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Improving the Robustness of Cotton Status
Characterisation by Radiative Transfer Model
Inversion of Multi-Angular CHRIS/PROBA Data
Wouter A. Dorigo
Abstract—The Compact High-Resolution Imaging Spectrometer/Project for On-Board Autonomy (CHRIS/PROBA) mission
has provided an unprecedented opportunity to study the potential of hyperspectral multiangular data for improved vegetation
characterisation at a fine spatial scale. This study exploits to what
degree the spectral anisotropy contained in the data can contribute
to a more robust retrieval of chlorophyll and leaf area index of
cotton compared to retrievals based on single angle observations.
To do so, a simplified automated radiative transfer model (RTM)
inversion scheme was applied both to the single observation
angles and to various combinations of multiple view angles. It
is shown that significant increase in accuracy is obtained when
directional information is included. However, the improvement
obtained by assimilating a certain observation angle appears to be
strongly related to the ability of the RTM in reconstructing canopy
reflectance for this constellation. Hence, due to the deficiency
of the 1-D RTM to reconstruct observed reflectance for the row
crop in the extreme forward looking direction, the result strongly
deteriorated when this view angle was included. Model inversion
based on all but the extreme forward looking view angle provided
a root-mean-square error of 18.5% (6.6 g cm ) and 32.7%
(0.55 m m ) for chlorophyll and leaf area index, respectively.
Index Terms—Canopy reflectance model, Central Asia, CRASh,
nitrogen, PROSPECT, SAIL, Uzbekistan.

I. INTRODUCTION

C

OTTON (Gossypium hirsutum L.) is one of the most important crops in Central Asia. Throughout the years, this
region has increasingly suffered from the consequences of unsustainable use of natural resources, pesticides, and fertilizers,
which has had severe ecological and economical impacts, such
as salinization, soil and water pollution, and as a consequence,
higher expenses and lower incomes for the farmers [1]. Nitrogen
(N) appears to be the most limiting nutrient in many soils of the
region [1]. Therefore, maps showing the spatial distribution of N
status in cotton plants would provide an important information
basis for the local farmers which, combined with knowledge
on soil condition and plant-nutrient uptake behaviour, would be
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able to adjust fertilizer inputs according to the actual site-specific N requirements and their individual crop production strategies [2].
Remote sensing provides a cost-effective method to rapidly
assess cotton N status over a larger region because N strongly
correlates with chlorophyll content, a quantity that is closely related to absorption in the optical domain [3]. Nevertheless, nutrient stress not only manifests itself in premature senescence,
as evidenced by yellowing or chlorosis of leaves, but also affects crop structural variables such as leaf area index (LAI) and
biomass development [4], [5]. Concurrent estimation of biochemical constituents and canopy structure variables may therefore serve as a more robust indicator of hampered vegetation
development. Several studies already addressed the potential
of multi- and hyperspectral remote sensing in assessing cotton
quality and yield estimates through statistical approaches, either based on stepwise multiple regression [6], broadband and
narrow band vegetation indices [2], [5], [7], [8], or partial least
regression [4], [9].
While studies performed at leaf scale achieved high correlations between vegetation indices and chlorophyll or N content
[4], [10], reported results at the plant level are usually less accurate [7], [9]. This is related to the fact that spectral variations are
not only induced by changes in N, but also by other foliage and
structural properties [11]. Simultaneous assessment of the other
canopy variables is therefore necessary for an accurate retrieval
of leaf chlorophyll content and N at plant, field, and regional
level. Such a simultaneous assessment can be offered by the inversion of radiative transfer models (RTMs).
RTMs explicitly describe the interactions between solar radiation and the elements constituting the canopy using physical
laws. Therefore, such models have been extensively used in optical remote sensing, either to develop more robust (semi-)empirical relationships [12], [13], or in the inverse mode to obtain
a direct estimate of the variable of interest. Various strategies
have been proposed for the inversion of RTMs including numerical optimization methods (e.g., [14], [15]), look-up table approaches (e.g., [16], [17]), artificial neural networks (e.g., [18],
[19]), Bayesian systems [20], and support vector machines regression [21]. The inversion of canopy RTMs is by nature an
ill-posed problem mainly for two reasons [22]: On the one hand,
several combinations of canopy biophysical and biochemical
variables have a mutually compensating effect on canopy reflectance thus leading to very similar remote sensing signals.
On the other hand, measurement and model uncertainties and
simplifications may induce large inaccuracies in the modelled
canopy reflectance. Thus, for one and the same input spectrum
a large range of plausible results is usually obtained.
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Fig. 1. Location of the Khorezm region in Uzbekistan (left) and site overview as observed by PROBA-1/CHRIS mode 5 imagery on July 16, 2006 (bands 8, 4,
2). The red polygons indicate the validation fields used in this study which from the northwest to the southeast are numbered in ascending order C1-C4 (right). By
courtesy of Gerd Rüecker.

