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Abstract: Data disaggregation (or downscaling) is becoming a recognized modeling
framework to improve the spatial resolution of available surface soil moisture satellite
products. However, depending on the quality of the scale change modeling and on
the uncertainty in its input data, disaggregation may improve or degrade soil moisture
information at high resolution. Hence, defining a relevant metric for evaluating such
methodologies is crucial before disaggregated data can be eventually used in fine-scale
studies. In this paper, a new metric, named Gpown, 1S proposed to assess the potential gain
provided by disaggregation relative to the non-disaggregation case. The performance metric
is tested during a four-year period by comparing 1-km resolution disaggregation based on
physical and theoretical scale change (DISPATCH) data with the soil moisture measurements
collected by six stations in central Morocco. DISPATCH data are obtained every 2-3 days
from 40-km resolution SMOS (Soil Moisture Ocean Salinity) and 1-km resolution optical
MODIS (Moderate Resolution Imaging Spectroradiometer) data. The correlation coefficient
between Gpown and the disaggregation gain in time series correlation, mean bias and bias
in the slope of the linear fit ranges from 0.5 to 0.8. The new metric is found to be a good
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indicator of the overall performance of DISPATCH. Especially, the sign of Gpown (positive
in the case of effective disaggregation and negative in the opposite case) is independent of the
uncertainties in SMOS data and of the representativeness of localized in sifu measurements
at the downscaling (1 km) resolution. In contrast, the traditional root mean square
difference between disaggregation output and in sifu measurements is poorly correlated
(correlation coefficient of about 0.0) with the disaggregation gain in terms of both time
series correlation and bias in the slope of the linear fit. The Gpown approach is generic and
thus could help test a range of downscaling methods dedicated to soil moisture and to other
geophysical variables.

Keywords: downscaling; validation; metric; soil moisture; disaggregation based on physical
and theoretical scale change (DISPATCH) data

1. Introduction

Since the advent of spaceborne microwave sensors in the late 1970s, various large-scale surface soil
moisture products have been derived from C- and/or X-band data collected by the Scanning Multichannel
Microwave Radiometer (SMMR) [1], followed by the Special Sensor Microwave/Imager (SSM/I) [2],
Advanced Microwave Instrument (AMI) [3], Advanced Microwave Scanning Radiometer (AMSR) [4]
and Advanced Scatterometer (ASCAT) [5], among others. More recently, the first space mission
dedicated to observing surface soil moisture globally was launched in November, 2009 [6]. Soil Moisture
and Ocean Salinity (SMOS) opens the path for L-band radiometers, with an improved sensitivity to
soil moisture as compared with previous radiometers operating at higher frequencies, together with a
decreased sensitivity to perturbing factors, such as vegetation optical depth and soil roughness. The
forthcoming Soil Moisture Active Passive (SMAP) [7] mission is scheduled for launch in early 2015. It
will ensure the continuity of L-band microwave data for global soil moisture monitoring.

The accuracy in surface soil moisture products available from space keeps improving. Nevertheless,
the current spatial resolution of microwave radiometers and scatterometers is still lower than 40 km,
which is very coarse for most hydrological and agricultural applications. In this context, a number of
downscaling strategies of the surface soil moisture derived from microwave data have been imagined.
They vary with respect to input ancillary data (e.g., optical data [8], radar data [9], topography and soil
depth [10]), the nature (physical, semi-empirical, empirical) of scale change modeling and the underlying
physical assumptions (i.e., how soil moisture is linked to available fine-scale modeled or observational
information). It is worth noting that the principle of SMAP is based on the disaggregation of L-band
brightness temperatures using higher resolution radar backscatter data [11].

A major effort has been and is still being undertaken to evaluate the uncertainty in various soil
moisture products [12]. Yet, to date, little work has focused on the strategy to assess soil moisture
downscaling methods. Table 1 lists some recently published disaggregation methods [11,13-26]. For
each method, Table 1 reports the performance metrics that were used to assess the error statistics in



Remote Sens. 2015, 7 3785

downscaled data, whether such results were compared with those obtained at high resolution in the
non-disaggregation case and the nature (spatial, temporal and/or spatio-temporal) of the comparison
between disaggregated and reference (often in sifu) measurements. One observes that most authors
use the root mean square difference (RMSD) and correlation coefficient (R) between disaggregated soil
moisture and reference measurements. The use of the mean bias (B) and the slope of the linear regression
(S) between disaggregated soil moisture and reference measurements is less general. More strikingly,
a 40% of the recent publications do not include a comparison of the error statistics obtained at high
resolution with and without disaggregation, so that the gain provided at the fine scale by applying the
disaggregation is difficult to assess quantitatively.

Table 1. Metrics used to assess the error statistics of several recent disaggregation methods:
root mean square difference (RMSD), correlation coefficient (R), mean bias (B) and slope
of the linear regression (S) between high-resolution disaggregated and fine-scale true soil
moisture estimates. The column LR (for low resolution) is checked if error statistics are
evaluated against those obtained in the non-disaggregation case: by comparing at high
resolution the low-resolution observation with fine-scale true estimates. It is also mentioned
whether validation is done in space (on the satellite overpass time), in time (per station)
and/or using a mixed spatio-temporal dataset (with several stations on several satellite
overpass times).

