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The Directional Area Scattering Factor (DASF) quantifies the fraction of visible
canopy leaf area in a given direction and has demonstrated utility in
characterizing vegetation structure. While traditionally applied to dense
canopies under the assumption of a non-reflective background, its broader
applicability remains under investigation. This brief research report presents
the first, direct empirical assessment of the relationship between DASF and
the clumping index (CI), which describes the non-random grouping of foliage
within canopy structures. Using data from the Earth Polychromatic Imaging
Camera (EPIC) onboard the DSCOVR satellite, we evaluate DASF and CI
across a variety of Australian Terrestrial Ecosystem Research Network (TERN)
sites representing diverse vegetation densities and structures. Complementary in
situ digital hemispherical photography (DHP) andCI estimates are used to validate
satellite observations. Our findings provide empirical support for previously
modeled relationships between DASF and CI. The retrieval accuracy in sparse
canopies is challenged by increased background influence, requiring either
refined observation conditions or advanced correction techniques. Our results
confirm the potential of DASF as a scalable structural vegetationmetric, aiding the
development and interpretation of remote sensing vegetation indices and
supporting improvements in canopy structural parameter retrieval from
spaceborne platforms.
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1 Introduction

The Directional Area Scattering Factor (DASF) is defined as the bidirectional
reflectance factor (BRF) of vegetation with a non-reflective background and non-
absorbing leaves (Knyazikhin et al., 2012). Directional DASF is related to the fraction
of leaf area in a canopy that is visible from outside the canopy in a given direction (Sternberg
et al., 2016). The concept of DASF has proven to be useful in mapping vegetation structure
in both forest and agricultural vegetation (Schull et al., 2007; Latorre-Carmona et al., 2014;
Ni et al., 2021; Sun et al., 2022; Vanhatalo et al., 2014). DASF provides information critical
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to accounting for structural contributions to measurements of leaf
biochemistry from remote sensing (Knyazikhin et al., 2012). The
utility of the DASF concept in mapping vegetation structure validity
has been speculated to be confined to dense canopies due to the
underlying assumption of vegetation bounded underneath by a non-
reflecting black surface (Adams et al., 2018).

Clumping index (CI) is another parameter that has been used to
describe vegetation structure (Nilson, 1971; Chen and Black, 1992).
CI quantifies the level of foliage grouping within distinct canopy
structures such as tree crowns, shrubs, and row crops relative to a
random distribution (Chen et al., 2005). Modeled simulations
indicated an expected strong dependency between the DASF and
the canopy clumping index (Stenberg and Manninen, 2015).

Here, for the first time, we seek to provide the empirical, direct
evidence of the relationship between DASF and CI, using
observations and products from the Earth Polychromatic
Imaging Camera (EPIC), a 10-channel spectroradiometer
(317–780 nm) onboard DSCOVR (Deep Space Climate
Observatory) spacecraft (Marshak et al., 2018). All EPIC
observations are around the back-scattering direction: from 2 to
12° from backscattering. DASF parameter is one of the unique
satellite-derived products included in the suite of DSCOVR EPIC
Level 2 Vegetation Earth SystemData Record (VESDR) (Knyazikhin
and Myneni, 2021). The parameters included in the DSCOVR EPIC
Level 2 Vegetation Earth System Data Record (VESDR) have also
shown promise in retrieving the clumping index (Pisek et al., 2021).
The DASF-CI comparison is carried over and is complemented with
available in situ DHP measurements and corresponding CI
estimates over select Australian Terrestrial Ecosystem Research
Network (TERN; Lowe et al., 2016) sites which provide a wide
range of vegetation structures growing under environmental
conditions that may differ from the common assumptions behind
the concept of spectral invariants.

