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Abstract: Many previous studies have attempted to extract prior reflectance anisotropy knowledge
from the historical MODIS Bidirectional Reflectance Distribution Function (BRDF) product based
on land cover or Normalized Difference Vegetation Index (NDVI) data. In this study, the feasibility
of the method is discussed based on MODIS data and archetypal BRDFs. The BRDF is simplified
into six archetypal BRDFs that represent different reflectance anisotropies. Five-year time series of
MODIS BRDF data over three tiles are classified into six BRDF archetype classes according to the
Anisotropy Flat indeX (AFX). The percentage of each BRDF archetype class in different land cover
classes or every 0.1-NDVI interval is determined. Nadir BRDF-Adjusted Reflectances (NBARs) and
NDVIs simulated from different archetypal BRDFs and the same multi-angular observations are
compared to MODIS results to study the effectiveness of the method. The results show that one
land cover type, or every 0.1-NDVI interval, contains all the potential BRDF shapes and that one
BRDF archetypal class makes up no more than 40% of all data. Moreover, the differences between
the NBARs and NDVIs simulated from different archetypal BRDFs are insignificant. In terms of
the archetypal BRDF method and MODIS BRDF product, this study indicates that the land cover or
NDVTI is not necessarily related to surface reflectance anisotropy.

Keywords: reflectance anisotropy; archetypal BRDFs; NDVI; land cover; Anisotropy Flat Index
(AFX); MODIS

1. Introduction

The reflectance of most natural surfaces is anisotropic, resulting in major difficulty regarding
the quantitative estimation of vegetation and soil characteristics from ground-based and remotely
sensed observations. The Bidirectional Reflectance Distribution Function (BRDF) is used to describe
the characteristics of reflectance anisotropy [1]. In practice, the Kernel-driven, semi-empirical
RossThick-LiSparse-Reciprocal (RTLSR) BRDF model is widely used for BRDF retrieval and
reconstruction based on remotely sensed data [2-6].

The BRDF depends on the wavelength and is determined based on the optical properties and
structure of the surface [6]. It has been widely used for normalizing satellite measurements in the
nadir direction and retrieving land surface albedo from sparse angular observations [3,5], performing
coupled atmospheric correction [7] and land cover classification [8], and deriving canopy structure
and other bio-geophysical parameters [3]. Generally, sufficient and well-distributed observations are
needed to accurately retrieve BRDF from multi-angular remotely sensed data [9]. However, constrained
by the observation capacity of sensors, the orbital characteristics of observation platforms [10],
clouds, and their shadows, most spacecraft or satellite remote sensors cannot collect sufficient and
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well-distributed observations over short periods. This constraint is more remarkable for high and
medium spatial resolution remotely sensed data because most remote sensors only have near-nadir
observation capability.

When observations are sparsely sampled, including the case of measuring only a single
observation, we can improve the inversion accuracy of the BRDF and other relevant parameters using
an a priori BRDF [11]. This is mainly because prior knowledge can limit the variability in the BRDF
during the retrieval process. Many investigations have been performed in this field. In the first version
of the operational MODIS BRDEFE/albedo backup algorithm, the prescribed BRDF associated with
specific land cover types is used as prior knowledge [6,9]. Currently, in the V006 collection, the most
recent full inversion BRDF is used as prior knowledge in the BRDF/albedo backup algorithm [12].
Moreover, according to Bayesian inference theory, a priori knowledge has been used to improve
the retrieval of surface bidirectional reflectance and spectral albedo from satellite observations [11].
The BRDF parameters of Multi-angle Imaging SpectroRadiometer (MISR) data were used as prior
knowledge to improve the retrieval of the surface BRDF from MODIS observations [2].

Recently, to extract prior BRDF knowledge from the historical BRDF product, many studies have
linked surface reflectance anisotropy to land cover or the NDVI [13-15]; both types of extracted BRDF
knowledge perform well in the retrieval of land surface albedo from nadir reflectance. Land cover
is the physical and biological cover on the surface of the Earth, and land surface parameters have
been commonly retrieved from remotely sensed data [6,16]. The NDVI is a normalized ratio of the
near-infrared (NIR) and red bands [17] and is one of the most commonly used vegetation indices [18].
However, both land cover and NDVI data are generally calculated from a single directional reflectance;
thus, these two data sources contain limited reflectance anisotropy information. Recent studies
also indicated a weak correlation between reflectance anisotropy and land cover or the NDVI,
e.g., the variability in the estimated POLDER BRDF model parameters for several International
Geosphere-Biosphere Program (IGBP) land cover classes were found to be higher within a class than
between classes [19]. Additionally, the NDVI tends to be saturated in high biomass regions such as
dense forest areas [18] that generally have complicated and changing structures, and the NDVI is
approximately orthogonal to the Anisotropy Flat indeX (AFX), which can indicate varying reflectance
anisotropy [20].

