
4994 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 54, NO. 8, AUGUST 2016

Assessment of the
SMAP Passive Soil Moisture Product

Steven K. Chan, Senior Member, IEEE, Rajat Bindlish, Peggy E. O’Neill, Fellow, IEEE, Eni Njoku, Fellow, IEEE,
Tom Jackson, Fellow, IEEE, Andreas Colliander, Senior Member, IEEE, Fan Chen, Mariko Burgin, Member, IEEE,
Scott Dunbar, Jeffrey Piepmeier, Senior Member, IEEE, Simon Yueh, Fellow, IEEE, Dara Entekhabi, Fellow, IEEE,

Michael H. Cosh, Todd Caldwell, Jeffrey Walker, Xiaoling Wu, Aaron Berg, Tracy Rowlandson, Anna Pacheco,
Heather McNairn, Marc Thibeault, José Martínez-Fernández, Ángel González-Zamora, Mark Seyfried,

David Bosch, Patrick Starks, David Goodrich, John Prueger, Michael Palecki, Eric E. Small,
Marek Zreda, Jean-Christophe Calvet, Wade T. Crow, and Yann Kerr, Fellow, IEEE

Abstract—The National Aeronautics and Space Administration
(NASA) Soil Moisture Active Passive (SMAP) satellite mission was
launched on January 31, 2015. The observatory was developed
to provide global mapping of high-resolution soil moisture and

Manuscript received December 2, 2015; revised February 23, 2016; accepted
April 9, 2016. Date of current version June 1, 2016. This work was carried out in
part at the Jet Propulsion Laboratory, California Institute of Technology, under
a contract with the National Aeronautics and Space Administration.

S. K. Chan, E. Njoku, A. Colliander, M. Burgin, S. Dunbar, and S. Yueh are
with the NASA Jet Propulsion Laboratory, California Institute of Technology,
Pasadena, CA 91109 USA (e-mail: steven.k.chan@jpl.nasa.gov).

R. Bindlish and F. Chen are with Science Systems and Applications, Inc.,
Lanham, MD 20706 USA.

P. O’Neill and J. Piepmeier are with the NASA Goddard Space Flight Center,
Greenbelt, MD 20771 USA.

T. Jackson, M. H. Cosh, and W. T. Crow are with the U.S. Department of
Agriculture, Agricultural Research Service, Hydrology and Remote Sensing
Laboratory, Beltsville, MD 20705 USA.

D. Entekhabi is with the Massachusetts Institute of Technology, Cambridge,
MA 02139 USA.

T. Caldwell is with the University of Texas, Austin, TX 78713 USA.
J. Walker and X. Wu are with Monash University, Clayton, Vic. 3800,

Australia.
A. Berg and T. Rowlandson are with the University of Guelph, Guelph, ON

N1G 2W1, Canada.
A. Pacheco and H. McNairn are with Agriculture and Agri-Food Canada,

Ottawa, ON K1A OC6, Canada.
M. Thibeault is with the Comisión Nacional de Actividades Espaciales

(CONAE), Buenos Aires, Argentina.
J. Martínez-Fernández and Á. González-Zamora are with the Instituto His-

pano Luso de Investigaciones Agrarias (CIALE), Universidad de Salamanca,
37185 Salamanca, Spain.

M. Seyfried is with the U.S. Department of Agriculture, Agricultural Re-
search Service, Northwest Watershed Research Center, Boise, ID 83712 USA.

D. Bosch is with the U.S. Department of Agriculture, Agricultural Research
Service, Southeast Watershed Research Laboratory, Tifton, GA 31793 USA.

P. Starks is with the U.S. Department of Agriculture, Agricultural Research
Service, Grazinglands Research Laboratory, El Reno, OK 73036 USA.

D. Goodrich is with the U.S. Department of Agriculture, Agricultural Re-
search Service, Southwest Watershed Research Center, Tucson, AZ 85719 USA.

J. Prueger is with the U.S. Department of Agriculture, Agricultural Research
Service, National Laboratory for Agriculture and the Environment, Ames,
IA 50011 USA.

M. Palecki is with the NOAA National Climatic Data Center, Asheville, NC
28801 USA.

E. E. Small is with the University of Colorado, Boulder, CO 80309 USA.
M. Zreda is with the University of Arizona, Tucson, AZ 85721 USA.
J.-C. Calvet is with the Centre National de la Recherches Météorologiques—

GAME, UMR 3589 (Météo-France, Centre National de la Recherche Scien-
tifique), 31057 Toulouse, France.

Y. Kerr is with the Centre d’Etudes Spatiales de la BIOsphère, Centre
National d’Etudes Spatiales (CESBIO-CNES), 31401 Toulouse, France.

Digital Object Identifier 10.1109/TGRS.2016.2561938

freeze-thaw state every two to three days using an L-band (active)
radar and an L-band (passive) radiometer. After an irrecoverable
hardware failure of the radar on July 7, 2015, the radiometer-only
soil moisture product became the only operational Level 2 soil
moisture product for SMAP. The product provides soil moisture
estimates posted on a 36 km Earth-fixed grid produced using
brightness temperature observations from descending passes.
Within months after the commissioning of the SMAP radiometer,
the product was assessed to have attained preliminary (beta)
science quality, and data were released to the public for evaluation
in September 2015. The product is available from the NASA
Distributed Active Archive Center at the National Snow and Ice
Data Center. This paper provides a summary of the Level 2 Passive
Soil Moisture Product (L2_SM_P) and its validation against in situ
ground measurements collected from different data sources. Ini-
tial in situ comparisons conducted between March 31, 2015 and
October 26, 2015, at a limited number of core validation sites
(CVSs) and several hundred sparse network points, indicate that
the V-pol Single Channel Algorithm (SCA-V) currently delivers
the best performance among algorithms considered for L2_SM_P,
based on several metrics. The accuracy of the soil moisture
retrievals averaged over the CVSs was 0.038 m3/m3 unbiased
root-mean-square difference (ubRMSD), which approaches the
SMAP mission requirement of 0.040 m3/m3.