Reference RMSD R B S LR Space Time Space&Time

Choi and Hur [13]
Das et al., [11]
Fang et al., [14]
Ines et al., [15]

Kim and Hogue [16]
Merlin et al., [27]
Merlin et al., [18]

Parinussa et al., [19]

Piles et al., [20]
Sanchez-Ruiz et al., [21]
Shin and Mohanty [22]
Song et al., [23]
Srivastava et al., [24]

X X X X X
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Srivastava et al., [25]
Zhao and Li [26]
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Evaluating specifically a soil moisture downscaling method is complex because of: (i) the
impact (at multiple scales) of uncertainties in (multi-resolution) input data: and (ii) the possible
non-representativeness of reference (in sifu) measurements at the validation scale. The issue of validating
downscaling methods is further compounded by the scarcity of spatialized ground data. Given that spatial
disaggregation is primarily a spatial (not temporal) processing of data, the validation exercise should
ideally be done at the time of satellite overpass by comparing disaggregated data with simultaneous

distributed ground data. Due to the lack of spatial soil moisture data, disaggregation methods are
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most often evaluated against time series collected by localized permanent or semi-permanent automatic
monitoring stations (see Table 1).

An interesting parallel is made with another adjacent research: the disaggregation of kilometric land
surface temperature at hectometric resolution. One major discrepancy between surface soil moisture
downscaling and land surface temperature downscaling is that the land surface temperature is currently
observed at high-resolution by ASTER (Advanced Spaceborne Thermal Emission and Reflection
Radiometer) and Landsat at approximately the same time as low-resolution MODIS (Moderate
Resolution Imaging Spectroradiometer) temperature. Therefore, temperature downscaling methods can
be evaluated in space using high-resolution ASTER/Landsat images [27-32]. Such a spatial validation
is in general not feasible with soil moisture downscaling methods, except when using data collected over
focused areas during short-term intensive field and/or airborne campaigns [33,34].

Facing the current lack of a consistent strategy to evaluate soil moisture downscaling methods
using in situ time series, the objective of this paper is to propose and to assess various performance
metrics in a case study. The approach is tested using a disaggregated soil moisture dataset and in
situ measurement time series collected during the 2010-2013 period at six locations in the Haouz
plain, central Morocco [35-38]. The downscaled dataset is obtained from the disaggregation of 40-km
resolution SMOS soil moisture at 1-km resolution using MODIS data and DISPATCH (disaggregation
based on physical and theoretical scale change; [17,18]) methodology. The evaluation of DISPATCH at
I-km resolution in central Morocco is especially challenging due to: (i) potentially strong topographic
effects on MODIS temperature; and (ii) the presence of crop irrigation at a scale (typically 3—4 ha)
much smaller than the target downscaling resolution. These conditions are however particularly suitable
for our analysis, since DISPATCH is expected to cover a large range of performances with possible
significant biases in the output data relative to in situ measurements. Note that the objective of the
paper is not to demonstrate the applicability of DISPATCH in mountainous areas as this would require a
robust approach to normalize MODIS land surface temperature for the combined effects of elevation and
orientation, e.g., [39-41].

This paper is organized as follows. In Section 2, we provide a description of the study area, ground
monitoring sites and DISPATCH data. Section 3 defines the metrics used to assess the performance
of DISPATCH in various surface and atmospheric conditions. Section 4 presents the results obtained
by conventional and new validation strategies and discusses the weaknesses and strengths of the tested

performance metrics.

2. Site and Data Description

Our analysis is based on the comparison between a disaggregation dataset obtained from SMOS Level
3 product and the in situ soil moisture measurements collected in the Haouz plain (region of Marrakech,
Central Morocco) during the 2010-2013 period.

2.1. Study Area

The study region is the Tensift basin located in central Morocco (see Figure 1). The ~20,000 km?
basin originates in the High-Atlas Mountains, and the Haouz River flows west towards the Atlantic Ocean
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through a semi-arid plain. Annual rainfall ranges from around 150 mm in the driest part of the plain to
about 1,000 mm in the mountains, while annual evaporative demand in the plain is about 1,600 mm,
according to the reference evapotranspiration calculated for well-watered grass [42]. The precipitation
events mainly occur from November to April.
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Figure 1. (a) Overview map of the Tensift basin in Morocco and (b) images over the
Tensift basin of MODIS NDVI, (¢) elevation and (d) MODIS land surface temperature on
5 October 2013.

0

Within the Haouz plain, about 85% of available water is used for agriculture. Major irrigated
vegetation types include olive, orange, apricot, beet and wheat. Wheat is generally sown between mid
November and mid January, depending on climatic conditions and the start of the rainfall season, and
the harvest occurs about 5—6 months after, in May or June. Ground water is used in priority for orchards,
but can also be used for cereal in the case of a high shortage of dam water. Annual crops are periodically
irrigated by flooding the entire field. The typical field size is about 3—4 ha. The number of irrigation
rounds (0—6) and the global amount of water per round (generally more than 60 mm in equivalent-water
depth) depend on the dam water levels [35].
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The High-Atlas culminates up to 4,000 m above sea level at the Toubkal summit, only 60 km away
from Marrakech city. The basin is hence characterized by a significant topographic and vegetation
variation and a highly variable climate, making it an ideal test bed to evaluate soil moisture downscaling

methods in heterogeneous, but challenging conditions.

