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Abstract: To meet the demand of regional hydrological and agricultural applications, a new method
named near infrared-red (NIR-red) spectra-based disaggregation (NRSD) was proposed to perform
a disaggregation of Soil Moisture Active Passive (SMAP) products from 36 km to 250 m resolution.
The NRSD combined proposed normalized soil moisture index (NSMI) with SMAP data to obtain
250 m resolution soil moisture mapping. This NRSD method was validated with the data from in
situ OzNet network in May and September 2015. Results showed that NRSD performed a decent
downscaling (root-mean-square error (RMSE) = 0.04 m®/m? and 0.12 m3/m? in May and September,
respectively). Based on the validation, it was found that the proposed NSMI was a new alternative
indicator for denoting the heterogeneity of soil moisture at sub-kilometer scales. Attributed to the
excellent performance of the NSMI, NRSD has a higher overall accuracy, finer spatial representation
within SMAP pixels and wider applicable scope on usability tests for land cover, vegetation density
and drought condition than the disaggregation based on physical and theoretical scale change
(DISPATCH) has at 250 m resolution. This revealed that the NRSD method is expected to provide soil
moisture mapping at 250-resolution for large-scale hydrological and agricultural studies.

Keywords: disaggregation; soil moisture; NIR-red triangle space; normalized soil moisture index
(NSMI); soil moisture active passive (SMAP)

1. Introduction

As a key variable in hydrology, climatology, meteorology and ecology, surface soil moisture plays
an important role in both global [1,2] and regional [3-5] applications, including numerical weather
forecasting [6], climate change prediction [7], agricultural drought warning [8] and flood hazard
monitoring [9]. To meet the demand of these applications, soil moisture must be measured with the
required accuracy over the desired range of spatial and temporal scales [10].

Currently, soil moisture can be measured mainly by in situ sites, airborne sensors and
satellite observation. In situ soil moisture networks (e.g., Soil Climate Analysis Network) have
relatively high accuracy with a sufficient temporal resolution, but a sparse spatial distribution [11].
Airborne measurements mainly consist of radiometer and scatterometer [12], both of which can
provide regional soil moisture observations with the desired retrieval accuracy, as well as high spatial
and temporal resolution, but are difficult to promote globally [13]. Instead, satellite-based retrieval
(e.g., AMSR-E, Aquarius, Soil Moisture and Ocean Salinity (SMOS), SMAP, etc.) has the potential
capability to measure soil moisture with global coverage, a moderate repeat cycle and middle to
high accuracy on diverse surface conditions, but coarse spatial resolution (a few tens to hundreds
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of kilometers scale) for regional use [14-18]. SMAP soil moisture is competitive among the main
satellite-based soil moisture products. Compared with SAR-based products, radiometer-derived
soil moisture has better accuracy because it is less sensitive to surface roughness and scattering by
vegetation. Additionally, compared with C- and X-band microwave (e.g., AMSR-E and Wind-Sat),
L-band (e.g., SMOS, Aquarius and SMAP) has a stronger penetration through cloud and a deeper
sensing depth at ~5 cm from the surface skin. Besides, the penetration through vegetation makes the
L-band microwave a better choice for higher accuracy. In addition to developing with the heritages of
SMOS and Aquarius, SMAP has the first dedicated subsystem to enable the detection and mitigation
of radio frequency interference (RFI) [19] and appears to be more aggressive in its applicable scope
of the vegetation water content (VWC) than SMOS [15]. However, all of the above measurement
technologies partially fulfill the requirements of desired accuracy, global coverage, fine temporal
resolution and moderate to high spatial resolution. Therefore, an expected soil moisture product must
be provided to meet the demands of regional soil moisture applications, and one alternative solution is
the disaggregation of satellite-based soil moisture retrieval, especially SMAP radiometer products.

Over the past decade, numerous studies have attempted to obtain high-resolution soil moisture
by downscaling space-borne radiometer-derived soil moisture [20-22]. A common aspect of these
studies is the use of fine resolution ancillary data to indicate the variance of soil moisture within
coarse spatial scales. Regardless of the radar power failure in July 2015, SMAP provided a robust
downscaling method by combining L-band surface brightness temperature with synergetic L-band
radar backscatter, performing a disaggregation to a resolution of ~9 km or even ~3 km [10,23].
The SMAP downscaling algorithm was further evaluated by using airborne active-passive microwave
synergistic observation based on the SMAP Experiment (SMAPEX) field campaign in southeastern
Australia, and the experiment demonstrated that the SMAP downscaling method had the potential to
meet the accuracy requirement of the SMAP mission [24,25]. In spite of the relatively lower penetration
through clouds compared to microwave, optical sensors can provide higher spatial resolution. Merlin
et al. combined moderate resolution thermal infrared data with SMOS soil moisture to disaggregate an
~40 km soil moisture product to ~1 km [26-28]. The disaggregation is based on physical and theoretical
scale change (named DISPATCH) [29] and was validated during a one-year period over four diverse
field campaigns [30]. Kim et al. utilized the soil wetness index (SWI) to build a linear relationship
between evaporative fraction and surface soil moisture and this thus was used to disaggregate AMSR-E
soil moisture at a 1 km resolution [31]. Carlson et al. related land surface temperature (LST) and
the normalized difference vegetation index (NDVI) to surface soil moisture, providing a method
that accounts for the heterogeneity of soil moisture at sub-kilometer scales [32,33]. These studies
mainly utilized the semi-empirical relationship between surface soil evaporation and surface soil
moisture, resulting in the limitations of spatial resolution at thermal infrared scales. Few studies
have attempted to use higher resolution optical data (visible and NIR spectrum) to perform a more
aggressive downscaling, but most hydro-agricultural applications at sub-kilometer resolution scales
need to do so.