To constrain the number of possible solutions, regularization
can be achieved by introducing a priori information about the
expected estimates of the variables [23]–[25] or by increasing
the dimensionality of the observation. The latter can be obtained by enclosing neighbourhood information [19], [26], by
increasing the number of spectral bands [25]–[27], or by including multiple view angles [17], [28]. Several studies showed
that multi-angular observations of reflectance anisotropy provide independent and complementary information sources to the
spectral signature of a canopy [29], [30]. They have proved to
be diagnostic for structural surface properties and are helpful to
complement the spectral measurements for a complete and robust characterization of a vegetation canopy. Spectrodirectional
anisotropy is known to be particularly large for canopies having
a complex 3-D structure and intermediate density [28].
During the last few years, several studies have shown
the potential of improved canopy characterisation using
Compact High Resolution Imaging Spectrometer (CHRIS)
mounted onboard the Project for Onboard Autonomy (PROBA)
spacecraft of the European Space Agency (ESA) [31]–[34].
CHRIS/PROBA is capable of sampling reflected radiation
at five viewing angles over the visible and near-infrared
(NIR) regions of the solar spectrum with high spatial and
spectral resolution [35]. The main goal of this study is to
explore to what degree the multi-angular viewing capability
of CHRIS/PROBA can contribute to improved chlorophyll
and LAI characterisation of cotton compared to mono-angular
observations. Variable estimation is performed by inverting
the turbid medium PROSPECT+SAILh model. Therefore,
a secondary goal of this study is to assess the suitability of
PROSPECT+SAILh in accomplishing this task.
II. MATERIALS
A. Study Site Khorezm
The study area is located in the Khorezm region of Uzbekistan, south of the Aral Sea basin (Fig. 1). This region situated
at an altitude of ca. 96 m above sea level is characterized by
an extremely continental arid to semi-arid climate with large

daily and seasonal temperature differences. The monthly averaged temperatures are 35–36 C in July and dominated by frost
with temperatures down to 20 C in winter. Precipitation rates
are very low with an average of 92 mm per year which, in combination with the high summer temperatures, permits only irrigated agriculture. The inappropriate use of water has led to a
high salinisation of water and soils, a problem often encountered
in irrigation-based agriculture in arid and semiarid landscapes
[36]. Cotton is the most important crop in the region, covering
approximately 50% of the irrigated land, while rice, wheat, and
other crops have a markedly smaller area share [37].
Validation of the CHRIS-based estimates of chlorophyll a+b
(Cab) and LAI was performed on four selected fields with the
Khorezm-127 cotton variety (Gossypium hirsutum L.), which
were intensively sampled between July 11–18, 2006 (Fig. 1).
The fields (labelled C1–C4) had received similar amounts of
N fertilizer and water. Due to varying environmental conditions, large inter- and intra-field variabilities in plant development were observed (Fig. 2).
B. Biometric Sampling
Cab and LAI were sampled according to an X-shaped sampling pattern with sampling points ca. every 15 m. Measurements were taken at least 20 m from the field boundaries in order
to avoid that measurements would fall into pixels affected by adjacency effects [38]. Each measurement point was marked using
a hand-held non-differential GARMIN GPS 12 receiver.
Non-destructive sampling of Cab was obtained with the
SPAD-502 chlorophyll meter (hereafter simply called SPAD;
Minolta, Inc.). SPAD readings were taken at the different shoot
levels (up to 4) of the plant, counting from the top downwards.
For each level, the final SPAD values were constituted by the
average of 3 measurements. SPAD readings were converted
into Cab concentrations ( g cm ) using a calibration function
optimized in the laboratory for the Khorezm-127 cotton variety
and local growth conditions:
(1)
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TABLE I
DESCRIPTIVE STATISTICS OF COTTON CANOPY MEASUREMENTS, SUMMARIZED PER VALIDATION FIELD. SHOWN IS THE AVERAGE FOR VALUE AND, IN BRACKETS,
THE COEFFICIENT OF VARIATION (%) MEASURED IN EACH FIELD. CAB AND SPAD VALUES ARE SHOWN FOR THE TOP LAYER LEAVES (TL), THE BOTTOM LEAVES
(BL), AND FOR THE AVERAGE OF ALL LEAF LAYERS (AL)

TABLE II
VARIABLES MEASURED IN SUPPORT OF RTM INVERSION

variation in the radiative transfer model simulations (Table II).
These variables were measured on fertilizer trial plots near
Urgench University, which were representative for the wide
range of vitality rates of the Khorezm-127 variety that could
be potentially encountered in the area. Leaf dry matter (
;
g cm ) and leaf water content (
; g cm ) were sampled for a
selected number of leaves
. First, the area of the single
leaves was determined using a Li-3000 planimeter (Li-Cor.
Inc., Lincoln, Nebraska). After determining their fresh weight,
the scanned leaves were oven-dried at 70 C for 36 hours.
Differences between fresh and dry weight in combination with
the leaf surface facilitated the calculation of
and
according to the equations described in [41], [42]. Canopy
height and leaf width were obtained to allow for the calculation
of the hot spot parameter following [43].
C. Chris Multi-Angular Satellite Observations
Fig. 2. Examples of cotton canopies encountered in the study area at the time
of satellite overpass. Photos by Jörg Grillenberger. (a) Field C2. (b) Field C4.