2.2. In Situ Measurements

In the framework of the SudMedresearch program [37] and of Télédétection et Ressources en Eau
en Méditerranée semi-Aride (TREMA) Joint International Laboratory, several flux and meteorological
stations were deployed over the dominant vegetation types (olive, orange, apricot, beet and wheat)
and under different irrigation methods (drip and flooding) with the objective to understand the
processes that affect the water and energy balances of semi-arid areas at the basin scale. Monitoring
stations were set up for several years at orchards sites and for the whole crop cycle (sowing,
vegetative growth, full canopy and senescence) at annual crop (mostly wheat and beet) sites [37,38].
Since the SMOS launch in November 2009, six stations have operated with two in orchard fields and
four in annual crop fields. The location and crop type of the six monitoring stations used in this paper
are listed in Table 2. At each site, time domain reflectometry (TDR) probes (Model CS615; Campbell
Scientific, Inc.) were installed in a soil pit near the flux tower to measure soil water content at different

soil depths. Only the TDR measurements collected at a 5-cm depth with a time step of 30 min are used.

Table 2. Soil moisture monitoring stations.

Site Longitude Latitude Cropping Irrigation Clay Sand
Agafay —8.2452 31.5049 orange drop 0.18 0.50
Ait Imour —8.2449 31.0575 apricot drop 0.18 0.50
Beet’12 —7.6201 31.6495  sugar beet drop 0.36  0.20
Wheat’12 —17.6057 31.6738 wheat gravity fed 036  0.20

Wheat’ 13 North —7.5845 31.6457 wheat gravity fed  0.36  0.20
Wheat’ 13 South —7.5839 31.6449 wheat gravity fed 036  0.20

As gravimetric measurements from soil samples were not available for all studied sites, another
calibration approach of TDR measurements was preferred. To transform TDR observations into
volumetric soil moisture, the raw measurements were linearly re-scaled by setting the minimum and
maximum value to the residual soil moisture and the soil moisture at saturation, respectively. The
underlying assumption that both extreme values have been reached is justified by the relatively long
monitoring duration (at least one whole agricultural season). For each site, the residual soil moisture and
the soil moisture at saturation were estimated from the clay and sand fractions using the pedo-transfer
functions in [43] and [44], respectively.

Figure 2 plots the time series of the calibrated near-surface soil moisture for each site separately. The
impact of different irrigation practices and timing on soil moisture temporal dynamics is clearly visible,
even for the Wheat’ 13Northand Wheat’ 13 South fields located only 100 m apart from each other.
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Figure 2. In situ soil moisture time series.

2.3. Disaggregation Based on Physical and Theoretical Scale Change Data
2.3.1. Downscaling Method

The current version of the DISPATCH methodology has been fully described in [17] and [18]. In this
section, we briefly present the downscaling relationship, which represents the core and theoretical basis
of the algorithm:

SMyr = SMig + SM(SEE ) x (SEEyg — SEE ) (1)

with SMyr being the high-resolution (HR) disaggregated soil moisture, SMyr the low resolution (LR)
observation, SEEyr the soil evaporation efficiency (defined as the ratio of actual to potential soil
evaporation) estimated at high resolution, SEE; r its integrated value at low resolution and SM(SEELR)
the partial derivative of SM relative to SEE estimated at low resolution. This derivative is computed as
the inverse of the derivative of a SEE(SM) model. In [18], the SEE(SM) model is simply:

SM

SEE =
SMp

2)

with SMp being an empirical or semi-empirical parameter depending on soil properties and atmospheric

conditions. Hence, the derivative in the downscaling relationship is:
SM = SMp 3)
The main complexity and probably the main source of uncertainty in DISPATCH is the estimation

of SEEyr from red, near-infrared and land surface temperature input data. Readers are referred to [17]
and [18] for a detailed description of the approach, especially the partitioning approach of land surface
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temperature into soil and vegetation temperatures and the modeling of SEE as a function of soil
temperature. Note that in the last version of DISPATCH [18], the land surface temperature is “corrected”
for elevation effects by assuming a constant lapse rate of 6 °C per km.

2.3.2. Input Data

In this study, the input data of DISPATCH are comprised of 0.25° gridded SMOS Level 3 soil
moisture, 1-km resolution MODIS NDVI (Normalized Difference Vegetation Index) and land surface
temperature and 1-km resolution DEM (digital elevation model) data.

The SMOS Level 3 one-day soil moisture global map (P11p or MIR_CLF31A/D) product is used.
It is composed of two data files, one for the ascending (A) orbit at 6 a.m. equator crossing time and
the other for the descending (D) orbit at 6 p.m. equator crossing time. These products are presented
in NetCDFformat on the EASE (equal area scalable Earth) grid with a ~25-km cylindrical projection.
Details on the processing algorithms can be found in the Algorithm Theoretical Baseline Document [45]
and in the Level 3 data product description [46].

MODIS products Terra/MOD11A1 (daily land surface temperature at 10:30 a.m. Equator crossing
time), Aqua/MYDI11A1 (daily land surface temperature at 1:30 p.m. Equator crossing time) and
Terra/MOD13A2 (16-day vegetation indices at 10:30 a.m. Equator crossing time) are used. All three
MODIS products are presented in HDF format on a sinusoidal projection with a 1-km resolution.
Figure 1 presents the 1-km resolution images over the study area of Terra NDVI and Aqua land surface
temperature on 5 October 2013.

To correct land surface temperature for elevation effects, the GTOPO30 DEM is used. It has a
30-arc second (approximately 1 km) resolution and is split into 33 tiles stored in the USGS DEM file
format. Figure 1 presents the 1-km resolution elevation image over the study area.