The NIR-red triangle feature space was first formalized in the 1970s [34,35]. These studies
extracted the soil information using soil line and vegetation cover estimated by the NDVI. The soil
line was studied to denote the drought condition of land surface and was widely used in developing
drought indices [36-38]. Therefore, it may be possible to estimate finer resolution surface soil moisture
by using NIR-red triangle feature space, the results of which could be utilized as an indicator to account
for the heterogeneity of soil moisture within space-borne L-band radiometer footprints.

Regardless of the latent aggressive applications of SMAP soil moisture, few studies have
conducted downscaling methods based on SMAP radiometer-derived products. Therefore, for a wider
applicable scope and higher disaggregated spatial resolution, a novel disaggregation methodology
(to the authors” knowledge), named NIR-red spectra-based disaggregation (NRSD), was proposed
in this paper to conduct a more aggressive downscaling using the normalized soil moisture index
(NSMI) as a variance indicator within SMAP pixels. The NSMI is proposed in this paper to utilize the
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semi-physical relationship between NIR-red triangle feature space and surface soil moisture [34,35],
and the downscaling technology is a formalization of SMAP soil moisture with respect to the NSMI
using the first-order Taylor series [29]. MODIS 250 m resolution land surface reflectance and SMAP
36 km resolution soil moisture were used as inputs of the NRSD method, and the corresponding
output was SMAP disaggregated soil moisture at a 250 m resolution. The NRSD downscaling method
was validated in this paper with in situ soil moisture measurements (OzNet network) [39]. Finally, to
compare NRSD with thermal infrared-based disaggregation, DISPATCH was chosen as an example for
its relatively systematic validation work [30]. By conducting two downscaling methods, NRSD was
evaluated and compared in detail to analyze its performance and error.

2. Materials and Methods

2.1. Study Area and Data Collection

The study was conducted in a 36 x 36 km? area called Yanco, a semi-arid agricultural land in
the Murrumbidgee River catchment, southeastern Australia. The NRSD method was performed both
in austral autumn 2015 from 2 May to 21 May, and in the following austral spring from 8 September
to 26 September. Figure 1 presents the study area including the location of the in situ soil moisture
network. In the background is the land use classification of the Yanco area, from which it can be seen
that cropping and grazing are the two dominant land types.
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Figure 1. Location and land use of study area mapped with Equal-Area Scalable Earth (EASE) Grid-2
projection. Yanco A (YA) and Yanco B (YB) are the two primary 9 x 9 km? study zones [40].

As an input of soil moisture at 36 km resolution, the Version-3 SMAP radiometer-derived soil
moisture product was used. This product (released 31 March 2015) can provide L-band passive
microwave-sensed soil moisture with ~36 km resolution and relatively high accuracy. SMAP repeats
every ~3 days and has a descending node at 6 a.m. local mean solar time. In this study, the descending
orbit product was collected as input to the NRSD method because of its better retrieval accuracy than
the ascending one. All necessary SMAP data covering Yanco during the validation period are collected
(Table 1) and can be downloaded through the NASA Distributed Active Archive Center (DAAC) [41].
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Table 1. Data collection.

Overpass 2 Cloud MODIS Data Cloud MODIS Data
Day ! DoY Condition 3 Input 4 Overpass Day boy Condition Input
121 v v 250 X X
2 May 122 X X 8 September 251 X
123 v i 252 v v
124 v v 252 v v
5 May 125 X X 10 September 253 X X
126 v v 254 v v
8 May 128 Vv Vv 13 September 256 Vv Vv
135 V4 4 16 September 259 V4 Vv
16 May 136 X X 18 September 261 v Vv
137 Vv Vv 263 Vv Vv
137 v v 21 September 264 X X
18 May 138 v v 265 v v
139 X X 23 September 266 vV 4
140 X X 268 v v
21 May 141 X X 26 September 269 X X
142 v v 270 v v

! 1t is noted that some overpass days (10 May, 11 May, 19 May) were omitted because neither day close to them
(within & 1 day) satisfied the required cloud condition. Also note that SMAP data on 13 May are unavailable
and therefore not listed here. 2 DOY represents day of year. 3 For cloud condition, / represents cloud-free or
partially-covered condition, and X represents fully-covered condition. * For MODIS data input, / represents
data on this day was collected, and X represents data on this day was excluded.

As the other input to downscale the 36 km soil moisture product, MODIS datasets were
used, which consist of: (1) Version-6 MODIS Terra 250 m surface reflectance product (MOD09GQ).
This product contains NIR- and red-band surface reflectance, both of which were used to derive the
NSMI. The data quality of each pixel was used to check whether a successful atmospheric correction
has been conducted. (2) Version-6 MODIS Terra 1 km land surface temperature (the LST) product
(MOD11A1). This product was used to disaggregate SMAP soil moisture using DISPATCH; thus, a
comparison was made with the NRSD method. Besides, the data quality of the LST was also used to
check the cloud condition of each pixel. Considering the cloud-cover condition, MODIS data were
prepared one-day prior to or after the SMAP overpass. Both MODIS datasets above are available at
NASA Reverb [42] and the selection of cloud-free images is shown in Table 1.

For the validation of the disaggregated soil moisture, the in situ soil moisture measurements were
used. Within the Yanco study area, the OzNet soil moisture network (built by Monash University
and the University of Melbourne) provides relatively dense soil moisture monitoring [39], including
24 SDI-12/RS485 soil moisture probes clustered at two 9 x 9 km? zones, YA and YB (Figure 1). The in
situ sites measured at a 0-5 cm depth from the surface top are sampled every 20 minutes and are
chosen for validation of the proposed NRSD method. All in situ measurements are provided by the
OzNet website [43].

2.2. Assumptions and Applicability Domains of the NRSD Method

For better performance and higher accuracy of the NRSD method, the following considerations
should be taken into account:

1. Cloud-free conditions: In contrast with microwave, NIR and red spectra have relatively lower
penetration through cloud. A cloud-free condition is recommended in this study, whereas the
cloud-cover pixels can also be inputs to the NRSD method with poorer data quality.

