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Assessing Vegetation Dynamics Over Mainland
Australia With Metop ASCAT
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Abstract—Recently, the slope and curvature estimation of the
backscatter—incidence angle relationship within the TU Wien re-
trieval algorithm has been improved. Where previously only cli-
matologies of the slope and curvature parameters were available,
i.e., one value for every day of year, slope and curvature are now
calculated for every day. This enables the retrieval of time series of
vegetation optical depth (7,) from backscatter observations. This
study demonstrates the ability to detect interannual variability in
vegetation dynamics using 7, derived from backscatter provided
by the advanced scatterometer on-board Metop-A. 7, time series
over Australia for the period 2007-2014 are compared to leaf area
index (LAI) from SPOT-VEGETATION by calculating the rank
correlation coefficient () for original time series and anomalies.
High values for r, are found over bare soil and sparse vegetation
in central Australia with median r; values of 0.78 and 0.58, respec-
tively. Forests and ephemeral lakes and rivers impact the retrieval
of 74, and the negative values for , are found in these areas. Look-
ing at the annual averages of 7,, LAIL and surface soil moisture,
significantly high values are found for the anomalously wet years
2010 and 2011. Patterns in the increased 7, correspond to regions
with increased soil moisture and LAI Values for 7, and LAI are
anomalous especially in sparsely vegetated regions, where the flush
of grasses increases 7, and LAIL Regions with enough precipitation
and higher woody vegetation component show a smaller increase
in 2010 and 2011. This study demonstrates the skill of 7, and sub-
sequently of scatterometers, to monitor the vegetation dynamics
thanks to the multiincidence angle observation capability.

Index Terms—Precipitation, scatterometer, soil moisture,
vegetation.

I. INTRODUCTION

CATTEROMETERS provide backscatter observations,
which can be used to monitor various ocean and land sur-
face processes. Originally designed to monitor ocean winds,
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Fig. 1. Conceptual relation between backscatter and incidence angle with
relation to soil moisture and vegetation (taken from [10]).

scatterometers are now also used for the retrieval of surface soil
moisture and vegetation dynamics. In the late 1990s, an algo-
rithm was developed based on a change detection method, the
TU Wien algorithm, to retrieve the surface soil moisture from
backscatter observations (¢°). The algorithm makes use of the
capability of scatterometers to observe a target under a range of
incidence angles () [2]. The algorithm was first applied to the
ERS-1 active microwave instrument, and later to the advanced
scatterometer on-board Metop-A (ASCAT-A). The dependence
of o° on 0, the function ¢°(f), can be modeled as a second-
order polynomial. The slope (¢’) and the curvature (¢”) of the
function o°(#) are sensitive to vegetation dynamics; an increase
in vegetation increases the o’ of the function o°(6), whereas
bare soils result in a lower ¢’, as shown conceptually in Fig. 1.
Within the TU Wien algorithm, ¢’ and ¢” are used to normalize
all backscatter measurements to a reference incidence angle (6,.)
and to correct for vegetation. As a heritage of the limited number
of yearly observations available from ERS-1, ¢’ and ¢” were
calculated by considering all observations of the measurement
period, in order to account for noise and ensure a full range of
incidence angles. However, with the increasing amount of ob-
servations available on a yearly basis for ASCAT-A, Melzer [1]
recently demonstrated the feasibility of calculating ¢’ and o”
for each year individually. With this improved method, interan-
nual variations in ¢’ and ¢” can be investigated. Hahn et al. [3]
(submitted in this issue) tested the robustness and performance
of the new calculation method on a global scale by comparing
o’ and o” calculated from ASCAT observations from Metop-
A and Metop-B (ASCAT-B) independently. Their results show
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a good agreement between observations from ASCAT-A and
ASCAT-B. Only in areas with little slope variation, i.e., deserts
and tropical forests, low correlations are found because of small
signal variation. In sandy deserts, high azimuthal anisotropy
in combination with low backscatter leads to unreliable slope
calculations. Both ASCAT-A and ASCAT-B showed seasonal
variation in ¢/, with low values (steep slope) in winter time and
higher values (moderate slope) in summer. The study demon-
strated that the interannual variations in ¢’ and o” are stable
and that the variability in both parameters describe real phys-
ical changes. Based on the previous studies [2], [4], [5], these
variations are hypothesized to be linked to vegetation dynamics.