LAI was measured using a LAI-2000 plant canopy analyzer
which provides an effective plant area index including green foliage [39]. At each sampling point measurements were taken
in the four main wind directions using a 45 lens cap. Table I
shows the descriptive statistics of the canopy measurements.
Cab is shown for the top level leaves (TL), the leaves found
at the bottom level (BL), and the average of all leaf layers (AL).
Measured Cab values are significantly higher for the bottom
leaves compared to the top level leaves. Although this trend is
consistent with earlier results obtained by [2], it does not coincide with the general assumption that upper leaf layers generally
show higher chlorophyll contents per leaf area [40]. Cotton appears to develop according to a complicated growth pattern with
allocations of high chlorophyll concentrations possible in every
layer [1]. Within-field and between-field variability is significantly higher for LAI than for Cab.
Several other biochemical and biophysical variables were
measured in order to be able to employ realistic ranges of

On July 16, 2006, hyperspectral multi-angular data of the
test site were collected with CHRIS/PROBA [35]. Of one and
the same target, CHRIS/PROBA takes observations at 5 different view angles, i.e., two in the forward looking direction
(nominal view angle
,
), one at nadir (0 ), and
two in backward viewing direction (
,
). Due to the
necessity of sideways pointing, nominal and actual observation
angles usually deviate slightly. The five observations are made
within a 3–4 minutes time frame.
The scenes were collected using the Half Swath Mode
(Mode 5), imaging an area of 7 7 km (744 748 pixels)
with a spatial resolution of 17 m at nadir. For the two extreme
view angles ( 55 ) resolution deteriorates by approximately
a factor of two. Mode 5 covers the spectral range between
442 to 1025 nm with a total of 37 spectral bands having a
full-width-half-maximum (FWHM) of 6–30 nm. The observation details of the data set used in this study are summarized in
Table III.
All data were first corrected for bad lines and striping using
the ESA HDFclean V2 algorithm [44]. Subsequently, the
images were georeferenced using a non-parametric approach
based on ground control points (GCPs). For this purpose, the
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TABLE III
OBSERVATION AND ILLUMINATION DETAILS OF THE CHRIS IMAGERY
ACQUIRED AT JULY 16, 2006. DATA WERE ACQUIRED AROUND 07:08 UTC
Solar Zenith Angle
, SOLAR
(12:08 UZBEKISTAN TIME).
AZIMUTH ANGLE
,
Observation View Angle [ ],
Observation View Azimuth [ ],
Relative Azimuth Angle
BETWEEN OBSERVATION AND SOLAR AZIMUTH [ ]