The archetypal BRDF database, which contains six archetypal BRDFs for each spectrum of MODIS,
was established based on AFX theory and the MODIS BRDF product [20]. The representativeness
of these archetypal BRDFs for naturally occurring BRDFs has been proven using the MODIS BRDF
product and actual MODIS multi-angular observations [21]. These archetypal BRDFs have also
been applied in albedo retrieval from small view-angle airborne observations [22]. The AFX and
archetypal BRDFs offer methods for quantitatively classifying reflectance anisotropy. In this study;,
archetypal BRDFs were used to represent different levels of surface reflectance anisotropy, and the
Version 005 MODIS BRDF/albedo product and actual multi-angular observations were used as study
data. The percentage of each BRDF archetype class within several IGBP land cover classes or every
0.1-NDVlI interval was used to analyze the feasibility of extracting prior reflectance anisotropy form
MODIS BRDF data. An analysis of the difference between the NBARs or NDVIs retrieved from
different archetypal BRDFs was performed to assess the effectivity of the approach. This study has
important implications for extracting prior BRDF knowledge from the historical MODIS BRDF product.

2. Data and Methods

2.1. MODIS Products and Multi-Angular Observations

MODIS BRDEF/albedo products (MCD43A) of the global land surface have been routinely available
since 2000 [5,23]. Time series MODIS BRDEF/albedo products over three MODIS tiles from 2008 to 2012
are used in this study. Tile h11v03 is located in northwestern Canada and contains grass, savannah,
and forest. Tile h20v11 is located in southern Africa and contains grassland, shrubland, and savannah.
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Tile h17v06 is located in northwestern Africa, and most of the area of this tile is desert. The MODIS
Land Cover Type product (MCD12Q1), which maps global land cover using spectral and temporal
information derived from MODIS [24], contains multiple classification schemes. Many studies have
confirmed that the accuracy of the land cover product from MODIS is approximately 80% [8,24-26].
The NDVI, which can be used to analyze remote sensing measurements and indicate the land cover
vegetation condition, is also a routine product of MODIS. The land cover data defined by the IGBP
global vegetation classification scheme and the NDVI data are used in this study.

In addition to the abovementioned data, multi-angular data of the cloud-free, atmospherically
corrected, high-quality MODIS observations (MCD-obs) [5,9] over tile h20v11 from days 201-216 in
2008 are used for further analysis of the correlation between reflectance anisotropy and the NDVI.
The MCD-obs are extracted from the MODIS reflectance products (MOD09GA and MYDO09GA) using
the operational MODIS BRDF/albedo algorithm [5]. Finally, high-quality, snow-free observations of
more than four million samples are used in this study.

2.2. AFX and Archetypal BRDF Database

The AFX value of each pixel can be easily calculated from the RTLSR BRDF model parameters
using Equation (1) [20]:

fvol (A) fgeo (V)

AFX(A) =1+ oo (1) % 0.189184 FNEY

where fiso, fvol, and fgeo represent the spectrally dependent BRDF model parameters; the constants

0.189184 and —1.377622 are the bi-hemispherical integrals of the RossThick and LiSparse Reciprocal
kernels, respectively; and A represents the MODIS spectrum.

The AFX provides a feasible method of classifying reflectance anisotropy. As the AFX increase,
the land surface scattering pattern changes from geometric optical scattering (AFX < 1) to volumetric
scattering (AFX > 1). The shapes of corresponding archetypal BRDFs also change from dome shaped
to bowl shaped accordingly. Based on this feature, the archetypal BRDF database [20] was established
from the high-quality MODIS BRDF product over the Earth Observing System (EOS) Land Validation
Core Sites [27]. The BRDF model parameters and corresponding AFX ranges of the BRDF archetype
class for the red and near-infrared bands are shown in Table 1 [20]. The normalization of BRDF
removes the effects of spectral reflectance differences by multiplying the original BRDF by a scale
factor K=0.5/fiso. Both the establishment of the parameters and the normalization method are
detailed in [20]. The surface reflectance anisotropy changes from strong geometric scattering to strong
volumetric scattering as the archetypal BRDFs change from one to six.

x 1.377622 1)

Table 1. The AFX and six BRDF archetypal parameters in the original (f+) and normalized (F) forms
for the red and NIR bands.