Index Terms—Brightness temperature, land emission, L-band,
Level 2 Passive Soil Moisture Product (L2_SM_P), Level 3
Daily Composite Version (L3_SM_P), passive microwave remote
sensing, Soil Moisture Active Passive (SMAP), soil moisture,
tau–omega (τ − ω) model, validation.

I. INTRODUCTION

THE National Aeronautics and Space Administration
(NASA) Soil Moisture Active Passive (SMAP) satellite

mission was launched on January 31, 2015. The observatory
was developed to provide global mapping of high-resolution
soil moisture and freeze-thaw state every two to three days
using an L-band radar (active) and an L-band radiometer (pas-
sive) onboard an observatory. The resulting measurements are
expected to advance our understanding of the processes that
link the terrestrial water, energy, and carbon cycles, improve
our capability in flood prediction and drought monitoring, and
enhance our skills in weather and climate forecasts [1].

Table I summarizes the key instrument specifications of the
SMAP radiometer as well as the orbital parameters upon which
the observations are acquired. One feature that distinguishes
the SMAP radiometer from previous L-band radiometers is
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TABLE I
KEY ORBITAL AND RADIOMETER SPECIFICATIONS OF SMAP

its sophisticated hardware that allows high-rate acquisition
of spectrogram data [2]. The resulting data are then applied
to kurtosis-based algorithms to mitigate the radio frequency
interference (RFI) due to anthropogenic emission sources on
the ground [3]. Preliminary analyses of SMAP radiometer
observations to date have demonstrated the effectiveness of this
approach against RFI signals [4].

SMAP began simultaneous acquisition of radar and radiome-
ter data in April 2015, with a goal of providing three soil
moisture products: a radiometer-only product at a 40 km spatial
resolution, a combined radar/radiometer product at a 10 km
resolution, and a radar-only product at a 3 km resolution.
However, the SMAP radar encountered an irrecoverable hard-
ware failure on July 7, 2015 and was officially declared lost
shortly thereafter. Despite this setback, the remaining SMAP ra-
diometer has been nominally operating, collecting high-quality
brightness temperature (TB) data that enable the production of
the standard Level 2 Passive Soil Moisture Product (L2_SM_P)
and its Level 3 daily composite version (L3_SM_P). Since
September 2015, both products have attained a preliminary
(beta) science performance level and have been released to
the public for evaluation from the NASA Distributed Active
Archive Center (DAAC) at the National Snow and Ice Data
Center (NSIDC). This release was expected to accelerate future
product improvement in data accuracy and usability through
feedback from the research and application communities.

This paper begins with an overview of the L2_SM_P product.
The overview is followed by a description of the baseline
and optional soil moisture retrieval algorithms that have been
used in the operational product. The validation methodologies
adopted by the project are then presented, followed by an early
performance assessment of the product against in situ data
from core validation sites (CVSs) and sparse networks through
October 2015. Finally, an outlook for future improvements to
the product is provided.

II. PRODUCT OVERVIEW

The L2_SM_P product is derived using SMAP L-band ra-
diometer time-ordered observations (L1B_TB product) as the
primary input [2]. The resulting soil moisture retrieval output
fields, along with others carrying supplementary geolocation
information, brightness temperatures, quality flags, and ancil-

Fig. 1. Processing flow of the L2_SM_P SPS. The software uses the L1C_TB
product as the primary input, along with other ancillary data on finer grid
resolutions, to retrieve soil moisture (and other geophysical parameters as
applicable) from a forward model.

lary data, are posted on a 36 km Earth-fixed grid using the
global cylindrical Equal-Area Scalable Earth Grid projection,
Version 2 (EASEv2) [5], [6]. The 36 km grid resolution is
close to the 3-dB native spatial resolution (see Table I) of
the instrument observations, although the two measures of
resolution do not have to be identical. The baseline L2_SM_P
operational production uses observations acquired from the
6:00 A.M. descending passes only [7]. Soil moisture estimates
using observations from the 6:00 P.M. ascending passes are also
produced for validation analysis, but are not made available to
the public at this time.

Fig. 1 describes the processing flow of the L2_SM_P Sci-
ence Production Software (SPS). The processing begins with
the Level 1B time-ordered brightness temperature observations
(L1B_TB) [8], being processed into the L1C_TB Gridded Ra-
diometer Data Product on the global cylindrical 36 km EASEv2
Grid [9], [10]. The resulting fore- and aft-look gridded
brightness temperature observations are then combined in the
L2_SM_P SPS. External static and dynamic ancillary data
preprocessed on finer grid resolutions are then brought into the
processing to evaluate the feasibility and subsequent estimated
quality of the retrieval. When surface conditions favorable to
soil moisture retrieval are identified at a given grid cell, retrieval
is performed. Corrections for water contamination, surface
roughness, effective soil temperature, and vegetation water con-
tent are applied using five preselected candidate soil moisture
retrieval algorithms (described in Section III-C) to produce the
final output soil moisture retrieval fields on the same 36 km
EASEv2 Grid as the input L1C_TB product. Data contents of
the resulting L2_SM_P output files (granules) are described in
the L2_SM_P Product Specification Document [11].

The ancillary data, as well as the corresponding grid/time
resolutions at which they are used in the L2_SM_P SPS, are
listed in Table II. As evident in the table, most ancillary data
are preprocessed on grid resolutions finer than 36 km so as
to provide more comprehensive information on the extent of
heterogeneity at the 36 km spatial scale (for those ancillary
data that have inherent spatial resolution finer than 36 km). In
operational processing, ancillary data and model parameters at
finer grid resolutions are aggregated to 36 km before they are
used as inputs to the soil moisture retrieval algorithms. Most
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TABLE II
EXTERNAL STATIC AND DYNAMIC ANCILLARY DATA USED

IN L2_SM_P OPERATIONAL PROCESSING

ancillary data are aggregated by arithmetic averaging except
for the vegetation water content, which follows the nonlinear
aggregation scheme described in [21].