Wagner et al. [2] compared o’ retrieved from ERS-1 backscat-
ter observations to normalized difference vegetation index
(NDVI) over Spain. They found that o’ was not related to vege-
tation greenness but more strongly related to seasonal dynamics
in the wet biomass of the vegetation. Recently, Vreugdenhil
et al. [4] retrieved vegetation optical depth (7, ) from ASCAT-A
backscatter observations using ¢’ and ¢” from the TU Wien
algorithm and a simple water-cloud model [6]. With this model,
the temporal variation in 7, is entirely controlled by temporal
variations in ¢’ and ¢”. Given that the only climatological values
of o’ and ¢” were calculated, until now only climatologies of 7,
could be retrieved. It was demonstrated that the climatologies of
T, satisfactorily follow global vegetation patterns and dynam-
ics, as observed in leaf area index (LAI) and vegetation optical
depth retrieved from passive microwave observations (7,) [4].
The novel calculation of ¢’ and ¢” for each year individually
enables the retrieval of time series of 7,. This provides, for the
first time, an opportunity to investigate the interannual varia-
tions observed in 7,. Vegetation is one of the important links
in the water, energy, and carbon cycle, making monitoring in-
terannual dynamics and trends in vegetation pivotal. Recently,
dryland biomass was found to be an important driver of inter-
annual variability of the carbon cycle [7]. Global change affects
vegetation dynamics, for example, by an earlier onset of vege-
tation activity in spring due to increasing temperatures [8], but
vegetation can also influence climate through, e.g., photosyn-
thesis and albedo [9]. The availability of additional vegetation
datasets from active microwave remote sensing can help moni-
tor dynamics in the total water content of the vegetation, which
can improve our understanding on vegetation dynamics and its
link to the water, energy, and carbon cycle.

In this study, we extend the work reported by Hahn et al.
[3] and Vreugdenhil ef al. [4]: Our main objective is to assess
whether 7,, and thus ¢’ and ¢”, are sensitive to interannual
variability in vegetation dynamics. First, time series of 7,
are compared to LAI retrieved from SPOT-VEGETATION
(SPOT-VGT) observations and discussed in relation to the
respective land cover classes (see Fig. 2). This is done for both
the original time series and the anomalies. By subtracting the
climatology from the signal, we can assess whether the inter-
annual vegetation variability, as described by LAI, is captured
by 7,. As described by Hahn er al. [3], the calculation of ¢’ is
problematic over sandy deserts due to azimuthal anisotropy, and
small variation in the signal is found in tropical forests and other
deserts. Therefore, we selected mainland Australia to perform
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Fig.2. Land cover map based on the European space agency’s climate change
initiative land cover map of 2010. The map includes the location of the time
series plots from Fig. 6.

the thorough quality assessment of 7, . Australia is characterized
by an arid to semi-arid climate in its interior and subtropical
climate in the north, providing a large range of climate and land
cover conditions (see Fig. 2). Furthermore, Australia experi-
enced one of the worst droughts on record from 2001 to 2009,
the so-called Millenium Drought. This was followed in 2010
by the highest spring rainfall on record in eastern Australia.
Australia, with its lack of mountain ranges, semiarid climate,
and location between the Antarctic, Pacific, and Indian Ocean,
is especially sensitive to climate modes, e.g., El Nifio southern
oscillation (ENSO), Indian Ocean dipole (IOD), and southern
annular mode (SAM). In 2010, all three climate modes were in a
phase generally linked to wet conditions for Australia, bringing
particularly large amounts of rainfall to northern and eastern
Australia; a negative IOD event co-occurred with La Nifia and a
positive SAM [11]. On the other hand, 2010 was the driest year
on record in south-west Australia (SWA), which is assumed
to be less affected by ENSO [12]. Consequently, there have
been important changes in vegetation in the last decade over
the whole continent. The high interannual variability in precip-
itation combined with the large range of surface conditions and
land cover makes Australia a perfect region to study the sensi-
tivity of 7, to interannual variability in vegetation dynamics. To
investigate the sensitivity of 7, to these extreme events, spatial
patterns of annual mean values of 7,, LAI, and surface soil
moisture (SSM) from ASCAT-A observations are qualitatively
analyzed. Since 7, is sensitive to total water content of the
vegetation and thus above ground biomass, we expect to see a
significant increase in 7, in eastern Australia in 2010 and 2011.