The DISPATCH Input Interface (DII) is a processor dedicated to downloading and pre-processing
DISPATCH input data. DII downloads the SMOS Level 3 product from the CATDS (Centre Aval
de Traitement des Données SMOS) and MODIS data through the USGS LP DAAC (Land Processes
Distributed Active Archive Center). Pre-processing consists of: (i) reprojecting the exogenous datasets
on a common grid with consistent spatial resolutions; (ii) extracting multi-source data over a given
user-defined spatial extent; and (iii) generating an input ensemble for each SMOS overpass time by
including the MODIS data acquired on the day before, the same day and the day after the SMOS overpass
date [47].

2.3.3. Disaggregation Based on Physical and Theoretical Scale Change Products

In this paper, two different 1-km resolution DISPATCH products are used. One product, named
sm1k3d, is obtained by setting SMp to SM; g /SEE| r in Equation (3) by assuming a linear relationship
(see Equation (2)) between SEE and SM [48]. Another product, named sm50k3, is obtained by setting
SMp = 0 in Equation (3) so that 1-km disaggregated soil moisture is simply set to low-resolution
observation. sm50k3 represents our “zero-hypothesis”, that is the non-disaggregation scenario.

Both products, sm1k3d and sm50k3, are derived from the average of the DISPATCH output ensemble
for each SMOS overpass time. An output ensemble is obtained by applying DISPATCH to an input
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ensemble composed of no more than 24 elements per (A and D) SMOS overpass associated with
the combination of four SMOS re-sampling grids (by taking advantage of the Level 3 SMOS data
oversampling), three MODIS overpass dates (by taking into account the MODIS data collected within
plus or minus one day around the SMOS overpass) and two daily MODIS observations (aboard Terra
and Aqua). The number of elements used to compute this average is called DISPATCH count and is
stored in the output product. The DISPATCH count is often smaller than 24 due to gaps in MODIS
data associated with cloud cover and/or to limited overlap with SMOS swath width. A description of
DISPATCH products is available in [47]. Figure 3 presents an example of the 1-km resolution image
over the study area of sm50k3, sm1k3d and the DISPATCH count on 6 October 2013 for the SMOS D
overpass. Note that the disaggregation image presents a slight boxy artifact at low (SMOS) resolution.
Such an artifact is typical of downscaling methods like DISPATCH that apply a conservation law at
low resolution (meaning that the average of disaggregated SM at SMOS resolution is set to SMOS
observation). In our case, several factors could possibly explain this effect, such as some uncorrected
topographic effects and a significant nonlinear behavior of SEE as a function of SM (and an associated
misestimate of SMp at low resolution).

(a)
A
%

Figure 3. Images over the Tensift basin of: (a) Soil Moisture Ocean Salinity (SMOS)

31°N

9° W 8% W -

Soil moisture (m*m*) 250 km . Count (-) 0
0 I . 0.40 A Monitoring stations

soil moisture (SMyr); (b) 1-km resolution disaggregation based on physical and theoretical
scale change (DISPATCH) soil moisture (SMyg); and (¢) DISPATCH input data count on 6
October 2013.

Since sm50k3 contains basically the same information as the low-resolution observation, sm50k3 will

be referred to as SM R in the following. Consistently, sm1k3d will be referred to as SMyg.

3. Performance Metrics

3.1. Conventional Metrics

The traditional root mean square difference between satellite and in situ soil moisture is defined as:

RMSDxr =/E[(SMyg — SMis)’] )

with E[.| being the expectation operator, SMxy the satellite soil moisture retrieved at XR resolution (HR

or LR) and SMis the localized in situ measurement. This metric is used extensively to assess soil moisture
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products and many other remotely-sensed geophysical variables. RMSD is generally recognized as a
good performance metric, as it integrates the three main components characterizing data quality, which
are: time series correlation, mean bias and bias in the variance. Nevertheless, the sensitivity of RMSD to
any bias in either the mean or the amplitude of fluctuations in the retrieval may prevent its use to assess
the potential of a given soil moisture dataset for a specific geophysical application [12]. Hence, another
traditional metric is also used. The time series correlation between satellite and in situ soil moisture is

defined as:
E[(SMxr — E[SMxx])(SMis — E[SMis])]

(5)
OXROTS
with oxgr being the standard deviation of satellite soil moisture and o the standard deviation of in situ

RXR =

soil moisture. R is related to RMSD, but provides complementary information, as it is fully independent
of any bias in the mean or in the variance.
To better characterize the quality of disaggregated data, two other performance metrics may be used in

addition to RMSD and R: the mean difference (or mean bias) between satellite and in situ soil moisture:

Bxz = E[SMxz] — E[SMis] (6)
and the slope of the linear regression between satellite and in situ soil moisture:
OXR
Sxr = Rxg X — (7)
O1s

The mean bias defined in Equation (6) is independent of R, as mentioned above, and is also
independent of any bias in the variance. The slope of the linear regression defined in Equation (7) is
independent of B, but depends on R. However, S and R provide complementary information, since for
a given |Rygr| value, |Syr| can range from zero to +oo by varying oyr. Note that this reasoning is valid
only when the time series correlation is significant. For R close to zero, S is necessarily bounded by the

physical bounds of soil moisture, which ranges from about zero to the soil moisture at saturation.

3.2. On the Downscaling Performance

A downscaling method as a measurement system can be accurate, but not precise, precise, but not
accurate, neither, or both. Eliminating a systematic error at LR (i.e., the mean bias) improves accuracy
at HR, but does not change precision at HR. The precision of a downscaling algorithm is the degree
to which repeated application under unchanged conditions shows the same downscaled value. In this
paper, the terms “accuracy” and “precision” thus refer to B and R, respectively. However, one aspect
is still missing to describe downscaling performance: a downscaling method can be precise (Ryg ~ 1)
and accurate (Bgr ~ 0), but with varying efficiencies (downscaled values cover different ranges). In this
paper, the term “efficiency” refers to S. Note that the o could be used instead of S. The main problem
is that o is not an indicator of the efficiency of disaggregation. One can imagine a random noise having
the same oyr as oyg, but with Sgr ~ 0. The use of Syr is hence a better choice than opgr.