coordinates of several prominent infrastructures within the
expected coverage of the images were marked using a non-differential hand-held Garmin GPS 12 receiver while the direct
vicinity of the validation fields was sampled more densely.
The scenes were projected into the local Gauss Kruger zone
11 (Pulkova 1942) coordinate system using a second degree
polynomial transformation and nearest neighbour interpolation.
GCPs were iteratively added until a minimum RMSE of the
projected GCPs was obtained. The total number of used GCPs
depended on view geometry and ranged between 16 and 28
[45]. The total RMSE in X and Y direction of the georectification process ranged from 0.33–0.70 pixels. All data were
resampled to a pixel size of 17 17 m in order to match the
observations taken at nadir.
Atmospheric correction was performed in ATCOR2/3 [46]
using a rural aerosol type, a water vapour column of 2 cm,
and an average visibility of 41 km. Flat terrain was assumed
and ground elevation was fixed at 100 m above sea level.
Since standard calibration coefficients accompanying the data
did not yield satisfying accuracy, vicarious calibration was
performed simultaneously with atmospheric correction using
the inflight calibration option in ATCOR. For this purpose,
spectral properties of a homogeneous bare surface of approximately 500 200 m were measured with a portable Fieldspec
PRO FR spectrometer (Analytical Spectral Devices, Inc.). In
total, 100 bare fiber (FOV
25 ) radiance measurements
were taken and directly converted into reflectance by using a
Spectralon™ panel as white reference. The single spectra were
first corrected for the spectral properties of the applied Spectralon panel, deviations of the white reference from the 100%
reflectance line, and the spectral jump between the VNIR and
the SWIR1 detector using the AS Toolbox [47]. Subsequently,
the arithmetic mean of the 100 reflectance measurements was
computed for each band and the resulting average spectrum
was resampled to match the sensor characteristics of CHRIS.
Of the initial set of 37 bands, six bands subject to increased
calibration uncertainty were excluded from further processing:
band 1 (442.5 nm), 2 (490.4 nm), 3 (530.2 nm), 19 (759.7 nm),
20 (766.8 nm), and 30 (930.4 nm).
III. METHODS
A. PROSPECT+SAILh Forward Simulations
Radiative transfer modelling was based on the combination of
the leaf reflectance model PROSPECT [48], [49] and the canopy
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model SAILh [50], [51] which simulates the hemispherical directional reflectance function (HDRF) at the top of the canopy.
This model combination has been extensively used in a large
number of studies and applications (for a comprehensive historic review see [52]). At the leaf level, reflectance and transmittance are described as a function of
,
,
, brown
pigment content (
; unitless), and a leaf mesophyll structure
parameter . Canopy reflectance is described by
, average
leaf angle (
; ), a hot spot variable (
), a soil background reflectance spectrum (assumed Lambertian), and a soil
brightness parameter (
). Atmospheric conditions are taken
into account by the fraction of diffuse illumination
for each
channel while illumination and viewing geometry are described
by the view angle
[ ], the solar zenith angle [ ], and relative azimuth angle between illumination source and observer
(
[ ]). PROSPECT+SAILh is a 1-D turbid-medium model,
which assumes that scattering elements (leaves) are randomly
distributed in the canopy volume. Thus, even though the model
accounts for anisotropy induced by volume scattering, it may
not be able to describe accurately variations in reflectance in
complex canopy architectures.
Prerequisite for a successful model inversion is the ability
of the radiative transfer model to reproduce correctly the
spectral directional behaviour observed for the cotton canopy.
This is a critical element, as SAILh assumes a horizontally
homogeneous canopy and does not account explicitly for
vegetation clumping, e.g., in the form of row structures. To
study the suitability of PROSPECT+SAILh for the current
study, HDRF of the cotton canopy was simulated for the
5 different observation geometries presented in Table III.
For the canopy characterization, average measured
(
g cm ) and
(
m m ) were used. The
other variables were either determined at the calibration plot
(
g cm ,
g cm ,
,
,
) or taken from literature (
,
). The choice of fixing
at 0 was motivated by the
field observation that at the time of image acquisition cotton
plants were still in an early development stage and browning
of leaves was absent (cf. Fig. 2).
was output by ATCOR
for each individual channel, while the nadir soil spectrum
plotted in Fig. 4 was used as background reflectance. Since
in PROSPECT+SAILh spectral anisotropy is only caused by
canopy structural elements, the three structural input variables
,
, and
were gradually incremented within expected intervals in order to visualize their respective influence
on HRDF values. While all other input variables were kept at
a fixed value,
,
,
and
.
B. PROSPECT+SAILh Inversion
Radiative transfer model inversion was based on the CRASh
approach which is a step-wise inversion module developed for
automated processing of hyperspectral data [25]. CRASh includes three modules: 1) an automated land cover classification; 2) an optimization in the radiometric observation space at
a per land cover basis; and 3) an optimization of the solution
with respect to an a priori estimate. In this study, the automated
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TABLE IV
DISTRIBUTION OF THE INPUT VARIABLES AND THE CORRESPONDING NUMBER
OF CLASSES OF THE ORTHOGONAL SAMPLING PLAN USED TO CONSTRUCT THE
LUT FOR COTTON. INDICATES THE NUMBER OF SAMPLES IN EACH CLASS

As VIs are sensitive to view/sun geometry [54], the regression
functions are fitted for each constellation individually. For details on the VIs the reader is referred to [25]. The cost function
used for minimization in the variable space is expressed as
(3)

land cover classification module was skipped as land cover was
a priori known to be cotton.
In CRASh minimization in the radiometric and variable domain is based on a lookup table (LUT) approach which, if the
LUT is not too large, is relatively fast and easy to adapt to
changing local canopy and illumination conditions [11], [27].
The LUT was parametrized according to an orthogonal sampling plan optimized for the Khorezm-127 cotton variety in the
considered phenological stage (Table IV). Except for , all
variables were measured during the field campaign or could be
calculated from field measurements. The parametrizations followed a Gaussian distribution around the mean value. Minimum
and maximum values of all variable ranges were chosen in a way
to allow for enough variation also beyond sampled values. An
LUT containing 50,625 entries was generated for each imagespecific observation/illumination condition (see Table III).
The cost function used to minimize for the radiometric observation space
is expressed as
(2)