II. DATA

A. Metop-A ASCAT Vegetation Optical Depth (1,) and
Surface Soil Moisture

For this study, 7, is derived from model parameters from
the TU Wien soil moisture retrieval algorithm using ASCAT-
A observations [4]. ASCAT-A orbits the Earth since 2007 and
provides C-Band observations on a global scale every two days.
Within the TU Wien algorithm, we use ASCAT-A observations
resampled to a 12.5-km discrete global grid [10]. Backscatter
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measurements (o°) from ASCAT-A are obtained under differ-
ent incidence angles (#) and the dependence of ¢° on # can be
modeled by a second-order polynomial. As described in Section
I, o' and ¢” of the function o°(#) are sensitive to vegetation dy-
namics and are used to normalize backscatter (o)) to a reference
6, of 40° and to correct for vegetation. The change detection
approach calculates SSM by scaling o, between the histori-
cally lowest and highest observed backscatter, the socalled dry
and wet reference, respectively, which represents the driest and
wettest conditions. As can be seen in Fig. 1, crossover angles
exist, where vegetation effects on the backscatter are cancelled
out. The wet reference is estimated by taking the average of
the highest 10% of the backscatter at the wet crossover angle
0 = 40° excluding outliers. Consequently, the wet reference is
a constant value. The lowest backscatter is estimated at § = 25°
(see Fig. 1) and is converted back to the reference 6, of 40°
using ¢’ and o”. Hence, the variability in the dry reference is
controlled by ¢’ and ¢” and intrinsically corrects for vegetation.
Previously, o’ and o” were averaged over several years. Subse-
quently, the dry reference was only available as a function of the
day of year, i.e., only 366 values were computed. Recently, the
method to estimate ¢’ and ¢” was improved by Melzer [1]. By
using a kernel smoother (or weighted linear regression scheme),
o’ and ¢ are calculated for every single day. A detailed descrip-
tion of the kernel smoother is given in [3]. Vreugdenhil et al.
[4] used the dry and wet reference and a water-cloud model
[6] to derive 7,. Consequently, only climatologies of 7, could
be retrieved, i.e., 366 values. Using the novel calculation of ¢’
and o”, the dry reference is available for every day, making the
retrieval of 7, for every day possible. 7, is calculated as follows:
cosf

A [¢]
Ty = In =7

2 HAU"

(D

where Ac®, in m?/m?, is the difference between the dry and
wet reference. Ao, also in the linear domain, represents the
maximum range in backscatter values over bare soils related to
a change in soil moisture only and is assumed to be constant
through time. A change in Ao only affects the mean value of
T,. The temporal variation in 7, is solely controlled by temporal
variability in the dry reference, which is a function of ¢’ and o”.
The daily calculation of ¢’ and ¢” makes it possible to compare
time series of 7, with other vegetation products and investigate
the interannual variability.

SSM is calculated by scaling backscatter between the his-
torically lowest (dry reference) and highest (wet reference) ob-
served backscatter at a location. Vegetation dynamics are cor-
rected for within the dry reference. Due to the scaling, SSM
is available expressed in relative units of degree of saturation
(%). As for 7,, SSM is available on a discrete global grid with
a grid spacing of 12.5 km. For this study, both 7, and SSM are
resampled to a 0.25° grid.

B. Leaf Area Index

LAI describes half the developed area of photosynthetically
active elements of the vegetation per unit horizontal ground area.
GEOV 1 LAl derived from visible and near infrared observations

provided by the SPOT-VGT is used for this study [13]. GEOV1
LAI is derived with a neural network, using a training dataset
based on CYCLOPES v3.1 and MODIS C5 LAI to relate the top
of canopy reflectance to the best estimate of LAI LAI is avail-
able globally as a ten-day composite with a spatial resolution of
1/112°. For this study, LAI is resampled to a 0.25° grid.