A systematic effect when increasing the observation scale is the decrease of spatio-temporal variance
in the observed variable. As a result, from the point of view of the spatio-temporal variability in soil
moisture and its impact on the validation strategy of satellite retrievals, the S between LR observation
and a localized (in situ) measurement should be in any case lower than one. The main purpose of

disaggregation methods is then to improve the spatial representativeness of remotely-sensed soil moisture
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at higher resolution. If the downscaling approach is efficient, then the S between satellite retrievals
and in situ soil moisture should increase and be closer to one in the disaggregation case, relative to
the non-disaggregation case. Among the four metrics RMSD, R, B and S, the S is probably the most
appropriate metric to evaluate a downscaling methodology. Nevertheless, R, B and S are complementary,
and thus, R and B potentially provide useful information in addition to S.

3.3. New Metrics Dedicated to Downscaling Methods

The performance metric proposed in this paper to assess soil moisture downscaling methods is termed
Gpown and is defined as:
Gpown = (Gerrr + Gerec + Gaccu) /3 ()

The first term is the disaggregation (efficiency) gain on the bias in the slope of the linear fit relative to

the non-disaggregation case:
|1 — Sir| — |1 — Sig

|1 — Sir| + |1 — Shr|

with Syr and S;r being the slope of the linear regression between soil moisture retrievals and in situ

9)

GEFFI =

measurements computed in Equation (7) with Ryg and oyr and with Ry g and oy g, respectively. Gggg
can be interpreted as characterizing the efficiency of the disaggregation method. It is positive for Syr
closer to +1 than S;g, negative in the opposite case, equal to +1 for Syg = 1 and tends to —1 for
|1 — Spr| > |1 — Sig|-

The second term in Equation (8) is the disaggregation (precision) gain on time series correlation

relative to the non-disaggregation case:

|1 — Rir| — |1 — Ryg|
|1 — Rir| + |1 — Ryg|

Gprec = (10)

with Ryg and Rir being the time series correlation computed with SMyg and SMyg in Equation (5),
respectively. Gprgc can be interpreted as characterizing the precision of the disaggregation method to be
evaluated. It is positive for Ryr > Ry, negative in the opposite case, equal to +1 for Ryg = 1 and tends
to —1 for |Ryr| < |Rig|.

The third term is the disaggregation (accuracy) gain on the mean bias relative to the

non-disaggregation case:
[BLr| — [Bur|
|Bir| + [Bug|

with Byr and By g being the mean bias computed with SMyr and SM;r in Equation (6), respectively.

(11)

Gaccu =

Gaccu can be interpreted as characterizing the accuracy of the disaggregation method. It is positive for
IBur| < |Brr|, negative in the opposite case, equal to +1 for Byr = 0 and tends to —1 for |[Bggr| > |Big|.

Note that Equation (8) could include weighting coefficients to weigh the three partial gains (Ggpgy,
Gprec and Gaccy) differently. However, no a priori information is available to give priority to one
particular partial gain. As a first guess, Gpown is thus defined as the simple arithmetic average of all
three partial gains.

Even though all three components (covariance, mean bias and bias in variance) are contained in
the RMSD, the advantage of Gpown over the RMSD is two-fold: (1) Gpown 1s computed relatively to
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the non-disaggregation case, so it is better suited to relative comparisons; and (2) the relative nature
of Gpown makes it a priori much less sensitive than the RMSD to any bias in the mean or in the
variance (the sensitivity of Gpown to a given bias in mean or variance also depends on the respective
weight of each partial gain). Moreover, the normalization of Syr, Ryr and Byr (by Sigr, Rir and
Bir) is a way to significantly reduce the impact on the performance metric of: (1) uncertainties in
LR data; and (2) the lack of representativeness of localized in situ measurements at the downscaling
resolution. The absolute value of Gpown characterizes both the downscaling performance and the
(normalized) difference between the representativeness of in situ measurements at HR and LR. However,

the positive (or negative) sign of Gpown can be considered, statistically speaking, as independent of the
representativeness of in situ measurements at both HR and LR.

As a benchmark to evaluate the approach, the last performance metric is also tested:
RMSD; g — RMSDyr
RMSD;r + RMSDyr
with RMSDyr and RMSD;r being the RMSD computed with SMyr and SM;r in Equation (4),

respectively. It is positive for RMSDyr < RMSDy g, negative in the opposite case, equal to +1 for
RMSDyr = 0 and tends to —1 for RMSDgzr > RMSDyi.

GRMSD =

(12)
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Figure 4. (a) LR vs. in situ soil moisture (synthetic data). (b-g) High resolution

(HR) disaggregated vs. in situ soil moisture for six different disaggregation scenarios
(synthetic data).
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For illustration purposes, Figure 4 presents seven graphs: one graph (a) plotting (synthetic) LR
observation vs. (synthetic) localized true soil moisture, and six other graphs (b—g) plotting (synthetic)
HR disaggregated vs. (synthetic) localized true soil moisture for six disaggregation scenarios. In Case
b, disaggregation improves R, and the S and B are unchanged. In Case c, disaggregation degrades both
R and S, and B is unchanged. In Case d, disaggregation improves both S and R, and B is unchanged.
In Case e, disaggregation degrades the S, while |R| and B remain the same as in Case d. In Case f,
disaggregation improves B, while both S and R remain unchanged. In Case g, disaggregation degrades
B, while both S and R remain unchanged. The above examples illustrate the capacity of the three
performance metrics Gprec, Gerrr and Gaccu to characterize the error structure of downscaled data and
to specifically extract information about the positive (or negative) gain provided at HR by disaggregation.