An indirect link between DASF and clumping index
(approximated by a broadleaf fraction of leaf area) using high-

resolution airborne hyperspectral imagery was previously shown in
Knyazikhin et al. (2012). In this brief research report, we seek to
explore if the DASF can be accurately derived even from satellite
observations at coarse resolution, with the DASF-CI relationship
being valid across scales. Our results contribute towards the
interpretation of vegetation indices as well as developing new
indices along with an explanation of their sensitivity to various
vegetation parameters.

2 Methods

2.1 Study sites and data for validation

Terrestrial Ecosystem Research Network (TERN) is a site-based
research infrastructure, which provides continuous tracking of the
key terrestrial ecosystem attributes in Australia (Karan et al., 2016).
The TERN EcoImages provide access to all images collected at
TERN survey sites across Australia (https://ecoimages.tern.org.au/;
last accessed 04/Apr/2025). We used a subset of sites with available
digital hemispherical photography (DHP), taken inside the Core
1 ha plot at each of these TERN SuperSites (Table 1), following the
SuperSites vegetation monitoring protocols (Australian SuperSites
Network, 2022). The approach we have applied to obtain in situ
clumping index (CI) values from DHP is described in detail in Pisek
et al. (2013), Pisek et al. (2021).

The spatial representativeness of included TERN sites in this
study, as reported in Table 1, was previously evaluated in Pisek et al.
(2013) using an approach originally proposed by Román et al.
(2009). This method employs variograms to analyze broadband
albedo in the shortwave range (0.25–5.0 μm) using data from the
Landsat/Operational Land Imager (OLI). A site is considered
spatially representative if the overall variability within its inner
components (OLI pixel albedo values over a 1 km area) is
comparable in magnitude to the surrounding region within the

TABLE 1 Overview of the included TERN SuperSites. Site information collected from the OzFlux network (http://www.ozflux.org.au, also see Beringer et al.,
2016).

Site ID Name Latitude
(°)

Longitude
(°)

Forest type Tree
height (m)

LAI In-situ data
date

Representative

AU-Boy Boyagin −32.48 116.94 Wandoo woodland - 0.8 07/Jun/2018 @1 km

AU-Ctr Cape
Tribulation

−16.11 145.45 Tropical rainforest 25 2.7 14/Nov/2015 @1 km

AU-Cum Cumberland
Plain

−33.62 150.72 Dry sclerophyll 23 1.2 16/Oct/2018 @0.5 km

AU-Gin Gingin −31.38 115.71 Coastal heath Banksia
woodland

7 0.8 07/Sep/2020 @10 km

AU-Rob Robson Creek −17.12 145.63 Complex mesophyll vine
forest

23–44 4.5 01/Jun/2017 @10 km

AU-Tum Tumbarumba −35.66 148.15 Wet temperate
sclerophyll eucalypt

40 2.4 22/Aug/2016 @10 km

AU-Wrr Warra −43.10 146.66 Eucalyptus obliqua forest 55 5.8 08/Feb/2017 @10 km

AU-Whr Whroo −36.67 145.03 Box woodland 15.3 ± 0.2 1 23/Jun/2016 @1 km

AU-Wom Wombat −37.42 144.09 Dry sclerophyll eucalypt
forest

25 1.8 11/Jun/2015 @10 km
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footprint of the given sensor. For example, Wombat (Figure 1A) can
be considered a border-line spatially representative site since the sill
value (i.e., the variogram range where the function flattens) for the
corresponding area is close to the critical value of 0.0005 suggested
by Wang et al. (2017). The Whroo site (Figure 1C) is spatially
representative at a 1 km resolution but does not meet
representativeness criteria at a nominal spatial resolution of
10 km of the EPIC data (Figure 1D). Further details on the
methodology of spatial representativeness assessment using
variograms can be found in Román et al. (2009).

2.2 DSCOVR EPIC Vegetation Earth System
Data Record (VESDR) product

We retrieved DASF and CI using EPIC data from the DSCOVR
EPIC Version 2 Level 2 VESDR product. This dataset provides
DASF values at the surface level, representing the Canopy
Bidirectional Reflectance Factor assuming no radiation
absorption by the foliage (Knyazikhin and Myneni, 2021). To
ensure high data quality, we only used VESDR records where
both the input data and output met the highest quality standards
(QA_VESDR = 0).