III. FORWARD MODELING

The zeroth-order radiative transfer model, which is more
commonly known as the tau–omega (τ − ω) model, has been
extensively used as an established forward model for passive
remote sensing of soil moisture [22]–[24]. Over the past few
decades, numerous soil moisture retrieval studies based on this
model have been published. Despite the apparent simplicity of
this model, there are significant differences in retrieval results
among the studies. As pointed out in [25], a large part of the
differences can be attributed to the particular choice of retrieval
algorithms, ancillary data, and model parameterizations in the
individual studies.

These issues were recognized by the SMAP passive soil
moisture team early in the project development. In an effort to
produce the best possible passive soil moisture product from
SMAP radiometer observations and available ancillary data, a
decision was made to implement multiple retrieval algorithms
in the operational processing software [7], [11]. By this arrange-
ment, it was intended that a more objective assessment of
performance could be made among the algorithms when all
were processed using the same input data, ancillary data, and
in situ data during the postlaunch calibration and validation
(cal/val) phase.

Soil moisture outputs from five different retrieval algo-
rithms are included in the L2_SM_P beta-release product [11].
Common among these algorithms are the parameterizations of
model coefficients (see Section III-A) and the way the effective
soil temperature (Teff) is accounted for (see Section III-B).
Available resources limited the number of algorithms that could
be considered for use by SMAP.

A. Model Parameterization

A number of model coefficients in the τ − ω model must
be initialized prior to application in operational production.
These model coefficients describe how the surface roughness
coefficient (h), vegetation single-scattering albedo (ω), and the
“b” parameter in vegetation opacity should be parameterized.
A simple lookup table (LUT) ascribing the model coefficients
to land cover classes was adopted as the baseline approach to
initialize the forward model [7]. Table III shows the LUT used
in the L2_SM_P beta release.

TABLE III
LUT BETWEEN MODEL COEFFICIENTS AND LAND COVER CLASSES

FOR L2_SM_P MODEL PARAMETER INITIALIZATION

The coefficients listed in the table currently do not have
polarization dependence, which means that for a given land
cover class, the same coefficients (h, b, and ω) are used in
forward-model computations of both horizontally and vertically
polarized brightness temperature (TBh and TBv). These prelim-
inary coefficients have yielded estimates of soil moisture that
are in good agreement with in situ data (as will be shown in this
paper). However, additional improvement is expected by further
optimization of these coefficients during the cal/val phase of the
product. The optimized coefficients will incorporate polariza-
tion dependence and variability within a given land cover class
and may have seasonal dependence.

B. Effective Soil Temperature

Dynamic surface and soil temperature data from the Global
Modeling and Assimilation Office (GMAO) Goddard Earth
Observing System Model, Version 5 (GEOS-5) model are
used to estimate Teff in the forward radiative transfer model
to provide the necessary surface temperature correction. The
prelaunch approach was to compute Teff as the average of the
surface temperature (TSURF) and the layer-1 soil temperature
(TSOIL1) GEOS-5 model fields. During the postlaunch cal/val
phase, it was found that this approach did not adequately ac-
count for the temperature contributions to microwave emission
from deeper soil layers. Therefore, the following modified form
of the Choudhury model [26] was used instead. This model
resulted in improved soil moisture retrievals particularly over
arid areas, i.e.,

Teff = Tsoil_deep + C(Tsoil_top − Tsoil_deep) (1)

where Tsoil_top refers to GEOS-5’s layer-1 soil temperature
at 0–10 cm, and Tsoil_deep refers to the layer-2 soil temper-
ature at 10–20 cm. This formulation of Teff allows for more
accurate modeling of emission emanating from deeper soil
layers. C is a coefficient that depends on the observing fre-
quency and was set to 0.246 for L-band frequencies, as reported
in [26].

C. Retrieval Algorithms

There are five soil moisture retrieval algorithms implemented
in the operational processing software. Soil moisture retrieval
fields from all algorithms are available in the beta-release
data products. For completeness, a brief description of these
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algorithms is given below; a more thorough discussion of them
can be found in [7].

1) H-pol Single Channel Algorithm: In the H-pol Single
Channel Algorithm (SCA-H) [24], the observed TBh data are
used. After accounting for the presence of water within the
inversion domain, corrections for Teff [26] and vegetation water
content [17] are applied to the emissivity, followed by correc-
tion for surface roughness. The last step in SCA-H invokes a
soil dielectric model to relate the corrected horizontally polar-
ized emissivity to soil moisture retrieval through the Fresnel
equations. The soil dielectric model used is the Mironov model
[27]. Other soil dielectric models are also under evaluation
for possible future use [28], [29]. The SCA-H algorithm was
considered the baseline algorithm at launch.

2) V-pol Single Channel Algorithm: The V-pol Single Chan-
nel Algorithm (SCA-V) is similar to the SCA-H except that TBv

is used instead of TBh. As discussed in subsequent sections, it
was found that SCA-V yielded the best overall soil moisture
performance metrics among the five algorithms coded. For this
reason, it was selected as the new (postlaunch) baseline retrieval
algorithm for the beta release.

3) Dual Channel Algorithm: The Dual Channel Algorithm
(DCA) makes use of complementary information in the TBh

and TBv data to retrieve soil moisture and vegetation opacity
[30], under the assumption that the vegetation opacity is the
same for horizontal and vertical polarizations. In DCA, a cost
function consisting of the sum of squares of the difference
between the observed and estimated TB is iteratively minimized
until the corresponding retrieved quantities are determined.
Polarization-dependent model coefficients (e.g., ωh being dif-
ferent from ωv) can also be specified in the DCA minimization
process. Despite the apparent complexity of DCA, efficient and
well-established algorithms exist that allow for DCA retrieval
of soil moisture [31].