4. Results and Discussion

In this section, the three performance metrics RMSDyr, Grvsp and Gpown are assessed from an
ensemble of DISPATCH and in sifu soil moisture datasets. Such an ensemble is generated by comparing
DISPATCH soil moisture with the in situ measurements collected by each of the six stations separately,
for the two SMOS overpass times separately, for two different DISPATCH count thresholds and for five
different time periods (spring, summer, autumn, winter and the whole time series). In total, the ensemble
is theoretically composed of 6 x 2 x 2 x 5 = 120 elements. In practice, a lower number is achieved due
to gaps in ground measurements, especially for the stations dedicated to intensive field experiments in
2012 and 2013.

Figure 5 compares the scatterplots of LR soil moisture (SMyr) vs. in situ measurements (SMs) and
HR disaggregated soil moisture (SMygr) vs. in situ measurements for each site separately. For orchard
sites (Agafay and Ait Imour), disaggregation appears to reduce the mean bias in satellite retrievals,
but also to increase the scatter/uncertainty with respect to in situ measurements. For annual crop sites
(Beet’12, Wheat’12, Wheat’13 North and Wheat’13 South), a strong negative bias is visible in both
non-disaggregated and disaggregated data, indicating that the soil moisture variability occurs at a scale
significantly higher than the DISPATCH 1-km resolution. It is to be reminded that the typical size of
crops in the area is 3—4 ha, that is 20-30-times smaller than the downscaling resolution of DISPATCH in
this application. Nevertheless, DISPATCH data seem to be slightly less biased than non-disaggregated
data. When increasing the DISPATCH count threshold from three to 10 (see the results in Figure 6),
a similar interpretation can be given for all (orchard and annual crop) sites, with a more noticeable
improvement of disaggregation in terms of both mean bias and slope of the linear regression between
satellite retrievals and in sifu measurements.

Table 3 reports the error statistics for each site (whole time series), for each SMOS orbit and for
each DISPATCH count threshold (three and 10) separately. The count of samples included in the
computation of performance metrics is also indicated as an assessment of statistical significance. It
can be observed that disaggregation systematically reduces a negative bias in SMOS observations with
respect to localized in situ measurements. Since all ground data were collected over irrigated areas
surrounded by dry lands, a negative bias in coarse-scale SMOS data was expected. The reduction of the

mean bias at 1-km resolution indicates that DISPATCH is able to somehow better represent (but not to
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fully solve) the sub-pixel variability in soil moisture. Consistent with a decrease of the mean bias, Gaccu
is positive in all cases. Regarding the time series correlation and the bias in the slope of the linear fit,
mixed results are obtained: disaggregation alternatively improves or degrades data quality. Consistently,
the disaggregation gain in precision (Gprgc) and efficiency (Ggggy) is positive in 52% and 65% of the
cases, respectively.
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Figure 5. LR (left) and HR disaggregated (right) soil moisture vs. in situ measurements for
each site separately (whole time series) and for a DISPATCH count threshold set to three
(SMOS ascending (A) overpass).
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Table 3. Statistical results presented for each site, each SMOS orbit (A for ascending and D for descending) and two DISPATCH count
thresholds (3 and 10), separately.

Site DISPATCH Sample HR SHr Bur . RMSDix Rrr fSLR Bur ‘ RMSDLfR pREC Gerr1  Gaccu Gpown Grwmsp
Threshold Counts m>m—3 m’m3 mm> m*m? m*m3

Agafay 3 A 185 0299 0.273 0.022 0.065 0.471 0.337 —0.041 0.064 —0.139 —0.046 0.300 0.038 — 0.006

Agafay 3 D 127 0.032 0.029 —-0.010 0.072 0.240 0.136 —0.035 0.065 —0.120 —0.059 0.547 0.123 —0.047
Agafay 10 A 49 0.461 0.385 —0.024 0.055 0.616 0.375 —0.042 0.058 —0.168 0.008 0.275 0.038 0.029
Agafay 10 D 32 0.140 0.096 —0.022 0.068 0.316 0.127 —0.045 0.071 —0.114 —-0.018 0.349 0.072 0.019
Ait Imour 3 A 60 —0.033 —0.028 —-0.040 0.086 —0.159 —-0.084 —0.065 0.095 0.058 0.027 0.244 0.109 0.051
Ait Imour 3 D 37 0.080 0.077 —-0.016 0.075 —0.011 —0.006 —0.055 0.083 0.047 0.043 0547 0.213 0.049
Ait Imour 10 A 17 0.646 0.742  —0.037 0.054 0.559 0.414 —0.061 0.070 0.109 0.389 0.245 0.248 0.136
Ait Imour 10 D 9 —0.267 —0.370 —-0.042 0.093 —0.123 —-0.071 —0.086 0.101 —0.060 —0.123 0.347 0.055 0.042
Beet’12 3 A 24 0.134  0.059 —0.253 0.263 0.043 0.016 —0.258 0.268 0.050 0.022 0.011 0.028 0.010
Beet’12 3 D 21 —0.211 —0.083 —0.245 0.262 —0.168 —0.081 —0.246 0.263 —0.018 —0.001 0.001 —-0.006 0.003
Beet’12 10 A 11 —0.085 —0.049 —-0.251 0.260 —0.137 —-0.064 0.258 0.267 0.024 0.007 0.015 0.015 0.013
Beet’12 10 D 3 —0.220 —0.079 -0.240 0.241 0.276 0.104 —0.246 0.247 —0.255 —-0.093 0.013 -0.112 0.012
Wheat’12 3 A 13 0.481 0.126 —0.293 0.299 0.332 0.058 —0.302 0.308 0.125 0.037 0.015 0.059 0.015
Wheat’12 3 D 8 0.819 0431 —-0.314 0.315 0.883 0.326 —0.325 0.327 —0.212 0.085 0.018 —-0.036 0.018
Wheat’12 10 A 7 0.436 0.137 —-0.274 0.278 0.281 0.054 —0.282 0.287 0.121 0.046 0.014 0.061 0.015