Band  Archetype Class = AFX Range AFX fiso fvol fgeo

ng|

iso Fyol F geo

1 (0.382,0.680] 0.618 0.1424 0.0082 0.0406 0.5 0.0288 0.1426
2 (0.680,0.795] 0.736  0.119 0.0305 0.027 0.5 01282 0.1134
Red 3 (0.795,0.899] 0.843 0.1195 0.0485 0.0202 0.5 0.2029 0.0845
4 (0.899,1.026] 0956 0.1324 0.0816 0.0155 0.5 0.3082 0.0585
5 (1.026,1.240] 1.107 0.0893 0.0862 0.0049 0.5 04826 0.0274
6 (1.240,1.946] 1386 0.0396 0.086 0.0007 0.5 1.0859 0.0088
1 (0.541,0.804] 0.744 0.3148 0.0767  0.069 0.5 01218 0.1096
2 (0.804,0.896] 0.853 0.2995 0.1424 0.0515 05 02377 0.086
NIR 3 (0.896,0.966] 0931 0.2829 0.1774 0.0384 05 0.3135 0.0679
4 (0.966,1.042]  1.002 0.2819 0.1985 0.0269 0.5 03521 0.0477
5 (1.042,1.142] 1.091 02763 0.2388 0.0145 05 04321 0.0262
6 (1.142,1.361]  1.203  0.2909 0.3291 0.0023 0.5 0.5657 0.004
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2.3. Proportion of Each BRDF Archetype Class

The flowchart for calculating the proportion of each BRDF archetype class within different land
covers or every 0.1-NDVI interval is shown in Figure 1. The AFX value of each pixel can be calculated
from the MODIS BRDF product. The MODIS BRDF product can be divided into six BRDF archetype
classes, according to the AFX range of each BRDF archetype class. Based on the number of pixels in
each archetype class, the proportion of each BRDF archetype class within different land cover types (P;)
or every 0.1-NDVI interval (P’;) can be calculated. To remove the effect of viewing geometry, the NDVI
that is recalculated from simulated NBARs at a certain solar zenith angle (SZA) is used in this process.

 MODIS
| Land cover | | BRDF/albedo RILSR Nadir
reflectance
1 f 1 E
| ENF |- | Grass | NDVI
\L | AFX |

Pixel No. of each Pixel No. of every
land cover class(N) 0.1-NDVI interval(N’)

Pixel No. of each | i’r‘lli RDE N Pixel No. of each
archetype class(N,) clasgez archetype class(N”,)

)&

P, =

z| =z

-7

i

Figure 1. Flowchart for calculating the proportion of each BRDF archetype class.

2.4. Fitting Archetypal BRDFs to Multi-Angular Observations

Using the archetypal BRDFs as prior knowledge, we can predict a probable BRDF for a pixel
under observation, and calculate the corresponding albedo. The simulated reflectance (p’), which has
the same observation geometry as MCD-obs (p), can be calculated from the RTLSR BRDF model and
the BRDF model parameters of the archetypal BRDF (F+):

Pl (9/ o, 4)) = Fiso + FyolKyol (‘9/ o, 90) + Fgengeo (9/ o, §0) )

where 6, v, and ¢ denote the illuminating and viewing directions of p. K, and Kge, are kernel
functions that describe volumetric [28,29] and geometric optical [30,31] scattering, respectively.
Based on a multi-angular dataset that has a set of n observations, the factor a, which can adjust
and best fit the prior archetypal BRDF (BRDF') to the observations, can be calculated using the least
square method [2,6]:
n /
0= BEIPE ®
iz1 ()

The BRDF that best fits the observations can then be determined as follows:
BRDF = a-BRDF 4)

Additionally, the NBARSs (p,,,4ir) associated with prior archetypal BRDFs at a certain SZA 6 can be
expressed as follows:

Pnadir = a- [Fiso + FvolKvol (9/ 0, (P) + Fgengeo (91 0, (P)] (5)
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During the fitting process, the reflectance anisotropy characteristics remain constant because
the prior BRDF and the adjusted BRDF have the same AFX value (Equations (1) and (4)). Therefore,
the adjusted BRDFs retrieved from different archetypal BRDFs and the same MCD-obs can be regarded
as the responses of the observations under different reflectance anisotropies. If we assume that the
NDVI can be linked to reflectance anisotropy, then the NBARs and NDVIs that are retrieved from
different archetypal BRDFs and the same MCD-obs should have obvious differences. The NDVI refers
to the NBARSs of the red and NIR bands; thus, to illustrate the relationship more clearly, the MODIS
data that belong to a specific BRDF archetype class in the red band are used as the study dataset.
Figure 2 shows the flowchart for the retrieval of the NBARs and NDVIs. The chart contains three parts:
the recalculation of the MODIS NBARs from the MODIS BRDF product and RTLSR BRDF model,
the retrieval of NBARs from archetypal BRDFs and MCD-obs, and the calculation of NDVIs from
MODIS NBARs (red band) and different NBARs (NIR band) calculated from six archetypal BRDFs.

i { NBAR(NIR) | |
_ MODIS i 1 MODIS
Observations| | BRDF/albedo | ! : NDVI
over a 16 day 1 = NBAR(Red) [~
period [ —
Six Archetypal SIX
% BR—EFS NDVIs
= T—_— z
! i Six NBARs
§ | | MCD-obs (NIR) IR
]

[ McD-obs (Red) | S“(gzgRs

.......................

Figure 2. Flowchart of the retrieval and comparison of the NBARs and NDVIs.

The present study first uses the MODIS BRDEF/albedo product at specific points and
corresponding true-color images of the ground to perform a visual assessment of the composition of
surface reflectance anisotropy within different land covers. Then, the composition of the MODIS BRDF
within several IGBP land cover types or every 0.1-NDVI interval is analyzed based on a five-year
time series of MODIS data in three tiles. Finally, the six archetypal BRDFs are taken as prior BRDF
knowledge in sequence to fit the MODIS multi-angular observations for tile h20v11 during days
201-216 in 2008. The NBARs and NDVIs that are calculated from different archetypal BRDFs and the
same MCD-obs are compared to MODIS NBARs and NDVIs to analyze the correlation. In this study,
only the anisotropic characteristics of the MODIS red and NIR bands are analyzed as an example.

3. Results
3.1. Composition of Reflectance Anisotropy within IGBP Land Cover

3.1.1. Point Assessment

Figure 3 compares the shapes of the MODIS BRDF in the NIR band (a and c) for deciduous
broadleaf forest (b) and evergreen needle forest (c) at two locations in tile h11v03. Concurrent
high-resolution, true-color SPOT satellite images of the corresponding area from Google Maps are also
shown in Figure 3. All the images were collected in September 2006, and the locations of images are
labeled in Figure 3. For the two images of the deciduous broadleaf forest (b), the one on the left is
possibly mixed with other land cover types (e.g., shrubland) and is more heterogeneous because its
canopy height covers a large dynamic range. For the two images of the evergreen needle forest (d),
the image on the left has sparse trees, and the shadows of the trees and the ground can be observed
clearly. However, the image on the right appears homogeneous. The two IGBP land cover classes in the
two images shown on the left have remarkable geometric scattering and a dome-shaped BRDEF, while
the two on the right have typical volumetric scattering with a bowl-shaped BRDFE. The BRDF shape
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is determined by the structure of the vegetation canopy [6]. Nevertheless, the same IGBP land cover
class may have a completely different structure and contain totally different BRDF shapes (Figure 3),
while different land cover classes may have similar structures and reflectance anisotropy.

0.6
0.5 ]

455539583 118 898399

Reflectance

0.0

-60 -40 20 0 20 40 60
View Zenith Angle

(a)

0.6
05} —
0.4}

Reflectance

0.0

-60 -40 20 0 20 40 60
View Zenith Angle

(©)

Figure 3. MODIS BRDF shape in the principal plane (a) for the deciduous broadleaf forest (b) and the
one (c) for evergreen needle forest (d) images at two pixels in the NIR band. The solid lines refer to the
BRDF shapes of the images on the left, and the dashed lines refer to the BRDF shapes of the images on
the right.