2. Precipitation-free conditions from 6:00 a.m. to 10:30 a.m.: The performance of the NRSD method
is influenced by the mismatch of SMAP and MODIS overpass times. In this study, 6:00 a.m.
SMAP soil moisture and 10:30 a.m. MODIS data were collected; thus, a precipitation-free
condition within study area is preferred during the period. It should be noted that although
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precipitation can influence the performance of NRSD theoretically, it was not considered in this
study because ancillary meteorological data were lacking.

3. Relative heterogeneity of soil moisture within SMAP pixels: Low spatial variance of soil moisture
results in less effective disaggregation methods because SMAP soil moisture itself can theoretically
represent the soil moisture well at 36 km resolution homogeneous scales; thus, disaggregation
methods may introduce redundant errors in such a situation.

4. Mismatch of soil moisture sensing depth: The SMAP radiometer has a sensing depth of ~5 cm
from the surface due to its strong penetration, whereas the optical sensor measures the surface
skin. The NRSD method contains an assumption that soil moisture at the soil skin and at an
~5 cm depth from the top are correlated [27].

2.3. Flowchart of NRSD

The following steps are used when applying the NRSD method: (1) reprocessing of MODIS
data: the MODIS Reprojection Tool (MRT) was used to mosaic and resize data to the specific study
area; water bodies and fully cloud-covered areas were also excluded in this step; (2) computation of
NSMI: MODIS 250 m resolution surface reflectance products were used in this step to compute NSMI;
(3) extraction of the variance conversion factor: this factor is a partial derivative of SMAP soil moisture
relating to the NSMI, which can be extracted statistically based on the linear relationship of these two
variables; (4) usage of the disaggregation method for each pixel at 250 m resolution. The algorithm’s
flow chart is drawn in Figure 2.

Input Intermediate Processing Output
MODIS Land
Surface | ¢ Cover& N NSMI
Reflectance Cloud 250 m
250 m Condition
Variance Disaggregated
Conversion - Soil Moisture
Factor 250 m
SMAP Soil T T
Moisture
36 km

Figure 2. Algorithm flow of the NIR-red spectra-based disaggregation (NRSD) method.

2.4. NSMI: Normalized Soil Moisture Index

To find a parameter that can account for the heterogeneity of soil moisture at the sub-kilometer
scale, the normalized soil moisture index is proposed in this study with a basis in the NR-red triangle
space. Earlier work on the spectral features of NIR-red triangle space can be found in [34,35], so only
the pertinent details are described in this paper.

Consider a simplified scenario where only vegetation and soil exist. The vegetation canopy
strongly absorbs the incident red spectrum, but intensively reflects near-infrared energy, whereas soil
has high reflectance in the red spectrum and a slightly higher one in near-infrared. Under such a
theory, previous studies have developed many mathematical formulae, such as ratio vegetation index
(RVI), difference vegetation index (DVI) and NDV]I, to distinguish vegetation and soil by using remote
sensing. Considering the water contained in the soil, the reflectance of both bands decreases due to
water absorption. That is, the more water content the soil has, the more incident energy it absorbs,
thus leading to a lower reflectance in the red, especially in the near-infrared spectrum. When plotting
the reflectance data into the NIR-red spectral feature space, a shape forming a triangle can be found, as
Figure 3a shows.
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Figure 3. (a) A typical NIR-red spectral feature space built by the MOD09GQ reflectance data.
(b) Construction of the NSMI based on the NIR-red spectral feature space.

It can be seen that pixels close to Point A have low red-band reflectance and high NIR-band
reflectance, which represent fully or highly vegetation-covered areas. Pixels close to the BC line, termed
the soil line, indicate near-bare soil with various water contents, where Point B denotes the wettest bare
soil and C the driest bare soil [34-38]. To extract soil moisture information from the vegetation-covered
area, a semi-empirical estimation [44] of vegetation abundance was considered in the study:

NDVI, — NDVI %17
fom1- ( v ) M

NDVI, — NDVI,

where f;, represents the fraction of vegetation within each pixel and NDVI, and NDVI; denote pure
vegetation (set to 0.9) and vegetation-free soil (set to 0.15), respectively. The two parameter settings
follow the newest DISPATCH version [30] in this study. NDVI can be calculated using NIR- and
red-band surface reflectance. Having excluded water bodies within the Yanco area, all other pixels can
be simply assumed to consist of two end-members: vegetation and soil. With the heritage of NIR-red
triangle space, the study contains an approximation that mixed-surface reflectance is attributed to a
linear combination of soil and vegetation [36-38] that can be described mathematically as follows:

R — fuRy
Ry = —J2°
s 1_fv

with R being the mixed-pixel reflectance and R, the vegetation reflectance (set to 0.05 at red and 0.5 at
NIR, following the parameter settings of [37]). By plugging Equation (1) into Equation (2), surface soil
reflectance (R;) can be estimated. When plotting these data in the NIR-red spectral space, most of the
unmixed soil pixels can obviously be found to distribute close to the soil line (Figure 3b). Based on
this, the NSMI is designed as shown in Figure 3b. L1 and L2 are vertical lines through the wettest
bare soil (Point B) and the driest bare soil (Point C), respectively. The distance from the arbitrary point
to L2 can be defined as DISg;,, while DIS,er, represents the distance from L2 to L1. The NSMI is
hence derived from the following operation:

@

DISy,

e 3)
D Isoverall

NSMI =

When the expressions of DIS,, and DIS,y..q are plugged into the above equation, Equation (3) reads
as follows:

NSMI — (Re,NiR — RsNiR) = M(Re red — Ry rea) @
(Rc,NiR — RB,NIR) — M(Rc red — Rp red)
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where Rc ,.; and Rc njr are, respectively, the red and NIR spectral reflectance of Pixel C (the driest
bare soil), Rp ,,y and Rp njr are the corresponding reflectance of Pixel B (the wettest bare soil), R; ;.4
and R, yjr are the unmixed soil reflectance of each spectrum and M is the slope of the soil line that
represents the study area. The value of M changes according to various soil types; in this paper, it was
set to 1.16 based on previous studies [34,35,45—49]. The extraction of Pixels B and C occurs via the
following simplified steps: (1) exclude the water bodies and fully cloud-covered pixels in the study
area; (2) make sure the remaining pixels are successfully radiometrically corrected; (3) traverse the
remaining pixels, compute their distances to LO (Figure 3b) and extract the reflectance of each pixel
with the minimum and maximum distance; and (4) terminate if the ratio of Ry;r relating to R, is less
than the threshold value (set to 2 based on the maximum slope of soil line in NIR-red triangle space);
otherwise, repeat Step (3).