Wheat’ 12 10 D 2 - - - - - - - - - - - - -

Wheat’13 North A 24 0239 0.115 —-0.141 0.167 0.099 0.036 —0.165 0.189 0.084 0.043 0.080 0.069 0.063
Wheat’13 North D 14 0.016 0.006 —0.168 0.195 —0.027 —-0.007 —-0.194 0.217 0.021 0.007 0.071 0.033 0.052
Wheat’13 North 10 A 7 0.632 0413 —-0.168 0.180 0.630 0.214 —0.200 0.212 0.003 0.144 0.089 0.079 0.083
Wheat’13 North 10 D 4 0.624 0.828 —0.187 0.190 0.303 0.292 —0.213 0.215 0.299 0.609 0.063 0.324 0.063
Wheat’13 South A 26 0.045 0.022 —0.139 0.167 0.229 0.086 —0.161 0.182 —0.107 —-0.034 0.075 —-0.022 0.042
Wheat’13 South D 16 0.164 0.074 —-0.144 0.166 0.011 0.004 —0.165 0.185 0.083 0.036 0.067 0.062 0.054
Wheat’13 South 10 A 8 0400 0.345 —0.087 0.109 0.642 0.293 —0.124 0.134 —0.253 0.038 0.173 —-0.014 0.100
Wheat’13 South 10 D 4 —0.058 —0.048 —0.127 0.141 0.403 0.253 —0.150 0.156 —0.278 —0.168 0.082 —0.121 0.051
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One key advantage of Gpown over the other performance metrics is to provide an estimate of the
overall improvement in soil moisture data with a single value. Within our data ensemble, Gpown 18
positive in 74% of the cases, indicating that DISPATCH generally improves the representation of soil
moisture at 1-km resolution. From the point of view of the Grysp metric (defined in Equation (12)),
disaggregation improves the root mean square difference between satellite retrievals and in situ soil
moisture in 91% of the cases, which is significantly larger than the positive disaggregation cases
predicted by Gpown. This apparent discrepancy is explained by the strong dependency of the RMSD
metric to B, thus hiding the potential impact of R and S on disaggregation data quality. Note that
a mean bias can be typically attributed to uncertainties in LR observations and to a lack of spatial
representativeness of (localized) in situ measurements at the validation scale (1-km resolution in our
case). Hence, the use of other metrics than B and RMSD is especially needed when attempting to
evaluate a downscaling method with a relative independency of errors in LR observations and of the
spatial representativeness of reference validation data. As a summary, Gpown provides a single quality
assessment of disaggregated data while being based on three relevant and complementary performance
metrics, which are S, R and B.

As a step further in the assessment of performance metrics, RMSDygr, Grumsp and Gpown are plotted
against Gprec, Ggprr and Gaccy 1n Figures 7-9, respectively.  RMSDyg i1s a poor indicator of the
disaggregation gain in terms of both precision (time series correlation) and efficiency (bias in the slope
of the linear fit). However, it is more correlated with the disaggregation gain on the mean bias, due to
its strong dependency on B. Gryvsp 18 in general positively correlated with all three performance metrics
Gprecs Gerrr and Gaccy. Nevertheless, it seems to be relatively sensitive to the number of samples
within the dataset. When decreasing the minimum sample count (from 10 to three), above which error
statistics are computed, the correlation between Grysp and disaggregation gains varies significantly and
even changes sign in Figure 8 for the Ggpgp case. In contrast, Gpown appears to be well correlated with
all three disaggregation gains in terms of time series correlation, bias in the slope of the linear fit and
mean bias. Moreover, Gpown displays a remarkable stability with respect to the minimum number of
data samples: the regression lines for both datasets (corresponding to a minimum sample count of three

and 10) are almost superimposed in all cases.
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Figure 7. Performance metrics (a—c) vs. the disaggregation gain on time series correlation

(Gpgrec) for datasets with a minimum sample count of three and 10 separately.
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Table 4. Correlation coefficient of performance metrics with the disaggregation gain in terms

of time series correlation (Gprgc), bias in the slope of the linear fit (Ggggy) and bias in the

mean (Gaccy) for datasets with a minimum sample count of 3 and 10, separately.