4) Microwave Polarization Ratio Algorithm: The Micro-
wave Polarization Ratio Algorithm (MPRA) is based on the
Land Parameter Retrieval Model [32] and was first applied to
multifrequency satellites such as AMSR-E. Similar to DCA,
MPRA attempts to solve for soil moisture and vegetation
opacity using TBh and TBv. However, it does so under the
assumptions that 1) the soil and canopy temperatures are con-
sidered equal and that 2) vegetation transmissivity (γ) and the
vegetation single-scattering albedo (ω) are the same for both
horizontal and vertical polarizations. When these assumptions
are satisfied, it can be shown that the soil moisture and vegeta-
tion opacity can be analytically solved in closed form [33].

5) Extended Dual Channel Algorithm: In DCA, the TBh

and TBv data are used together to construct a cost function
that consists of the sum of squares of the differences between
the observed and estimated TB (V-pol and H-pol). Uncertainty
in Teff originating from its modeling or ancillary data source
propagates to both V-pol and H-pol TB terms in the cost func-
tion, potentially causing DCA nonconvergence. The Extended
Dual Channel Algorithm (E-DCA) mitigates this problem by
using the polarization ratio (PR), which is defined as (TBv −
TBh)/(TBv + TBh), as one of the cost function terms, since
the PR is relatively insensitive to Teff . Thus, in E-DCA, the
first cost function term is the difference between the observed
and estimated PR (in natural logarithm); the second term is
the difference between the observed and estimated TBh (also

in natural logarithm). Analytically, the cost function ϕ2 can be
written as

ϕ2 =

[
log

(
T obs
Bv − T obs

Bh

T obs
Bv + T obs

Bh

)
− log

(
T est
Bv − T est

Bh

T est
Bv + T obs

Bh

)]2

+
[
log

(
T obs
Bh

)
− log

(
T est
Bh

)]2
(2)

where the superscripts obs and est represent, respectively, the
observed and estimated quantities. Under nominal conditions,
E-DCA and DCA converge to the same solutions, since so-
lutions that globally minimize the DCA cost function also
globally minimize the E-DCA cost function.

IV. PRODUCT ASSESSMENT

This section describes results of the soil moisture retrieval
performance assessment leading up to the beta release. Of
the five soil moisture retrieval algorithms implemented, only
SCA-H, SCA-V, and DCA are discussed in this assessment.
Analyses of the MPRA and E-DCA are similar to DCA in
their current implementation. The performance of MPRA and
E-DCA will be more fully investigated along with the SCA-H,
SCA-V, and DCA as cal/val moves toward the validated release
of the product in May 2016.

A. General Methodology

All soil moisture retrieval algorithms considered in this as-
sessment are compared with the same in situ data sets with the
same performance metrics applied. The in situ data sets consist
of appropriately scaled aggregations of ground-based in situ
soil moisture observations from 1) CVSs and 2) individual
stations of sparse networks. Agreement between the L2_SM_P
soil moisture and the in situ data sets over space and time are
reported in 1) time-series correlation; 2) bias; 3) root-mean-
square difference (RMSD); and 4) unbiased root-mean-square
difference (ubRMSD). Together, these metrics provide a more
comprehensive description of product performance than any
one alone [34]. The ubRMSD (in units of m3/m3) is the metric
adopted by SMAP for reporting product accuracy across all
Level 2 through Level 4 soil moisture products. The SMAP
Level 1 mission requirement for the active/passive soil moisture
product accuracy is ubRMSD = 0.040 m3/m3. The same accu-
racy target was adopted for the L2_SM_P soil moisture product.

The L2_SM_P product is processed on a relatively coarse
grid (36 km EASEv2 Grid). To mitigate the comparison er-
ror caused by misalignment between the L2_SM_P grid cell
domain and the distribution of in situ soil moisture sensors,
validation grid (VG) processing uniquely tailored to each CVS
and sparse network location is used for the L2_SM_P cal/val.
The VG processing adopts a shift-and-retrieve approach allow-
ing the L2_SM_P retrieval grid cell domain to more accurately
align with the distribution of in situ soil moisture sensors at
the CVSs and sparse networks. In VG processing, a 36 km
grid cell (“inversion domain”) is defined for each CVS and
sparse network location. The exact position of the domain
depends on the actual distribution of the sensors relative to
the closest 36 km EASEv2 grid lines. If most of the sensors
fall within a standard 36 km EASEv2 grid cell, the resulting
36 km inversion domain will coincide with that grid cell. If,
however, the sensors cover more than one standard 36 km
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Fig. 2. Global patterns of soil moisture retrieved by (a) SMAP SCA-V and (b) SMOS over a one-week period from June 1, 2015 to June 7, 2015. Retrievals
from both missions exhibit the expected spatial patterns of soil moisture but show some differences over densely vegetated areas and areas contaminated by radio
frequency interference (RFI). SMAP retrievals demonstrate a higher upper bound on soil moisture estimates.

EASEv2 grid cell, the resulting 36 km inversion domain will
be defined such that its final position will 1) capture most
of the sensors and 2) align with the standard 3 km EASEv2
grid lines. Such a 3 km grid permits finer alignment between
the VG inversion domain and the distribution of the sensors,
although other grid resolutions are also possible and are being
evaluated. Once the exact position of the VG inversion domain
is defined for a given CVS, the same L2_SM_P processing
depicted in Fig. 1 is applied to the L1B_TB observations to

produce passive soil moisture estimates at the 36 km shifted
VG locations.

