated by taking the
ratio of the mean square relatedGab to the mean square related to one of the othéoriac
and then testing its significance. The best speb@ad (or index) for chlorophyll content
estimation is the one that has the largesalue when the variance for chlorophyll effect is
tested against the residual variance includingthkr confounding factors pooled. In addition,
we calculated thd- values for testing th€ab effect against LAl, CC and NPV effects,
respectively.

Table 3.4: Overview of selected vegetation indidesdenotes reflectance. The wavelengths in the famul
column represent the original proposed VI wavelesgtvhile the wavelengths in the columns headechdita
CHRIS,q represent the center of the CHRIS bands thatapsbached the wavelengths proposed originally.

Index Formula Formula CHRISmid Reference
Datt_98 Rs72/ Reso Rs72/ Rss1 Datt (1998)
Datt_99 (Reso— Rr10) / (Reso— Regd) (Re72— Rro9) / (Re72— Re72) Datt (1999)
GM_94a R7s0/ Rzoo R74s! Ryo3 Gitelson & Merzlyak (1994)
GM_94b R750/ Rsso R74s/ Rss1 Gitelson & Merzlyak (1994)
Gitel_03a (R695-703>1_ (R750-80()-l (R697-7O:)-l_ (R781)>1 Gitelson et al. (2003)
Gitel_03b R750.800/ (Regs.709 — 1 Rsg1/ (Reg7.709 — 1 Gitelson et al. (2003)
Gitel_03c (R;;so-ioc— Ra430-449 / (Regs.705— Razo.  (Rys1- Rua2) / (Regr-705— Raaz) — 1 Gitelson et al. (2003)
470) —
gNDVI (R7so—Rsso) / (Rrso+ Reso) (Rrg1— Rss1) / (Rr10* Res1) Smith et al. (1995)
Macc_01 (Rygo— R710)! (Rygo— Rego) (R7g1— R7o9) / (R7s1— Re72) Maccioni et al. (2001)
McM_94 Rzo0/ Re7o Rros/ Rer2 McMurtey lii et al. (1994)
MNDVl7g5 (Ryso—R708) / (Rrso+ Rros— Rasd)  (Rras—Rrod) / (Rrag + Regs— Rusp)  Sims & Gamon (2002)
MSRbgs (Rys0—Ruass) / (Rros + Rasg) (R74s—Ruaad) | (Ryoz + Rus2) Sims & Gamon (2002)
NDVl g5 (R7s0— Ro9)/ (Ryso + Ryog) (Rras— R703) / (Ryas + Ryod Gitelson & Merzlyak (1994)
SIPI (Reoo— Russ) / (Reoo— Reso) (Rrg1—Rus2) / (Rrs1—Re72) Pefiuelas et al. (1995)
3[(Rro0—Re70) — 0.2R700— Rss0) 3[(Rro3—Re72) — 0.2R703— Rss2)
TCARI/OSAVI (Rygo/ Rs79)] / [(1 + 0.16)Rg00— (Ryos/ Rs72)] / [(1+0.16)Ryg, — Haboudane et al. (2002)
Rs70) / (Reoo + Re7o + 0.16))] Rs72) / ((Rys1 + Re72+ 0.16))]

The next step in the analysis was to study thercplyyll effect on the best evaluated index
in more detail for each combination of selectedfeonding canopy variables (LAI, CC, and
NPV). From the set of PROFLIGHT-generated reflectéaspectra, the derivativ@ y / 0 x)
of the relationship betweeGab content X variable) and vegetation indey \ariable) was
calculated over evergab interval for every combination of confounding \zbies as a
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measure of local sensitivity (Cacuci, 2003). Therage slope was then calculated as the
derivative averaged over all intervals for a stapdeific situation:
Ncap
Aylax=—2 3P (3.1)
r]Cab i=1 aX
where n.,, is the number ofCab intervals. Assuming that a steep@abrelated slope
(Ay/Ax) for a spectral band or vegetation index as meashy a space-borne optical sensor

enables a more accurate detection and thus moueadeaenapping of leaf chlorophyll content,
then the slopefy/Ax) can be regarded as a stand-specific indicat@hlarophyll content

detectability. For the best-performing index, camfding canopy variables (LAI, CC, and

NPV) were paired up in different combinations: &ach of the three possible combinations,
the third variable was fixed according to the pagtemzation of the core test site in the Swiss
National Park (Table 3.2). Plotting the slopesdach of these paired combinations yielded
three templates of plausible canopies that migbtioduring forest aging. In these conceptual
templates, each grid represents a unique, strligtaigpendent forest type. The last step of
the sensitivity analysis was to establish a linkhwihe modeling results and structural
information (LAI, CC, and NPV) derived from thressthct forest canopies.

3.3. Results
3.3.1. Chlorophyll-related spectral variation

Prior to analyzing the effects of the confoundirmgnapy characteristics on the chlorophyll-
related spectral response, the effects of scahegneedle optical properties to the canopy
level were investigated. At needle level, PROSPEEflectance and transmittance were
simulated for a range of needle leaves with vargad contents. Their mean needle spectral
signature and standard deviation (SD) are alsdajied in Figure 3.1.

At canopy level, the solar radiant fluxes interadth the canopy foliage, the measured
woody elements and the background layer. This waslated by FLIGHT at wavelengths
specific to the band settings of CHRIS. The aveggé and SD for each CHRIS band were
calculated for the canopy configurations of the SwNational Park test site (LAl 2.5,
CC: 60%, NPV: 30%) (Figure 3.2). The SD at canagsel is much smaller than the SD at
leaf level because of the background contributstand configuration, and the contribution of
NPV.
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Figure 3.2: Average BRF witGabrelated SD (interpolated gray band) at canopyllasesimulated by FLIGHT

(Swiss National Park structural configurations: LAI5; CC: 60%; NPV: 30%, and Swiss National Park
background).

The next step involved evaluating the sensitivityspecific CHRIS wavelengths for
chlorophyll content at canopy level using tReaest. Table 3.5 gives an overview of the
wavelengths, sorted according to thevalues. The column headé&hb was used for the
sorting: it presents thE value for testing the variance caused by chlorbgiontent against
the total variance of the confounding factors wstA large value indicates that the
confounding factors tested had a small influencéhentotal variation within the simulations.
The column headedCalNPV depicts theF value for testing the variance caused by
chlorophyll content against tevalue caused by the NPV proportion. A large vahgécates
that theCab effect is stronger than the NPV effect. Similagk/LAlI and Cak/CC relate the
chlorophyll variation to the variations caused b land CC, respectively. It can be seen that
the tested wavelength most sensitive to variatioa th chlorophyll content relative to the
confounding canopy variableshggg, followed byR44. TheF values also show that at longer
wavelengths the canopy structure variables exentennafluence (smaller ratios). This is
particularly noticeable for LAI. At canopy levelhater wavelengths perform better than
longer wavelengths because of the combined eftddtsv background and NPV reflectance
(Figure 3.1) plus the relatively weak influencecaiopy structure variables (LAl and CC).
However, the use of shorter wavelengths for assgsshlorophyll content is usually not
advocated for optical remote sensing data, becatiee confounding atmospheric effects
(Lillesand et al., 2004). Therefore, the third bpstforming wavelengthRRs3;, seems to be
more suitable for satellite-bas€ab retrieval approaches.
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Table 3.5: ANOVAF values for single wavelengths found when tes@agpandCabagainst NPV, LAl and CC,
respectively.

Wavelength Fg7038Cab Fg s CablNPV Fg13Calf/LAl Fge CablCC
Raso 1234.6° 23.6° 85" 2.8
Rusz 1169.8" 39.7" 7.2 2.5
Res1 932.8" 12.5" 6.5 1.7
Rs70 812.7" 2.7 7.7 2.3
Rsso 812.4" 2.3 9.4" 2.7
Res1 744.97 270.1" 4.9 1.1
Rss1 712.2” 1.9 7.7 2.3
Resg7 673.4" 7.3 4.7 1.1
Re72 613.1" 555.9" 4.1 0.8
R7o3 526.8" 2.6 4.0 1.0
Rzoo 377.0”7 1.3 3.0 0.8
(=3 12.2" 0.0 0.1 0.0
Ryas 2.2 0.0 0.0 0.0

*p < 0.05, *p < 0.01, ***p < 0.001.

3.3.2. Simulated chlorophyll indices at canopy level

The performance of chlorophyll indices at canopyelavas evaluated similarly to the single
wavelengths, using thie test. Table 3.6 gives an overview of the indisested according to
the F values found when testing ti@ab effect. Of the indices tested, SIPI (Pefiuelas .et al
1995), Re72/ Rsso (“Datt_98”; Datt, 1998) andR;oo/ Re7o (‘McM_94”; McMurtey lii et al.,
1994) performed considerably worse than the singieelengths (except for the reflectances
at 742 and 748 nm where there was hardly any satsib chlorophyll content). Their low
sensitivity to chlorophyll content combined with s&rong influence from NPV and CC
reduces the applicability of the above-mentionatices at canopy level. By contrast, all the
other indices outperformed single wavelengths irximeing sensitivity to chlorophyll
content while minimizing undesired canopy effectie [Rsso— Rr1q / [Rrso— Resq index
developed by Maccioni et al. (2001) (“Macc_01") guced the best results, followed by
gNDVI (Smith et al., 1995), anB;s0/ Ryoo (‘GM_94b”; Gitelson & Merzlyak, 1994). The
reason the Maccioni index yielded the best ressiltiecause it is very sensitive to variation in
chlorophyll content but is simultaneously poorlynsiéive to CC, LAI, and, to a lesser extent,
NPV. The superior performance of the Maccioni indexroborates the findings of Xue and
Yang (2009). From a list of 40 chlorophyll indicésey concluded that this Maccioni index
performed second best; only the normalized deriddference ratio calibrated by le Maire et
al. (2004) yielded a better relationship with Ieatorophyll content. Overall, our results at
canopy level show that, depending on the indeXeeitCC or NPV mostly weaken the
relationships with chlorophyll content. LAl influees the relationship with chlorophyll
content the least.
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Table 3.6: ANOVAF values for chlorophyll indices found when testi@gh and Cab against NPV, LAI and
CC, respectively.

Index Fs 793sCab Fss CablNPV Fg13Cab/LAl FssCabiCC
Macc_01 4998.0%** 29.0%** 789.9%** 358.9***
gNDVI 4106.7*** 584.8*** 2237.0%** 14.4*%*
GM_94b 4017.3%* 44 1%** 1795.0%** 19.7%*
Datt_99 2772.5%* 6.2** 662.5*** 88.2***
Gitel _03c 2551.8*** 10.7** 367.6%** 17.7%
mNDVI705 2137.1%* 5.6%* 319.6%** 9.1*
NDVI705 1864.2%* 3.7 449 8*** 24.6***
GM_94a 1494 4%+ 3.1 366.1*** 16.2**
Gitel_03b 1486.6%** 3.1 370.7%* 17.9**
TCARI/OSAVI 1464.8*** 3.0 52. 1% 10.3*
mSRI705 1291.8%** 2.2 515.7*** 111.0%**
Gitel_03a 1189.5%** 167.8*** 9.6%** 1.8

SIPI 160.9*** 0.2 63.2%+* 0.5
Datt_98 69.1%** 0.1 7110 0.2
McM_94 44 5%+ 0.1 79.6%** 0.4

*p < 0.05, **p < 0.01, **p < 0.001.

3.3.3. Stand-specific relationships between Maccioni index and Cab content

Further analysis of the stand-specific relationshy@tweenCab and the best performing
index, the Maccioni index (Figure 3.3), revealedtthariation in LAl has little influence on
the relationship betwee@ab content and Maccioni index. Figure 3.3a shows #tlat Al
values changed at a similar rate along @ab range (for CC: 60%, NPV: 30%). Only the
relationship for an LAI of 1 indicates a somewtlesd steep curve. Note that the quasi-linear
relationships between the index afdb content are due to the excellent performance ®f th
index: the curves flattened off more at higl@ab content when they were plotted against
single wavelengths (not shown here). By contraatiation in CC has a greater influence on
the relationship between tigab content and Maccioni index (Figure 3.3b; for LRI5, NPV:
30%). The steepest curve occurs at a CC of 50%nimgdhat for a relatively open crown
cover, the canopy-leavinGab-related spectral variation can be most accuratstymated
from the chlorophyll index. Conversely, low CC vedu(e.g., < 30%) cause the spectrally
distinct background to suppress the canopy-leav@ajrelated spectral variation as
measured by the chlorophyll index. The variationNRV is shown in Figure 3.3c (for
LAI: 2.5, CC: 60%). This figure reveals that the declines with increasing contribution
from woody elements. For instance, the angle giesiwhen 80% of the scattering elements
consist of woody elements (and the other 20% ddrgfeliage) is half the angle of slope for a
completely green canopy (NPV of 0%), emphasizirgithportance of woody elements as a
perturbing factor. Overall, these modeling ressiliggest that two factors primarily determine
the sensitivity of the Maccioni index to variationCab content: the composition of canopy-
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scattering properties of foliage and woody elemeatsexpressed by NPV and PV, and the
contribution of a spectrally distinct background.
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Figure 3.3: Relationships betwe&ab content (pg/c) and the Maccioni index for a range of a: LAI,@C,
and c: NPV; with fixed variables according to SwiNational Park: LAI: 2.5; CC: 60%; NPV: 30%,
respectively).
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3.3.4. Detectability of chlorophyll content: three forest canopy examples
Whereas in the former section the analysis wastsslely on simulated data, here the slope
results Qy/Ax) for the Maccioni index are compared with struatunformation (LAI, CC,

and NPV) derived from three selected examples mstocanopies. These are: 1) a young
Norway spruce plantation stand in the Czech RepuB)ian old-growth mixed pine stand in
the Swiss National Park, and 3), an early maturdgkpole pine stand in British Columbia,
Canada (Table 3.1). Figures 3.4a, b and c preker2D templates of Figure 3.3 by varying
two confounding variables at a time instead of arst as in Figure 3.3. The same conclusions
can be drawn as for Figure 3.3. Structural inforamatlerived from the three forest canopies
are shown in figures 3.4a, b and c too. Interpiciadf the Ay/Axfigures suggests that in

terms of CC and LAI each of the three conifero@nds has nearly optimal conditions for
retrieving canopy chlorophyll content. They all baa CC above 50%, which implies a
Ay/Ax of at least 75% of the maximudy/Ax (exemplified for an NPV of 0%). The

modeling results suggest that a homogeneous, dgosag spruce stand like the example
from the Czech Beskydy Mountains somewhat limiesdbtection of th€ab-related spectral
variation (Figure 3.4d). This stand has a high LAbout 8) and CC (on average 80%)
(Homolova et al., 2007), which approaches a maxindymhAx in terms of LAI, but theCab

related spectral variation is somewhat suppressethd dense canopy and strong within-
canopy mutual shading effects (Malenovsky et &Q08). The other two stands have a lower
CC, which implies there is more opportunity for tRabrelated spectral variation to
propagate outwards from the canopy, assuming ner dictors perturb th€ab-index
relationships.

Significant change iAy/Ax occurs, however, along the crown NPV gradienta ldense

young spruce stand, the woody surface is negligibke upper canopy, which implies that
the canopy reflectance signal is modulated maiglyhle variation in foliaiCab. In contrast,
the old-growth forest in the Swiss National Parkg(ife 3.4e) represents an assembly of
CWD, dead or partly defoliated trees, and treek wiegularly spaced branches with a lower
LAI, where NPV cover may reach up to 40% at the CHPpixel resolution. The
Ay / Axfigures generated suggest that a woody contributiothis magnitude at the Swiss

National Park test site may suppress the canopydgaCabrelated spectral variation by
27% compared to a full green canopy (NPV of 0%)teNbat the Swiss National Park stand
is more open, which implies that in reality the ersdory (essentially an NPV and PV mixture)
contributes to the radiant flux as well.

Finally, the stand in British Columbia (Figure 3,4vhich is infested with bark beetles,
has the largest proportion of woody material. Ttem@ shows mixtures of green trees, red
attack trees (the crowns turn red as a result efléick of nutrients and water after pest
infestation) and gray-attack trees (dead, gray $tedetons; this occurs one year after red
attack). Consequently, the spatial distributiotN&¥V scattering elements varies considerably.
Such strong spatial variation in NPV and PV elemdfigures 3.4b, 3.4c) implies that the
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relationship between an index and the needle pigoentents of the remaining foliage is
pixel-specific, which makes it difficult to accuely estimate chlorophyll content with a
spectral index. Our modeling results suggest thraa fforest stand composed of 50% NPV, an
LAI of 4, and a CC of 70%, by comparison with d fyleen canopy (NPV of 0%), only 70%
of theCabvariation will remain in a CHRIS pixel (size ~17.m
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Figure 3.4:Ay/Axof the Maccioni index for three templates (a: CCAt; b: LAl — NPV, ¢: CC - NPV, with

fixed variables according to Swiss National Parki:[2.5; CC: 60%; NPV: 30%, respectively). Errorrbger
structural variable span the range of values sjgeftif each site The three study sites use®)doung Norway
spruce stand, &) old-growth pine forest and, ¥) early mature beetle-infected lodgepole pine.
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3.4. Discussion

The variability of forest canopy reflectance in theible and red edge regions of the spectrum
is driven mainly by variation in foliar pigment dent, and also by the presence of forest
background, canopy structure parameters, and wetsgents. The importance of the latter
factors increases with forest aging, particularlyew the forest achieves the status of old-
growth forest. The spectral response for developratages of production forests has been
studied before and is reasonably well understoagl &ong & Woodcock, 2002; Roberts et
al., 2004). Commonly, stand age and height arersale related to the spectral response, due
to increasing canopy closure and biomass accuraglaths young trees grow taller, the
amount of foliage increases and extends over tlierstory and soil of the forest floor. In
addition, the shadows cast by trees decrease #ralbveflectance signal of the forest stand
(Nilson & Peterson, 1994; Franklin et al., 2003)thAugh these earlier studies reported the
spectral trajectories associated with forest grodalelopment, they did not consider the
encroachment of dead woody material and its coresemps on foliage pigment retrieval.
Once a forest stand reaches the old-growth statedwelements also become part of the
outer canopy, e.g., as dead tree tops and branbtwsover, the woody elements in old-
growth forests are not only part of living treeg bte also distributed on the forest floor and
in the space between living trees in the form oérse woody debris (CWD) and also
contribute to the reflectance signal.