The NSMI is a dimensionless quantity and has a normalized interval of (0, 1). NSMI = 0 denotes
that the corresponding soil pixel has the lowest soil moisture (the driest soil) in the study area, and vice
versa. In this study, the NSMI was derived by MODIS 250 m resolution surface reflectance products
and was used in this paper to downscale SMAP 36 km resolution soil moisture.

2.5. Disaggregation Method

The NRSD method downscales the 36 km resolution SMAP-derived soil moisture to the 250 m
resolution scale using NSMI as a variance indicator. The study contains an assumption that soil
moisture (SM) is corrected with NSMI; hence, the variance of the NSMI field can be converted to the
SM field, which is described in the first-order Taylor series as follows:

oSM

SMy = SM + SNSMI

(NSMI — NSMILyeqn) 5)
where SMp is the disaggregated soil moisture at 250 m resolution, SM is the SMAP soil moisture, NSMI
is the variable derived from the MODIS 250 m resolution surface reflectance, NSMI,;;0q, is the mean
value at 36 km resolution scale and % (the variance conversion factor) is the partial derivative
computed statistically. For clarity, bold font represents variables derived at SMAP-equal resolution.

The term NSMI — NSMlI,;ean accounts for the heterogeneity within the 36 x 36 km? scale. For a
perfectly homogeneous scenario, the difference between NSMI and NSMI ¢4y results in zero, leading
to an equivalence between SM and SMp, which indicates that SMAP soil moisture can represent the
entire homogeneous area. Under practical conditions, however, the heterogeneity of soil moisture at
the 36 x 36 km? scale exists. It can be seen from Equation (5) that the variance conversion factor relates
the variance of NSMI to the variance of soil moisture. Assume that SMAP soil moisture denotes the
mean value of the entire area. Relatively drier pixels would have a lower NSMI, resulting in a lower
SM value than the SMAP-derived soil moisture, and vice versa. In this way, a single 36 km resolution
pixel is disaggregated to 144 x 144 pixels at 250 m resolution.

2.6. Validation, Comparison and Evaluation

Given the in situ soil moisture measurements, the accuracy and performance of NRSD were
evaluated by means of classical metrics like root mean square error (RMSE), bias, correlation (R) and
probability (p). Besides, as a disaggregation method, it is important to further assess its capability to
indicate the spatial variance of soil moisture within an SMAP pixel. Thus, bVariance is defined here
for evaluating this spatial representation:

bVariance = (STD4 — STD;y,_sit,) % 100 (6)

where STD, represents the standard deviation (STD) of disaggregated soil moisture and ST D, s,
represents that of the in situ one. The lower the bVariance is, the closer the STD of disaggregated soil
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moisture is to that of the in situ one, which means the better capacity to denote the spatial variance of
soil moisture.

Based on the above metrics, the evaluation work mainly focused on three aspects: (1) overall
accuracy and performance of the algorithm: NRSD-disaggregated soil moisture was first validated
with in situ measurements at SMAP overpass time on each validation day; (2) spatial representation
within an SMAP pixel: this test was conducted by building the relationship between the variance
(STD) of disaggregated soil moisture and the in situ one, the correlation of which can be seen as an
important indicator to denote the spatial representation; (3) applicable scope of the algorithm: it is
influenced theoretically by many factors, among which land cover, fractional vegetation and drought
condition impacts were separately tested in this study. It should be noted that all of the evaluation
work was designed to make comparisons with the DISPATCH method.

Having evaluated the performance of the NRSD method, the reason leading to such performance
was further discussed. As can be seen on the right side of Equation (5), there are two factors that can
directly introduce error to the disaggregated soil moisture: NSMI and SM. The investigation was thus
focused on two aspects: (1) the discussion of the performance of NSMI: as a key variable applied
in NRSD, the performance of the NSMI can directly influence that of NRSD. The NSMI was first
validated with in situ daily soil moisture and SMAP soil moisture. To test the capacity of indicating
drought condition and thereby account for the heterogeneity of soil moisture, the NSMI was also
compared with soil evaporation efficiency (SEE), which is the key variable used in DISPATCH to
denote the variance of soil moisture. (2) The discussion of the error introduced by SMAP soil moisture:
this investigation was carried out by building the relationship between the error of disaggregated soil
moisture and the error in SMAP data, aiming to find out the error accumulation.

3. Results

3.1. Extraction of the Variance Conversion Factor

For statistical extraction of the variance conversion factor, all the data covering the validation
period (14 days) were collected to build the relationship of SMAP soil moisture relative to the NSMI.
In this study, 250 m resolution NSMI data were aggregated to a 36 x 36 km? scale, which can represent
the mean value within the study area, and were compared with 36 km resolution SMAP soil moisture.
Figure 4 indicates a significant linear relationship between 14 pairs of SMAP soil moisture and the
averaged NSMI (R-value = 0.66 and p-value = 0.01).

14
A

° in-situ 0.15
* SMAP
0.3 Fit1 *Sept. 8
--- Fit2 o *Sept. 10

0.10

+0.05

SMAP soil moisture (m*m?)
o ©
N

in-situ soil moisture (m*m?)