is the prior estimate of variable left free during inversion and constitutes the average of the prior estimates predicted
for the separate view angles.
is the LUT entry for variable . Similar to the spectral variance,
is the variance of all
a priori values of encountered in the observed cotton fields.
The smallest 20% of sorted
values is used to select those
entries from the reduced LUT that are used for calculating the
final solution of variable
. In this calculation sets of variables leading to smaller
receive larger weight. The error of
each variable estimate is given by the standard deviation of the
final set of LUT entries building the solution. In principle, all
variables input to PROSPECT+SAILh are output by CRASh,
although not all variables have relevance for further applications. For a comprehensive overview of the CRASh approach
the reader is referred to [25].
To be able to identify whether simultaneous inversion of all
observation angles leads to improved retrieval performance
with respect to the individual angles, RTM inversion was first
tested for the five individual view/sun constellations. Then,
based on the best performing single constellation, the other observation angles were iteratively added and each combination
tested for its RTM inversion performance. Validation of model
inversion results was performed against the field measurements
using the root-mean-square error (RMSE) metric and the relative RMSE, which is the RMSE divided by the mean of the
observed variables.
IV. RESULTS AND DISCUSSION
A. Observed Directional Signatures

is the number of view geometries
and
where
the number of spectral CHRIS bands, in this case 31.
and
denote the measured reflectance and simulated reflectance in the LUT, respectively.
is the uncertainty associated to waveband in view direction , and is given by the
spectral variance of all pixels in the observed cotton fields. Since
no a priori information was available on the sensitivity and accuracy of the different view angles, it was decided to apply the
same weight to all observation geometries in the cost function.
Even if the backscatter direction is generally more sensitive to
spectral changes and should therefore receive increased weight
[53], this is mostly compensated for by the increased model and
observation uncertainties at extremer view angles [43]. The 20%
of LUT entries with the best radiometric match (i.e., the smallest
values) were considered possible solutions and subjected
to minimization in the variable space.
In the CRASh approach, minimization in the variable space
is performed against a first guess solution based on semi-empirical predictive equations. The predictive equations between
selected vegetation indices (VIs) and biochemical and -physical variables are based on the RTM simulations in the LUT.

According to the physical mechanisms in vegetation
canopies, spectral anisotropy is particularly strong in ranges
of high vegetation absorbance such as the visible blue and red
chlorophyll absorbance bands where spectral contrast between
canopy constituents and background is most pronounced. In
the highly reflective near-infrared bands, multiple scattering
processes effectively reduce contrast between shadowed and
illuminated canopy components resulting in lower anisotropy
effects [28]. In addition, anisotropy effects are most pronounced
in erectophile canopies while being reduced in planophile surfaces [55]. According to these principles, one would expect
increased anisotropy effects in the visible channels for the open,
row-structured cotton canopies where the bright, saline soil
background should lead to a bell shape pattern with maximum
reflectance at nadir [28].
Fig. 3 shows the average HDRF measured at each test field
for the green, red, and near infrared (NIR) channels. The expected bell shape cannot be observed in the visible wavebands.
In contrast, angular signatures in the visible wavelengths show
a quasi linear shape with maximum HDRF in the view direction
closest to the hot spot geometry (i.e.,
,
),
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Fig. 3. HDRF for various fields at 5 different view angles and at different wavelengths. Red test field C , green C , blue C , orange C . The error
bars indicate the range of variation encountered in the respective field. For reasons of comparison also the HDRF for a neighboring rice field (black triangles/dashed
curve) and bare soil (black squares/dashed-dotted curve) are shown.

Fig. 4. Average nadir reflectance for six different fields. Red
C , green
C , blue
C , orange
C . The error bars indicate the range of variation
encountered in the respective field. For reasons of comparison also the reflectance spectra of a neighbouring rice field (dashed curve) and bare soil (dashed-dotted
curve) are shown.

whereas NIR reflectance shows a slightly bowl-shaped pattern.
The observed shapes are typical for homogeneous vegetation
surfaces and are conform to what others found for either measured [28], [43] or modeled anisotropy in structurally homogeneous canopies with rather planophile leaf angle distributions
[43], [56]. This finding suggests that, despite the row structure
of cotton, in the considered case it is appropriate to use the 1-D
PROSPECT+SAILh to model spectral variations.
To give an indication of directional anisotropy of the cotton
fields compared to other land cover types in the area, also the
spectral variation of a bare soil and a rice paddy in the immediate
vicinity of the cotton fields are shown in Fig. 3. Soil anisotropy
shows a moderate bell shape in all wavelengths, with maximum
reflectance at the view constellation closest to the hot spot. This
is exactly in line with the observations made by [43] and is explained by the fact that backward scattering is stronger than forward scattering on a smooth surface. The observed directional
soil anisotropy is an important recognition with respect to the
assumed isotrope soil reflectance parametrization used in this
study, and may have a considerable effect in the visible part of