Using spectral unmixing, Okin et al. (2001) demaatstd that the ability of imaging
spectroscopy to provide a spectral vegetation signanited when the canopy cover is less
than 30%. Our results support this finding but alaggest that above the same threshold the
NPV cover (if present) starts to weaken @b signal appreciably. Data from the literature
indicate that in coniferous canopies CC valuescilh range from 4Q100%, LAI values
range from 1 to above 8 (e.g., Chen et al., 20&2), woody cover rarely exceeds 40% (e.qg.
Radeloff et al., 1999; Fernandes et al., 2004g0ial., 2006). Given these figures, from the
values shown in Figure 3.4 it can be calculated élsdong as the proportion of crown NPV
cover stays below 40% and the CC above 40%, thecaled Maccioni index data preserves
at least 58% of th€abrelated spectral variation by comparison with gtiroal Ay/Ax

(NPV of 0%, CC of 50%). Nevertheless, the contidubf background reflectance should be
considered as well; its importance in the visibled aed edge regions of the spectrum
essentially depends on the overstory crown covesphrse stands (low CC or low LAI), the
background reflectance of a coniferous forest mthyee contribute to the variation Gab-
related reflectance (if the forest floor is photuetically active), or act as an additional
confounding factor (when the forest floor is eitjet, bare soil, CWD), or may be a dynamic
mixture of both (common for old-growth forests).

In conclusion, our analysis confirms earlier stsdiPemarez & Gastellu-Etchgorry, 2000;
Zhang et al., 2008) that stated that an appropkiatevledge of background reflectance and
forest structure parameters is important for thecessful retrieval of leaf chlorophyll content
from remote sensing imagery. Although, by compariaith single wavelengths, chlorophyll
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indices correct for perturbing canopy factors, oesults have demonstrated that some
confounding effects of canopy heterogeneity rem&@pecifically, it was found that in
addition to structural parameters, NPV scatterilegnents also play an important role in the
variation of TOC reflectance and derived indiceattipularly in damaged and long-lived
forest stands. Several studies have already atéehiat include and parameterize woody
material in advanced radiative transfer modelingy, instance by measuring the wood
distribution with Light Detection and Ranging (LiB¥) techniques (e.g., Koetz et al., 2007,
Coté et al., 2009; Morsdorf et al., 2009).

Finally, the proposed modeling design presentsnglsi theoretical sensitivity analysis for
assessing the success of leaf chlorophyll pigmetnteval at canopy level from remotely
sensed data at a spatial resolution suitable #ofdrest stand level. The advantage of using a
modeling approach is the possibility of coveringvide range of scenarios while avoiding
uncertainty related to measurement errors. Note dba study did not consider additional
factors such as atmospheric effects, sun-viewingmgdries, and sensor calibration errors,
and that our findings may be biased by our chofd®Tomodels and model input parameters.
For example, we did not take account of variatiotioliar chemicals other than chlorophyll
content (e.g. anthocyanin and carotenoid folianqagts) and variation in optical properties of
woody parts, e.g. due to species composition onglogy. Since PROSPECT was essentially
developed for broadleaves, the model may benefiinfrfurther improvement such as
recalibration of the specific absorption coeffideeiiMalenovsky et al., 2006) and refraction
index (Feret et al., 2008) when used for narrondieeshaped leaves. The LIBERTY model
(Dawnson et al.,1998) designed specifically for such leaves mayerofin appropriate
alternative. Since in coniferous trees the woodyspand needles are hierarchically organized
and highly clumped (Chen & Black, 1992), the randspherical distribution of NPV and PV
scattering elements as defined in the ray-tracingsSHT model also deviates from the real
forest situation. Aware of all these constraint® exploited both models to their fullest
capability, and addressed the role of variablesdharegarded as key confounding factors in
Cab content mapping, e.g., encroachment of woody nadéetbackground contribution, and
crown-scale clumping (Nichol et al., 2002; Kan&let2008; Ustin et al., 2009).

3.5. Conclusions and recommendation

Space-borne imaging spectrometers (e.g., CHRIS asrdbthe PROBA spacecraft or
Hyperion on board the Earth Observing-1 (EO-1) speaft; Pearlman et al., 2003) open up
the possibility of monitoring the foliar pigmentradent of forest stands at scales ranging from
regional (ecosystem) to global (biome) (Kokaly let2009). A key element for the successful
quantitative retrieval of foliar pigments from rete®ensing data is information on the extent
that confounding scattering elements contribute pifeoton—canopy interactions. The
observation that a highly clumped and partiallyotlated canopy of an old-growth forest
exhibits noticeable mixtures of foliage and woodyrtp prompted us to investigate the
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efficacy of estimating chlorophyll content in woodyjands. The results obtained from
PROFLIGHT suggest that if the crown cover is mdrant 30%, it should be possible to
reliably estimate the variability of the chlorophgbntent in a forest canopy. However, at this
threshold, also crown NPV scattering elements présent — start to weaken t@ab signal
appreciably. Almost all the tested chlorophyll itek outperformed single wavelengths in
minimizing undesired effects; the one that perfatrbest at canopy scale was the Maccioni
index ([R7so—R71d / [Rrso— Resd), though the influence of NPV and CC remained. bAly
marginally influenced the ability of the index tesassCabrelated spectral variation. Our
findings emphasize the role of woody elements wieetieving chlorophyll information from
remotely sensed reflectance data of woody ecosgstitroan be concluded that ignoring the
contribution of canopy woody components may leadess accurate chlorophyll estimates.
We recommend that future model refinement shoutdiganot only on the photosynthetically
active parts of the forest canopy, but also adedy#tke into account the woody elements as
part of living and dead trees, as well as of fougsterstory.
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Spectrodirectional Minnaert-K retrieval using
CHRIS/PROBA data

Abstract

We studied the spectral information content reldtethe canopy structure embedded in the
angular domain of imaging spectrometry data. CHRZ8mpact High Resolution Imaging
Spectrometer) mounted onboard the PROBA (ProjecOfo-board Autonomy) spacecraft is
capable of sampling reflected radiation over trstole and near-infrared (NIR) region of the
solar spectrum with high spatial resolution. Thect@l anisotropic behavior of an Alpine
coniferous forest during winter in relation to cpgocover was investigated using the
Minnaertk parameter obtained by inverting the Rahman—Pintystvaete (RPV) model.
Although earlier studies have demonstrated thatnilentk can be usedo characterize
surface heterogeneity at subpixel scale, its spledtipendency has not yet been fully assessed.
Minnaertk parameter retrievals across CHRIS bands reveaddatbwitch from bell-shaped
to bowl-shaped anisotropic reflectance patternsurscegvhen moving to NIR wavelengths.
Specifically, analysis of the underlying dynamiocs pixels on the valley floor revealed that
canopy cover and background brightness control weeeisely in the spectral domain in
which this anisotropy switch occurs. For a brights cover background, Minnaektvalues
correlated best with canopy cover at the end ofréteedge (e.g., around 735 nm). In this
spectral region, pixels with medium canopy covél—0%) typically produced bell-shaped
anisotropy patterns, while pixels with sparse (<3@¥«dense (>80%) canopy covers typically
produced bowl-shaped reflectance anisotropy pattern

Keywords: Minnaertk, imaging spectroscopy, reflectance anisotropyedbheterogeneity,
CHRIS
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4.1. Introduction

The reflectance anisotropy of boreal and Alpineests measured under winter conditions
depends on the wavelength and the proportionsaf emd plant cover that are recorded by a
sensor (Vikhamer and Solberg, 2003; Nolin, 200esE proportions depend on illumination
and viewing angle, topography and structural canmoperties such as tree density, canopy
geometry, and gap fraction. In the last twenty geaarious studies have documented that
anisotropic reflectance data encapsulate informadimout canopy structure at subpixel scale
(e.q., Asner et al., 1998; Diner et al., 1999; Depet al., 1999; Sandmeier & Deering, 1999).
Yet, it was only with the development of surfaclleeance models (e.g. Verhoef, 1984;
Verstraete et al.,, 1990; Li et al.,, 1992) and theeat of multi-angular Earth observing
sensors (e.g. Diner et al., 1998; Barnsley et28l04) that significant progress was made in
the retrieval of canopy characteristics from matgular reflectance data (e.g., Diner et al.,
2005; Schaepman et al., 2005; Chopping et al., ;2868 et al., 2003; Canisius & Chen, 2007,
Schaepman, 2007).

Among the surface reflectance models, the Rahmaty-Rierstraete (RPV) parametric
model (Rahman et al., 1993) is particularly sugafdr estimating reflectance anisotropy
because it simulates the bidirectional reflectagistribution function (BRDF) of an arbitrary
land surface on the basis of three parametersh&3etparameters, the Minnakmparameter
is specifically of interest as it describes mosttlodé angular variation related to surface
reflectance anisotropy. Pinty et al. (2002) and Micgki et al. (2001, 2004) have
theoretically demonstrated that the Minndegiarameter contains information on subpixel
heterogeneity. Specifically, theparameter has been shown to better identify castpgture
and heterogeneity at the subpixel scale than whkateasible on the basis of spectral
measurements only (Gobron et al., 2000b; Gobron &ad, 2002; Pinty et al., 2002;
Widlowski et al., 2001, 2004).

Several studies have been performed to map Mirtkaesta proxy for vegetation structure
and density at the subpixel scale for various leapss such as a prairie, woodlands and
forests (Pinty et al., 2002; Nolin, 2004; Lavergreal., 2007; Sedano et al., 2008). All these
studies used Multiangle Imaging SpectroRadiomef#iISR) satellite data, or its airborne
variant: AirMISR. MISR, on board the NASA EOS Terpdatform, is configured by 9
cameras, each of which observes the Earth in fpectsal bands. In the global data
acquisition mode, eight oblique cameras observé&drth’'s surface at a resolution of 1100 m
in blue, green, and near-infrared bands and asaluton of 275 m in the red domain. In
addition, all four bands of the nadir-observing eamhave a spatial resolution of 275 m
(Diner et al., 1991). Pinty et al. (2002) reporthdt the availability of sufficient brightness
contrast between overstory and background in catippm with a relatively high sun position
(sun zenith < 60°) is critical for detecting maximariability in reflectance anisotropy, and
thus in Minnaerk. They also demonstrated that the potential toatletanopy structural
information from multi-angular measurements depeodsthe sensor’s spatial resolution.
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Typically, the higher the spatial resolution, thersnopportunities exist to detect reflectance
anisotropy at stand or tree scale.

In 2001, two years after the launch of Terra, thieohean Space Agency (ESA) launched
the experimental satellite sensor CHRIS (CompaghHResolution Imaging Spectrometer)
onboard the PROBA (Project for On-board Autononpgcecraft. The imaging spectrometer
acquires a series of five angular images of a daiat surface at a high spatial resolution
(~17 m) during the same orbit. Depending on itsraipeg mode, CHRIS is capable of
sampling the anisotropic behavior of the reflecdethr radiation in up to 62 narrow spectral
bands covering the visible and near-infrared (VNi€Jion of the solar spectrum.

A set of concurrent multi-angular CHRIS images wofadd-growth alpine forest stand was
acquired during winter in order to characterize stractural properties of the observed forest
by the Minnaerk parameter. Using the CHRIS observations at higitialpand spectral
resolution and the spectrally distinct snow vegetasignal it is possible to explore the spatial
and spectral dynamics of Minnadrat the forest stand scale. Though Koetz et aDgp8@ave
demonstrated that to some extent structural pasmeéan be related to thkgparameter at the
CHRIS subpixel scale, the spectral dependencyesethelationships has not yet received full
attention. We therefore formulated two researchedbjes: 1) to evaluate the spectral
dependency of the Minnaektparameter retrieved from coniferous stands dwwimder, and
2) to interpret the parameter’'s underlying wavetbrdppendent biophysical meaning. Both
objectives were intended to elucidate the anisatropflectance properties of forested
surfaces recorded with a high spatial resolutiomsse like CHRIS. This improved
understanding is useful, for example, to serve asbemchmark for interpreting
spectrodirectional (combined spectral and multicdag data and to trigger new methods that
exploit the angular domain in a more physicallydsha/ay.

4.2. Biophysical interpretation of Minnaert- Kk

The RPV model provides a phenomenological desonpdf the target's anisotropy, without
attempting to assign it to specific physical caumegrocesses. As such, it is an empirical and
efficient parametric representation of that surfpogperty. The RPV model splits the BRF
field for a given wavelength)lf into a scalar amplitude componept)(and an associated
directional component describing the anisotropyhefsurface (Rahman et al., 1993; Pinty et
al., 2002). The directional component is expressedhe product of three functions: 1) the
modified Minnaert functionk) that controls the curvature of the scatteringmeg 2) the
Henyey-Greenstein functio®] that controls the degree of forward and backvsattering
regimes, and 3) an optional hotspot descriptortfandp.). The algorithms underlying each
of the parameters are documented in the above-omeati publications. The empirical
parameterk of the Minnaert’s function (Minnaert, 1941) is pautarly interesting, since it
quantifies the extent to which the angular variaion the BRF pattern resemble a “bell-
shaped” or “bowl-shaped” pattern. It has been pmotlgat under favorable illumination

64



Minnaert-k retrieval

conditions and large background brightness, theaillangattern is largely controlled by the

physical properties and geometric arrangementiseoplant elements (Widlowski et al., 2001;

Pinty et al., 2002). This means that the angulgmagure for a single wavelength of a pixel as
measured by a multi-angular sensor can be diagnfostihe assessment of subpixel structural
surface properties, if there is sufficient contrastween the darker overstory and brighter
background.

Coniferous forests commonly appear darker in th® Kgion than deciduous forests, due
to the strong internal shadowing caused by clumgfigcts and the relatively high light
absorption capacity of needles (Smolander & Stanl#503). The dark, elongated coniferous
trees in conjunction with a bright snow backgrouméan that boreal or alpine winter
landscapes offer ideal conditions for Minndegnalysis. Given a sufficiently low solar zenith
angle (i.e. <60°, Koetz et al., 2006) and no smamwer on tree branches, the following
situations can occur in coniferous stands duringevi

e Surfaces that are brighter at large oblique viewangles in forward and backward
scattering directions lead to a bowl-shaped rediem® anisotropy pattern. Enhanced
scattering towards larger zenith angles typicalcurss in case of closed and
structurally homogeneous forests or in case oflsitayer surfaces, such as bare soil
or snow cover. Bowl-shaped anisotropy patternslresi values smaller than 1.

» Conversely, surfaces that are brighter at nadiwivig angle than at oblique viewing
angles lead to the inverse pattern: a bell-shapéldctance anisotropy pattern. In
open, vertically elongated canopies, the contrdsutdf uncollided radiation to the
total signal (i.e. the fraction of radiation thashtravelled through the gaps of the
canopy layer and has been scattered by the bactkdjronly; Pinty et al., 2004), is
maximized at nadir viewing angle, while at greatenith angles it is intercepted by
the tall trees. Bell-shaped anisotropy patterngltr@sk values larger than 1.

e Surfaces that exhibit Lambertian reflectance,the. amount of scattered radiation is
the same in all directions, result ik aalue of 1.

The Minnaertk value can thus essentially be used as a proxydoopy heterogeneity
simply based on canopy closure and fluctuationh&amount of scattering and absorbing
material at one specific wavelength. It has beemwshto be successful for characterizing
structural heterogeneity of canopies over snow i(NN@004). In this paper we evaluate the
Minnaertk parameter in relation to canopy structure in thel VNIR spectral domain.
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4.3. Test site

The chosen test site was an Alpine valley, the pdsa valley, in the Swiss National Park in
the Engadine region, south-east Switzerland (1@81B/ 46°3945"N). The Ofenpass
represents a dry inner-alpine valley with limiteggpitation (900-1100 mm/y) at an average
altitude of about 1900 m asl. Two subalpine ec&syst— a coniferous old-growth forest and
a meadow — dominate the south-facing slope. Thesfois dominated by mountain pine
(Pinus Montanaspp.arboreg and some stone pinBifus cembratree species. These forest
stands can be classified as woodland associatiahg Erico-Pinetum mugtype, typified by
relatively open discontinuous stands. The foreaty in topography, openness, tree clumping,
leaf area index (LAI) and woodiness (Ko6tz et aDp2; Verrelst et al., 2008b). The south-
facing valley floor of the Ofenpass valley was ddased to be the core test site. Stand
variables of the core test site are provided inl§ dhil.