B. Global Patterns

Global maps of soil moisture serve as the first step in the
assessment. Fig. 2 shows global composites of 6:00 A.M.
descending soil moisture of SMAP and the Soil Moisture and
Ocean Salinity (SMOS) mission [35] over a one-week period
from June 1, 2015 to June 7, 2015.
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TABLE IV
CVSS USED IN L2_SM_P BETA-RELEASE ASSESSMENT

In Fig. 2(a), both the nominal and flagged soil moisture
retrievals from SMAP are shown. The flagged retrievals include
results that should be used/interpreted with caution due to
surface/instrument conditions that may lead to inaccurate pas-
sive soil moisture retrieval (e.g., frozen ground, mountainous
terrain, excessive vegetation, high noise equivalent delta tem-
perature (NEDT) due to residual uncorrectable RFI, etc.). A
complete description of the flags and their thresholds used in
L2_SM_P operational production can be found in [11].

Soil moisture retrievals from SMAP and SMOS in
Fig. 2 showed the expected spatial patterns of soil moisture,
from the drier arid regions to the wetter forest regions. There are
differences however, particularly over densely vegetated areas
and areas depicted in white (e.g., some parts of the Middle-East
and Asia) where SMOS is more susceptible to low-to-moderate
RFI contamination than SMAP.

C. Core Validation Sites

The first stage of cal/val involves comparisons of SMAP soil
moisture with ground-based in situ observations that have been
aggregated to provide a reliable spatial average of soil moisture
at the 36 km grid scale [34]. The availability of high-quality
in situ observations is important as these data provide a basis
for algorithm refinement and performance evaluation of the
L2_SM_P product. Early in the mission, SMAP established a
Cal/Val Partners Program to foster collaboration with domestic
and international partners who operate field sites populated
with dense clusters of well-calibrated soil moisture sensors.
Under this program, the partners agreed to make their data
available to support SMAP cal/val in exchange for early access
to SMAP data products for their research. Sites that are used
in the quantitative assessment of SMAP soil moisture product
performance are referred to as CVSs. A total of 13 CVSs are
identified in [36] and are listed in Table IV. Analyses of error
estimates using ground-based in situ observations at a depth of
5 cm from these CVSs are the primary means for the first stage
of cal/val for L2_SM_P.

Fig. 3 shows time-series comparisons between L2_SM_P
soil moisture and in situ data from a few selected CVSs between
March 31, 2015 and October 26, 2015.

The Little Washita watershed in Oklahoma has been utilized
for many microwave soil moisture validation and scaling stud-

ies; hence, there is high confidence in the in situ estimates
for this site. Fig. 3(a) shows the wide range of soil moisture
observed at the Little Washita site during the three-month
assessment period. Dry conditions in April were followed by
historic amounts of precipitation in May. This was followed
by an extended dry-down (end of May) that clearly illustrates
the correlation of the in situ and satellite observations. A
subsequent dry-down in June shows a difference in the rate
of decrease in soil moisture, with the satellite soil moisture
drying out faster than the in situ measured soil moisture. This
difference may be associated with the satellite versus in situ
contributing depths or with vegetation changes not adequately
accounted for. Multiple wetting and drying periods followed in
July and later, exhibiting similar patterns. Overall, the site ex-
hibits very high correlation between the satellite and in situ soil
moisture. SMAP and SMOS have approximately the same level
of performance.

The recently instrumented TxSON site in Texas was specif-
ically designed for validation of all three SMAP surface soil
moisture products (L2_SM_A, L2_SM_AP, and L2_SM_P, at
3, 9, and 36 km spatial scales, respectively). As shown in
Fig. 3(b), the precipitation pattern over the six months was
similar to Oklahoma, with dry conditions followed by a very
wet May followed by an extended dry-down period. This site
also shows high correlation between satellite-derived and in situ
soil moisture, with similar performance between SMOS and
SMAP SCA-V. The larger errors and positive bias of the DCA
appear to be associated with rain events. This type of error could
involve smaller rain events that wet the near surface but not
the depth of the in situ sensor, thus causing SMAP DCA to
overestimate the soil moisture present.

The Little River watershed in Georgia has served as a satellite
in situ soil moisture validation site since the beginning of the
AMSR-E mission [37] and was the only site representing humid
agricultural environments. It includes a substantial amount
of tree cover, has very sandy soils, and utilizes irrigation.
Fig. 3(c) indicates overestimation by SMOS while SCA-H
performs best followed by SCA-V. Regardless of the ubRMSD
and bias, all algorithms have high correlations. The results for
Little River illustrate that there may be inherent performance
limitations in some algorithms under specific conditions. These
differences between in situ observations and different algorithm
outputs can challenge the assumptions and premises that have
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Fig. 3. Soil moisture time series at (a) Little Washita, OK; (b) TxSON, TX; and (c) Little River, GA between March 31, 2015 and October 26, 2015.
In situ soil moisture data are in magenta, and precipitation data are in blue. In all cases, L2_SM_P soil moisture showed good correlation (R > 0.750) with the
in situ data. Retrieval results by SCA-V, SCA-H, DCA, and SMOS are indicated by black diamonds, green crosses, red triangles, and orange squares, respectively.
Whenever inversion succeeded but the corresponding retrieval was deemed to have insufficient quality due to instrument/surface conditions (e.g., high NEDT,
frozen ground, mountainous terrain, dense vegetation with vegetation water content in excess of 5 kg/m2, etc.), the data point was masked in gray.

been used in algorithm development. In the case of this site, a
possible source of the overestimation may be the parameteriza-
tion of the forest land cover effects.

Table V summarizes the assessment of L2_SM_P retrieval
accuracy based on in situ comparisons at all the CVSs [36].
The ubRMSD varies considerably among sites. For example,
ubRMSD is far below 0.040 m3/m3 at Walnut Gulch, Fort
Cobb, Little Washita, Little River, and Kenaston for the baseline
algorithm (SCA-V). It is noticeably above 0.040 m3/m3 at
South Fork and Carman. Sources of these differences will be
investigated in future studies.