the spectrum at low vegetation covers where spectral contrast
between vegetation and soil is high. The rice paddy shows a directional behaviour that for the visible wavelengths is similar
to the ones observed for the cotton fields. The only exception
to this is the reduced absolute reflectance, which is ascribed to
the increased vegetation density as reported by field observations. In contrast, directional behaviour observed in the NIR is
very distinctive from that of the cotton fields, showing a pronounced bowl shape. The bowl shape in the NIR is characteristic
for vertically oriented canopy structures, a result that coincides
very well with the observed erectophile structure of rice [43],
[56]–[58]. In summary, the cotton anisotropy signatures contain elements both of the bare soil and rice covers, with denser
cotton canopies tending more to the rice field while the more
open canopies lean more towards the soil signatures.
The complementary discriminative power of angular
anisotropy is shown when the results in Fig. 3 are compared
with average nadir reflectance of each of the 4 cotton fields,
the rice paddy, and the bare soil (Fig. 4). Whereas soil and
cotton reflectance can be clearly distinguished based on nadir

24

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 5, NO. 1, FEBRUARY 2012

Fig. 5. Influence of changing LAI on spectral anisotropy, simulated with PROSPECT+SAILh for green, red, and NIR reflectance.
with negative values in the backscatter direction and positive values in the forward scatter direction. Simulations were based on:
g cm ,
g cm ,
,
,
m m ,
,

Fig. 6. Same as Fig. 5, but for

Fig. 7. Same as Fig. 6, but for

.

.

m

m ,

,

reflectance alone, discrimination between cotton and rice is
subject to much more ambiguity, specifically when spectral
within-field variability is included as well. The examples in
Fig. 4 indicate that canopy variable retrievals, but also land
cover classifications, can be significantly improved when
both the spectral and angular dimensions are concurrently
explored.

,

view direction
g cm ,
.

, all other variables as in Fig. 5.

, all other variables as in Fig. 6.

B. Reconstructing Spectral Anisotropy With
PROSPECT+SAILh
Figs. 5–7 show the respective anisotropy behaviour when
one of the structural variables
,
, and
is gradually changed. Only for green reflectance, changing
significantly alters the anisotropy signature. However, changes in absolute reflectance remain rather low. With
approaching 0,

DORIGO: IMPROVING THE ROBUSTNESS OF COTTON STATUS CHARACTERISATION

anisotropy vanishes, which coincides with the assumed Lambertian background reflectance. For the red and NIR domain,
changing
mainly induces a shift in absolute reflectance.
The effects of varying
are apparent. The erectophile
canopies allow enhanced view of the soil background at nadir
sensor position which, due to the large contrast in soil and vegetation reflectance in the red leads to the well known bell shape
in this domain. In the NIR the opposite is true: the erectophile
canopy structure reduces multiple scattering in the nadir direction, leading to the observed bowl shape. In the green waveband, significant changes in absolute reflectance are observed,
whereas alterations in anisotropy at this wavelength are small
but still show a slight bowl shape for erectophile canopies.
Varying
induces similar effects to the green and NIR
domain: Increasing
(i.e., increasing leaf size relative
to the canopy height) changes the anisotropy shape from a
slight concave form into a moderate bell form with maximum
reflectance at the constellation closest to the direction of
maximum backscatter (hot spot). Also for red reflectance an
increasingly pronounced bell shape is observed with increasing
. Nevertheless changes in the simulated constellations are
not as large as one would expect close to the hot spot where
spectral reflectance is sensitive to this parameter.
Even if the simulations show the spectral sensitivity of
PROSPECT+SAILh at the considered view/sun constellations,
some differences compared to the measured CHRIS reflectance
occur. Although the decline of reflectance in the forward scattering direction generally observed for all wavebands in the
CHRIS data is partly reproduced by the simulations, the extent
of the decrease is much greater in the measured data. Especially
for the green waveband reflectance measured for the extreme
forward scattering angle drops to a value that is far below
that of any of the values reproduced by the simulations. This
could be explained by the fact that PROSPECT+SAILh lacks
a module describing shading caused by geometrical objects
(rows): In the forward scattering direction the sensor views
the shaded sides of the cotton rows, leading to lower observed
reflectance with respect to a turbid medium surface. A second
anomaly between observed and modelled anisotropy is that all
simulations in the red domain show a more or less bell shaped
anisotropy, while this pattern cannot be recognized in the measured data. Although some of the differences between observed
and modelled anisotropy can be ascribed to the generalization
of the input variables, most likely, large part of the deviations
can be ascribed to the deficiency of PROSPECT+SAILh in
describing gap-driven anisotropy caused by the row structures
of the canopy. This assumption is confirmed by the fact that
PROSPECT+SAILh does correctly reproduce the typical bowl
shaped NIR anisotropy for the dense rice field, which is a
canopy type for which the turbid medium assumption is legitimate (result not shown).
C. RTM Inversion of Individual Observation Angles
If deviations between observed and reconstructed angular
anisotropy are large, the introduction of multiple view angles
may even introduce additional uncertainty to the model inversion instead of restraining the set of viable solutions. For this
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TABLE V
, AND
AND THE VALUES
RMSE [%] BETWEEN MEASURED
OBTAINED FROM 5 SEPARATE CHRIS VIEW ANGLES (GIVEN IS THE NOMINAL
VIEW ANGLE).
Top Layer;
Average of All Layers. THE BEST
RESULT FOR EACH VARIABLE IS REPRESENTED IN BOLD, WHEREAS THE LEAST
ACCURATE RESULT IS MARKED ITALIC