Table 4.1: Stand variables for the core “Ofenpasst site (south-facing valley floor). Data werdlexed
during the SPREAD field campaign (Kétz et al., 200rsdorf et al., 2004).

Variable Unit Generic field observations
Stand structure

Stand age years 165-200

Tree height m 11.93+29

Crown radius m 0.88

Crown base m 7.0

Stand density treest/ha 790250 (>12 cm DBH)

Within-crown structure

Crown LAl ne/m? 1.5-4.5
Crown photosynthetic % 60-90
vegetation

4.4. CHRIS data

PROBA is an experimental ESA platform that enalflé$RIS to capture near-concurrent
multiple views of a surface at a time. CHRIS usks satellite’s tilting and pointing
capabilities in along-track and across-track dioed, allowing the acquisition of up to five
images during a few minutes (Barnsley et al., 2004)RIS can be operated in five different
modes, with different combinations of band confagion (number, center location and width)
and spatial resolution for specific applicationg(@erosols, land or water).

A set of CHRIS mode 5 “land” images were acquiredrahe Swiss National Park site on
March 17, 2007, near noon local time (11:34h lotale) under cloud-free conditions.
Mode 5 is configured in CHRIS’s best spatial resolu (hominally ~17 m) and spectral
resolution (37 narrow spectral bands with bandvadih 6-33 nm located between 438 nm
and 1036 nm). Its specifications are summarizedahble 4.2. The large number of spectral
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bands enables, among other things, the anisotspactral behavior to be examined in the
transition zone between the visible and near ieftathe “red edge”, as there are eight CHRIS
bands in the spectral domain ranging from-780 nm. Several mono-angular nadir studies
have shown that measurements based on the red muokjgon correlated well with
biophysical variables at canopy scale, such as(eAj. Clevers et al., 2002). However, only
scant attention has been paid to what goes oneirditiectional domain of the red edge, i.e.
how the curvature of the anisotropic reflectanepoads to canopy structure.

The acquisition date was chosen to ensure thabw sarpet was still present while the sun
position was already acceptably high at noon (senitlz 50°, azimuth 161°). The solar
position can be regarded as constant for all fitHRES fly-by zenith angles, since the time
elapsed between the first and last recordings dutie satellite overpass was less than two
minutes. In the current along-track pointing coafafion, the fly-by zenith angles are
equivalent to the nominal viewing zenith angles A/R°, +36°, £55°). Due to its narrow
field of view (FOV), however, CHRIS is only occasally able to acquire a target at nominal
view angle. PROBA must be tilted so that the tamgeta falls within the sensor's FOV
(Barnsley et al., 2004). This means that the aahaérvation angles at which the images are
acquired may deviate from the nominal view anghes. example, the nominal nadir camera
position happened to be pointed in a forward VZA21°.

The exact viewing geometries of all five CHRISwiangles and the sun position are
shown in the polar plot of Figure 4.1. The CHRISagas were captured near the principal
plane; the forward-pointing +36° view zenith angigpened to be positioned right within the
solar principal plane. A subset of the near-nagliage of the Ofenpass valley overpass is
depicted in Figure 4.2. The dark parts in the fgare the forest vegetation; the white patch
within the dark forest represents a snow-covereddow. Note that the snow quality also
influences the shape of the reflectance anisotpgiterns (Warren et al., 1998; Painter and
Dozier, 2004). From snow and weather informatioovted by the Swiss Federal Institute
for Snow and Avalanche Research (SLF) we know taas no snowfall that week in the
Engadine region (14.03.20Q[77.03.2007: no snowfall, cloud-free). This was atsued
during a field visit to the region during the CHRPROBA overflight. Snow on the branches
of the trees had melted, which means that strgplgaking the “snow-covered forest” had
snow on the ground, but not on the trees. Follovargpmparison of spectral signatures with
spectral signatures in the John Hopkins spectredity (Salisbury et al., 1994) the snow grain
size diameter was assessed as medium. Hardly atialspariation in snow grain size was
noted.
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Table 4.2: CHRIS specifications for Land Mode 5.

Sampling Image area  View angles Spectral  Spectral
bands range
~17m@ 13x13km 5nominal 37 bands of 438-1036 nm
556 km (766 x 748  angles @ 6-33nm
altitude pixels) 0°, £36°, width
+55°
0
330 30
300 60
nadir (17 March
2007) @ 0
nadir (27 June 40
270 2004) 90
240 120
-36° o
210 ® 55 sun (17 MaXch 150

PP

Figure 4.1: Polar plot of illumination geometry (&%) and CHRIS image acquisition as of March20Q7 ),
and nadir acquisition geometry as of June 27, Z\)4 The nominal —55° view zenith angle missegl tist site.

PP: Principal Plane.
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Figure 4.2: RGB subset of the geometrically andoaherically corrected CHRIS/PROBA nadir scene aiedu
over the Swiss National Park study site on March2DD7. The Ofenpass valley stretches from upgertde
below right of the image. The square indicatescihie test site. The white part within the squarthés snow-
covered meadow. The pink color on the mountain i®gaturation effect. R: 631 nm, G: 550 nm, B: 442

4.5. Methods of data analysis

The angular CHRIS scenes were corrected followmagproach for rugged, mountainous
terrain (Kneubuhler et al., 2005). A parametric rapggph for geometric correction of each
CHRIS acquisition (up to 5 viewing angles) was a&ajlit was based on a 3D physical model
(Toutin, 2004). The method allowed us to achieyghlgeometric accuracy with a geolocation
uncertainty of about half a pixel across and altagk when using a digital terrain model
(DTM; Swisstopo) with 2 m resolution (Schlapferagét 2003). Regrettably, as a consequence
of the reduced spatial footprint, the backward-pogh—55° view zenith angle just missed the
test site. The remaining four images were atmosgdir corrected using a freely available
MODTRAN-based atmospheric correction module (Guaeteal., 2005a) implemented in the
Basic ERS & Envisat (A)ATSR and Meris (BEAM) Toolbqhttp://www.brockmann-
consult.de/beam) that has been specifically deeeldpr correcting CHRIS images (Guanter
et al., 2007). The method is designed to automnibtidarive aerosol loading, columnar water
vapor and surface reflectance from CHRIS data, elt ag to update CHRIS's spectral and
radiometric calibration parameters when necessanaliter et al., 2005a). The preprocessing
efforts resulted in geometrically corrected imagéshemispherical-directional-reflectance-
factor (HDRF) data (Schaepman-Strub et al., 2006)spatial resolution of 18 m. The bands
in the blue part of the spectrum (442 and 489 nerewemoved from the analysis, because of
significant atmospheric scattering in the blue Bamd CHRIS (Guanter et al., 2004).
Moreover, bands close to the atmospheric water rvapsorption band at 940 nm (CHRIS
bands at 925, 940 and 955 nm) were also omitted ftather analysis. For all remaining
32 bands the Minnaektparameter was calculated.
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45.1. Minnaert-k retrieval

For each pixel, the Minnaekt-parameter was retrieved by inverting the RahfRarty-
Verstraete (RPV) model by using the RPVinversiose®tware package (Lavergne et al.,
2007). The inversion method is documented in Golamuh Lajas (2002). The package offers
a number of features, including the complete assestsof the measurement-model mismatch
covariance matrix and the option of operating adjsbftware codes derived from automatic
differentiation techniques. This allowed us to parf the inversion of the nonlinear RPV
model under the classical Bayesian approach innaenagally and computationally efficient
manner, while at the same time generating an uathiastimation of the Probability Density
Functions (PDFs) for the parameters retrieved. pdekage implements the inverse model for
two versions of the model: the standard versiongi8i parameters and an extra version with
the hot spot parameter in addition. The hotspoarpater is only required to improve the
representation of the hotspot when illumination ax$ervation geometries close to the
hotspot are present. In the observed winter scér@HRIS, this configuration was not of
importance. The RPVinversion-3 procedure thus teduh sets of RPV parameteys, (K,
and ®) and additional information on the accuracy of flieexpressed by the’value.
Measured and modeled data were compared using thst (for a significance level= 0.05)

to evaluate the performance and the fit of the rhpdeameters. The smaller the value/of
the better is the correspondence between the CHHRIRF data and RPV-reconstructed
HDRF data, and thus the model performance.

4.5.2. Reference map

Simultaneous exploitation of the spectral and dioeal behavior of vegetation canopies
allows canopy biophysical and biochemical propsrte be assessed on the basis of subtle
changes in the reflectance signatures, and aiathe §me provides additional information on
canopy structure based on subtle changes in thelangignatures. Regarding the angular
signatures, it is of interest to identify the stural parameter that has most influence on the
reflectance anisotropy, so that the resulting meap lme used as reference for evaluating the
Minnaertk parameter. Widlowski et al. (2001) and Pinty et(2002) have already reported
the importance of the background contribution. Kalgire and Defourny (2004) concluded
that in forested landscapes, the horizontal arnawege of the trees and the stand density
influence the anisotropy of the canopy reflectammee than tree height and diameter. It has
been attempted to use LIDAR data to establish aiogiship with Minnaerk and structural
information (Koetz et al., 2005), but a LIDAR apaoh does not give information about the
background brightness. It therefore seems morecdbgb use an independent spectrally
derived forest cover map to assess the relationshiphe Minnaerk parameter. Since
illuminated snow and coniferous tree crowns arectsglly highly distinct (Vikhamar and
Solberg, 2003), a canopy cover map was generated fhe near-nadir CHRIS image by
applying linear spectral unmixing (LSU). LSU is eclhnique commonly applied to derive
canopy cover maps, including from high resolutipatgl data (Sabol et al., 2002; Chen et al.,
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2004). Canopy cover is defined as the percentagm (®-100%) of a grid cell that is covered
by plant canopy. LSU analysis was developed to m¢ose image pixels into their pure
constituents (Settle & Drake, 1993; Adams et &95), which under winter conditions means
vegetation and snow cover. LSU assumes that thectahce at pixel scale can be described
by a spectral mixture model in which a mixed speutis represented as a linear combination
of spectral endmembers (Eq. 4.1):

R :fvegetaliorl;R,vegetation-'_fsnowER,snow+gi (41)
under constraint ydgetationt fsnow=1 and >0, 4.2

where {egetaionand fnow are the fractions of vegetation and snow in thelpstudied,R the
reflectance of a pixel in band R, vegetation(R;, snow the reflectance of the vegetation (snow)
endmember in band andé; the residual error associated with bandhe unmixing was

forced to be fully constrained (Eq. 4.2). This gudeed a physical interpretation of the results,
since the fractions sum to 1 and all the fractiarespositive (Zurita-Milla et al., 2007). The fit
of the model can be assessed by the root meanesguar (RMSE):

PIRN

RMSE= bl—l" (4.3)
wherei is the number of bands used in the spectral umgixirhe full spectral domain
(excluding the bands we had removed) was usedrtoxuthie near-nadir image into these two
endmembers. The endmembers are depicted in Figde The snow endmember was
extracted from 16 fully snow-covered central meagoxels of the near-nadir CHRIS data.
Hardly any spectral variation was noted. The vageteendmember was extracted from 94
dense, fully vegetated forest cover pixels of tleeectest site, using summer near-nadir
CHRIS data (June 27, 2004; see Verrelst et al.820@r more information) to avoid
contamination from snow cover underneath the camaysr. As during summer the forest is
characterized by a vegetated understory (rejuvenaterubs), more spectral variation was
noted. Hence the averaged spectral variation rdesngbgeneric, photosynthetically active
vegetation signature. The CHRIS near-nadir viewgegmetry of the summer acquisition
precisely matched the CHRIS near-nadir viewing getoyn of the winter acquisition
(Figure 4.1). We know of no events (e.g. stormaj thay have significantly altered the forest
structure in the last few years. While recognizthg limitations of applying LSU at high
spatial resolution data due to multiple scattefimogn the targets (Borel & Gerstl, 1994), the
advantage lies in the technique’s fast calculaéiod compatibility. The unmixing quantified
the subpixel spectral contributions of overstoryam@ay cover and underlying snow cover
proportions on the basis of the spectral dimengibrmono-angular, near-nadir CHRIS
measurements, thereby minimizing uncertaintiededlto geolocation and spatial resampling.
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The unmixing approach for the forest site was tepigelwise on its uncertainty as expressed
by the RMSE. As there were only two endmembersRNSE values were consistently low
(around 0.016). The results were compared with mpiaeference data collected for four plots
(20 x 20 m) according to the VALERI protocol duririge Fire Spread and Mitigation
(SPREAD) campaign (Kotz et al. 2004; Morsdorf et &004). Consistent results were
obtained, with a slight overestimation of canopyeroof about 8% when compared with the
ground reference data.

= Forest vegetation (¥1SD)
0.8 ‘hhhﬂ_____ﬁ—-\v*\Hﬂ* Snow (£1SD)
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Wavelength [nm]

Figure 4.3: Snow and forest vegetation endmembetrsicded from near-nadir CHRIS images (average and
standard deviation). The small spikes in the snodneember are artifacts of the atmospheric corredjers.
comm. L. Guanter, 2009).

4.6. Results and discussion
4.6.1. Spectral exploration Minnaert-k maps

Minnaert-k maps were generated on a pixel-by-piBasis across all the used CHRIS
wavelengths. The wavelengths ranged from the gfg@d nm) to the NIR (1019 nm). Six of
these maps are shown in Figure 4.4. The accuracthefretrieval for each pixel was
calculated using thg® test. Despite the low number of angular samplinints, the RPV
model was able to fit the CHRIS angular signatui@sthe Ofenpass valley with high
accuracy for most of the pixels. The bgstesults were for the forest vegetation at theeyall
floor. Misfits at the 5% significance level typigabccurred along the forest edges, riverbeds
and along steep slopes, and in some bands over-ammved regions. In particular, the
sudden change in volumetric structure on the fereeadow interface led to unexpected
shapes of anisotropy. All pixels with a bad fit wefiltered out in further analysis.
Considering the Minnaek-retrievals, systematic and pronounced patternggadein both
the spatial and spectral dimensions. The excedsuw coloring at the shorter wavelengths
indicates an enhanced near-nadir scattering, wdieessive red coloring at the longer
wavelengths indicates a bowl-shaped anisotropy. Sdiees of Minnaerk-maps show that
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anisotropy patterns shift from predominantly bélaged patternk @ 1.0; in blue color tones)
at the shorter wavelengths towards predominantlyldshaped patternk & 1.0; in red color
tones) at the longer wavelengths. These maps atggest that the largest variability of bell
and bowl shapes is located around the red edgemne§or instance, in the 770 nm map,
patches of bell-shaped and bowl-shaped anisotraftgms emerged that seem to be related
to subpixel surface cover. The homogeneous norstede pixels (meadow) exhibit
pronounced bowl-shaped reflectance patterns, vthdee is a fair amount of variability in
Minnaertk parameter over the forest vegetation, suggestinglaionship with forest
structure at subpixel scale.

0 02 04 06 08 10 12 14 16 18 2

Figure 4.4: Minnaerk-maps for various CHRIS wavelengths. The white gixk those in which the reflectance
anisotropy of the CHRIS-HDRF data and the RPV-rstaicted HDRF data was significantly different.

A more systematic overview of the Minna&ridynamics along the spectral range of
CHRIS is provided in Figure 4.5. The figure presehe spectral dependency of thealues
averaged for the study site in conjunction withirtts¢éandard deviations: it can be seen that
these values decreased progressively towards lomgeglengths. This trend underlines the
strong spectral dependency of the Minn&eparameter. In the visible region, bell-shaped
reflectance anisotropy patterns dominate> (.0); the bright background controls the
reflectance of the entire scene at smaller zemtjtes (e.g. near-nadir), while at larger zenith
angles the absorbing properties of the coniferaesstcontrol the reflectance. Conversely, in
the NIR spectral region, bowl-shaped reflectandsatropy patterns dominat& € 1.0) due
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to enhanced transmission and multiple scatteringgases of NIR radiation throughout the
canopy (Sandmeier & Deering, 1999). As a consequenit these multiple scattering
processes, the brightness contrast between carmpgonents and background diminishes,
particularly further into the NIR. This leads towler k values that vary within a limited
numerical range in the NIR, which hampers the sspmar of different canopy structures,
although some spatially distinct features remasiblé. For instance, the riverbed (centre,
below) and the edges of the homogeneous snow-abveeadow exhibit a pronounced bell-
shape up to the 886 nm map, while at 997 nm theaspatterns remain visible bltvalues
hardly reach 1. The spatial patterns of contradbmgand highk values can be explained by
extreme topographic features, i.e. by slope ancaseffects, or by subpixel landscape
features with extreme spectral contrast, such adsr@r riverbeds transecting the area of
vertically elongated coniferous trees.
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Figure 4.5: Average Minnaektand standard deviation as a function of wavelengtinear trend line has been
added.