III. METHODS

To validate the performance of 7, over Australia, we first
compare it to LAI observations from SPOT-VGT over the pe-
riod 2007-2014. For this, all datasets are spatially resampled
to a 0.25° grid and temporally resampled to monthly averages.
For every 0.25° grid point in Australia, Spearman rank corre-
lation is calculated for both original data (r;) and anomalies
(rsq) of 7, and LAL. Anomalies are calculated by subtracting
the climatology from the monthly mean values. For further anal-
ysis, grid points with a ry lower than 0.2 are excluded. Since
a lag was observed between the climatologies of LAI and 7,
[4], we calculated r, for different time lags of 7,. A map of
monthly lag values is calculated by finding for every grid point
the lag associated with the maximum r for that point. Finally,
an assessment of the spatial patterns of 7,, LAI, and SSM over
the 2010 and 2011 La Nifia phase is performed. To confirm
if a significant increase occurs in a grid point for any of the
three products, we check if the yearly mean of the 2010 and
2011 event is consistent with the ensemble of the yearly means
during weak and neutral climate mode phases. We consider an
increase to be significant when the mean over 2010 and 2011 is
bigger than the ensemble mean plus three standard deviations
of the ensemble mean. Since the ENSO cycles usually start in
April/May of the first year and finishes the following year in
March/April, the base for the yearly mean calculation is set in
April. Spatially, 7, varies strongly over Australia because of the
large range of climates and vegetation types, from deserts in
central Australia to tropical forests in the north. At each grid
point, each time series is normalized by subtracting the mean
and dividing by the standard deviation, both estimated over the
entire period 2007-2014. The resulting normalized time series
facilitate the interpretation of patterns where mean and variance
vary strongly from grid point to grid point.

IV. RESULTS AND DISCUSSION
A. Quality Assessment of T,

Figs. 3 and 4 show r, and rg, per grid point over mainland
Australia. In general, LAI and 7, show similar temporal dy-
namics, which are demonstrated by an average continental 7 of
0.46 (including negative values). For 71% of the grid points, 7
is higher than 0.2. Even though Hahn et al. [3] found unstable
retrievals of o’ over deserts, e.g., Sahara and Takla Makan, the
highest values of r are found over bare soils and sparse vegeta-
tion (see Fig. 5) with a median 75 of 0.78 and 0.58, respectively.
Fig. 6(a) and (b), for example, time series for interior Australia,
shows that in this region there is no clear seasonal cycle in 7,
but a clear interannual variability is found, where the highest
monthly means are found in 2010 and 2011. The interannual
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Fig.3. Spearman rank correlation between LAI from SPOT-VGT and 7, from
ASCAT-A.
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Fig. 4. Spearman rank correlation between anomalies from LAI from SPOT-

VGT and 7, from ASCAT-A.

variability in deserts is also captured by the anomalies in 7,
where the median rg, is 0.68 and 0.58 for bare soils and sparse
vegetation, respectively. Shrubland and grassland show lower
values of r,, with medians of 0.35 and 0.37, respectively. Only
on ephemeral lakes and salt pans, e.g., Lake Eyre, 7, does not
follow LAI which is expected due to effects stemming from
open water and salt pans. Radar observations over open water
are sensitive to the direction of winds and the waves on the water
surface. In this case, o’ of function o°(#) is strongly affected by
standing water but not by vegetation.

Over croplands in New South Wales, relatively high values of
r, are found, but lower values are observed in Western Australia,
leading to a median r, of 0.32. Fig. 6(c) shows time series over
croplands east of Perth, where a strong seasonal cycle can be
observed in 7,, with little interannual variability [see Fig. 6(d)].

Spearman R

-0.5 —
Variable L -+ !
B R_anomaly
B R_original
-10
Bare Cropland Forest BD Forest BE  Grassland  Shrubland Sparse
CclLc
Fig.5. Spearman rank correlation between LAl and 7, for original time series

and anomalies grouped per CCI land cover class.

Only in the winter of 2010, relatively low values for 7, can be
observed compared to other years. This can be explained by the
exceptionally dry year that western Australia experienced [12].
In the forested areas surrounding the agricultural regions near
Perth, a quick shift to negative r; values can be observed (see
Figs. 3 and 4). The opposite behavior of 7, with regard to LAI
can also be observed in Fig. 6(e). Variation in 7, is small, but a
clear seasonality can be found in the monthly time series. This
indicates that there is a physical process, with a clear seasonal-
ity, which causes the opposite behavior of 7, compared to LAI.
These negative values are found in deciduous broadleaf forests
(see Forest BD in Fig. 5). A possible explanation for the nega-
tive correlation with LAI could be the increase in double-bounce
scattering between the soil and the stems and trunks when leaves
have fallen. Since the current model does not take into account
double-bounce scattering, this is currently interpreted as an in-
crease in 7,. Leaf fall has a strong seasonal cycle, which can
also be seen in the 7, signal over deciduous broadleaf forests
(Fig. 6(f)), suggesting a natural process causing the negative
correlations.