In addition to DASF, we also used several other variables from
the EPIC VESDR product, including Leaf Area Index (LAI), Sunlit
Leaf Area Index (SLAI), Solar and View Zenith Angles (SZA, VZA).
The CI estimates were derived following the method described by
Pisek et al. (2021), which uses SLAI and LAI values from
observations close to SZA, VZA = 57° included in the DSCOVR
EPIC VESDR product. Using the observations under oblique angles
also means less interference from the soil background (Yang, 2022).

To support this study, we obtained EPIC observations for pixels
containing TERN SuperSites (Table 1) during the first three full
years of the mission (2016-2018). This time frame was chosen
because it overlaps with the availability of high-quality in situ
measurements (Table 1) while avoiding the 2019–2020 Australian
drought and bushfires, which altered site characteristics (see
Woodgate et al., 2025). Additionally, this period excludes the
time when DSCOVR was placed in extended safe mode due to
inertial navigation unit degradation in 2019 (Marshak et al., 2021).
The mission resumed full operations on 2 March 2020.

It is important to note that the DSCOVR EPIC VESDR product
is currently released with a provisional quality status. The Version
2 VESDR data are provided on a 10 km sinusoidal grid, with a
65–110-min temporal resolution. These data are derived from the
upstreamDSCOVR EPIC L2MAIAC (Multi-Angle Implementation

FIGURE 1
Shortwave BRF composites centered at (A) Wombat and (C) Whroo TERN study sites. (B,D) Variogram estimators (X−, ◊,□ symbols), fitted spherical
model (····) and sample variances (−) acquired with Operational Land Imager subsets and areas of interest 1, 6, and 10 km as a function of the space
between observations. Explanations for the legend in (B,D): (a) range; var - sample variance; (c) sill; c0 - nugget.
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of Atmospheric Correction Version 2) surface reflectance product
(Lyapustin et al., 2018). All VESDR data were downloaded via
NASA’s Open-source Project for a Network Data Access Protocol
(OPeNDAP) [https://opendap.larc.nasa.gov/opendap/] (last
accessed 3 April 2025).

3 Results and discussion

First, we looked at the intercomparison of clumping index (CI)
values obtained from in situ data and EPIC retrievals. Figure 2 shows
there is a very good agreement between EPIC and in situ values of
clumping index over three out of the four spatially representative
sites with available digital hemispherical photography (DHP) data.
Pisek et al. (2021) tracked the discrepancy in case of the fourth
spatially representative site, Tumbarumba, to the presence of
understory layer, which adds to the overall randomness of foliage
clumping for in situ measurements, while satellite measurements
respond primarily to the structural effects in upper levels of canopies
(Pisek et al., 2015). The disagreement between clumping estimates
from in situ and satellite measurements in the case of Wombat site
can be explained by the EPIC observation being taken at VZA = 61°.
DSCOVR EPIC observations with viewing zenith angles (VZA)
greater than 60° are generally not recommended for quantitative
analyses (Lyapustin et al., 2021). At such high VZA values, the
spatial resolution of EPIC decreases significantly, leading to
increased pixel distortion and potential inaccuracies in data
interpretation, as could be demonstrated in our study in the case
of the Wombat site.

There is a poor agreement between the spatially limited in situ
CI measurements and EPIC CI retrievals over non-representative

FIGURE 2
Comparison of clumping index values retrieved from EPIC data
and available field measurements with DHP over representative (blue
full circles) and non-representative (red crosses) TERN sites at the
EPIC’s nominal spatial resolution. 1:1 line is shown in black.