0.0 T T T T T
0.5 0.6 0.7 0.8 0.9 1.0

NSMI

Figure 4. Extraction of variance conversion factor. Black dotted data are SMAP soil moisture relative to
the NSMI at 36 km resolution, among which SMAP values exceeding 0.25 m3/m?3 are emphasized in
gray. Hollow circles are in situ soil moisture with respect to the NSMI aggregated at the 36 x 36 km?
scale. It should be noted that the study used SMAP soil moisture and NSMI for extracting the variance
conversion factor and used the OzNet in situ soil moisture network for ancillary validation of such
a relationship.
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3.2. Disaggregated Soil Moisture

As shown in Figure 5, the NRSD method exports disaggregated SMAP soil moisture at 250 m
resolution. Soil moisture can be intuitively seen to be lower in austral autumn than it was in austral
spring because the value range of disaggregated soil moisture is strictly limited by the corresponding
SMAP soil moisture at 36 km resolution. In the NRSD method, soil moisture at 250 m resolution has
an interval of ( SMAP — %, SMAP + %), where the SMAP value in September (especially
on 8 September and 10 September) is higher, resulting in relatively higher soil moisture within the
entire study area, and vice versa.
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Figure 5. (a—n) Disaggregated soil moisture at 250 m resolution. Missing pixels were set to white due
to the fully cloud-covered condition.

3.3. Validation and Comparison with DISPATCH

3.3.1. Overall Accuracy and Performance

Overall validation experiments were conducted by comparing NRSD with DISPATCH using in
situ soil moisture measured at SMAP overpass time. Figure 6 represents the validation scatter plotted
by NRSD disaggregated, DISPATCH disaggregated and SMAP soil moisture with respect to in situ
soil moisture. Unlike the NRSD method, DISPATCH exports disaggregated soil moisture at a 1 km
resolution, and SMAP soil moisture has a 36 km resolution. To unify spatial scales for validation,
DISPATCH and SMAP soil moistures were downscaled at 250 x 250 m? scales without any high
resolution information, which means that the second item on the right side of Equation (5) was set
to zero.
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Figure 6. (a-m) Validation of the NRSD method. Black dotted data represent NRSD-derived soil
moisture, and hollow circles represent disaggregation based on physical and theoretical scale change
(DISPATCH)-derived soil moisture at 1 km resolution. The black line denotes the 1:1 line, and the gray
line denotes the SMAP soil moisture at 36 km resolution.

The validation results are summarized and listed in Table 2, and there are several points that can
be concluded: (1) The error of three soil moisture value at 250 m resolution is lower in autumn than
it is in spring. During the validation in May, SMAP soil moisture has a mean RMSE at 0.04 m?/m?,
and the corresponding values of NRSD and DISPATCH are 0.04 m®/m? and 0.07 m3/m3, respectively.
During the validation in September, the mean RMSE of SMAP soil moisture increases to 0.14 m®/m?3,
and in such a case, NRSD and DISPATCH performed with a relatively higher error, with corresponding
RMSEs of 0.12 m3/m3 and 0.17 m3/m3, respectively. (2) Comparing with DISPATCH, the RMSE and
bias are lower for NRSD-disaggregated soil moisture on each validation day, which results in the lower
overall RMSE and bias at 0.04 m?/m? and 0.02 m®/m? during May and 0.12 m3/m? and 0.11 m®/m3
during September, respectively. (3) Most bVariances for NSRD-disaggregated soil moisture are lower,
whether in May or September, revealing that the variance of NRSD-disaggregated soil moisture is
closer to the real variance measured by in situ sites. (4) However, the R-values between in situ and
disaggregated soil moisture run by both two downscaling methods are difficult to compete.

Based on the validation results, it was found that the NRSD performs with a better overall accuracy
than the DISPATCH during the entire validation period, and the performance of disaggregation
methods is possibly restricted by the accuracy of SMAP data. Besides, the lower bVariances on most
validation days reveal that the NRSD may have better spatial representation at the SMAP sub-pixel.
However, unlike metrics, such as RMSE and bias, the R- and p-values need to be stabilized to have
statistical significance based on larger data volume.
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Table 2. Validation of NRSD-disaggregated soil moisture compared to DISPATCH-disaggregated, SMAP and in situ soil moisture.

11 of 21

NRSD DISPATCH SMAP
Overpass Day NOIS !

RMSE Bias bVariance R p RMSE Bias bVariance R P RMSE Bias
2 May 11 0.04 0.01 0.33 -0.6 0.08 0.07 0.05 3.07 0.33 0.33 0.02 -0.01
5 May 15 0.03 -0.01 1.87 -0.3 0.22 0.06 0.01 4.43 -0.3 0.35 0.04 -0.03
8 May 18 0.04 0.01 1.39 0.4 0.15 0.06 0.04 3.13 0.25 0.31 0.01 -0.01
16 May 18 0.04 0.03 1.41 -0.3 0.22 0.06 0.03 3.24 0.05 0.83 0.06 0.05
18 May 14 0.04 0.02 2.01 -0.3 0.23 0.08 0.05 4.7 -0.1 0.95 0.05 0.05
21 May 18 0.06 0.05 2.64 0.33 0.18 0.11 0.11 2.55 0.72 0.01 0.07 0.07
8 September 21 0.24 0.24 2.49 -0.1 0.62 0.27 0.27 - 0 1 0.27 0.26
10 September 22 0.21 0.20 2.19 0.10 0.98 0.23 0.23 0.03 0.11 0.61 0.23 0.22
13 September 15 0.13 0.12 4.37 0.02 0.95 0.15 0.14 292 0.3 0.30 0.14 0.14