4.6.2. Biophysical interpretation Minnaert-k maps

As it became eminent that the Minnakenparameter is influenced by wavelength, our next
step was to analyze the parameter’s underlyingigalymeaning. For this analysis we used
CHRIS data on the forest on the south-facing vaflegr. Although most of the erratic,
mountainous terrain was excluded from the analgsiBtle variations in topography may still
lead to target occlusions or larger degrees ofoammpy and thus affect the inversion results.
Further interpretations of the retrieved model paters were therefore restricted to forested
areas on south-facing slopes with a maximum stesspoie7°. In an earlier study, tests on the
influence of topographic variables using multipkgnressions revealed that this approach
would sufficiently decouple the topographic effe@ferrelst et al., 2008b). We are therefore
justified in assuming that remaining surface amggwt is controlled predominantly by canopy
structure and density.
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Since the curvature of the angular signature styodgpends on the relative proportion of
scattering from the overstory and the backgrouhd,ihdependently derived canopy cover
map was used as a base map for the biophysicalatial. The canopy cover map was
stratified into seven canopy cover classes, staxtiith 20% and with subsequent increments
of 10%. Canopy cover classes lower than 40% arerrexf to as “sparse”, canopy cover
classes above 80% are referred to as “dense”, latieantervening canopy cover classes are
referred to as “medium dense”. No pixels in the@sZanopy cover class were included, as
most of them occurred along meadow and river edgbs. abrupt transition from flat,
homogeneous land cover types to more volumetrid tver types is known to significantly
impact the horizontal radiation fluxes (e.g. Widkkwet al., 2006). Hence, only pixels within
the continuous forest were used for further analyds an example, the performance of the
RPV inversion using the four viewing angles at 881 for these canopy cover classes and the
snow covered meadow is shown in Figure 4.6. Tlgigré shows the relationship between the
measured CHRIS-HDRF data, the RPV-reconstructed HEDRta, and the canopy cover
classes and pure snow pixels taken from the snaw@red meadow field. For the majority of
angular measurements a one-to-one relation wasdfowhich emphasizes the good
performance of the inversion. The angular measunésrinat deviated from the one-to-one
line tended to be the mid-angular measurements-(rahr and +34° VZA). This is because
not all pixels showed an unambiguous bell or bodpe, but instead tended to show an
irregular curvature, for which the RPV-reconstrdctdDRF values optimized a smoother
curvature in between the irregular values observed.
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Figure 4.6: Comparison of CHRIS-HDRF and RPV-retmiected HDRF at 631 nm for various canopy cover
classes.

Using canopy cover as a spatial mask, the aver®tiedaertk value was calculated for
each wavelength and canopy cover class (Figure Bh#) figure shows a systematic, gridded
overview of Minnaerik values plotted for the wavelengths recorded by GH&ong thex-
axis and the canopy cover along thaxis. Each grid cell represents the averaged Mirtsa
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value for a specific cover class and wavelength. &tew grid cells its associated averaged
angular signature is illustrated. The column of bers immediately to the right of the central
panel shows the number of pixels in each canopyrcolass. Note that 94% of the pixels
have a canopy cover of 60% or more. Only very fexelp with low canopy cover ( < 40%)
are available, potentially weakening the robustr#ghe results in this range; nevertheless,
the dynamics detected are sufficiently comprehenisithis figure.

Figure 4.7 demonstrates that the anisotropic spledtehavior is controlled by the
interactions between canopy cover and wavelengtie Tnderlying radiative transfer
dynamics that control the variations of the griddéainaertk results are further explained
with the help of the example figures illustratedhe four panels of Figure 4.8. These figures
display the spectral trajectories of the averageslodropic reflectance signatures for sparse (
20—-30%), medium dens@:(40-50% andii: 70-80%) and densé/( 80-90%) canopy cover
classes. As can be observed from figures 4.7 @)dcdnopy cover essentially determines the
importance of vegetated overstory and snow covétive to the total top of canopy
reflectance, and determines the curvature of tlgalan signature. For example, it controls
whether stand HDRFs peak at near-nadir zenith anglg. in case of open canopies) or at
higher zenith angles (e.g. in case of closed c&sppNot only the canopy density but also
wavelength controls the curvature of the angulgnaiure, and thus the value of tke
parameter. This will be demonstrated in the nestice.

For almost all canopy cover classes, the signaatreborter wavelengths are characterized
by bell-shaped patterns. Only the sparse canopgrqsee Figure 4.8a: 20—-30%) gave rise to
bowl-shaped anisotropy patterns. The absorptivpet@s of the sparse tree cover did not
exert sufficient influence to alter the surfaceviag bowl-shaped reflectance field into a bell-
shaped field. Instead, this bowl-shape remainedamged throughout the spectral domain.
The uncollided forward scattering of snow cover anffom the red edge onwards — some
contribution of multiple scattering due to sparssetcover led solely to enhanced HDRF
values at greater zenith angles. Because of thedmesunt of pixels, this class should
nevertheless be interpreted with caution.
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Figure 4.7: Averaged Minnaektvalues as a function of canopy cover and wavekerigte number of pixels per
canopy cover class is given and some examplesdjrifinal angular signatures are shown. The RGpsmots
for a given canopy cover (white square) are derfvech an HRSC (High Resolution Stereo Camera) aiiijr
in summer 2003. (lam= Lambertian)

At denser canopy cover the contribution of uncellidadiation scattered from the bright
snow background to the total reflectance is greéatiesear-nadir viewing angle and decreases
at larger zenith angles as it becomes obscurebebyartical trees, and therefore a bell-shaped
reflectance pattern results. Subsequently, whemetthieedge region is entered, a combination
of two independent dynamics at subpixel level aery effect on top of canopy reflectance
anisotropy: i) a systematic diminishing of scattered radiatiat £xits the snow background,
due to increased absorption by snow grains, andaf increase in multiple scattering
processes that govern the dispersion processead@tion exiting throughout the canopy.
Both processes tend to reduce the bell-shapedpattenore absorbing background starts to
mimic the reflectance pattern of vegetation, ardgh scattering of the foliage will enhance
the bowl-shaped pattern. In addition, the degreecariopy openness and background
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brightness will determine where in the spectral dona bell-shaped pattern will turn into a
bowl-shaped pattern.

These dynamics are clearly illustrated for canopyecs of 40-50% (Figure 4.8b) and 70—
80% (Figure 4.8c). Bell-shaped anisotropy signate prominently present in the visible
spectral region of both cover classes, and eveasr &ém red edge. At a certain wavelength, the
bright snow reflectance diminishing due to incregsabsorption at longer wavelengths is
however no longer able to provide maximum valuesnadller zenith angles. Induced by the
enhanced multiple scattering processes throughmutcanopy, which start to be important
from the red edge onwards, high reflectance vadtiéarger zenith angles become dominant:
a transition into a bowl shape takes place. Tlasdition will occur quicker at greater tree
cover, as then the influence of uncollided radmatfoom the bright snow background is
diminished while the multiple scattering effect® durther enhanced. At 40-50% canopy
cover a bell-shape holds until the early NIR (762 nthereafter, enhanced scattering at larger
zenith angles starts to lead to a bowl shape. Aselecanopy cover (70-80%), the shift from
a bell shape into a bowl shape happens more rapidlyalready at the beginning of the red
edge (at 716 nm).

Also, it is noteworthy that, despite the influenakea medium dense canopy cover, the
contributing snow reflectance still exerts a stranfluence on the spectral anisotropic
behavior. This is especially notable for the neadln data in the 900 nm region, where
reflectance values continue to drop.

At even denser canopy cover (between 80-90%; Figugd), the tree crowns are so
densely packed that the remaining uncollided raxharom the snow background is hardly
able to produce a bell-shaped pattern. Only inrdéldespectral range does sufficient brightness
contrast remain between the dark canopy and tlghtoibiackground. Yet, once the red edge
has been entered, the predominantly multiple swadteprocesses throughout the canopy
directly outperform the influence of single scatigrfrom the snow layer and cause a shift to
a bowl-shaped pattern.
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Figure 4.8: Averaged angular HDRF signatures foadopy cover classes (a: 20-30%; b: 40-50%; c: 0%:8
d: 80—-90%) with a color depending on the Minndevilue. Negative View Zenith Angles (VZA) represéms
backscattering directions, positive VZAs repregenvard scattering directions (lam= Lambertian).

4.6.3. Applications of Minnaert-k

Many studies have reported that the use of muljisbar data improves assessments of land
cover classes and canopy characteristics such @sncrcover, tree height, and LAl
(Abuelgasim et al., 1996; Bicheron et al., 1997a®Bvell et al., 2003; Sandmeier & Deering,
1999; Heiskanen, 2006; Liesenberg et al., 2006;/&/eb al., 2008). They have also amply
demonstrated that multi-angular data provide agidiéi information; however, all these
studies are based on a series of angular data tatistisal approaches without explicitly
separating the directional information content fribv@ spectral information content. The RPV
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model is particularly useful for exploring and etlating the independent contribution of the
angular domain. It is a simple model that allowst fdecomposition of the scattered radiation
into three parameters, of which the Minndegarameter relies solely on the curvature of the
reflectance anisotropy at a single wavelength. @wrk links the RPV’s Minnaerk-
parameter with a subpixel structural heterogenatyable (canopy cover) at the scale of the
CHRIS subpixel resolution over the full VNIR regiorcluding the critical red edge region.

In the initial work by Pinty et al. (2002) the usemeasurements in the red spectral region
was advocated, on the grounds that this is whersubpixel reflectance contrast between the
vertical, photosynthetically active coniferous ge@md the underlying soil cover is maximized.
But this assumes summer conditions, where maximughtness contrast with vegetation is
given by a bright bare soil. In a winter landscape, influence of the underlying bright snow
cover is considerably larger, i.e. significant btigess contrast continues throughout the red
edge. This greater brightness contrast led tordmesition from bell to bowl shapes moving
throughout the red edge towards the early NIR. Wank used multi-angular CHRIS data to
bring the findings of earlier theoretical and brbadd studies (e.g. Gobron & Lajas, 2002;
Pinty et al., 2002; Nolin 2004; Widlowski et al.0@L, 2004) into the field of imaging
spectrometry. Given the local character of the dag the results might be subject to
uncertainties related to the atmospheric correcpoocedure, the generation of the base
canopy cover map, and the solar zenith angle. Nesless, for a set gf-filtered pixels on
the valley floor it has been demonstrated that e and bowl shapes of reflectance
anisotropy as expressed by the Minn&gparameter is bounded by physical limitations, both
by wavelength as well as by canopy cover. For msathe bell-shaped patterns dominate
throughout the visible region and narrows down salimm canopy cover densities throughout
the red edge. Identification of such bell-shapegettory for a given overstory canopy and
background type along the spectral range may leatia selection of the most appropriate
wavelength for Minnaerk-mapping.

As a shift from bell to bowl shape takes placeha ted edge and early NIR regions as a
function of canopy cover, this is the critical regifor characterizing forest heterogeneity
under winter conditions. Inspection of Figure 4eveaals that for the given conditions,
promising results appeared at the end of the rgé éelg. 735 nm). In this region, blue color
tones typically indicate the presence of a hetereges surface type such as a forest cover
between 40-70%. Red color tones typically indicdte presence of a structurally
homogeneous surface, such as either a sparseotreeup to 40% or a dense tree cover with
a canopy cover over 70%. Moreover, as well as attdig canopy cover, the Minnad«t-
parameter may also act as vertical profiling prasthin a canopy: high k values ( >1.0, bell-
shaped) indicate the occurrence not only of gagcedf but also of vertical structures within a
pixel. For instance, the depth of the bell-shapadvature for a given canopy cover is
additionally controlled by tree height; i.e. talbriferous trees will result in a more
pronounced bell-shaped curvature compared to l@wigg plants (e.g. shrubs), because the
vertically elongated foliage clumps already obscthe background-leaving radiation at
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smaller zenith angles. Conversely, Ibwalues ( <1.0, bowl-shaped) characterize pixels in
which a vertical profile at the subpixel scale is@nt. This notion of vertical profiling makes
the Minnaertk parameter more distinctive than a canopy cover, ihg@povides a quantitative
indicator of vertical and horizontal heterogenedtl the subpixel scale. Research in this
direction was initiated by Widlowski et al. (20@004). Using a ray-tracing radiative transfer
model they attempted to relate the Minndegarameter to tree density and height. The
relationships found were subsequently tested ieah forest stand using a LIDAR dataset
(Koetz et al., 2005). Although multiple solutionsl @ccur for a singl& value (an example of
the well-known ill-posed problem), canopies withtdiegeneity in either horizontal or
vertical dimension were successfully discrimindtedn homogeneous canopies.

Our results coincide with the work of Kayitakiredaefourny (2004) that reflectance
anisotropy in the red edge and early NIR regiocriscal for canopy characterization. These
authors reported that the angular signatures ofewiemperate forest types not under snow
were significantly different at the red edge andRNvavelengths of CHRIS. They concluded
that canopy structure caused these spectral diifess but did not quantify the underlying
radiative transfer mechanisms. Progress in thisction was recently made by Rautiainen et
al. (2008) by using a radiative transfer model @RIS acquisitions during summer. Their
modeling results did identify the red edge domanrexeiving the largest contribution from
forest understory, and revealed that the more oelitpe view angle, the smaller the direct
contribution from the understory. Our work providas explanation of the underlying
mechanisms, e.g. why a shift in the curvaturefefanisotropy field occurs.

When the brightness contrast between overstory ukground is small (e.g. due to
understory) variations in angular signatures walertheless be more subtle. What will then
cause the main differences in reflectance anisgti®phe fraction of sensed shadow cast on
the background (Kayitakire & Defourny, 2004). Retiess of the type of background, these
studies all suggest that the red edge region hasmgstpotential for linking reflectance
anisotropy with subpixel surface heterogeneity.(eamopy cover, vertical profiling). Further
research needs to be done on the anisotropic ehaivihe red edge spectra in relation to
biophysical information content. Such research Wweél of interest for the design of future
airborne and space-borne multi-angular sensors.

Despite the good correlations found over flat, $ted surfaces, it should be taken into
account that several additional factors other @emopy closure are important in shaping the
reflectance anisotropy and hence in determiningktlparameter. The following potential
impediments can be identified) (nfluence of solar zenith angle (Pinty et al.02]) (i)
multiple targets contributing to a pixel's angufagnature, i.e. background other than snow
cover beneath the vegetation canopy (e.g. rockrapgc understory) or snow on trees;) (
snow quality affecting anisotropy patterns (Waretral., 1998);i¢) influence of horizontal
radiation fluxes due to the high spatial resolut@nCHRIS (Widlowski et al., 2006);v)
diminished co-registration quality at greater Zemibgles; andy{) topographic effects, which,
although largely decoupled, may still occur (Koetal., 2005; Kneubuhler et al., 2008). The
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topographic effects in particular impede the robess of using the Minnaektparameter as a
bio-indicator, because the presence of topographyl€ad to enhancement or attenuation of
reflectance anisotropy patterns (Schaaf et al.4)L99

To overcome the influence of the horizontal radmatiluxes, an alternative may be to up-
scale from stand to landscape scale, i.e. by usatg from coarser spatial resolution multi-
angular sensors such as MISR (275 m in red). Withuse of MISR data the influence of
horizontal radiation fluxes will be exceeded by th#luence of the vertical fluxes of the
larger surface covered by a pixel (Widlowski et 2006). However, with MISR data not only
variation in canopy cover but also variation indgmphy and additional land cover types (e.g.
rocks, roads, rivers) governs reflectance anisgtraipthe sensor subpixel scale. Then the
subtle variations in anisotropy patterns invoked Wsgetation structure tend to be
outperformed by the landscape-scale variationsfiegtance anisotropy (e.g. due to riverbeds)
(Pinty et al., 2002).

The fact that the red color tones in Figure 4. Aeshaped anisotropy patterris< 1.0)
either represent an open snow-covered surface dense canopy cover poses another
constraint to the interpretation bfvalues. To overcome this constraint, an optionld/de to
combine the Minnaeit- map with the spectral dimension of the RPV modeb.( the
amplitude parameter) so that vegetation spectraeeaily be discriminated from the snow
spectra. Another option is to combine the Minn&enap with an independently derived
canopy cover map. Spectrodirectional CHRIS datgpargcularly useful for generating both
kinds of maps, e.g. by applying LSU in the spedti@nain and Minnaei-retrieval in the
directional domain. Merging both products may vyisltbpixel information beyond what is
possible from single-source datasets.