All SMAP algorithms have about the same ubRMSD, dif-
fering only by 0.006 m3/m3, which are close to the SMAP
Level-1 mission accuracy target of 0.040 m3/m3. The corre-
lations are also very similar among algorithms. For both of
these metrics, the SCA-V yields slightly better values. More
obvious differences among the algorithms are found in the
bias with DCA being unbiased, whereas SCA-H and SCA-V
underestimate the CVS soil moisture. However, the SCA-V
bias is also relatively low. The SMAP and SMOS averages are

based on the respective average values reported for each CVS.
It is clear from the table that the results of both missions are
quite comparable for all metrics. However, this assessment is
based on a limited time frame, and the relative performances of
algorithms and products could vary as the record lengths and
seasons captured expand.

Based on the metrics and considerations discussed, the
SCA-V was selected as the baseline algorithm for the L2_SM_P
beta release. Going forward, additional investigations will be
completed on model coefficient optimization for all algorithms,
additional CVS will be incorporated, and a longer period of
observations will be considered, all of which will influence the
decision on which algorithm to designate as the SMAP baseline
algorithm at the validated release scheduled for May 2016.

D. Sparse Networks

The CVS validation activity previously described is com-
plemented for SMAP by the use of in situ data from sparse
networks as well as by new/emerging types of soil moisture
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TABLE V
PERFORMANCE ASSESSMENT OF L2_SM_P AT CVSS BETWEEN MARCH 31, 2015 AND OCTOBER 26, 2015.

BEST PERFORMANCE AMONG SMAP ALGORITHMS IN EACH SITE/METRIC IS TYPESET IN BOLDFACE

networks. The defining feature of these networks is that the
measurement density is low, usually resulting in (at most) one
point within an SMAP footprint. These observations cannot be
used for validation without addressing two issues: verifying that
they provide a reliable estimate of the 0–5 cm surface soil mois-
ture layer and that the one measurement point is representative
of the footprint.

SMAP has been evaluating methodologies for upscaling data
from these networks to SMAP footprint resolutions. A key
element of the upscaling approach is the triple collocation tech-
nique [39], [40] that combines the in situ data and SMAP soil
moisture data with another independent source of soil moisture
such as a model-based product. The implementation of this tech-
nique will be part of the later L2_SM_P product assessment.

Although limited, sparse networks do offer a large number of
sites in varied environments and are typically operational with
very predictable latency. Table VI lists the set of networks used
by SMAP in the current assessment.

Because of the larger number of sites, it is possible to exam-
ine the intercomparison metrics between satellite-derived and
sparse network in situ soil moisture, aggregated by land cover
types according to the International Geosphere-Biosphere Pro-
gramme (IGBP) land cover classification used in the MODIS
products. The results are summarized in Table VII [36]. The
reliability of the analyses based upon these classes depends on
the number of sites available. The SMAP average was based on
the average values reported for each land cover class.

Overall, the ubRMSD and bias values are similar to those ob-
tained from the CVS. This result provides additional confidence
in the previous conclusions based on the CVS. In addition, the
SCA-V has, marginally, the best overall bias, ubRMSD, and cor-
relation. These are similar to the results observed for the CVS.

Interpreting the results based on land cover is more complex.
There are no clear patterns associated with broader vegetation
types. The ubRMSD values for SCA-V range from 0.025 m3/m3

for barren lands to 0.077 m3/m3 for evergreen broadleaf forests.
In general, large ubRMSD values were observed in forest
classes. This is not surprising since forests have high vegeta-

tion water content. However, the large ubRMSD and bias for
grasslands warrant further investigation.

SMOS metrics are also included in Table VII as supporting
information. Overall, the SMOS products show a higher bias
and ubRMSD than the SCA-V when partitioned by land cover
class. Although the errors for the forest categories are large, the
values of N are small.

V. OUTLOOK

The SMAP Level 2 Passive Soil Moisture Product
(L2_SM_P) has been in routine production since March 2015.
Cal/val analyses and assessments indicate that the product
quality is suitable for beta release based on comparisons
with in situ data from CVSs and sparse networks. These
comparisons demonstrate a retrieval accuracy level approaching
0.040 m3/m3, as described in Section IV. The spatial and
temporal patterns of the soil moisture have also been shown
to correspond well with recent flood and rainstorm events
[41], [42].

Despite these initial findings, some important issues remain
to be addressed prior to the validated product release (cur-
rently scheduled for May 2016). Among these issues are the
following.

• Limited SMAP observations and in situ data: The current
assessment was based on only six months of SMAP
observations and in situ data at a limited number of CVSs
and sparse networks. It is anticipated that by the time of
the validated release, there will be a year of data covering
the full annual cycle. This will help improve the statistical
representativeness of the current performance assessment.

• Optimization of model parameters: The current L2_SM_P
beta release uses a version of model parameters largely
adopted before launch. Time-series approaches are being
developed to determine optimal parameters over time for
the same grid on which the retrieval of soil moisture is
performed. A particular objective is to better represent the
polarization dependence of vegetation parameters in the
τ − ω model.
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TABLE VI
SPARSE NETWORKS USED IN L2_SM_P BETA-RELEASE ASSESSMENT

TABLE VII
PERFORMANCE ASSESSMENT OF L2_SM_P AT SPARSE NETWORKS BETWEEN MARCH 31, 2015 AND OCTOBER 26, 2015.

BEST PERFORMANCE AMONG SMAP ALGORITHMS IN EACH NETWORK/METRIC IS TYPESET IN BOLDFACE

• Tuning of flag thresholds: A set of two-tier flag thresholds
is used in the operational processing to provide information
on retrieval quality and land surface conditions encoun-
tered in the inversion process. Many of these thresholds
were designated before launch. The values of these thresh-
olds will be revisited in light of SMAP observations to
provide improved flagging of the output data fields.