. Sample Correlation Coefficient (-)
Metric
Count RMSDgr Gpown
GprEC >3 —0.036 0.655
GEFr1 >3 —0.096 0.534
Gaccu >3 —0.349 0.667
All: mean (std) >3 —0.160 (0.166) 0.208 (0.312) 0.619 (0.074)
GprEC >10 0.298 0.659
GEFrI >10 0.021 0.779
Gaccu >10 —0.641 0.462
All: mean (std) >10 —0.107 (0.482) 0.345 (0.110) 0.633 (0.160)

Table 4 summarizes the results for the three performance metrics: the traditional root mean square

difference between disaggregated and in sifu soil moisture (RMSDyg), the disaggregation gain in RMSD

relative to the non-disaggregation case (Grmsp) and the proposed metric that combines the disaggregation

gain in S, R and B relative to the non-disaggregation case (Gpown). The correlation coefficient between
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performance metric and the disaggregation gain on time series correlation, mean bias and bias in the
slope of the linear fit ranges from —0.6 to 0.3, from —0.1 to 0.6 and from 0.5 to 0.8, for RMSDyg,
Grmsp and Gpown, respectively. The results thus indicate that Gpowy is a relevant, relatively complete
and robust performance metric to evaluate soil moisture downscaling methods using in situ measurement
time series.

5. Summary and Conclusions

A number of disaggregation methods have been recently developed to improve the spatial resolution
of available surface soil moisture products with supposedly satisfying uncertainty. Such downscaled
soil moisture datasets are generally evaluated against time series of in situ measurements. However,
a consistent and robust validation strategy of disaggregation methodologies is currently lacking. To
help fill the gap, a new performance metric named Gpown 1s proposed to quantitatively assess with a
single value the overall gain achieved at high resolution. Especially, the sign of Gpown (positive in the
case of effective disaggregation and negative in the opposite case) is independent of the uncertainties
in the low-resolution observation and of the representativeness of localized in situ measurements at the
target downscaling resolution. The proposed Gpown has four advantages over the conventional metrics
(RMSD, B, o, R and S): (1) the new performance metric provides an assessment of error statistics
relative to the non-disaggregation case (unlike any of the traditional metrics); (2) it takes into account
the three main aspects for describing data error structure, which are: R, B and o (like the RMSD); (3)
the sign of Gpown (positive in the case of effective disaggregation, and negative in the opposite case)
remains reliable in the presence of any bias in mean or variance (unlike the RMSD); and (4) the ability
to define weights (arbitrarily set to one herein) allows for tuning the sensitivity of Gpown to each of the
three partial gains.

The approach is tested using 1-km resolution DISPATCH soil moisture data and in situ measurement
time series collected during the 2010-2013 period at six locations in the Haouz plain, central Morocco.
A statistically meaningful dataset ensemble is built by comparing DISPATCH and in situ data for
each station separately, for both SMOS overpass times, for two different DISPATCH count thresholds
and for five different time periods (spring, summer, autumn, winter and the whole time series). The
traditional root mean square difference between disaggregated and in situ soil moisture (RMSDyg), the
disaggregation gain in RMSD relative to the non-disaggregation case (Grmsp) and Gpown are compared
with the disaggregation gain at high resolution in terms of precision (time series correlation), efficiency
(bias in the slope of the linear fit) and accuracy (mean bias). The correlation coefficient between
performance metric and disaggregation gain ranges from —0.6 to 0.3, from —0.1 to 0.6 and from 0.5 to
0.8, for RMSDyg, Grmsp and Gpown, respectively. The results indicate that the traditional RMSDyy is a
poor indicator of the overall performance of disaggregation. In contrast, Gpown is a relevant, relatively
complete and robust performance metric to evaluate soil moisture downscaling methods using in situ
measurement time series.

Gpown evaluates the downscaling performance by a single value containing information about the
relative gain in S, R and B, which may be considered as an asset. Nevertheless, the importance of

these three aspects (gain in S, R and B) may be dependent on the application. Some users might need
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a very precise (i.e., low noise) measurement, whereas others might require, for instance, low mean
bias. Therefore, it might be advantageous to keep the different partial gains separated. Note that one
assumption of the presented validation strategy is that no bias correction (in either the mean or the
variance) is applied to observed or disaggregated soil moisture datasets. If a bias correction is applied
before hand [12,49], Gpown should be expressed as the disaggregation gain in precision (R) only, by
discarding the S and B terms, which would be underdetermined in this case. However, a caveat must
be issued regarding bias correction. The bias correction of satellite-derived soil moisture products is
generally based on soil moisture climatologies, which do not take into account all fine-scale variabilities
(crop irrigation for instance) and/or localized in situ measurements, which are not representative at the
observation resolution. In such conditions, part of the bias (in both the mean and the variance) between
low-resolution observations and reference (climatological or in sifu) soil moisture data is systematically
attributed to the sub-pixel spatial heterogeneity. Any bias removal technique applied at low resolution
therefore artificially compensates for spatial heterogeneity effects, whereas disaggregation precisely
aims to represent the real sub-pixel spatial variability.

The Gpown approach has potential for evaluating the downscaling methods dedicated to
satellite-derived soil moisture, such as SMOS and SMAP products, and to other geophysical variables
available from remote sensing, such as land surface temperature and precipitation. It can also be
meaningful for evaluating the downscaled land surface model output [50-53]. Such a quantitative
assessment is an essential pre-requisite before downscaled data can be efficiently used in fine-scale
application studies. Note that the use of soil moisture data in hydrology generally requires observations
deeper than the surface soil layer (the top few cm) sensed by microwave radiometers. Therefore, solving
the mismatch in the vertical representation would imply the (temporal) assimilation of superficial data

into land surface models, e.g., [49,54], and its combination with (spatial) downscaling [55,56].
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