3.1.2. Spatial Assessment

We analyzed the composition of the BRDF within several IGBP land cover classes using the
MODIS BRDE/albedo product from day 201 in 2008. The study area is located in the southwestern
portion of tile h11v03. It contains a continuous region of high-quality MODIS data (approximately
1500 x 2000 pixels), and the latitude and longitude of the center of the study area are 54.164583 and
—114.223074 degrees, respectively.

The left part of Figure 4 shows the IGBP land cover maps of the study area, and the right part
shows the normalized BRDF shapes of the red (above) and NIR (below) bands in the principle plane
over a large area of evergreen needle leaf forest (ENF), mixed forest (MF), grassland, and cropland.
The four different colors represent the four land cover types in the study area. To make the BRDFs
comparable, the normalized BRDFs rather than the original BRDFs are shown in Figure 4. Only the
normalized BRDFs that belong to BRDF archetype classes No. 1, No. 4, and No. 6 (from left to
right) are shown. To generate this figure, the original BRDF is normalized by multiplying by a scale
factor of 0.5/fiso [20], and the normalized BRDF shapes of ENF (red lines), MF (green lines), grassland
(blue lines) and cropland (cyan lines) are shifted by adding 0, 0.2, 0.4, and 0.6, respectively.

Obviously, each of the four IGBP land cover classes in the study area contains various potential
BRDF shapes in both bands, and different IGBP land cover classes generally include similar reflectance
anisotropy. The parameters of geometric optical scattering and volumetric scattering are not be strictly
independent because the two kernels are somewhat correlated [3]. This may explain the discrete
distribution of the MODIS BRDF within every BRDF archetype class. The BRDF shapes of cropland
are highly consistent with each other, likely due to the homogeneous characteristics of cropland.
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Figure 4. The land cover map of the study area (a) and the corresponding normalized BRDF shapes of
the red (b) and NIR (c) bands in the principal plane for ENF (red lines), MF (green lines), grassland
(blue lines), and cropland (cyan lines).

3.1.3. Temporal and Spatial Assessment

The proportions of different BRDF archetype classes in different IGBP land cover classes over time
are used to further analyze the correlation between reflectance anisotropy and land cover. Cumulative
histograms regarding the percentage of every BRDF archetype class in primary IGBP land cover classes
are shown in Figures 5 and 6 for each tile in the red and NIR bands from 2008 to 2012.

The statistical results show that, except for the desert area, the studied land cover types contain all
the potential BRDF shapes in the two bands. For the desert in tile h17v06 (Figure 5e), BRDF archetype
classes No. 4 and No. 5 are dominant (80%~90%), and during the summer, the percentage of BRDF
archetype class No. 4 can reach up to 60%. By contrast, the percentages of BRDF archetype classes
No. 1 and No. 6 are close to zero. During the winter, most of tile h11v03 is coved by snow, causing
a lack of data (white areas in Figures 5c and 6c). The red band generally has stronger geometric and
weaker volumetric scattering than the NIR bands because chlorophyll provides strong absorption in
the red band and strong reflection in the NIR band [30].
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Figure 5. Cont.
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Figure 5. Cumulative histograms regarding the percentage of each BRDF archetype class within

grassland (a); shrubland (b); cropland (c); forest (d); and desert (e) in the red band in three tiles from

2008 to 2012. Different grey levels refer to different BRDF archetype classes. The numbers of pixels

used in the calculation are shown together (black lines). The white areas in the chart are due to the

lack of data.

The changes in ground vegetation structure over time lead to corresponding changes in the
composition of these archetypal BRDFs. For the vegetation area, the distribution of BRDF archetype
classes is discrete in both bands because of the large diversity and complexity of the surface structure.
The proportion of BRDF archetype class No. 6 in the red band is generally small; however, it is
dominant in grassland and cropland in the NIR band during summer (Figure 6a,c). The results for
ENF (Figure 5d) are more remarkable because each BRDF archetype class is almost equally weighted
throughout most of the year. In addition, BRDF archetype classes No. 1 and No. 6 reach maximums
simultaneously in the summer. Cropland (Figure 6¢) accounts for the largest percentage of BRDF
archetype class No. 6 in summer because crops have high fractional vegetation cover and a uniform
spatial distribution. Meanwhile, during the winter, the relatively homogeneous BRDF archetype class
No. 4 is dominant (~75%), as there is no vegetation cover.