4.7. Conclusions

So far, there has been no widespread developmeapmiications making use of both the
angular and spectral domains. This paper linksoamuigic reflectance signatures of a forested
surface as observed from space with forest 3D-bgésreity at subpixel scale in the spectral
domain. We used spectrodirectional CHRIS data abarhte the exploitation of reflectance
anisotropy and more specifically addressed the tsgiedependency of the Minnad«t-
parameter as measured over a coniferous forest.I€HRages of a coniferous forest
acquired during winter were found particularly wdefor evaluating the underlying
biophysical information content embedded in theudsngdomain. The Minnaek-parameter
pixelwise mapped variation in anisotropic reflecarof the forest vegetation across the
CHRIS bands. For the set of pixels analyzed, atsgBedriven transition in reflectance
anisotropy emerged: from predominantly bell-shapedsotropy patterns in the visible
spectral region towards predominantly bowl-shapedadropy patterns in the NIR spectral
region. Due to the underlying bright snow coveg thansition from bell to bowl shape for
heterogeneous canopies with a canopy cover bet@@eB0% was found somewhere in the
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red edge region: the exact spectral position of stvich from bell to bowl shape was
controlled by canopy cover. At 735 nm, medium canopver (40—70%) typically led to bell-
shaped anisotropy patterns, while canopy coversvieae sparse or dense typically led to
bowl-shaped reflectance anisotropy patterns. In, twhen the background is less bright than
snow cover, then the switch from bell to bowl shegpexpected to occur earlier in the spectral
domain due to a reduced brightness contrast. Hurtsearch is required to evaluate the
inherently embedded biophysical information contehtreflectance anisotropy in the full
spectral domain under non-snow conditions, e.gndisummer. In addition, further attempts
should be made to link subtle variations in canggfiectance anisotropy with more specific
structural parameters, such as crown diameterraacheight.
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Merging the Minnaert- k parameter with spectral unmixing
to map forest heterogeneity with CHRIS/PROBA data

Abstract

CHRIS (Compact High Resolution Imaging Spectrometaounted onboard the PROBA
(Project for On-board Autonomy) spacecraft is cépalh sampling reflected radiation at five
viewing angles over the visible and near-infraredions of the solar spectrum with high
spatial resolution. We combined the spectral domaih the angular domain of CHRIS data
in order to map the horizontal and vertical heteragty of an Alpine coniferous forest during
winter. In the spectral domain, linear spectral mmg of the nadir image resulted in a
canopy cover map. In the angular domain, pixelwiseersion of the Rahman—Pinty—
Verstraete (RPV) model at a single wavelength atréd edge (722 nm) yielded a map of the
Minnaertk parameter that provided information on surface rogieneity at subpixel scale.
However, the interpretation of the Minnak&rtparameter is not always straightforward,
because fully vegetated targets typically prodimedame type of reflectance anisotropy as
non-vegetated targets. Merging both maps resultedforest cover heterogeneity map, which
contains more detailed information on canopy heteneity at the CHRIS subpixel scale than
is possible to realize from a single-source data se

Keywords: hyperspectral, multi-angular, CHRIS, reflectancesainopy, forest heterogeneity
mapping
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5.1. Introduction

The measured reflected solar radiation of boredl Alpine forests under winter conditions
depends on the wavelength and the proportions oWwscover and plant canopy cover
detected by a sensor (Vikhamar and Solberg, 200Bese proportions depend on
illumination and viewing angle, topography, andustural canopy properties such as tree
density, canopy geometry, and gap fraction. Coresattyy the reflected radiation can be
sampled by a space-borne optical sensor eithehenspectral domain, i.e. at multiple
wavelengths, or in the angular domain, i.e. atotexiviewing angles, or as a combination of
both. Though the inferring of information on theréstrial surface from reflectance data
sampled in the spectral domain has been extensstelyied in the last forty years, e.qg.
through image classification (Lu and Weng, 200pgcs$ral vegetation indices (Glenn et al.,
2008), surface reflectance models (e.g. VerhoeB41Y¥erstraete et al., 1993), or spectral
mixture analysis (e.g. Roberts et al., 1993), aersibly less research has been done on
exploiting reflectance data sampled in the anguamain for mapping applications
(Schaepman, 2007).

With the advent of multi-angular Earth observings®s (Diner et al., 1999; Barnsley et al.,
2004) and the development of surface reflectancaéetsde.g. Verhoef, 1984; Verstraete et al.,
1993), physically-based attempts were undertakeretideve canopy characteristics from
multi-angular reflectance data. Among the surfaeffectance models, the Rahman—Pinty—
Verstraete (RPV) parametric model (Rahman et &@93) is particularly suitable for
estimating reflectance anisotropy, because it stesl the bidirectional reflectance
distribution function (BRDF) of an arbitrary landréace on the basis of three parameters. Of
these parameters, the k parameter is of particolarest as it describes most of the angular
variation related to surface reflectance anisotr@Pwty et al., 2002). Pinty et al. (2002)
theoretically demonstrated that the Minndegiarameter contains information on subpixel
heterogeneity, particularly when a low solar zeratigle is present in combination with a
bright background. Their work has been corrobordtgdther studies, e.g. on forest areas
underlain by a snowpack (Nolin et al., 2004; Kasttal., 2005; Verrelst et al., 2009b).

In 2001, the European Space Agency (ESA) launchedekperimental satellite sensor
CHRIS (Compact High Resolution Imaging Spectromebaboard the PROBA (Project for
On-board Autonomy) spacecraft. The imaging speattemcaptures quasi-instantaneously a
series of five angular images of a terrestrialatefat a high spatial resolution (~17 m) during
the same orbit. CHRIS is capable of sampling theatropic behavior of the reflected solar
radiation in up to 62 narrow spectral bands ovenvisible and near-infrared (VNIR) regions
of the electromagnetic spectrum (400-1050 nm) (8ayret al., 2004).

To ascertain the capability of CHRIS for measurefiectance anisotropy in the VNIR, an
old-growth alpine forest stand in the Swiss Alpswhaosen as a test site (Schaepman et al.,
2004). It was overflown by CHRIS/PROBA on March 2D07. On this day, the snow had
melted from the tree canopy but the forest floos wtll covered by a thick pack of snow,
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which spectrally simplified the image: dark overgteegetation underlain by a bright snow-
covered background. The concurrent spectrodiregti@mombined spectral and multi-angular)
observations of a spectrally simplified landscapea aigh spatial and spectral resolution
makes it possible to explore the spatial, spectradl angular information content of
spectrodirectional measurements to the fullest.

In the spectral domain, a widely applied techniguknear spectral unmixing (Plaza et al.,
2004). It works particularly well in discriminatingegetation from snow cover, thereby
generating a canopy cover map (Verrelst et al.,98D0Canopy cover is defined as the
percentage (from 0-100%) of a grid cell that isezed by a vegetation canopy. Linear
unmixing techniques, however, are unable to proindlarmation on the vertical distribution
or 3D distribution of canopy cover, so cannot réwaaether the canopy cover is of tall trees
or short vegetation.

In the angular domain, a simple technique for oltg information on surface reflectance
anisotropy is retrieval of the Minnadttparameter from the RPV model. Although the
Minnaertk parameter makes it possible to map variationsuippixel heterogeneity, the
interpretation of the parameter is limited by vasdgofactors, such as the parameter’s
dependence on solar zenith angle, background beghkt and topography (Pinty et al., 2002;
Koetz et al., 2005). Further, the practical apflitty of the Minnaertk parameter is not
always straightforward. Surfaces that behave ragigtlike turbid media (typically, they are
either fully vegetated or non-vegetated surface=gult in a bowl-shaped reflectance
anisotropy pattern (Pinty et al., 2002), and thasnot be directly discriminated from each
other. A possible way to overcome this and to inapréorest heterogeneity mapping is to
merge Minnaerk information with the information content obtainedm the spectral domain.
The two aims of the study we describe here wereetbee: 1) to merge the Minnadetmap
with a spectrally-derived canopy cover map, ando2ascertain whether the resulting map
contains more valuable information related to cgnsfoucture at the CHRIS subpixel scale
than the single-source maps.

5.2. Biophysical interpretation of Minnaert-  k

The RPV model provides a description of the tasgeé€flectance anisotropy, without
attempting to assign it to specific physical caumegrocesses. As such, it is an empirical and
efficient parametric representation of that surfpogperty (Rahman et al., 1993; Pinty et al.,
2002). The RPV model splits the scattered radidirld for a given wavelength into a scalar
amplitude component and an associated directioo@ponent describing the anisotropy of
the surface (Rahman et al., 1993; Pinty et al.,2200he directional component of the
reflectance function is expressed as the produthret functions:i the modified Minnaert
function k that controls the curvature (e.g. the degree ofvexity or concavity), i() a
parameter that controls the degree of forward aamkward scattering regimes, anil)(an
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optional hotspot descriptor function. The underyalgorithms for each of the parameters are
documented in (Rahman et al., 1993; Pinty et 8D22.

Under favorable conditions of illumination and bgakund brightness, the angular pattern
is largely controlled by the physical propertiesd ageometrical arrangements of the plant
elements that constitute the terrestrial surfaPasty et al., 2002). This means that the angular
signature of a pixel at a single wavelength as omealsby a multi-angular sensor can be
diagnostic for the assessment of subpixel strukctundace properties when there is sufficient
difference in brightness between the overstorylmaakground.

Coniferous forests commonly appear darker thanddecis forests, due to the strong
internal shadowing caused by clumping effects amel relatively high light absorption
capacity of needle foliage (Smolander & Stenbef@f)3}. In coniferous stands in winter the
following situations can occur: A surface that rigbter at large oblique viewing angles in
forward and backward scattering directions leada tbowl-shaped” reflectance anisotropy
pattern. A bowl-shaped anisotropy pattern resuitsa ik value smaller than 1. This is a
common situation for more homogeneous surface sov€pnversely, a surface that is
brighter at nadir viewing angle than at obliquewireg angles leads to the inverse pattern: a
“bell-shaped” reflectance anisotropy pattern. Aldsebped anisotropy pattern results in a
k value larger than 1. This is a common situatianofeen, vertically elongated canopies with
a bright background. Finally, a surface that exkibambertian reflectance, i.e. the amount of
scattered radiation is the same in all directioasults in & value of 1 (Pinty et al., 2002).

The Minnaertk parameter can thus be used as a bio-indicatocdnopy heterogeneity
simply on the basis of canopy closure and fluctuestiin the amount of scattering and
absorbing material at one specific wavelength gPattal., 2002; Nolin, 2004; Verrelst et al.,
2009b). Whilek values in excess of 1 are generated by targetsexgbit vertical structures
and 3D effectsk values less than 1 are typically associated wellgets that behave
radiatively like turbid media. As a result, thgparameter is of limited use for discriminating
homogeneous surface covers (e.g., it may charaetaither very sparse or very dense
canopies).

To overcome this limitation and to improve subpiketerogeneity mapping, we proposed
to combine the Minnaek-parameter to canopy cover derived from the spedwenain.
Kayitakire and Defourny (2004) concluded that irrekied landscapes, the horizontal
arrangement of the trees and the stand densityeindle the angular component of the
reflectance more than tree height and diameter.coh&ibution of the background brightness
Is another crucial factor in governing the shapeefiectance anisotropy (Pinty et al., 2002).
It therefore seems logical to derive a canopy covap and combine that with the Minnakrt-
map. Since illuminated snow and conifer tree croangsspectrally highly separable, we used
linear spectral unmixing (LSU) of the spectral dimsien of the nadir CHRIS data for this
purpose.
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5.3. Methodology
5.3.1. Test site and CHRIS data

An Alpine valley, the Ofenpass valley, located he tSwiss National Park, South East
Switzerland (10°138"E/ 46°3%45"N), was chosen as test site. The valley is chaiaeteby

a coniferous old-growth forest and patches of Adpimeadow. The forest can be classified as
woodland associations of therico-Pinetum mugaype typified by relatively open and
discontinuous stands. The forests vary in topograppenness, tree clumping, leaf area index
(LAI) and woodiness. The south-facing valley fladrthe Ofenpass valley was considered to
be the core test site (Figure 5.1).

i i ¥ d
Figure 5.1: Subset of the geometrically and atmespally corrected CHRIS nadir scene acquired dier
Swiss National Park study site on March 17, 200% Ofenpass valley stretches from top left to bottimht of
the image. The whitish parts are snow-covered medadds or mountaintops. The square marks the test
site.

A series of CHRIS mode 5 “land” images was acquoedr the Swiss National Park on
March 17, 2007, near noon local time (11:34h Idaak; sun zenith: 50°, azimuth: 161°)
under cloud-free conditions. Mode 5 is configured CHRIS’s best spatial resolution
(nominally ~17 m) and spectral resolution (37 narfoands with bandwidths of-83 nm
located between 438 nm and 1036 nm). The acquisdete was chosen to ensure that a
carpet of snow was still present while the sun tpmsiwas already acceptably high at noon
for the purpose of Minnaektretrievals. The solar position can be regardecastant for all
five CHRIS Fly-by Zenith Angles (FZA), since theages are instantly recorded during the
satellite overpass. In the current along-track fignconfiguration, the FZA is equivalent to
the nominal viewing angles (0°, £36°, +55°). Duatsonarrow field of view (FOV), however,
CHRIS is only occasionally able to acquire a taagetominal viewing angle. PROBA must
be tilted so that the target area falls within gensor FOV. This means that the actual
observation angles at which the images are acqunag deviate from the nominal viewing
angles. For example, the nominal nadir cameraipasippeared to be pointing in a forward
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view zenith angle of +21°. A subset of the nearinedage of the Ofenpass valley overpass
is depicted in Figure 5.1. The dark areas in theré are the forest vegetation; the white patch
within the dark forest represents a snow-covereddow. Snow on the branches of the trees
had melted, so in this case, “snow-covered fonestrs to snow covering the ground but not
the trees.

Unfortunately the backward-pointing —55° view zhrgingle just missed the test site. The
angular CHRIS scenes of the remaining four imageseweometrically corrected following
an approach for rugged, mountainous terrain (Knblgoiet al., 2005) and were subsequently
atmospherically corrected using a freely availdd@DTRAN-based procedure implemented
in the BEAM toolbox (http://www.brockmann-consulé/deam) that has been specifically
developed for correcting CHRIS images (Guanterlgt2005a). The end-to-end module
simultaneously derives a set of calibration coedfits and an estimation of water vapor
content and aerosol optical thickness from the datanselves. The preprocessing efforts
resulted in geometrically corrected images of hehesical-directional-reflectance-factor
(HDRF, see Schaepman-Strub et al., 2006) dataspt@al resolution of 18 m. We did not
include the bands in the blue part of the spectf4#h2 and 489 nm) in our analysis, because
of significant atmospheric scattering in the blands of CHRIS (Guanter et al., 2004). The
bands close to the atmospheric water vapor absorpaind at 940 nm (CHRIS bands at 925,
940 and 955 nm) were also omitted from further ygsisl

5.3.2. Spectral and angular information

In the spectral domain, the reflectance of a pteel be described by a spectral mixture model
in which a mixed spectrum is represented as ardic@abination of pure vegetation and snow
spectra (Eq. 5.1 & 5.2):

R = fvegetatiorl R,vegetation+ fsnow[ R,snow+ gl (5 " l)
under the constraint yefetationt fsnow= 1 and f>0, (5.2)

where f{egetaionand fnow are the fractions of vegetation and snow in thelpstudied,R the
reflectance of a pixel in band R vegetaion(R;, snow the reflectance of the vegetation (snow)
endmember in band andg the residual error associated with bandrhe full spectral

domain (excluding the bands we had removed) wad tssdecompose the near-nadir image
into fractions of these two endmembers. Hence t8B& lquantified the subpixel spectral

contributions of canopy and underlying snow sotelythe basis of mono-angular, near-nadir
spectral measurements. The unmixing approach ferfdinest site was accompanied by
uncertainty, expressed by the root mean square @MSE). Due to the spectrally simplified

landscape the RMSE values were consistently lowu@a 0.016). The results of the

unmixing were compared with ground reference daidected following the VALERI
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protocol during the Fire Spread and Mitigation (E#A®) campaign (Koétz et al., 2004;
Morsdorf et al., 2004). Consistent results wereamigid by LSU, though the canopy cover
was systematically overestimated by about 8% bypasieon with the ground reference data.
The canopy cover map was subsequently stratifieddanopy cover classes with increments
of 10%, starting from 0% (full snow cover).

In the angular domain, reflectance anisotropy waantjfied by means of the Minnaét-
parameter. Pixelwise retrieval of the Minnalegarameter through RPV model inversion was
achieved using the RPVinversion-3 software packageergne et al., 2007). The inversion
method is documented in (Gobron & Lajas, 2002). Paekage implements the inverse
model for two versions of the model, with or withdhe hotspot parameter. The hotspot
parameter is only required to improve the represemnt of the hotspot when illumination and
observation geometries close to the hotspot arsepte In the observed winter scene of
CHRIS, this configuration was not of importance.nkbhertk maps were generated on a
pixel-by-pixel basis across all the used CHRIS iawgths. Using canopy cover classes as a
spatial mask, averaged Minnakriralues were calculated per class across the CHERA8S.

In this way the Minnaerk-parameter can be systematically related to wagéteand canopy
cover.

The Minnaertk maps across the CHRIS bands and the canopy cowegr were
subsequently used to select the wavelength at whigtbest relationship between both data
sources can be established. Given that low Minfaeatues k < 1) are expected at both very
sparse and dense canopy covers (homogeneous sudeees), and high valuek % 1) at
medium dense covers (heterogeneous surface cowersgdxpected a quadratic trend. It has
been demonstrated that given a bright backgroumssitch from bell to bowl shape is most
likely to occur somewhere in the red edge (Verretsl., 2009b). CHRIS in mode 5, with its
eight bands in the red edge, provides an excelbasis for selecting an appropriate
wavelength. We based the selection of the waveteaigtvhich the best relationship between
canopy cover map and Minnad&tmap occurred on the Pearson’s squared correlation
coefficient of the quadratic-polynomial fit and dhtest to test the significance of the
relationships.