Fig. 8. Evolution of average RMSE relative to viewing angles. Average
and
values reported
RMSE values represent the means of the
in Table V.

reason, first the retrieval performance of the single view angles
was tested (Table V). For
results are given both for the
top layer (TL) and for the average of all layers (AL). The best
and worst performance for each variable have been marked in
bold and italics, respectively. Except for the 36 nominal view
angle,
is predicted with an RMSE of around 40% while
retrieval accuracy of
varies between 30.0 and 75.4%. Retrievals for the
averaged over all shoot levels are slightly
better than for the top level measurements only. The generally
only modest retrieval performance for all variables is somewhat
distorted because of the use of relative RMSE, since the overall
low measured values of the variables inflate the relative errors.
In absolute terms, the on average best performing single view
angle ( 55 ) provided a retrieval accuracy of 7.9 g cm for
averaged over all leaf layers and 0.62 m m for
,
respectively.
A very interesting aspect is revealed by Fig. 8 which shows
a graphical representation of the averages of the
and
values presented in Table V and, hence, represents the average retrieval accuracy per view angle. A clear trend can be
distinguished, showing decreasing retrieval accuracy with increasing forward scattering direction. This phenomenon agrees
well with the findings made in the previous section, which divulged the deficiency of PROSPECT+SAILh in reproducing the
decrease in reflectance in the forward scattering direction. At
increased view angles the sensor captures less gaps within the
vegetation canopy and, as a consequence, the observed surface
again approaches a turbid medium, leading to a reduced discrepancy between SAILh simulations and observations. The fact
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Fig. 9. Evolution of RMSE with respect to the combination of viewing angles
, squares
, and diamonds the average
(on -axis). Triangles represent
of both.

that, on average, estimations are best in the directions of maximum backward scattering coincide well with the results found
by [59]. It should be noted, however, that average retrieval accuracy is based only on the two independent variables that were
and
), and may
validated in the field campaign (i.e.,
have looked different if other retrieved variables would have
and
are considbeen considered too. Nevertheless,
ered the most indicative variables for assessing cotton N status.
D. RTM Inversion of Combined Observation Angles
Starting with the best performing single view angle ( 55 )
view angles were iteratively added. Fig. 9 visualizes the behaviour of the RMSE for the different combinations and shows
that introducing additional view angles gradually improves
the estimation accuracy until all nominal view angles between
and 36 are included. The total gain up to this point
with respect to the best performing single view angle amounts
to approximately 7.5% for the average of both variables. Retrieved versus estimated values for the 4-angle constellation has
been plotted in Fig. 10. Based on this plot an RMSE of 18.2%
(6.6 g cm ) was calculated for
and an RMSE of 32.7%
(0.55 m m ) for
. While retrievals and measurements
closely correlate for fields C3 and C4 , for fields C1 and C2
estimates show some difficulties for higher measured values.
Most likely, this is related to scaling issues when comparing a
point measurement with the area of an entire pixel.
Additionally incorporating the 55 nominal view angle induces a sharp loss in accuracy for both variables, which is in
line with the results obtained for single viewing angles in the
previous section. Probably, the inability of PROSPECT+SAILh
in correctly reproducing the anisotropy at this view constellation (Section IV-B) is compensated by an unnatural variation
in several canopy variables in order to be still able to mimic the
observed spectral variations. Similar findings were obtained in a
theoretical study performed by [60], who observed underestimation of
in the cases where a 1-D turbid medium RTM was
used to describe a complex 3-D canopy. Also [61] suggested