16 September 0 - - - - - - - - - - - -
18 September 15 0.09 0.09 2.64 0.34 0.21 0.14 0.12 3.95 -0.1 0.72 0.13 0.13
21 September 19 0.05 0.04 0.78 -0.5 0.01 0.07 0.06 2.08 -0.3 0.22 0.06 0.05
23 September 10 0.09 0.08 2.68 0.15 0.67 0.19 0.17 5.39 -0.1 0.76 0.11 0.10
26 September 18 0.05 0.03 2.09 -0.2 0.55 0.12 0.11 1.52 -0.3 0.28 0.05 0.05
Mean May 0.04 0.02 1.61 - - 0.07 0.05 3.52 - - 0.04 0.02
September 0.12 0.11 2.46 - - 0.17 0.16 2.65 - - 0.14 0.14

1 NOIS represents the number of in situ sites used for validation on each overpass day; besides, bVariances, R- and p-value are not calculated here for SMAPbecause SMAP soil moisture
is single within Yanco on each overpass day. It should be noted that the validation on 16 September is unavailable due to the cloud condition.
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3.3.2. Capacity Test for Spatial Representation

Besides the bVariance shown in Table 2, the capacity of indicating the spatial variance within each
SMAP pixel must be further assessed. Figure 7 plots the variance of disaggregated soil moisture versus
that of in situ soil moisture each overpass day. The variance in this study is computed as the STD; and
STD;y,_sity, Within Yanco.

‘o_. 1 N 1 . 1
S
— * NRSD
mg o DISPATCH
E 0
= o
wn g | «© ° L
G oo °
©
8 o . . e.
g P o
= 3
© .
>
o
= T T T
<.000 0.008 0.016 0.024

Variance of In-situ (m%m?®)

Figure 7. Variance of disaggregated soil moisture versus variance of in situ soil moisture. The bold
solid line denotes the 1:1 line, and the dashed line denotes the linear trend of the variance of NRSD
soil moisture relating to the in situ trends. DOY 256 (gray point in the figure) was forcibly excluded
from fitting for its abnormality because more ancillary meteorological data are required to study
that variable.

The following can be seen in Figure 7: (1) The in situ variance was amplified by downscaling
methods. Almost all of the points in the figure are above the 1:1 line, which means that the true
variance was relatively overestimated. Specifically, the overestimation value is 0.02 m3/m3 of NRSD
and 0.03 m3/m3 of DISPATCH. (2) The variances of the in situ measurements are small during the
entire validation (0.012 m®/m3), and downscaling methods are less effective in such a homogeneous
scenario. Nevertheless, compared to DISPATCH, the correlation between the variance of NRSD soil
moisture and that of in situ measurements is higher (R-value = 0.35 and DOY 256 was excluded), and
the trend is far closer to the 1:1 line (slope = 0.98).

3.3.3. Assessments of the Algorithm Applicable Scope

For further assessments of the algorithm applicable scope, three variable-controlled experiments were
conducted mainly focusing on three factors: (1) land cover, (2) vegetation cover and (3) drought condition.

Figure 8 represents the RMSE of each downscaling method as run in the cropping area (Zone YA)
and the grazing area (Zone YB). The following can be noted: (1) both downscaling methods have
similar errors, regardless of the cropping or grazing condition; (2) for NRSD, disaggregated soil
moisture in grazing areas has a slightly higher accuracy each day, except DOY 125 during in May
(mean value at 29.6% higher), but a lower accuracy in September (mean value at 21.1% lower); (3) for
DISPATCH, the result is quite similar to that of NRSD in May (mean value at 34.5% higher than
cropping) but is more complex during in September (mean value at 7.6% higher than cropping). Errors
on DOY 251, 253, 256 and 261 are almost the same, whereas on DOY 264, 266 and 269, DISPATCH
disaggregated soil moisture in cropping areas has a relatively lower accuracy, which differs from
the conclusion derived by the NRSD method. (4) Regardless of the land-cover condition, the NRSD
method performs slightly better than DISPATCH does.
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Figure 8. Error of NRSD and DISPATCH in different land covers. Zone YA represents the cropping
area, and Zone YB represents the grazing area: (a) RMSE of NRSD and (b) DISPATCH. Please note the
vertical dashed line distinguishes between the validation in May and September.

Figure 9 distinguishes the fractional vegetation impacts on the error of both two downscaling
methods. As shown in Figure 9, vegetation density (represented here by the fraction of vegetation
estimated using the Baret method [44]) has a great influence on the performance of downscaling
methods. The errors of both NRSD and DISPATCH increase as the vegetation densities increase.
RMSEs are low (mean RMSE at 0.06 m®/m?3 of NRSD and 0.09 m3/m?3 of DISPATCH) in sparse
vegetation landscapes (with a fraction of vegetation less than 20%), but increase rapidly (mean RMSE
at 0.10 m3/m? of NRSD and 0.15 m3®/m? of DISPATCH) at medium vegetation densities (with the
fraction of vegetation from 20% to 50%). In vegetation-dominant areas (with a fraction of vegetation
over than 50%), soil information is difficult to extract by using NIR and red spectra; hence, the
performance of NRSD is relatively poorer (mean RMSE at 0.18 m3/m3 of NRSD and 0.19 m3/m? of
DISPATCH). However, NRSD had a better performance than DISPATCH did in diverse vegetation
densities. Specifically, NRSD had an RMSE lower than 0.1 m3/m? when the fraction of vegetation was
less than 40%, whereas for DISPATCH, the upper bound of the corresponding fraction was 20%.

——NRSD

0.2 —o— DISPATCH ; -
o/
o /

-~

RMSE (m%m°)
e

0.0-1— T T T T T T
5% 15% 25% 35% 45% 55% 65%

Fraction of Vegetation

Figure 9. Error analysis by running NRSD and DISPATCH in various densities of vegetation condition.
Five percent represents that all disaggregated soil moistures with vegetation fraction from zero to
10% were considered, and the rest can be done in the same manner.