The advantage of CHRIS is that its multidimensigpatan be exploited to map forest
cover heterogeneity at the CHRIS subpixel scaleecBpdirectional CHRIS data are
particularly useful for generating two kinds of majn the angular domain the data allow
Minnaertk retrieval to be applied for a given wavelength ibyerting the RPV model,
whereas in the spectral domain the data allow L& Uet applied for a given viewing angle.
We then merged both independently-derived maps gt Minnaert krgg) / 2, to create a
new data layern addition, the original horizontal and vertical@r bars associated with the
canopy cover and Minnaektmaps were likewise converted to an RGB repredentand
merged to a 2D legend with canopy cover inxiterection and Minnaeiit-in they direction
(cf., Figure 5.8B).
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5.4. Results and discussion

5.4.1. Linear umixing

The canopy cover map generated from the nadir igdelmain is displayed in Figure 5.2. Its
frequency distribution is displayed in Figure 5Ihe white spot on the right represents a
snow-covered meadow. The histogram shows that anfew pixels with low densities
(< 40%) were present, usually at the edge of tkadow and as gaps within the forest. The
histogram also indicates that the canopy cover astrof the pixels is between 60 and 90%,
which is typical for an Alpine forest stand (segufe 5.3). About 14% of the pixels represent
other situations: a snow-covered meadow (middléatrig Figure 5.2), riverbeds (striped
patterns), and gaps within the forest. However, red® the canopy cover map shows spatial
variations in proportion of tree cover, the mapmsble to indicate the vertical and horizontal
heterogeneity at subpixel level.

Canopy
cover

Figure 5.2: Map of canopy cover based on consttaif® of the nadir CHRIS image of March 17, 2007.
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Figure 5.3: Histogram of the canopy cover map basedonstrained LSU of the nadir CHRIS data.
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5.4.2. Minnaert-k retrieval

Pixelwise inversion of the RPV model generated mapdMinnaertk values across the
CHRIS bands. In an earlier paper (Verrelst et28lQ9b) we demonstrated some relationships
between Minnaerks wavelength and canopy cover for the forest stédoda limited number

of pixels on the valley floor (slope < 7°). Thestationships were again tested, but now for
the whole region (Figure 5.4). This figure showsyatematic, gridded overview of averaged
Minnaertk values for the wavelengths recorded by CHRIS aliveg-axis and the canopy
cover classes along theaxis. This overview enables us to track the speapectral
trajectory of the Minnaerk-parameter for each canopy cover class.
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Figure 5.4: Averaged Minnaert-k values as a fumctibcanopy cover and wavelength. The numbers emigjnt
represent the number of pixels for each class (laambertian).

Although the Minnaerk parameter is a semi-empirical parameter, FiguéesBows that the
bell-shaped and bowl-shaped reflectance anisosogdepend on both canopy cover and
wavelength. For instance, the bell-shaped domamimktes throughout the visible region and
narrows down to medium canopy cover densities gimout the red edge and early NIR.
Since reflectance anisotropy switches from belpsh® bowl shape in the red edge and early
NIR as a function of canopy cover, it provides thigéical spectral region for characterizing
stand heterogeneity under winter conditions. Théemolor tones indicate the turning point
from bell to bowl shape. For an exhaustive desompbf the underlying mechanisms, see
(Verrelst et al., 2009b). ThE? results of the quadratic regression model betweeropy
cover and Minnaerk- across the CHRIS bands for the complete data istdegd a best
correlation at 722 nmR¢ of 0.43). The relationship between the canopy covap and the
Minnaertk map at 722 nm is shown in the scatter plot of Fedu5. Although the relationship
was significant , e433= 2405,p < 0.0001), the lowR? indicates that canopy cover is not the
only variable determining reflectance anisotropkisTis particularly the case for pixels with
canopy covers less than 60%, where no clear patterie observed. Most of these pixels are
found at the interface between forest cover andvstmvered meadow or on the riverbeds; at
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these locations, edge effects and the positiorhefedge in relation to the sun may yield
varying anisotropy effects. Another explanationtfee lowR? is the influence of topographic
effects. For pixels with > 60% canopy cover thatiehship between Minnaektand canopy
cover is more obvious.
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Figure 5.5: Scatter plot of canopy cover againsiidertk at 722 nm. Trend linga < 0.0001.

The Minnaertk map at this wavelength is shown in Figure 5.6. ttiblue color tones
indicate the presence of a heterogeneous surfaeestych as open to medium dense forest
stands with a cover density of up to 70%. Reddikitercolor tones indicate the presence of a
structurally homogeneous target such as a densectreer or a snow-covered meadow.
Reddish-white patterns are to be found over thestostands (e.g. the middle of the figure)
but also over the snow-covered meadow (to the )ightich ambiguity of bowl-shaped
patterns makes it hard to interpret this map faedb monitoring applications (i.e. it is
impossible to discern forest cover from non-foster).

S il 1

Figure 5.6: Minnaerk parameter obtained by RPV model inversion at #8Zlam= Lambertian).

From Figure 5.6 it is obvious that two factors usfhce reflectance anisotropy at the
CHRIS subpixel scale:i)( interfaces between land covers of contrastingumetric
compositions (e.g. forest-meadow interface, riveésberoad intersections); andii)(
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topography: variation in slope gradient and aspaat] the related variation in topographic
shadowing. Both factors lead to the enhancemerdttenuation of reflectance anisotropy
patterns. The histogram related to the data inrEi§uw6 has a normal distribution (Figure 5.7),
with a peak towards Minnaektvalues of 0.8 (small bowl-shaped pattern). Conpbarn¢h the
histogram of the canopy cover map (Figure 5.3) pihieern is very different: the distribution
has a wider spread, underlining that the spectrdl angular domains are to a great extent
independent of each other.
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Figure 5.7: Histogram of the Minnadetmap inferred from the RPV model and angular CH&g& at 722 nm.

5.4.3. Merging

The merging of the canopy cover map with the Mimtaenap is displayed in panel A of

Figure 5.8. In this merged map not only is the siwwowered meadow (whitish color tones)
clearly separated from the forest cover (greenwlorctones), but also subtle color tones
related to subpixel heterogeneity appear. The lysiphl meaning of these color tones is
explained in the 2D color chart of panel B in Fig&:8.

In the 2D color chart all possible color tone conabions of Minnaerk and canopy cover
are displayed: canopy cover along xa&xis (generated from the spectral domain), Minker
along they-axis (generated from the angular domain). In ti&&BRcolor scheme, the green
color represents the degree of canopy cover. Tecobor represents the degree of bowl-
shaped reflectance anisotropy, whereas the bluw cepresents the degree of bell-shaped
reflectance anisotropy. A pixel can either exhébdegree of bowl-shape (red) or of bell-shape
(blue). Briefly, the four corners of the 2D col@agknd, representing the extreme situations
that may theoretically occur, are:

I. Pale blue color tones:no canopy cover and maximal bell-shaped refleetanc
anisotropy. This is an unusual situation, sincepsud heterogeneity is required to
obtain a high Minnaerk-value, i.e. there must be some vegetation coveweher,
some pixels at the meadow—forest interface appratanthis situation due to the
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abrupt cessation of the vertically-elongated canéjoy instance, while from the nadir
viewing angle no more forest cover is observedpaty happen that at a larger view
zenith angle some forest cover can still be obskrve

II. Dark bluish—green color tonesnaximal canopy cover and maximal bell-shaped
reflectance anisotropy. This is also an unusuaklsin, since a full cover behaves
radiatively like turbid media, i.e. the canopy @ densely packed that no uncollided
radiation exits the background snow cover to cradtell-shaped pattern. However, as
soon as gaps appear in the cover, bell-shapedripatteccur. This situation is
observable for the pixels with the bluish-greerocaebnes in Figure 5.8 (panels A and
C).

lll.  Dark reddish—green color tonesnaximal canopy cover and maximal bowl-shaped
anisotropy. This is a typical situation due to bmmogeneous character of the dense
canopy. Patches of dense forest cover are obserwabligure 5.8 (panels A and C).

IV. Pale reddish color tonedNo canopy cover and maximal bowl-shaped anisotrdpis
typically occurs on non-vegetated surfaces su¢cheasnow-covered meadow.

lam

| N
Minnaert-k

c 50
anopy cover [%
c D py [%0]

Figure 5.8: A) The RGB result of merging the Miert&k map with the canopy cover map. B) 2D color chart
based on the color bar of the canopy cover maaxis) and the color bar of the Minna&rtmap {-axis)
(lam=Lambertian). C) Zoom-in of the merged map @sented in panel A. D) The reference image avelebri
from a high resolution stereo camera (HRSC) actipisin summer 2003 (true color).
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As the canopy cover map solely provides fractiomsrno information about heterogeneity
and the Minnaerk map provides information on vertical and horizbngubpixel
heterogeneity, the merged map provides informatioioth these attributes. The map shows
that most of the pixels are situated between cawcopgrs of 60% and 90% and a Minndert-
fluctuating between 0.3 and 1.5. Consequently pikels with bluish-green color tones refer
to medium to dense forest cover with large subpibeterogeneityk(> 1). See, for instance,
regiona in panel C of Figure 5.8: here more subtle vasratn color tones is observable than
in the canopy cover map of Figure 5.2. The spgi#iern observed is thus not only due to
variation in canopy cover but also to variationatiher parameters impacting reflectance
anisotropy, such as tree height. Although tree Hteigay be a less influential factor than
canopy cover (Kayitakire & Defourny, 2004), notaithf the canopy cover consists of low-
growing shrubs, then the variation in anisotropyuldobe smaller (Koetz et al., 2005;
Widlowski et al., 2004), leading to paler bluisHaaones. The pixels with dark bluish—green
color tones typically represent areas with largekdertical structures (trees) in conjunction
with open targets (i.e. gaps). Conversely, thelpiwath dark reddish—green color ton&s<(1)
refer to dense forest covers that behave radigtivle? turbid media and thus lack subpixel
heterogeneity. That is for instance the case fgioreb in panel C of Figure 5.8. This region
shows a canopy cover in which the canopy is soad#ra it imposes a typical bowl-shaped
anisotropy pattern. Tree height does not play a tare; the same type of bowl-shaped
pattern occurs over homogenous, flat targetsgnew-covered meadow). Also of interest are
the pale color toneskf 1). These pixels represent surfaces that exhilinkhertian
reflectance without vegetation cover. They are @ddund over the snow-covered meadow.
Other snow-covered meadow pixels showed a typioaldshaped anisotropy behavior.

Our study has demonstrated that CHRIS data canebentposed into its spectral and
angular components by using linear unmixing anddaying the Minnaerk parameter. Both
maps are useful for describing forest structure bawe their specific advantages and
limitations due to their single-source nature. Miegghem to produce a combined map leads
to an improved characterization of forest hetereggrat subpixel scale that can be used for
monitoring forest development or for parameterizoanopy reflectance models, enabling
proper retrieval of biophysical (e.g. biomass) daochemical (e.g. chlorophyll content)
parameters (Verrelst et al., 2008b; Kooistra ¢t24l08).

When interpreting the merged map it should be ntitet solar zenith angle, background
brightness and the position of the angular sampiirrglation to the principal plane also exert
influence on the spectrodirectional response. lditesh, variations in topography and the
spectral and anisotropy characteristics of landecd®atures other than snow and vegetation
cover (e.g. sharp land cover edges, rock outcropater bodies) may affect the
spectrodirectional response and thus the resuttseainerged map as well. These site-specific
influences are nevertheless strongly related telize. At a relatively high spatial resolution
of 18 m and trees that may reach up to 18 m, sedttadiation is influenced not only by
variation in the horizontal plane (e.g. tree defdiut also by variation in the vertical plane
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(e.g. variation in tree height). This implies tlla¢ pixel’'s reflectance at such a high spatial
resolution is considerably impacted by radiatiarxdls in the horizontal plane (Widlowski et
al., 2006). This impact is typically observable fpixels located at the forest-meadow
interfaces where the radiation fluxes shift from valumetric medium (pixel size
approximately equal to stand height) to a flat maedi(pixel size largely exceeding stand
height). For further application purposes it midig therefore advisable to validate the
inversion performance, e.g., by analyzing theffithe original CHRIS measurements with the
RPV-reconstructed measurements (Verrelst et ab9l20Lavergne et al., 2007). By contrast,
at coarser pixel size (e.g. MISR at 275 m in ree@devel anisotropy effects and edge effects
tend to be smoothed, yielding less detailed hetareiy maps but more accurate fits (Pinty et
al., 2002).

Regardless of the above-mentioned limitations, beedhe angular and spectral domain
originated from the same data source (CHRIS), problrelated to co-registration and spatial
resampling are minimized, and processing can be dad quasi-automatic. The RPV3
package retrieves Minnaéttfast and can easily be automated (Lavergne €2@0.7), while
wavelength selection can be resolved based oststatior physical indicators. The automatic
identification of endmembers still has to be resdlvbut numerous methods are available to
do this automatically (Martinez et al., 2006). Oticis has been addressed, mapping forest
heterogeneity by combining information from the &p and angular domains has the
potential of becoming an operational service.

5.4. Conclusions

The European Space Agency’s small PROBA sateltiteies the only imaging spectrometer
in space (CHRIS) that provides multi-angular measweants of the solar reflected radiation
from the Earth’s surface at a high spatial resofutiThis paper has demonstrated that
combining canopy cover information derived from #pectral domain at one single viewing
angle (nadir) with heterogeneity information dedvieom the angular domain at one single
wavelength in the red edge (722 nm) generatesatlyaéxplicit information about forest
cover heterogeneity at the CHRIS subpixel scale. Jénerated map included information on
horizontal and vertical heterogeneity that was mondre detailed than the information that
can be derived from single-source datasets.
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6.1. Main results

This research has been motivated by the need tmirepur knowledge of the potentials of

space-borne spectrodirectional (combined multi-targand spectroscopy) data for forest
monitoring applications from space. More preciséhe main objective of this thesis is to

exploit spectrodirectional data for the quantificatof biochemical and structural canopy

properties of forested ecosystems. The thesis éas Oivided into 5 separate chapters. The
first chapter is used to establish the environnremthich the work is framed. The other four

chapters (2-5) address different approaches thrapuhe use of spectrodirectional data to
guantify forest canopy parameters. Each of these ¢bapters concentrates on one of the
research questions presented in section 1.7, waiehanswered and synthesized below
(questions A-D).

A: To what extent does the anisotropic reflectanceegfetated surfaces as measured by
CHRIS influence the performance of vegetation iadjcand what are the underlying
mechanisms?

In chapter 2, the effects of reflectance anisotrapymeasured b HRIS were assessed
for a set of vegetation indices. Angular effectse do anisotropy of vegetation canopy
reflectanceare typically treated either as superfluous infdramaor as a source of additional
information, but in either case the magnitude agdificance of the angular variability needs
to be assessed, quantified, and included in tleegretation of the data. The angular response
for a wide variety of broadband and narrowband teggan indices was assessed for two
contrasting structural vegetation types: an Almitgegrowth coniferous forest and a meadow.
Not only the conventional broadband greennesseasdie.g. SRI, NDVI) but also narrowband
greenness indices (e.g. NDW) as well as light use efficiency and leaf pigmiewlices (e.g.
SIPI, PRI, and ARI) were subject to canopy anigotreffects. All indices showed larger
angular response over the forest area than ovemtedow area, with largest magnitudes
obtained by PRI and ARI (Verrelst et al., 2006a)&l).

Two physical-based radiative transfer models, dnea-level (PROSPECT) and one at
canopy-level (FLIGHT), were coupled to quantify asubstantiate the findings beyond an
incidental case study. It is hypothesized that melatively open, heterogeneous old-growth
forest the observed proportions of photosynthetgetation (PV) and non-photosynthetic
vegetation (NPV) are of critical importance shaping angular response of the studied VIs.
The model-based quantification of anisotropy effeat VIs showed that angularity of leaf
pigment indices (e.g. PRI) can be partly explaitgdthe angular-dependent variation in
observed PV and NPV proportions (Verrelst et &lQ72 2008b). Further, given the structural
and compositional heterogeneity of an old-growtheso it is noted that not only viewing
geometry but also canopy structural variables @ayle in accurate assessment of foliar
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biochemistry. Since canopy structural variablesehaet been assessed in detail, it led to the
following question.

B: Can foliar chlorophyll content be reliably estinthia woody, heterogeneous forest types
using vegetation indices?

Chapter 3 builds further on the findings of chaf@dry assessing the influence of structural
and compositional variables on the performanceegktation indices. Questions that emerged
in the former chapter about the role of structueaiables and canopy composition demanded
a more exhaustive analysis to obtain insight inirtmechanisms. Old-growth forests
challenge the interpretation of EO data due tortk#&uctural heterogeneity together with
significant fractions of standing and fallen deadody material. For instance, the large
variability in structural and compositional paraeret which affects significantly the EO
signal, is perturbing the accurate assessment lar fohemistry. To assess the role of
structural variables on the estimation of biochépjsa sensitivity study was employed
whereby the detectability of chlorophylCéb) content was analyzed on the basis of modeled
reflectance data. The same coupled radiative tanshodel as in chapter two
(PROSPECT/FLIGHT) was used to generate top-of-canadirectional reflectance data
wherefrom vegetation indices sensitiveGab were calculated (Verrelst et al., 2008a). The
contributions of canopy scattering elements (PV EWRY), leaf area index (LAI) and crown
cover on the retrieval afab content were statistically analyzed. The perforoeaof single
wavelengths and chlorophyll indices was comparedthmir capacity of estimatin@€ab
content given the wide variation in stand struct$atistical analysis revealed that most of
the chlorophyll indices outperform single waveldrsggtwith best results obtained by the
Maccioni index (Rzso— Rr1d / [R7so— Resd]). The Maccioni index responded highly sensitive
to variations inCab content but relatively insensitive to variatioms LAl and to a lesser
extent to CC and NPV. A stand-specific sensitivdyalysis using the Maccioni index
suggested that variations @ab content can be best estimated on stands with rmedanse
canopies. However, the relationship weakens witlrei@sing contribution of crown NPV
scattering elements. It can be concluded that pleetsal influence of woody elements plays
an important role in the estimation of foliar pigme in heterogeneous stands, particularly if
the stands are partly defoliated or long-lived (¢kst et al., 2009e).