VI. CONCLUSION

Following SMOS and Aquarius, SMAP became the third
mission in less than a decade utilizing an L-band radiometer
to estimate soil moisture in the top 5 cm of soil. The sophisti-
cated RFI mitigation hardware and software used in the SMAP
radiometer design has allowed SMAP to acquire brightness
temperature observations that are relatively well filtered against
RFI. Despite the premature failure of the SMAP radar, the
radiometer has been operating nominally, collecting data that
enable the production of high-quality soil moisture products
at level 2 (L2_SM_P, half-orbit) and level 3 (L3_SM_P, daily
global composite). Since September 2015, both products have
been made available to the public for evaluation, as beta release,
from the NASA DAAC at the NSIDC.

This paper has provided a description of the design, opera-
tional processing, algorithm implementation, and preliminary
validation of the L2_SM_P soil moisture product. Based on
comparisons with in situ data from CVSs and sparse networks
over a period of six months (March 31, 2015 and October 26,
2015), it was found that SCA-V delivered better ubRMSD, bias,
and correlation than SCA-H, and SCA-H had better ubRMSD
and correlation than DCA. DCA had the lowest bias of all the
algorithms (essentially zero bias); however, the bias of SCA-V
was only 0.018 m3/m3 over that of CVSs. These differences

were relatively small. Based on these results, the SCA-V was
adopted as the baseline algorithm for the beta release. The over-
all ubRMSD of the SCA-V is 0.038 m3/m3 over CVS, which
approaches the SMAP mission requirement of 0.040 m3/m3.

The sparse networks of in situ data available to SMAP
provide many more data locations than the CVSs, although of
lesser ability to represent soil moisture at the SMAP footprint
scale. Despite this limitation, the analyses of sparse network
data presented in this paper support the conclusions reached
using data from the CVSs.

This assessment was based on an evaluation period of
only six months of SMAP observations, and in situ data at
a limited number of CVSs and sparse networks. As such, it
is anticipated that by the time of the validated release, there
will be a year of data covering the full annual cycle. This will
help improve the statistical representativeness of the current
performance assessment. Additional tasks remain prior to the
planned L2_SM_P validated product release in May 2016.
Among these tasks are more robust comparisons with in situ
data from additional sites and networks, optimization of model
parameters, and adjustments of flag thresholds. Improvements
in the L2_SM_P retrieval performance are expected upon
conclusion of these tasks.

ACKNOWLEDGMENT

The authors would like to thank Cal/Val Partners for provid-
ing all in situ data used in the comparisons reported in this
paper through an international consortium. They would also
like to thank the SMOS soil moisture team, whose experience
and openness in information exchange greatly contributed to
the strategy and readiness of the SMAP cal/val for the passive
soil moisture product.



CHAN et al.: ASSESSMENT OF THE SMAP PASSIVE SOIL MOISTURE PRODUCT 5003

REFERENCES

[1] “SMAP handbook—Soil moisture active passive: Mapping soil mois-
ture and freeze/thaw from space,” Jet Propulsion Lab., California Inst.
Technol., Pasadena, CA, USA, 2014.

[2] J. R. Piepmeier et al., “SMAP algorithm theoretical basis document: L1B
radiometer product,” NASA Goddard Space Flight Center, Greenbelt,
MD, USA, GSFC-SMAP-006, 2015, Accessed: Feb. 17, 2016. [Online].
Available: http://smap.jpl.nasa.gov/system/internal_resources/details/
original/278_L1B_TB_RevA_web.pdf

[3] J. R. Piepmeier et al., “Radio-frequency interference mitigation for the
soil moisture active passive microwave radiometer,” IEEE Trans. Geosci.
Remote Sens., vol. 52, no. 1, pp. 761–775, Jan. 2014.

[4] J. R. Piepmeier and S. Chan, “SMAP radiometer brightness temperature
calibration for the L1B_TB and L1C_TB validated version 2 data prod-
ucts,” Jet Propulsion Lab., California Inst. Technol., Pasadena, CA, USA,
JPL D-93718, 2015.

[5] M. J. Brodzik, B. Billingsley, T. Haran, B. Raup, and M. H. Savoie,
“EASE-Grid 2.0: Incremental but significant improvements for Earth-
gridded data sets,” ISPRS Int. J. Geo-Inf., vol. 1, no. 1, pp. 32–45, 2012.

[6] M. J. Brodzik, B. Billingsley, T. Haran, B. Raup, and M. H. Savoie,
“EASE-Grid 2.0: Incremental but significant improvements for Earth-
gridded data sets,” ISPRS Int. J. Geo-Inf., vol. 3, no. 3, pp. 1154–1156,
2014.

[7] P. E. O’Neill, E. G. Njoku, T. J. Jackson, S. Chan, and R. Bindlish,
“SMAP algorithm theoretical basis document: Level 2 & 3 soil moisture
(Passive) data products,” Jet Propulsion Lab., California Inst. Technol.,
Pasadena, CA, USA, JPL D-66480, 2015, Accessed: Feb. 17, 2016.
[Online]. Available: http://smap.jpl.nasa.gov/system/internal_resources/
details/original/316_L2_SM_P_ATBD_v7_Sep2015.pdf

[8] J. R. Piepmeier et al., “SMAP L1B radiometer half-orbit time-ordered
brightness temperatures version 2,” NASA Nat. Snow Ice Data Center
Distrib. Active Arch. Center, Boulder, CO, USA, 2015.

[9] S. Chan, E. G. Njoku, and A. Colliander, “SMAP L1C radiometer half-
orbit 36 km EASE-grid brightness temperatures version 2,” NASA Nat.
Snow Ice Data Center Distrib. Active Arch. Center, Boulder, CO, USA,
2015.