FIGURE 3
(A) Relationship betweenDASF and clumping index (CI) with EPIC
observations with SZA >50° over TERN sites; (B) the same but
restricted to VZA 53°–57° over TERN sites.; (C) the same as (B) but
further restricted to observations with phase angle <5°. The
proposed hyperbolic relationship by Stenberg and Manninen (2015)
(DASF = 0.28 + 0.23tanh (CI)) is shown in red full circles in all
sub-figures.
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sites (Figure 2). The CI retrievals from EPIC data may still be
correct–it is only that the spatial extent of in situ measurements
(1 ha) is not deemed representative of the greater area covered by the
EPIC signal. The agreement between in situ and EPIC CI retrievals
over spatially representative sites is encouraging for proceeding with
the examination of the actual CI-DASF relationship.

There is only a rather weak relationship (R2 = 0.15) between
DASF and CI values from EPIC data calculated across good quality
observations with a wider range of SZA angles (Figure 3A). The
relationship improves if only the observations taken with the SZA
range of 53°–58° are considered, where the G-function can be
considered as almost independent of leaf inclination (G� 0.5)
(Weiss et al., 2004) – the original assumption behind simulating
the DASF-CI relationship by Stenberg and Manninen (2015) and
plotted as red full circles in Figure 3.

Figures 3B,C illustrate the effect of the phase angle on the DASF
retrieval uncertainty. The hot spot, backscattering region has been
shown to be very rich in information (Gerstl, 1999; Goel et al., 1997;
Qin et al., 2002; Ross and Marshak, 1989). DASF variability
decreases if only the observations with smaller phase angle
(PHI <5°) are considered; subsequently, the DASF-CI relationship
from EPIC data also improves (R2 = 0.32) and aligns accordingly
with the predicted, simulated relationship by Stenberg and
Manninen (2015) (Figure 3C).

All theoretical results regarding spectral invariants theory are
derived for sufficiently dense (LAI ≳ 3) vegetation bounded from
below by a non-reflecting plane (Sternberg et al., 2016). The
horizontal plane assumption can be considered as not met in the
case of the Robson Creek site, which is located in a rather
mountainous terrain with varying topography (Woodgate et al.,
2012) across the footprint of the EPIC sensor. As the Robson Creek
site has quite a dense vegetation (LAI = 4.5), the varying topography
may explain the deviation of the results over this site from the
predicted DASF-CI relationship by Stenberg and Manninen (2015)
in all individual plots included in Figure 3. Results for the Robson
Creek were included in Figure 3 only for illustrative purposes and
were not included in the reported relationships.

4 Summary

Our results can serve as a first, direct verification of modelling
work by Stenberg and Manninen (2015) with empirical data and
confirmation of the suggested link between DASF and foliage
clumping. This also suggests that DASF can be accurately derived
even from satellite observations at coarse resolution, with the
DASF-CI relationship being valid across scales. Our results also
indicate that truly successful, reliable retrieval may still be
possible only while meeting the assumptions of dark, non-
reflecting plane background and/or sufficiently dense
vegetation. Many of the included, available TERN sites are
rather sparse in vegetation with low LAI (Table 1). This
translates into the relatively wide spread of values even in
Figure 3C along the course of function originally modelled by
Stenberg and Manninen (2015) for optimal conditions, which
may be quite different from the conditions of actual TERN sites.
We try to limit the effect of background and unknown, actual
G-function by considering only the EPIC retrievals with SZA

values in the range of 53°–57°. At the same time this brought us to
the brink of the already mentioned recommended SZA limit of
suitable EPIC observations (Lyapustin et al., 2021; Knyazihkin
and Myneni, 2021). Alternatively, methods for removing the
impact of background on total forest (or other vegetation
canopy) reflectance need to be applied in sparse canopies.
Removing the ground contribution to the bidirectional
reflectance factor before retrieving spectral invariant
parameters was also recommended by Yang et al. (2017).
Radiative-transfer-based techniques for removing ground
influences are well advanced in remote sensing (Knyazikhin
et al., 2005; Ganguly et al., 2008).
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