Moving further along on the above topic was to stigate if the spectral dependency of
anisotropy can be used to retrieve information oredt stands. Since in classical inverse
problems ill-conditioned and ill-posed situatiome predominant (and inversion following the
Hadamard criteria not usable), an intermediatersiga was chosen. This led to the following
question.
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C: How does reflectance anisotropy of a heterogenémest behave across the spectral
VNIR domain as measured by CHRIS?

Whereas the former chapter shed some light on tierlying contributors to the
anisotropic properties of on old-growth forest asasured by CHRIS, chapter 4 explores the
unique information content that is embedded inint.this chapter the focus shifted to a
wintertime image. The spectral anisotropic behawfaan Alpine coniferous forest in relation
to canopy cover was investigated using the Minrla@drameter obtained through inversion
of the parametric Rahman—Pinty—Verstraete (RPV) ehodlthough earlier studies have
demonstrated that the Minna&riparameter can be related to canopy heterogenkitlyea
subpixel scale, its spectral dependency has ndigest fully assessed (Verrelst et al., 2009d).

Minnaertk parameter retrievals across the CHRIS bands redetdiat for a forest
underlain by snow cover a switch from bell-shapeddowl-shaped anisotropic reflectance
patterns occurs when moving to NIR wavelengths.cipally, analysis of the underlying
dynamics for pixels on the valley floor revealedtthanopy cover and background brightness
controls at which wavelength this switch takes @lawhile having a bright, snow-covered
background, Minnaelit-values in the red edge region were best relatethbhopy cover. In
this spectral region, pixels with medium canopyasogtensities typically led to bell-shaped
anisotropy patterns, whereas pixels with eitherspar dense canopy covers typically led to
bowl-shaped reflectance anisotropy patterns. Thaedying mechanisms that cause the
observed anisotropy switch can be found in theem®e of multiple scattering and the
decrease of background reflectance due to incrgadisorbance by snow grains at longer
wavelengths. It results in that the uncollided atidn exiting the snow-covered background
in near-nadir direction is no longer able to outpen the scattered radiation exiting to off-
nadir directions (Verrelst et al., 2009b). It sltbokvertheless be noted that the location of the
anisotropy switch in the spectral domain is depahas illumination conditions and the
degree of brightness contrast. Given the same iflanon conditions, in less bright
background situations (e.g. bare soil) the switomfbell to bowl shape is expected to occur
at lower wavelengths due to the reduced spectrdtast between background and overstory.

Having uncovered some spectrally-dependent anggptneechanisms, ultimately the goal
is to derive a measure for physical forest hetarerg information using space-borne
spectrodirectional observations at the subpixdesddnis let to the final question, namely:

D: CanspectrodirectionaCHRIS data be applied for forest heterogeneity nreyip

Chapter 5 presents a mapping application baseldeoartiqueness of multi-angular CHRIS
data. CHRIS data sampled in the spectral domaie wembined with CHRIS data sampled
in the angular domain with the purpose of mapping 8D heterogeneity of an Alpine
coniferous forest during winter. Such a mappingliappon is of interest for the forest
manager, e.g. to monitor forest change. In thetsgdedomain, near-nadir CHRIS data were

104



Synthesis

spectrally unmixed to generate a canopy cover fdapiever, such a map lacks notion of the
3D distribution of the cover. In the angular domamversion of the RPV model against
angular CHRIS data led to the Minnakrparameter that provided information on surface
heterogeneity at the subpixel scale. Quadratices=yon between canopy cover and Minnaert-
k maps across the CHRIS bands was applied to shkeetavelength where both parameters
are best related. Comparison of correlation coefiiis &) revealed that best relationship
occurred in the red edge, at 722 i ¢f 0.43). The relatively loviR® nevertheless suggests
that there is still a considerable portion of urdexged variation present, e.g. due to
topography and tree height. Another constrainh& the interpretation of the Minnadris

not always obvious, e.g. fully vegetated pixelsgdagly produce the same anisotropy patterns
as non-vegetated pixels. Both maps were mergedidccome the map-specific limitations
(Verrelst et al., 2009c). The merging resulted forast cover heterogeneity map that includes
information on 3D canopy heterogeneity at the CHRIBpixel scale at a level beyond what
is possible to realize from single-source opticatiadsets (Verrelst et al., 2009a). Since both
maps originated from the same sensor (CHRIS), thgad map can be generated in a quasi-
automatic way.

6.2. General conclusions

Within the context of exploring space-borne spiitectional data for forest monitoring
applications, the main contribution of this work(is the improved knowledge of terrestrial
reflectance anisotropy that play a role in the grenince of broadband and narrowband
vegetation indicesi|ij the assessment of canopy reflectance perturlaiciprs such as LAl,
canopy cover and woody elements (NPV) when assgssilorophyll content from reflected
radiation and derived vegetation indicesj) (the quantification and interpretation of
anisotropy patterns across the visible and NIR ®NVavelengths, andv) the development
of an application that quantifies forest cover haegeneity at the sensor subpixel scale by
combining the spectral domain with the angular dama

Summarizing, based on the studies of this thes&ntbe concluded that:

* Radiative transfer models, both 1D and 3D modeéspacoming widely implemented in
retrieval schemes for forest properties mappingetbam spectrodirectional data. Old-
growth forests, however, are quite challenging tfee modeler because of its large
heterogeneity, both in composition and structure.

« While vegetation indices have proven their usem@apping biochemical properties of
terrestrial vegetation, uncertainties related ts@nopic effects are for the majority of
indices still to be resolved. For a set of narromband broadband indices their response
to canopy reflectance anisotropy was quantified ngisimulti-angular CHRIS
measurements. The light use efficiency index PRlithe pigment index ARI were most
affected by reflectance anisotropy.
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6.3.

Not only anisotropic effects but also the canopyctre plays a role in perturbing the
assessments of foliar pigments. Using radiativesfiexr models it was evaluated that the
scattering and absorption properties of woody etdgmand background play the most
perturbing role when estimating chlorophyll contéotm space-borne spectrodirectional
data. The Maccioni index revealed to be the mdstisbchlorophyll index.

The shape of reflectance anisotropy can be quadt#nd linked to canopy structure with
the Minnaertk parameter at one single wavelength. Analysis adios CHRIS spectral
bands revealed the spectral dependency oktharameter. Results indicate that for a
forested ecosystem with a bright underlying snoweced background a switch from
bell-shaped K> 1) to bowl-shapedk(< 1) reflectance anisotropy patterns takes place in
the red edge to early NIR. Canopy cover plays gomant role in determining at which
wavelength this anisotropy switch takes place.

The Minnaertk parameter (angular domain) can be combined withreopy cover map
(spectral domain) to derive information about foresver heterogeneity at the sensor
subpixel scale. The multi-angular CHRIS imagingcsfmeneter is particularly useful for
such combined spectrodirectional mapping. Thisteseaew opportunities to monitor
heterogeneous ecosystems such as forests, woodtatlshrublands at a local-to-
regional scale.

Reflection

Most importantly, this thesis brought earlier fings of terrestrial reflectance anisotropy into

the field of imaging spectroscopy. Earlier studséswed with the use of a few broad bands
(red, NIR) that the anisotropic properties of aa@ncan be related to canopy structure. With

the use of CHRIS data, these findings have bedpragtically expanded and refined over the

VNIR part of the spectrum (from 530 to 1019 nm)haat spatial resolution at the tree level. A

strong spectral dependency of canopy reflectanise@opy has been demonstrated. Based on
this thesis a few lessons have been learned:
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Most of the vegetation indices are too much affitte reflectance anisotropy for robust
canopy properties estimations when calculated fidBRF data. Multi-angular data
allow to assess anisotropic effects and eventt@albprrect for it.

The main canopy scatterers at canopy level (PV MRY) and to lesser extent soll
scatterers determine the anisotropic reflectanagparties of a canopy. A proper
assessment of the biochemical constituents froromaRV scatterers (e.g. chlorophyll
content) is only possible if they can be separ&tesh canopy NPV scatterers and soil
scatterers. A challenge remains to separate theilmetion from a spectrally distinct

understory (likewise mixture of PV and NPV scattgyas well.
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* The occurrence of ill-conditioned and ill-poseduations in model inversion remains
problematic for realizing operational canopy partaneretrieval. An intermediate
solution offered by semi-empirical models (e.g. RRWersion) is an appropriate
compromise. For spectrodirectional data the RPVehodn be used to further limit ill-
conditioned problems of canopy properties retrie¥ar instance, if the anisotropy is
bowl-shaped then a 1D model suffices for the inversf the anisotropy is bell-shaped a
3D model is required.

« The anisotropic reflectance of a canopy is pardidylto be exploited in the red edge
region, because in this part of the spectrum tmeature of the reflectance anisotropy is
best related with canopy structure. Yet this anignt also depends on background
brightness and illumination conditions. For opernadil retrievals of canopy structure it
implies that information of the surface spectralaretteristics is required. Such
information can be derived from the spectral donodispectrodirectional data.

» Topography remains nevertheless a problem in th&adie between reflectance
anisotropy and structural canopy properties. In mi@nous regions, additional efforts
may be required to decouple reflectance anisotiopgked by the canopy from the
reflectance anisotropy invoked by topography (bygusing a 3D model). Alternatively,
adding a data layer with DEM-based reliability 8agay be an option.

From all the above, it can be concluded that nartyular spectroscopy can capture a data
richness that cannot be reached by any mono-angptaral sensor. Spectrodirectional data
has the unique capability to simultaneously regiestructural canopy properties
(predominantly based on information from the angwamain), and canopy biochemical
properties (predominantly based on information fritv@ spectral domain). Moreover, both
domains can complement each other. In this wagrmmétion from the angular domain can
facilitate narrowing down ill-conditioned situat®nwhen retrieving biochemistry, while
information from the spectral domain can complentéet retrieval of structural properties
from the angular domain. This grounds the arguntieait spectrodirectional data can pursue
critical value-adding mapping applications for ftrenonitoring; e.g., as has been shown with
the developed forest cover heterogeneity map (en&t Therefore, up-to-date availability of
combined spectrodirectional mapping products irs@ea opportunities for adequate
monitoring of forest development and forest coviearge (e.g. due to storms, fires, forest
logging, deforestation, pest infestations, envirental changes). Coupling these mapping
products with existing monitoring programs (e.g. &) GEOSS) and in situ measurements
should lead to an improved monitoring service ow haur forests respond to a changing
world and to climate change impacts.

In preparation to the United Nations Climate Chai@mnference held in Copenhagen
(COP15; 7-18 December 2009), in October 2009 theldwforestry congress (WFC)
demanded for urgent action to active forest momtprand assessment to fully achieve
forests’ potential in addressing the challengeglimhate change (http://www.cfm2009.org/
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en/index.asp). Given that forests contribute peslyi to the global carbon balance, harbor
two thirds of all land-based biodiversity, and gate critical ecosystem goods and services
(http://www.fao.org/forestry/en/), an accurate ntoning system is becoming a critical
necessisity. In this respect, a next step woulddbelaborate how multi-angular imaging
spectroscopy can deliver forest monitoring servioean operational way.

6.4. Outlook

Although this thesis investigated the possibilittéspectrodirectional CHRIS data for forest
properties monitoring, it should not be forgottératt CHRIS/PROBA was designed as a
technology demonstrator. In fact CHRIS was injiatitended as a one year mission, but both
the satellite and the CHRIS instrument continuefulaction well at the time of writing
(December 2009), making this sensor very succesgéi| some signs of detector anomalies
already started to appear (e.g. striping effegtd)ch indicates that the sensor will not much
longer be able to provide angular images. Thisiesphat CHRIS/PROBA is incompetent to
operate as a forest monitoring Earth observer, hyhadter all, has never been its mission.
Nevertheless, the recent burst of knowledge omrdsaral reflectance anisotropy and derived
mapping applications based on CHRIS data (e.qg.jt&age & Derfourny, 2004; Guanter et
al., 2005; Rautiainen et al., 2008; Vuolo et a@00&, Barducci et al., 2009; Galvao et al., 2009;
Kneubulhler et al., 2009; Moéttus et al., 2009 to eam few) emphasizes the need for
continuity in spectrodirectional data for Earth ehstion. This thesis contributed to
expanding this field of knowledge, specifically dhe side of exploiting reflectance
anisotropy of forested targets. Capitalizing onuh&ue and valuable features of space-borne
spectrodirectional data, a logical following stepuld be to implement such a technology into
an instrument dedicated to forest monitoring,asan extension of the sentinel fleet.

Despite the potential of spectrodirectional data dperational use, some points in this
respect have been left aside in this thesis, watiher points require further research. These
points are of importance for deriving maximum bésejut of spectrodirectional data, as well
as for the development of novel spectrodirectidreded forest monitoring applications. The
next sections discuss these points that have beeped according to the following domains:

e angular
* Spatial

e temporal
* spectral
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Angular domain

Currently, CHRIS on board PROBA-1 is the only inmagspectrometer in space that is able
to re-orient itself in order to acquire multipleoks. PROBA-1 is able to be tilted in the
across-track direction so that the target areaigwed. While this opens opportunities for
anisotropy-based applications, knowledge of thengdoy of the viewing cameras is
mandatory for proper interpretation. PROBA-1 is fogured with five nominal viewing
angles, which samples only a fraction of the redldcradiation. Whether the viewing
geometry of the five angular sampling points isiopted to characterize the dominant
anisotropic pattern of a terrestrial target remaiesertheless questionable. For instance, it
may well happen that when sampling a terrestrigetawith five viewing angles along the
principal plane a pronounced bell-shaped curvataoeirs, but when sampling the same target
away from the principal plane, the curvature mageralook like a bowl-shaped pattern. For
future multi-angular imaging spectroscopy missidris therefore advisable to configure the
angular sampling as close as possible within tivecipal plane, to keep consistency and to
measure the maximal variation in reflectance arogpgt

Sun-synchronicity of the instrument’s orbital pahrequired to approach principal plane
sampling. Experience from CHRIS/PROBA indicateg gwn-synchronicity alone, however,
is not enough to reach sampling right within theg@pal plane. CHRIS/PROBA is not able
to sample with all viewing angles within the pripal plane due to the pointing to specific
targets along the orbital path. The inability ohsistent sampling within the principal plane
means that maximal variation in reflectance anggmtris not measured. Theoretical studies
have argued to invest in platform steerability rdey to sample a maximal anisotropy in the
hot spot and dark spot of the principal plane fotiroized vegetation structure mapping (e.g.
Simic & Chen, 2008; Simic et al., 2009). A futuression with improved steerability may
enable to sample right within the principal playet, it remains questionable whether the gain
in data richness for operational applications iggdaenough to overcome the technical
constraints that go along with it.

Increasing the number of viewing angles is anothgiion to clarify the shape of the
anisotropic pattern. For instance, MISR has 9 uiemangles, reaching forward and backward
zenith angles up to 70.5°. An observed problem \lig use of nine viewing cameras is
nevertheless that they may not always lead to ambiguous angular signature. Often
angular measurements lead to an angular signatatentay considerably deviate from a
smooth bell or bowl shape, i.e. due to the geomefryghe angular sampling and/or the
scattering regime of the observed target (e.gNs#i@, 2004). This makes it hard for a semi-
empirical parametric model (such as RPV) to invaergular data into a small number of
parameters (such as Minnag)yt-Consequently, in order to realize a robust isier it may
be more adequate to rely on a smaller number @fingeangles (i.e. 5 to 7) along or close to
the principal plane that produces a rather singalifbut meaningful angular signature.

109



Chapter 6

Regardless of the number of viewing angles, spaceebmulti-angular EO instruments are
however unable to measure the total amount ofdiaé reflected radiation. Linking angular
measurements with a physically-based RT model nrafycthe full hemispherical cover of
the reflected radiation, which is of interest efgr robust canopy parameter or albedo
retrievals (e.g. bihemispherical reflectance (BHR)directional-hemispherical reflectance
(DHR) products) (Chen et al., 2008).

Spatial domain

Although in this thesis emphasis was laid on ligkireflectance anisotropy with canopy
heterogeneity at the CHRIS subpixel scale by meanise Minnaertk parameter, it remains

questionable whether CHRIS’ relatively high spatisolution (~17 m) is the best spatial
resolution for robust quantitative forest heteraggnmapping.