Remote Sens. 2016, 8, 1004 90f17

H20V11 Band2(Grass)

100% 200

L 75% 1508

&0 o

£ g

g 50% 100

5] @

3 2

[ 15
25% 50 3
0% 0
2008001 129 257 2000001 129 257 2010001 129 257 2011001 129 257 2012001 129 257 366
Day Of Year
AFX1 mAFX2 mAFX3 mAFX4 mAFXS5 mAFX6 —Number
(a)
100% H20V11 Band2 (Shrub) 300
(]

75% §
& 2008
E 2
§50% T
5 o
A~ 100E

25% 2

0% 0

2008001 129 257 2009001 129 257 2010001 129 257 2011001 129 257 2012001 129 257 366
(b)
H11V03 Band2 (CropLand)

100% - 300
S
o 75% 2258
o0 o
£ g
S 50% - 150
[>] [}
5 3
~ £
25% - - 75 3
0% = - - o ot ()

2008001 129 257 2009001 129 257 2010001 129 257 2011001 129 257 2012001 129 257 366
(©)
H11V03 Band2 ( Evergreen Needleleaf Forest)

100% 300
L 75% 225§
on o
£ >
5 50% 150%
1> (1]
5 2
L £

25% 75 3

0% 0

2008001 129 257 2009001 129 257 2010001 129 257 2011001 129 257 2012001 129 257 366

(d)
H17V06 Band2 (Desert

100% 900
S

g 5% S
E 600 &
= X
S 50% 5
[ K-}
= 300 €
25% 2

0% 0

2008001 129 257 2000001 129 257 2010001 129 257 201100 1 129 257 2012001 129 257 366

(e)

Figure 6. Cumulative histograms regarding the percentage of each BRDF archetype class within
grassland (a); shrubland (b); cropland (c); forest (d); and desert (e) in the NIR band in three tiles from
2008 to 2012.
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3.2. Composition of Reflectance Anisotropy in 0.1-NDVI Intervals

The high-quality MODIS BRDF product in the selected tiles is used to analyze the correlation
between archetypal BRDFs and the NDVI between 2008 and 2012. The percentage of each BRDF
archetype class in the BRDF data of every 0.1-NDVI interval is used to quantitatively explore the
associated correlation. All the MODIS datasets, the datasets of different land cover types, and the
datasets of different growth periods are used to study the correlation. The statistical results calculated
from different datasets are similar; therefore, only the result for all the MODIS datasets is shown as
an example.

Figure 7 shows the percentage of each BRDF archetype class for different ranges of the NDVI
using all the MODIS data in each tile from 2008 to 2012. There is no obvious relationship between
the NDVI values and reflectance anisotropy. In tile h20v11 (Figure 7), most of the pixels have NDVI
values between 0.2 and 0.5. In the red band (Figure 7a), the proportion of BRDF archetype classes No. 2
and No. 3 reach maximum levels (~35%) at NDVI values of 0.2-0.3. With the increase in the NDVI,
the percentage of BRDF archetype class No. 1 increases first and then decreases, reaching a maximum
value at an NDVI of 0.5. Meanwhile, the percentages of BRDF archetype classes No. 2 and No. 3
gradually decrease. When the NDVI is greater than 0.7, the percentages of BRDF archetype classes
No. 1 to No. 4 are generally similar (10%~15%), while the proportion of BRDF archetype classes No. 5
and No. 6 increase gradually. In the NIR band (Figure 7b), one of the most remarkable features is that
BRDF archetype classes No. 2 and No. 3 account for large proportions when the NDVI is small. When
the NDVTIis greater than 0.5, BRDF archetype class No. 6 accounts for a large proportion, while the
other BRDF archetype classes remain stable. When the NDVI is greater than 0.8, the percentages of the
six BRDF archetype classes tend to be similar (10%~20%).

The statistical result in tile h11v03 is similar to that in tile h20v11; however, in the red band
(Figure 7c), BRDF archetype classes No. 4 and No. 5 account for large proportions when the NDVI
is small, while in the NIR band (Figure 7d), the proportion of BRDF archetype class No. 6 reaches
a maximum (~35%) when the NDVI is approximately 0.4. The other five BRDF archetype classes
always have equal weights.
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Figure 7. The average percentage of each BRDF archetype class for different NDVI ranges over five
years. (a,b) show the results of tile h20v11 in the red and NIR bands; (c¢,d) show the results of tile
h11v03 in the red and NIR bands.
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3.3. Comparison of NBAR and NDVI Values

The MCD-obs used in this study were extracted from the MODIS reflectance product through the
operational MODIS BRDF/albedo algorithm. The number of pixels and the percentages of each BRDF
archetype class in the red and NIR bands used in this study are shown in Table 2.