As a semi-arid area, Yanco was dry during the validation period, with in situ measurements
ranging from 0.05 m3/m3 to 0.15 m®/m3>. Figure 10 represents the RMSEs of NRSD and DISPATCH
versus diverse drought conditions. As shown in the figure, when in situ soil moisture increases, the
accuracy of both downscaling methods increases and then decreases. The critical value of in situ soil
moisture is approximately 0.115 m®/m3. In situ values from 0.09 m®/m3 to 0.13 m®/m? correspond
to the RMSE of NRSD less than 0.1 m3/m?, which can be defined here as “good performance”. For
DISPATCH, however, the lower bound of “good performance” is limited to approximately 0.1 m3/m3.
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Please note that the upper bounds of neither downscaling method are considered in this study due to
restricted drought conditions in Yanco.

——NRSD
0.24 —o—DISPATCH [

u\IAE
%=

<5% 5.5% 6.5% 7.5% 8.5% 9.5% 10.5%11.5%12.5%>13%
In-situ Soil Moisture (m*m®)

RMSE (m*/m°)

0.0

Figure 10. Error analysis in various drought conditions. Five-point-five percent represents that all
disaggregated soil moistures with in situ measurements from 5% to 6% were considered, and the rest
can be done in the same manner.

Based on the above three variable-controlled experiments, the NRSD method was demonstrated
to have wider applicable scopes than DISPATCH on land cover, vegetation cover and drought
condition, respectively.

4. Discussion

4.1. Performance of NSMI

The performance of the NSMI was discussed using the following aspects: (1) the significance of
the linear relationship between SMAP soil moisture and the NSMI aggregated at a 36 km resolution;
(2) a daily validation with in situ soil moisture measurements at MODIS overpass time; and (3) an
additional assessment of capacity to indicate the variance of soil moisture by comparing the NSMI
with SEE.

The significance of linear correlation between SMAP soil moisture and the NSMI is shown in
Figure 4, and the statistical extraction of the variance conversion factor was based on such a significant
relationship. In detail, the linear correlation becomes less obvious when SMAP soil moisture has
greater increases (above 0.25 m3/m3 in this study). As shown in Figure 4, SMAP soil moisture was
0.28 m®/m? and 0.32 m3/m? on 10 September and 8 September, respectively, with the corresponding
NSMI values both near 0.08. As noted in Section 2, Yanco is a semi-arid area with a relatively
dry climate. The SMAP values of these two days were far greater than the corresponding in situ
measurements (both 0.06 m3/m?3) at 6:00 a.m. Due to missing ancillary data (e.g., precipitation data),
this study prudently assumed that such a situation may be attributed to extreme weather conditions
and the accidental error of the passive microwave soil moisture retrieval algorithm. Even so, a fine
linear relationship is shown in the figure. The study additionally excluded these two pairs of seemingly
abnormal data, finding a better linear correlation (R-value = 0.70 and p-value = 0.01).

As seen in Figure 4, it is relatively difficult to extract the correlation between in situ soil
moisture and the NSMI by comparing these two values aggregated at 36 km resolution because
the NSMI is designed as the normalized dimensionless quantity, the value of which strongly depends
on drought conditions (specifically, the minimum and maximum soil moisture) in the study area
during satellite observation within one day. However, Figure 4 indicates a plot of aggregated NSMI
versus corresponding in situ soil moisture throughout the validation period. Therefore, for a better
comprehension of the potential capabilities and drawbacks of the NSMI, a detailed daily experiment
of the NSMI at 250 m resolution relating to in situ soil moisture was also considered (Figure 11), and
quantitative descriptions of this validation are listed in Table 3.
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Figure 11. (a-r) Daily validation of the NSMI at 250 m resolution using in situ soil moisture
measurements. The dashed line represents the linear fit line of in situ soil moisture related to the
NSMILI. Instead of the NRSD validation work, the NSMI was compared with in situ soil moisture at
10:30 a.m., which is synchronous with the MODIS Terra observation. Please note that the experiment
on 16 September was excluded because all available in situ sites were within fully cloud-covered

areas. Due to the cloud condition, also note that only one single in situ site was available on 18 May
(DOY 138).
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Table 3. Validation results regarding the NSMI. Relevant slope and p-values are reported in bold when

R-value > 0.3.

DOY Sll\\/l/[(‘;\i:tif:l NSMIz61cm Ilzgﬁ:e;iz:s R-Value Slope p-Value
121 0.10 0.65 8 0.11 0.03 0.79
123 0.10 0.60 9 0.55 0.19 0.12
124 0.09 0.68 4 0.40 0.13 0.60
126 0.09 0.69 14 0.01 0.01 0.97
128 0.07 0.64 17 0.31 0.13 0.21
135 0.11 0.67 11 0.67 0.09 0.02
137 0.11 0.63 11 0.70 0.12 0.01
138 0.12 0.57 1 - - -
142 0.16 0.68 18 0.40 0.06 0.10
252 0.32 0.79 17 0.31 0.05 0.25
254 0.28 0.81 16 0.15 0.07 0.59
256 0.23 0.80 15 0.04 0.03 0.89
259 0.19 0.81 0 - - -
261 0.16 0.79 17 0.25 0.07 0.35
263 0.16 0.86 19 —0.1 —0.04 0.75
265 0.16 0.86 10 0.30 0.11 0.43
266 0.15 0.77 12 —0.1 —0.03 0.81
268 0.12 0.73 15 -0.5 —-0.14 0.05
270 0.12 0.75 18 0.31 0.10 0.20

Day-by-day validation can eliminate the error caused by diverse Rz and R¢ on different days
and under different drought conditions, where both parameters are applied to compute the NSMI.
As shown in Table 3, among all of the autumnal validations (eight days except DOY 138), six of the
day experiments have an R-value above 0.3, with the highest value at 0.7 on DOY 137. Both DOY 135
and DOY 137 have R-values near 0.7 and p-values lower than 0.05. Thus, the NSMI has the potential
capacity to indicate drought condition in autumn. For spring drought monitoring, however, the NSMI
is a relatively poorer indicator. Among all nine days of the experiments (except DOY 259), only three
validation days have a correlation coefficient slightly higher than 0.3. DOY 263, DOY 266 and DOY
268 even have a negative relationship. Such poor performance can be analyzed from the following
aspects: (1) plant coverage is high in the spring, and the semi-empirical unmixing method [44] used
in this paper was not sufficient to adapt to such a situation; (2) the extraction method of Rp and R¢
applied in the study performed unstably and needs to be improved in further study. Even so, SMAP
soil moisture and the NSMI aggregated at 36 km resolution are significantly correlated in this study;,
and the statistical extraction of the variance conversion factor was used as a key parameter of the
NRSD method.