In chapter 4 it was argued that with such a hightiapresolution most of the measured
anisotropic reflectance is related to canopy hegmeity at the tree level. Nevertheless, this
resolution may also have its drawbacks, espedialtie case of discontinuous forest covers.
In a forest stand, lateral radiation fluxes consitiy contribute to the surface-leaving
radiation (e.g. Widlowski et al., 2006), therebyeating difficulty in establishing a
quantitative link between reflectance anisotropyinihertk) and a structural canopy
parameter like canopy cover. Linking the Minndepgarameter with a canopy parameter at
such a high spatial resolution, can therefore owlgrk if the adjacent pixels are
volumetrically continuous (e.g. as is the casehiapter 4).

In order to reduce the influence of horizontal atidn fluxes, alternatively, the use of a
coarser pixel size may be advocated, thereby isgrgathe importance of the vertical
radiation fluxes relative to the contribution oéthorizontal radiation fluxes. The other multi-
angular instrument currently in space, MISR, isamtheless unable to quantify heterogeneity
at the tree level. Its spatial resolution is to@rse to measure anisotropic properties of the
single trees (275 m in red).

What would be required to achieve operational rantyular based applications in the
near-future, is the development of a multi-angulaaging spectrometer with a spatial
resolution that is on one hand fine enough to meastand-related variations in reflectance
anisotropy, but on the other hand coarse enougbvéscome the influence of horizontal
radiation fluxes. In this respect, it was recettigoretically assessed that a pixel size of 30 m
may be an appropriate threshold, thereby signifigaeducing the impact of the horizontal
fluxes from the adjacent pixels (Widlowski et &Q08). This pixel size seems suitable for
operationally delivering forest heterogeneity praduas it is still able to capture anisotropic
properties at the tree level.

Further, along with the topic of pixel size, th@itoof spatial extent is important. Pointing
to a limited number of specific targets, as is ently the case for CHRIS, does not fulfil the
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requirement to cover all the forests across thbegglé\n operational multi-angular instrument
requires being equipped with a flexible and fash{ability, a large data storage capacity, and
a rapid data transfer.

Temporal domain

While in this thesis the possibility of mapping anmtbnitoring forest properties based on
multi-angular imaging spectroscopy has been ingattd, the development of multi-angular
based applications dedicated to seasonal foresitonog has been left aside. It is now
increasingly understood that multi-angular sengmssess a unique potential to improve
detection of forest canopy heterogeneity (e.g. &stret al., 2009b) and understory vegetation
(e.g. Canisius & Chen, 2007; Pocewicz et al., 200ifker et al., 2009). Consequently,
exploiting the seasonal reflectance anisotropy fofr@st stand can pursue new ways of space-
based forest monitoring applications, particulasligh respect to the mapping of seasonal
changes of canopy and understory structure and asitign.

Among others, an appealing topic for further reseas studying the seasonal dynamics of
the Minnaertk parameter. Verrelst et al. (2009c) documented fimabpen Alpine forests
during winter a bell-shaped anisotropy pattern d@tds throughout the visible and red edge
parts of the spectrum. In this spectral region,gt@ounced brightness contrast between the
elongated crowns and the underlying bright snowkdaads to a maximized background-
leaving uncollided radiation flux into nadir direwt. Into the direction of more oblique
angles a large portion of the background-leavindjatéon is intercepted by the elongated
crowns, thereby forming a bell-shaped reflectanmesadropy patternk(> 1).

When a boreal or Alpine forest subsequently evofves winter to spring and summer,
the underlying snow pack melts and a photosynhstieative understory vegetation cover
emerges: the background transforms into a more rpidg® (darker) medium. The
pronounced brightness contrast with the overstally reduce, and — in case of a densely
vegetated understory — eventually disappear. Theo@mapic properties of the forest will
therefore change over time: due to the snow meltiegbell-shaped reflectance anisotropy
pattern k> 1) will shift into a bowl-shaped anisotropy patiek <1). Such a seasonal
Minnaertk trend can be useful for seasonal forest monitoaipglications. For instance, the
availability of repetitive data streams of the Maentk parameter over boreal or Alpine
forests would not only be able to deliver informatrelated to the forest cover heterogeneity
(Verrelst et al., 2009e) but may also be relatetthéoseasonal melting of the underlying snow
pack.

Conversely, in non-snow covered forested regiores dbasonal reflectance anisotropy
trajectory from winter to summer will be determinagthe growth and greening of overstory
and understory vegetation. Because of the smaflectsal contrast between canopy and
background, the seasonal variations in canopyataihee anisotropy will be more subtle. It is
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left to be studied how these subtle variations lancorrectly understood with respect to
structural canopy properties.

Spectral domain

Currently, CHRIS on board PROBA-1 and the Hypermm Earth Observing-1 (EO-1)
developed by NASA (Ungar et al., 2003) are the dnlyy imaging spectrometers operative
in space. Nevertheless, contrary to Hyperion, CHpRd8icularly lacks bands in the SWIR.
Due to the limited range of CHRIS’ spectral coverdigmisses opportunities related to land
and forest mapping applications, such as infercagopy water content (Clevers et al., 2008)
or snow cover features (e.g. grain size, wateresantLi et al., 2001; Mishra et al., 2009).
Furthermore, research on the anisotropic propetfiemanopy cover in the SWIR part of the
spectrum as measured from space is non-existéme asoment.

In the race of developing new space-borne imagpertsometers empowered with more
and finer spectral bands, new initiatives are uwdgrthat cover both VNIR and SWIR at a
relatively high spatial resolution (30m), e.g. EAR (Environmental Mapping
and Analysis Program) (Stuffler et al., 2009) arRISMA (PRecursore IperSpettrale della
Missione Applicativa) (Labate et al., 2009). Theseerging technologies will soon outdate
the spectral performance of the CHRIS instrumentyvdver when anothemulti-angular
imaging spectrometer will be launched is left tcalaited.

Given the above points are sufficiently understabid, without doubt that data from multi-
angular imaging spectrometers, with sufficient simdthe main pigment absorption regions
and red edge and an angular sampling approachiagptimcipal plane, encapsulate an
unprecedented information richness related to castpcture and biochemistry. This thesis
opens avenues for future work, namely for the dgvakent of a standardized protocol for
guantitatively monitoring forest changes based macs-borne spectrodirectional data, which
eventually could become part of national and iraeomal forest inventory and monitoring
services. In this respect the development of a ime&ging spectrometer with the possibility
to routinely acquire multiple angular images oféstrial targets across the globe is strongly
encouraged.
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Summary

Summary

With the upcoming global warming forests are untleeat. To forecast climate change
impacts and adaptations, there is need for devedopnproved forest monitoring services,
which are able to record, quantify and map biogatbrs of the forests’ health status across
the globe. In this context, Earth observation (@) provide a substantial amount of up-to-
date information about the biochemical and strataonditions of our forests at a local-to-
global scale. Among the optical EO instruments jrace, one of the most innovative
instruments is the experimental Compact High Regmiumaging Spectrometer (CHRIS) on
board the PROBA-1 (Project for On Board Autonomw}eflite. CHRIS is capable of
sampling reflected radiation at five viewing angte®r the visible and near-infrared (VNIR)
region of the solar spectrum with a relatively hgtatial resolution (~17 m). The as such
acquired spectrodirectional (combined multi-angallad spectroscopy) data may lead to new
opportunities for space-based forest monitoringliegions, yet the added value of canopy
reflectance anisotropy measured over the whole VBpRBctral region is largely unknown.
This is why the use of space-borne spectrodireatiaiata of a forested target has been
investigated in this thesis.

An Alpine old-growth forest was chosen as studg bicause of its large heterogeneity in
structure and composition. This heterogeneityincstire can be characterized by variation in
canopy cover (CC) and leaf area index (LAl). Theehmgeneity in composition can be
characterized by variation in non-photosynthetigetation (NPV: e.g. dead standing trees
and coarse woody debris) and photosynthetic vegetdPV: e.g. foliage). Such a large
heterogeneity exerts influence on reflectance ampy in the VNIR and therefore challenges
the interpretation of spectrodirectional data. Whiéflectance anisotropy has traditionally
been considered as a source of noise, in turn, \Wwheimg an improved understanding of its
functioning, it may actually become usable for magghe canopy heterogeneity. The main
objective of this thesis is therefore to analyze tmk between canopy variables and
spectrodirectional data with the purpose ipfevaluating the use of spectrodirectional data,
and (i) developing a mapping application that enablesiémitor forest heterogeneity at the
subpixel scale.

Chapter 1 outlines the radiative transfer processelsmodels that are of importance for
mapping quantitative forest properties, links thedels in relation to forest growth
development, sketches the potentials of multi-aargumaging spectrometry for forest
monitoring, and after that, lists the research dbjes of this PhD thesis.

Chapter 2 addresses the phenomena of canopy agitectanisotropy in the VNIR by
means of vegetation indices. For a set of broadl@aadnarrowband vegetation indices the
angular reflectance anisotropy of an old-growtlesbrand an Alpine meadow as measured by
CHRIS was statistically evaluated. Not only the \amtional broadband greenness indices
but also narrowband greenness indices as welglasuse efficiency and leaf pigment indices
(e.g. Photochemical Reflectance Index: PRI) welgest to canopy anisotropy effects. The
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forest produced more pronounced reflectance aopptthan the meadow due to its
heterogeneous canopy structure. A model-based ioambn of the underlying forest
canopy variables showed that angularity of PRI banpartly explained by the angular-
dependent variation in observed PV and NPV proposti

Chapter 3 builds further on the findings of chapfeby assessing the influence of
structural and compositional variables on the parémce of vegetation indices. Therefore, a
sensitivity study was employed in which the detedity of chlorophyll (Cab) content at the
canopy level was analyzed on the basis of modedfldctance data. Statistical analysis
revealed that most of the chlorophyll indices otfren single wavelengths in assess@aib
content, with best results obtained by the Macciadex ([R;so— Ry1d / [Rrso— Rssd). The
Maccioni index was highly sensitive to variationgdab content but relatively insensitive to
variations in LAI, CC and NPV. The modeling resytte®vided a theoretical framework for
evaluating how reliabl€€ab content can be assessed under various canopytioosdiThis
evaluation was applied for three distinct coniferdorest types (young, early mature and old-
growth stands). It is concluded that the presericeoody elements considerably perturb the
relationships between a vegetation index and foli@achemistry.

Having identified some mechanisms that govern cedigce anisotropy in the VNIR,
chapter 4 investigated the mappable informationtesdnthat can be exploited from space-
borne measured reflectance anisotropy. More pilgcisee anisotropic reflectance of an
Alpine old-growth forest was quantified and anatyzeross the VNIR using the so-called
Minnaertk parameter. This parameter describes the curvafueflectance anisotropy and is
obtained through inversion of the parametric Rah+Ramty—Verstraete (RPV) model. Results
indicated that for a forested ecosystem with ahtrighderlying snow cover a switch from
bell-shaped K> 1) to bowl-shapedk(< 1) reflectance anisotropy patterns takes placthen
red edge and early NIR part of the spectrum. It feasd that CC plays an important role in
determining at which wavelength this switch takk&g@. The strong spectral dependency of
reflectance anisotropy dynamics, with in particutze usable information content in the red
edge, encourages the use of multi-angular spectessi®r forestry applications.

Chapter 5 implemented the newly acquired knowleafgeflectance anisotropy dynamics
into a mapping application. The uniqueness of CHRI&s exploited to the fullest:
information on canopy properties was independeddyived from both the angular and
spectral domains. In the angular domain a map efMimnaertk parameter was generated
while in the spectral domain a CC map was generdtedas evaluated that both maps are
complementary in the red edge (722 nm). Both mamwiged information on canopy
structure but also have there single-source limitat Merging Minnaerkwith CC produced
a unique new data layer that provides informatiorit@ horizontal and vertical heterogeneity
of the forest canopy at the sensor subpixel scale.

Chapter 6 contains the final conclusions and greeemmendations for further research.
The overall conclusion is that space-borne speectibnal data are able to simultaneously
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derive information on forest foliar biochemistryqiin the spectral domain) and on forest
cover heterogeneity (from the angular domain). Tdrsates new opportunities to monitor
heterogeneous ecosystems such as forests, woodiaddshrublands at a local-to-regional
scale. The results presented in this thesis shibelctfore encourage further research in this
field as a means to develop future spectrodireati@O instruments and to apply derived
mapping products into forest monitoring schemessxcthe globe.
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Glossary

Glossary

Acronym Meaning

1D One-dimensional

2D Two-dimensional

3D Three-dimensional

AIrMISR Air Multiangle Imaging SpectroRadiometer

ALl Advanced Land Imager

ANOVA ANalysis Of VAriance

AOD Aerosol Optical Depth

ARI Anthocyanin Reflectance Index

ARVI Atmospherically Resistant Vegetation Index

ASD Analytical Spectral Devices

ATCOR-3 Atmospheric/Topographic CORrection for sggamrne imagery, v.3
BEAM Basic ERS & Envisat (A)ATSR and Meris Toolbox
BHR bihemispherical reflectance

BRDF Bidirectional Reflectance Distribution Functio
BRF Bidirectional Reflectance Factor

Cab Chlorophyll a+b concentration

CcC Crown Cover

CHRIS Compact High Resolution Imaging Spectrometer
COP15 15th United Nations Climate Change Conference
CWD Coarse Woody Debris

DART Discrete Anisotropic Radiative Transfer (mQgdel
DBH Diameter at Breast Height

DDV Dark Dense Vegetation

DEM Digital Elevation Model

DHR Directional-Hemispherical Reflectance

drat aDvanced Radiometric Ray Tracer (model)

DTM Digital Terrain Model

EnMAP hyperspectral sensor for Environmental Mag@nd Analysis Program
ENVI Environment for Visualizing Images

EO Earth Observation

EO-1 Earth Observer-1

EOS Earth Observing System (http://eospso.gsfc.gasq
ESA European Space Agency

FLIGHT Forest LIGHT interaction model

FLIM Forest Light Interaction Model

FOV Field OF View

FRT Forest Radiative Transfer (model)
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Acronym Meaning

FWHM Full Width at Half Maximum

FZA Fly-by Zenith Angle

GEMI Global Environmental Monitoring Index

GeoSAIL Geometrical Scattering by Arbitrarily Inoéid Leaves (model)

GEOSS Global Earth Observation System of Systems
(http://www.earthobservations.org/)

GHOST G-function and Hot SpoT (model)

GMES Global Monitoring for Environment and Security
(http://www.gmes.info/)

gNDVI green Normalized Difference Vegetation Index

GOFC Global Observations of Forest Cover (http:Mwiao.org/gtos/gofc-
gold/)

GORT Geometric-Optical Radiative Transfer (model)

HDRF Hemispherical-Directional Reflectance Factor

HRSC High Resolution Stereo Camera

IDL Interactive Data Language

LAI Leaf Area Index

LIBERTY Leaf Incorporating Biochemistry Exhibitirigeflectance and
Transmittance Yields (model)

LiDAR Light Detection and Ranging

LSU Linear Spectral Unmixing

LUE Light Use Efficiency

MC Monte Carlo

MCRM Markov Chain Canopy Reflectance Model

MERIS Medium Resolution Imaging Spectrometer

MISR Multiangle Imaging SpectroRadiometer

MNDVl+gs modified Normalized Difference Vegetation Indgx(narrowband
index)

MODIS MOderate Resolution Imaging Spectrometer

MODTRAN-4 MODerate resolution atmospheric TRANsoss v.4

MSRkos modified Simple Ratio Indexs (narrowband index)

NASA National Aeronautics and Space Administration

NDVI Normalized Difference Vegetation Index

NDVI;os Normalized Difference Vegetation Indgy (narrowband index)

NIR Near Infra-Red (part of the electromagneticctpan)

NPP Net Primary Productivity

NPV Non-Photosynthetic Vegetation

OSAVI Optimized Soil-Adjusted Vegetation Index

PDF Probability Density Function

PP Principal Plane
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Acronym Meaning

PRI Photochemical Reflectance Index

PRISMA PRecursore IperSpettrale della Missione Agapiva

PROBA-1 PROject for On Board Autonomy-1 (spacefptat)

PROFLIGHT PROSPECT & FLIGHT (model coupling)

PROSPECT leaf optical PROperties SPECTral model

PV Photosynthetic Vegetation

RGB Red Green Blue (color composition)

RGRI Red Green Ratio Index

RM Repeated Measurements

RMSE Root Mean Square Error

RPV Rahman-Pinty-Verstraete (model)

RT Radiative Transfer

SAIL Scattering by Arbitrarily Inclined Leaves (meijl

SAIL2 Scattering by Arbitrarily Inclined Leaves (gaed model with the
PROSPECT model)

SAILH Scattering by Arbitrarily Inclined Leaves, thiimplemented Hot spot
(model)

SAVI Soil Adjusted Vegetation Index

SD Standard Deviation

SEM Standard Error of Mean

SIPI Structure Insensitive Pigment Index

SLF Swiss Federal Institute for Snow and Avalangksearch

SNP Swiss National Park

SPREAD fire SPREAD and mitigation (campaign)

SRI Simple Ratio Index

SWIR Short Wavelength Infra-Red

TCARI Transformed Chlorophyll Absorption in Reflaote Index

TOA Top Of Atmosphere

TOC Top Of Canopy

VALERI Validation of LAnd European Remote sensimgttuments

Vi Vegetation Index

VIS VISible (part of the electromagnetic spectrum)

VNIR Visible and Near Infra-Red (part of the electragnetic spectrum)

VZA View Zenith Angle

WFC World Forestry Congress (http://www.fao.orgéstry/wfc/en/)
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