In southwest Queensland and northwest New South Wales,
Channel Country, areas with negative values for r; are observed
in flooded shrubland (see Fig. 2). The Channel Country river
systems are some of the most variable and unpredictable flow
regimes in the world [14]. Episodic floods can occur during
summer monsoons in Northern Australia and this water can fill
up the anastomosing rivers in the extensive floodplain system
and stay for weeks. On the other hand, there are long periods
of no flow, the floodplains are dry and the little water that is
available can only be found in waterholes. Also, here, the pres-
ence of standing water is likely to affect the estimation of ¢’ and
consequently 7,.

Fig. 7 shows the lag in months between 7, and LAI, where
the negative values (red colors) indicate that 7, lags behind
LAI Clear spatial patterns can be observed in the lag, which
correspond greatly to land cover. No lag is found for bare
soils, sparsely vegetated areas, and grasslands. The high values
found for r; and no lag indicates that 7, is sensitive to similar
vegetation dynamics, as observed in LAIL. A clear lag can be
seen between 7, and LAI in croplands, with a lag of one to two
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Fig. 6. Time series for 7,, LAI, and SSM (left figure) and monthly averages of 7, (right figure) for: (a) and (b) interior Australia, (c) and (d) western
Australia—croplands, and (e) and (f) western Australia—deciduous broadleaf forest. The locations of the grid points are depicted in Fig. 2.
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Fig. 7. Lag in months based on Spearman rank correlation between LAI and

7, . Red to orange colors indicate that 7, lags behind LAIL

months. This also explains the relatively low median 7 for the
croplands of 0.32. By correcting for the lag, ; increases to 0.59
for the croplands. The lag can be explained by the different
vegetation characteristics represented by the two products.
Since 7, is more sensitive to the total water content in the
vegetation, including the woody part, and LAI is sensitive to
the green vegetation part, differences between them are to be
expected on physical grounds. Over areas that are classified as
bare soil, sparse vegetation, and grassland, grasses can bloom
quickly after a rainfall event. If no woody vegetation is present,
7, and LAI are both sensitive to the grasses only. Consequently,
we do not observe a lag between 7, and LAI. A lag was found
by Jones et al. [15] between 7, from AMSR-E observations
and NDVI over the continental USA, which increased with
increasing woody vegetation cover. The lag was attributed to the
different rooting depths of grasses and woody vegetation. After
a precipitation event, the rainfall is first available to grasses that
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Fig. 8. Plots depicting the yearly differences from the mean over 2008-2014 for 7, (left column), LAI (middle column), and SSM (right column). Higher (lower)
than the ensemble average values are depicted in blue (red).
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root in the upper soil layers. It was argued by Jones et al. [15]
that the woody biomass will only accumulate when deeper soil
layers are recharged. Since we observe no lag over bare soils,
sparse vegetation, and grassland, and a lag of one to two months
over areas with more woody vegetation cover this process could
possibly also explain the observed lag between 7, and LAL

The analysis of temporal correlation of original time series
and anomalies between 7, and LAI shows that, apart from
ephemeral lakes and rivers and deciduous broadleaf forest, 7,
follows LAI This study confirms the hypothesis of Hahn et al.
[3] that the variability that is seen in ¢’ is most likely driven by
vegetation dynamics.

B. Interannual Variability in 1,

The calculation of ry, showed that 7, is sensitive to interan-
nual variability in vegetation dynamics as represented by LAI
in many grid points. Hence, we expect that yearly averages
of 7, and LAI show similar spatial patterns. Fig. 8 shows the
yearly averages for 7,, LAIL and SSM, in areas where r; > 0.2.
Overall, the patterns of the three products agree well. During
the Millenium Drought (2007-2009), clear negative values can
be seen. This is followed by two years of positive anomalies,
which indicate an increase in vegetation and soil moisture. From
2012 onward, values decrease slowly every year, especially
in eastern Australia. The clear positive anomalies in 2010 and
2011 observed for 7,, LAI, and SSM are focused in central
and eastern Australia. SWA is characterized by below average
values, which are also visible in the time series in Fig. 6(c).
This corresponds to the observations reported in [12], where
SWA suffered the driest year on record until then. The strongest
anomalies are found in interior Australia, which typically does
not receive much rainfall and vegetation is sparse. However,
with precipitation events vegetation blooms, mainly grasses,
and therefore relative changes are more extreme in interior
Australia. Significant differences between the annual mean of
2010 and 2011 compared to the ensemble mean are found for
all three products in interior Australia (see Fig. 9).