For a comparison with DISPATCH, the NSMI is evaluated here with SEE, which is a key parameter
in the DISPATCH downscaling method. Figure 12 represents the linear relationship of SMAP
soil moisture related to SEE aggregated at a 36 km resolution, which is computed as DISPATCH
describes [29,30,50]. The statistical partial derivative of SM relating to SEE, hereafter called SM,,, was
used in DISPATCH for downscaling. As Figure 12 shows, SM,, failed to form a stable variable during
the validation and was thus linearly fitted separately. SMAP soil moisture and SEE can be seen to
correlate well during both validation in May (R-value = —0.69 and p-value = 0.13) and September
(R-value = —0.54 and p-value = 0.17), but the linear relationship was not significant. In Figure 4, it can
be seen that SMAP soil moisture was significantly correlated with the NSMI aggregated at 36 km
resolution, so the NSMI can be concluded to be an appropriate indicator for denoting the variance of
soil moisture at sub-kilometer scales, and it performed better than SEE did in this study.
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Figure 12. (a,b) Relationships of SMAP soil moisture and the NSMI related to soil evaporation efficiency (SEE).

The relationship between the NSMI and SEE was also constructed to further confirm its capacity
for indicating drought condition. SEE has been found to correlate with soil moisture by validation
with in situ soil moisture and physical modeling [51], and Figure 12 shows a fine linear relationship
between the NSMI and SEE at 36 x 36 km? scales. During the validation in May, the NSMI related
to SEE had a correlation coefficient of —0.78, with a p-value of 0.06, whereas during the validation in
September, the R-value was —0.82, and the corresponding p-value was 0.01. Thus, the NSMI correlated
well with SEE during the entire validation and can be used to indicate drought condition.

Based on the validation and evaluation studies regarding the NSMI in this paper, the following
conclusions were drawn: (1) similar to SEE, the NSMI has a potential capacity to indicate drought
condition; (2) the NSMI is an alternative index for denoting the variance of soil moisture at
sub-kilometer scales and performed better than SEE did during the entire validation; (3) compared to
autumn, the NSMI performed relatively poorer in spring due to high vegetation cover.

4.2. Error in SMAP Data

For a further analysis of error sources of the NRSD method, a study was conducted to discover
the relationship between the NRSD error and the SMAP one. Figure 13 indicates significant linear
correlations of either the NRSD or the DISPATCH error relative to the SMAP one. For DISPATCH, the
correlation coefficient is 0.93, with a p-value = 0.01, and for NRSD, the correlation is even higher at
0.98, with a p-value = 0.01.

0_3 4 1 2 1
¢ NRSD s
o DISPATCH o/ /
E 0.2 . 7 L
E !
w 79
v o o it
S 01 s o A
14 <
57
%’ o
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0.0 T T
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Error of SMAP (m%m?®)

Figure 13. Error analysis by distinguishing downscaling error from SMAP error. The bold diagonal
line represents the 1:1 line; the other solid line represents the linear fit of the NRSD error with respect
to the SMAP error; and the dashed line represents the linear fit of the DISPATCH error with respect to
the SMAP error.
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The results indicate that the error of downscaling methods mainly comes from SMAP soil moisture
itself. The SMAP value could be easily understood as a key variable in the downscaling Equation (5),
and compared to the error introduced by the SMAP value, the error introduced by the second term on
the right-hand side of Equation (5) is relatively lower. Thus, an assumption is introduced here that the
quality of SMAP soil moisture can directly impact the accuracy of the NRSD method.

5. Conclusions

To meet the requirement for regional hydrological and agricultural applications of soil moisture,
an NIR-red spectra-based downscaling method (NRSD) was proposed in this paper, aiming to
disaggregate SMAP soil moisture to a 250 m resolution. NRSD used the NSMI as a key variable
to indicate the spatial variance of soil moisture within an SMAP pixel at 36 km resolution and yielded a
rational result. Validated with in situ measurements and the DISPATCH method, NRSD was evaluated
to have a higher overall accuracy, better spatial representation and wider applicable scope on land cover,
vegetation density and drought condition. Further discussions revealed that the NSMl is an alternative
indicator for denoting the heterogeneity of soil moisture at sub-kilometer scales and performed better
than SEE applied in DISPATCH. In conclusion, the NRSD method is of great potential to provide
large-scale soil moisture mapping at 250 m resolution for hydrological and agricultural applications.

However, some limitations must be taken into considerations when applying the NRSD method.
Regardless of its rational spatial representation, the variance of soil moisture within an SMAP pixel
was overestimated. Besides, based on the validation, it was found that the poorer performance
during the validation in September may be possibly due to the less effective NSMI under the high
vegetation-covered situation and the higher error introduced by SMAP data.

Several studies can be suggested to further investigate the above limitations. The reason
causing such overestimated variance can be studied by considering more heterogeneous and diverse
scenarios with different spatial variances of soil moisture. The performance of NSMI under the high
vegetation-covered condition can possibly be improved by considering the land surface temperature as
an ancillary input to aid in extracting soil information based on the fine linear relationship between the
NSMI and SEE. As another valuable global soil moisture product, the SMOS data are also suggested
to be used for comparison with the error disaggregated with SMAP data. Besides, to find a more
stable correlation with statistical significance between disaggregated soil moisture and the in situ one,
expansion of the validation period to at least one year is suggested.
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