that the inability of PROSPECT+SAILh in decribing canopy
reflectance for row crops with incomplete coverage and strong
leaf clumping caused an underestimation of
.
Fig. 11 shows the spatial distribution of estimated
and
. Altering zones of high and low
and
within the
fields are well visible and generally coincide with the patterns
observed for the field measurements, suggesting that the obtained maps can be used for more targeted fertilizer applications
at intra-field level. An interesting observation can be made when
the uncertainties of the estimates presented in Fig. 11 are compared with those of the best performing mono-directional observation ( 55 ). Both for
and
, the uncertainty of the
estimations is significantly reduced when multi-angular observations are introduced, especially for the areas with less dense
vegetation cover (Fig. 12). Despite the fact that in the mono-directional inversion schemes the view angles that have been consecutively added perform less than the 55 view angle, the
more restrictive spectral constraints posed by the multi-angular
inversion puts additional limitations on the range of possible
canopy structure variables, resulting in more accurate estimations. Additionally, the prior information input to model inversion is based on the average of the prior estimates predicted
with four different regression equations (one for each view direction), and therefore more robust.
V. CONCLUSIONS
This study explored the potential of hyperspectral multi-angular CHRIS/PROBA data in characterising cotton leaf
chlorophyll content and leaf area index using a semi-automated
radiative transfer model inversion scheme. It was shown that
the 1-D turbid medium PROSPECT+SAILh, which forms the
basis of the approach, was not able to completely reproduce the
spectrodirectional signatures of the cotton fields as observed
by the sensor. Discrepancies between modelled and measured
reflectance were smallest in the extreme backscatter directions. For these constellations, geometrical shading induced
by planting rows, a phenomenon that is not accounted for by
PROSPECT+SAILh, is not visible to the sensor and, hence, the
turbid medium assumption is most valid. Due to the larger geometrical shading component common to the forward scattering
region, large bias between modelled and measured reflectance
was observed for the 55 nominal view angle. The increasing
discrepancy between model and observation toward forward
scattering directions was reflected by reducing accuracy in the
and
based on RTM inversion of the
estimates of both
mono-directional observations. In particular the 55 nominal
view angle provided results that were significantly less accurate
than the ones obtained for the other view angles. The best
performing mono-directional data set was the 55 nominal
view angle which yielded an RMSE of 28.9% (7.9 g cm )
for
averaged over all leaf layers and 37.1% (0.62 m m )
.
for
Even though the concurrent use of multiple view angles
potentially contributes to an improved regularization of the
inverse problem, it does not per definition lead to improved
retrieval performance. The benefit of introducing additional
view angles is strongly determined by the ability of the RTM
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Fig. 10. Comparing measured with estimated
and
, obtained from the concurrent inversion of
,
, 0, and
asterisks, green triangles, blue diamonds, and orange squares indicate measurements taken at field C1, C2, C3, and C4, respectively.

Fig. 11. Spatial distribution of Cab and LAI for multi-directional model inver,
, 0, and
.
sion based on the nominal view angles

Fig. 12. Comparing the spatial distribution of the uncertainty of mono- and
and
. For both variables
multi-directional model inversion results for
nominal
the upper row shows the errors associated to the inversion of the
view angle and the bottom row the errors associated to the concurrent inversion
,
, 0, and
. The relative standard error
of the nominal view angles
is obtained by dividing the uncertainty of the estimate by the estimate itself and
multiplying it with 100%.

in mimicking the complete anisotropy of the canopy present
in the observed reflectance. When discrepancy between modelled and measured reflectance is significant, too restrictive
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nominal view angles. Red

spectral constraints might force the solution into unnatural
variable combinations. In this study, progressively adding less
performing observation angles to the best performing monodirectional data set (i.e., 55 nominal view angle) gradually
improved retrieval performance until all viewing angles except
for the extreme forward scattering angle were included. Model
inversion of this 4-angle combination provided a RMSE of
aver18.5% (6.6 g cm ) and 32.7% (0.55 m m ) for
aged over all leaf layers and
, respectively. Additionally
viewing angle dramatically reduced reincluding the
trieval performance. This differs from what was found by [32],
who obtained the best result when all angles were included in
the inversion of PROSPECT+SAILh over potatoes and maize.
The causes for this difference are yet unclear, but potentially include atmospheric correction and calibration issues, differences
in location characteristics (e.g., soil background), or the fact
that their targets better satisfied the turbid medium assumption
at the time of observation. The example in this study shows that
retrieval capability of the single angles can already give a good
indication of the view constellations that should be included in
the combined inversion. Apart from improving the accuracy,
including angular anisotropy in RTM inversion also led to a
significantly reduced uncertainty of the retrievals, especially
for sparsely vegetated areas. In some cases, errors could even
be halved.
This study demonstrated that including directional anisotropy
in PROSPECT+SAILh inversion of CHRIS/PROBA contributed to a significantly more accurate characterization of
cotton status. Even though the accuracy obtained is still below
the accuracy generally required for precision agriculture applications [62], a comprehensive picture of the spatial distribution
of the current crop status was provided which can be used
as a helpful guideline to farmers in supporting their crop
management and fertilizer strategies. Several modifications
to the model inversion approach adopted in this study could
be considered to potentially improve the absolute retrieval
could be retrieved and evaluated at the canopy
skills. E.g.,
level, like suggested by [63] and [14]. It is also expected that
the incorporation of recent improvements of the PROSPECT
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model [64] and a canopy reflectance model that accounts
for row structures and bidirectional soil reflectance (e.g., as
proposed by [65]) will lead to a significant additional increase
in accuracy. Nevertheless, the inversion of such a model would
pose extra challenges with respect to its parametrization.
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