For all three products, a clear pattern from northwest
Australia (NWA) to southeast Australia (SEA) can be seen in
Fig. 8. This pattern coincides with cloud bands that form over
the Indian Ocean northwest of NWA and bring moisture deep

Normalized difference +, [-]

(it

5 15 5 3 45 55 &5 75 a5
Bin Centre Hansen Forest Cover [%]

Fig. 10. Difference between normalized 7, between the year 2008 and 2010
per grid point, binned to their respective percentage forest cover.

land inward to SEA. Cloud bands transport latent heat and mois-
ture from tropical latitudes into higher latitudes and often trig-
ger widespread and heavy rain over NWA and SEA [16]. This
northwest to southeast pattern was also observed in the time
series of rain gauges [17]. Variations in sea surface temperature
over the Indian Ocean were found to be closely related to winter
precipitation in a northwest to southeast band. Eastern rainfall
was found to relate the best to sea surface temperature varia-
tions in the Pacific Ocean. It was also found by Ummenhofer
et al. [18] that anomalous wet conditions were enhanced by
precipitation brought by northwest cloud bands when La Nifia
co-occurs with a negative IOD phase. Hence, the clear northwest
to southeast pattern that we observe could be related to precipi-
tation brought by cloud bands, as an effect of the interaction of
climate modes.

In more vegetated regions, 7, and LAI do not vary as strongly
as in interior Australia. Similar patterns were found in [19],
where in semiarid drylands seasonality in 7, was strong, but the
interannual response was limited. This was explained by sea-
sonal abundance in water, where variation in precipitation does
not affect vegetation. This is depicted in Fig. 10, where the dif-
ference for every grid point between the yearly average of 2008,
ayear during the Millenium Drought, and 2010, during La Nifa,
is binned per percentage of forest cover. Here, the relative differ-
ence between the two years decreases with the increasing forest
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cover. This could indicate that total water content in vegetation
changes less dramatically in more forested regions, and that 7,
is less sensitive to vegetation water content over forests than
grasslands. This can also be observed in Fig. 9, in which the
eastern parts of Australia LAI [see Fig. 9(b)] shows significant
differences between the annual mean of 2010 and 2011 com-
pared to the ensemble mean, but for 7, [see Fig. 9(a)] this is
limited to a smaller region.

V. CONCLUSION

This study assessed the ability of 7, derived from ASCAT-A
to capture interannual variability in vegetation dynamics. An
improved estimation of model parameters in the TU Wien soil
moisture algorithm allows for the retrieval of time series of 7,.
We demonstrate that 7, derived from ASCAT-A is related to
vegetation dynamics, as observed in LAI In forested regions,
negative correlations between 7, and LAI are observed, which
are attributed to scattering mechanisms that are not accounted
for in the current 7, retrieval algorithm. Furthermore, dynamics
of 7, show distinct inter annual variability, as observed in LAI
and SSM. For 7,, but also LAI and SSM, positive anomalies
are observed in an area that extends from northwest to southeast
Australia. This area is possibly related to the northwest cloud
bands that form over the Indian Ocean, bringing precipitation
land inward to southeast Australia. Due to its sensitivity to
the woody part of the vegetation, 7, shows a less pronounced
increase in the north-east and east part of Australia.

This study confirms that variations in 7, are related to vegeta-
tion dynamics. It demonstrates the added value of scatterometers
to monitor land surface parameters. However, the problems that
were encountered in forested regions show that further stud-
ies on backscatter mechanisms and how to account for them
in scattering models is needed. The successive scatterometers
onboard ERS-1, Metop-A, Metop-B, and in the future Metop-
C and Metop-SG SCA, provide a long-term dataset, which
presents an opportunity to further study trends and interannual
variability in vegetation and scattering mechanisms related to
vegetation.
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