Table 2. The number of pixels and the percentages of BRDF archetype classes in the MODIS data.

Band Number of Pixels AFX1 AFX2 AFX3 AFX4 AFX5 AFX6
B1 19.1 16.4 14.4 14.0 19.1 17.0
4.6 x 107
B2 12.7 104 9.3 10.5 16.8 40.3
B2 (B1€AFX1) 8.9 x 10° 25.6 15.8 11.1 10.3 12.2 25.1
B2 (B1€AFX5) 8.8 x 10° 7.9 7.4 7.6 9.7 19.2 48.1

Figures 8 and 9 show a comparison of the MODIS NBARs and the NBARs retrieved from
archetypal BRDF No. 1, 4, and 6. To emphasize the effect of the SZA on NBARs, the results of three
SZAs (15°, 40°, and 60°) are shown together. In both bands, although the data used in this study
includes various potential BRDF shapes (Table 2), the NBARs retrieved from one specific archetypal
BRDF can still exhibit good consistency with MODIS NBARs. The SZA has a large effect on the
retrieval of NBARs. When the SZA is 15°, the two NBARs are relatively different, and the coefficients
of determination (Rz) are less than 0.87 and 0.9 in the red and NIR bands, respectively. However,
as the SZA increases, the consistency between the two NBARs tends to increase, and the R? values
are over 0.92 and 0.98. The large difference at a small SZA is mainly caused by the hot spot effect of
the BRDF [32,33]. Moreover, when the SZA is small, archetypal BRDF No. 1 (No. 6) tends to slightly
overestimate (underestimate) the NBARs, compared to the MODIS NBARs; with increasing SZA,
this difference tends to disappear.
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zenith angle of 15°, 40°, and 60°. Three columns represent the result of archetypal BRDF No. 1, 4, and 6.
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Figure 9. Comparison of MODIS NBARs with NBARs retrieved from different archetypal BRDFs in the
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the result of archetypal BRDF No. 1, 4, and 6.
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Table 2 also contains the number of selected pixels and the percentage of each BRDF archetype
class in the NIR band when the red band belongs to BRDF archetype class No. 1 or No. 5. The six
NBARSs in the NIR band, which were calculated from different archetypal BRDFs and the MODIS
red band NBARs, were used to calculate NDVIs (Figure 2). These NDVIs were compared to MODIS
NDVIs at SZAs of 15°, 40°, and 60° to illustrate the effects caused by different reflectance anisotropies.
The data sets that include the red band associated with BRDF archetype classes No. 1 and No. 5
yield similar results. Figure 10 only shows the comparison when the red band belongs to BRDF
archetype class No. 1. Similar to the comparison of the NBARs, when the SZA is small, archetypal
BRDF No. 1 (No. 6) tends to slightly overestimate (underestimate) the NDVI. The NDVIs retrieved
from different archetypal BRDFs exhibit high consistency with the MODIS NDV]I, especially when
the SZA is greater than 40° (R? are all over 0.97). Compared to the archetypal BRDFs that have strong
anisotropic characteristics, Figures 8-10 also indicate that the intermediate archetypal BRDFs (No. 3
or 4) can correct the directional effects in the reflectance measurements to various degrees.
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Figure 10. Comparison of the MODIS NDVI and NDVIs retrieved from different archetypal BRDFs.
(a—c) refer to the result at solar zenith angle of 15°, 40°, and 60°. Three columns represent the result of
archetypal BRDF No. 1, 4, and 6.
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4. Discussion

In this study, the feasibility of extracting the BRDF feature from MODIS BRDF data based
on land cover or the NDVI was analyzed using the five-year time series MODIS BRDEF/albedo
product in three tiles. The AFX value is a new quantitative index that was used to classify reflectance
anisotropy. Six archetypal BRDFs established using the MODIS BRDF product and AFX provide
different reflectance anisotropy patterns. MODIS BRDF data were classified into six BRDF archetype
classes, and the percentage of each BRDF archetype class in the primary land cover classes and every
0.1-NDVI interval was used to explore the correlation of reflectance anisotropy with land cover and
the NDVI. Moreover, each of these archetypal BRDFs was used to fit the same MODIS multi-angular
observations, and the simulated NBARs and NDVIs were compared to MODIS results to study
this correlation.

The reflectance anisotropy of the land surface is determined based on the surface structure, such as
shadow casting and the spatial distribution of components. Land cover and NDVI data, which are
generally retrieved from directional reflectance, rarely contain vegetation density and canopy structure
information. The density, height, and spatial distribution of the same land cover or similar NDVIs
may exhibit large differences. Therefore, they may have completely different BRDF shapes. Our study
proved that, except for the desert area, the selected land cover classes or every 0.1-NDVI interval
contain various BRDF shapes, and one BRDF archetype class rarely dominates. From the opposite
perspective, although the six archetypal BRDFs exhibit obvious differences, the NBARs and NDVIs
retrieved from these BRDFs and the same multi-angular observations are similar, especially when
the SZA is relatively large. Only the NBARs were used in this comparison, and the reflectance in the
other direction may lead to a different outcome. Nevertheless, land cover or the NDVI itself cannot be
applied directly to extract prior BRDF knowledge from historical MODIS BRDF data in terms of the
archetypal BRDF method.

Considerable effort has been devoted to extracting prior BRDF knowledge from historical BRDF
data based on land cover or the NDVI [13,14]. Studies have proved that linking the surface reflectance
anisotropy to land cover or the NDVI may be useful for extracting prior BRDF knowledge from
the historical BRDF product, which can improve the retrieval of land surface albedo. To extract
accurate prior knowledge from the historical BRDF product, we must typically filter the existing
BRDF data by setting limiting conditions, such as selecting homogenous pixels or pixels that change
minimally over time. These additional conditions are difficult to achieve using the MODIS BRDF data
at a resolution of 500 m. The improvement in this land cover- or NDVI-based prior BRDF knowledge
for albedo retrieval can be explained by the constraints of the prior BRDF knowledge on BRDF model
parameters. The retrieved BRDF is limited to a certain range in the entire viewing hemisphere, and the
albedo, which can be calculated by integrating the BRDF over both the reflected and incident radiation
hemispheres, can be limited to a normal extent. This study shows that an intermediate archetypal
BRDF can also be used to correct the reflectance measurements for directional effects. However,
when the reflectance anisotropy information in a specific direction must be used, such as the hot
spots and dark spots [32,34,35], this prior BRDF knowledge may become unrepresentative. Further
investigations are required to extract more accurate prior reflectance anisotropy knowledge from the
historical BRDF product.

5. Summary and Conclusions

MODIS data and archetypal BRDFs were used to study the feasibility of extracting prior reflectance
anisotropy knowledge from the BRDF product based on land cover or the NDVI. To account for the
complicated anisotropic properties of surface reflectance, the BRDF dimensionality was reduced to six
archetypal BRDFs. Their dependency on land cover or the NDVI was investigated by determining the
percentage of each BRDF archetype class associated with a land cover type or a certain range of the
NDVI. Additionally, this study compared the difference between the simulated NBARs and NDVIs
retrieved from different archetypal BRDFs and the same multi-angular observations. The results
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illustrate only weak relationships between reflectance anisotropy and land cover or the NDVI,
indicating that land surface reflectance anisotropy is not necessarily associated with land cover types or
NDVIs at the resolution of the MODIS BRDF data, and that they are not reliable standards to accurately
distinguish and extract surface reflectance anisotropy from the historical MODIS BRDF product.

A large amount of remote sensing data has been collected during the last two decades. Further
work will focus on how to fully utilize these data, mainly concerning how to extract prior BRDF
knowledge from historical BRDF data to improve albedo retrieval from insufficient multi-angular
observations or even from a single directional observation.
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Abbreviation

AFX Anisotropy Flat indeX

BRDF Bidirectional Reflectance Distribution Function
ENF Evergreen Needleleaf Forest

IGBP International Geosphere-Biosphere Program

MF Mixed Forest

MISR Multi-angle Imaging SpectroRadiometer

MODIS MODerate-resolution Imaging Spectroradiometer
NBAR Nadir BRDF-Adjusted Reflectance

NDVI Normalized Difference Vegetation Index

NIR Near-Infrared

POLDER POLarization and Directionality of the Earth’s Reflectances
RTLSR RossThick-LiSparse-Reciprocal

SZA Solar Zenith Angle
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