[10] S. Chan, E. G. Njoku, and A. Colliander, “SMAP algorithm theoretical
basis document: Level 1C radiometer data product,” Jet Propulsion Lab.,
California Inst. Technol., Pasadena, CA, USA, JPL D-53053, 2014, Ac-
cessed: Feb. 17, 2016. [Online]. Available: http://smap.jpl.nasa.gov/
system/internal_resources/details/original/279_L1C_TB_ATBD_RevA
_web.pdf

[11] S. Chan and R. S. Dunbar, “SMAP level 2 passive soil moisture product
specification document,” Jet Propulsion Lab., California Inst. Technol.,
Pasadena, CA, USA, 2015.

[12] S. Chan, “SMAP ancillary data report on static water fraction,” Jet
Propulsion Lab., California Inst. Technol., Pasadena, CA, USA, 2013,
Accessed: Feb. 17, 2016. [Online]. Available: http://smap.jpl.nasa.gov/
system/internal_resources/details/original/287_045_water_frac.pdf

[13] N. Das, “SMAP ancillary data report on urban area,” Jet Propulsion
Lab., California Inst. Technol., Pasadena, CA, USA, JPL D-53060, 2013,
Accessed: Feb. 17, 2016. [Online]. Available: http://smap.jpl.nasa.gov/
system/internal_resources/details/original/288_046_urban_area_v1.1.
pdf

[14] E. Podest and W. Crow, “SMAP ancillary data report on digital elevation
model,” Jet Propulsion Lab., California Inst. Technol., Pasadena, CA,
USA, JPL D-53056, 2013, Accessed: Feb. 17, 2016. [Online]. Avail-
able: http://smap.jpl.nasa.gov/system/internal_resources/details/original/
285_043_dig_elev_mod.pdf

[15] N. Das, “SMAP ancillary data report on soil attributes,” Jet Propulsion
Lab., California Inst. Technol., Pasadena, CA, USA, JPL D-53058, 2013,
Accessed: Feb. 17, 2016. [Online]. Available: http://smap.jpl.nasa.gov/
system/internal_resources/details/original/286_044_soil_attrib.pdf

[16] S. Kim, “SMAP ancillary data report on landcover classification,”
Jet Propulsion Lab., California Inst. Technol., Pasadena, CA, USA,
JPL D-53057, 2013, Accessed: Feb. 17, 2016. [Online]. Avail-
able: http://smap.jpl.nasa.gov/system/internal_resources/details/original/
284_042_landcover.pdf

[17] S. Chan, R. Bindlish, R. Hunt, T. Jackson, and J. Kimball, “SMAP
ancillary data report on vegetation water content. SMAP project,”
Jet Propulsion Lab., California Inst. Technol., Pasadena, CA, USA,
JPL D-53061, 2013, Accessed: Feb. 17, 2016. [Online]. Avail-
able: http://smap.jpl.nasa.gov/system/internal_resources/details/original/
289_047_veg_water.pdf

[18] E. Kim and N. Molotch, “SMAP ancillary data report on snow,” NASA
Goddard Space Flight Center, Greenbelt, MD, USA, GSFC-SMAP-007,
2011.

[19] “SMAP ancillary data report on surface temperature, SMAP algo-
rithm development team and SMAP science team,” Jet Propulsion Lab.,
California Inst. Technol., Pasadena, CA, USA, JPL D-53064, 2015, Ac-
cessed: Feb. 17, 2016. [Online]. Available: http://smap.jpl.nasa.gov/system/
internal_resources/details/original/293_051_surf_temp_150304.pdf

[20] R. S. Dunbar, “SMAP ancillary data report on precipitation,” Jet Propul-
sion Lab., California Inst. Technol., Pasadena, CA, USA, JPL D-53063,
2013, Accessed: Feb. 17, 2016. [Online]. Available: http://smap.jpl.nasa.
gov/system/internal_resources/details/original/291_049_precip.pdf

[21] X. Zhan, W. T. Crow, T. J. Jackson, and P. E. O’Neill, “Improving
spaceborne radiometer soil moisture retrievals with alternative aggre-
gation rules for ancillary parameters in highly heterogeneous vegetated
areas,” IEEE Geosci. Remote Sens. Lett., vol. 5, no. 2, pp. 261–265,
Apr. 2008.

[22] F. Ulaby, R. Moore, and A. Fung, Microwave Remote Sensing: Vols. I, II,
and III. Reading, MA, USA: Addison-Wesley, 1982.

[23] T. Mo, B. J. Choudhury, T. J. Schmugge, J. R. Wang, and T. J. Jackson,
“A model for microwave emission from vegetation-covered fields,”
J. Geophys. Res., vol. 87, no. C13, pp. 11 229–11 237, Dec. 1982.

[24] T. J. Jackson, “Measuring surface soil moisture using passive microwave
remote sensing,” Hydrol. Process., vol. 7, pp. 139–152, 1993.

[25] I. E. Mladenova et al., “Remote monitoring of soil moisture using passive
microwave-based techniques—Theoretical basis and overview of selected
algorithms for AMSR-E,” Remote Sens. Environ., vol. 144, pp. 197–213,
2014.

[26] B. J. Choudhury, T. J. Schmugge, and T. Mo, “A parameterization of effec-
tive soil temperature for microwave emission,” J. Geophys. Res., vol. 87,
no. C2, pp. 1301–1304, Feb. 1982.

[27] V. L. Mironov, L. G. Kosolapova, and S. V. Fomin, “Physically and min-
eralogically based spectroscopic dielectric model for moist soils,” IEEE
Trans. Geosci. Remote Sens., vol. 47, no. 7, pp. 2059–2070, Jul. 2009.

[28] M. C. Dobson, F. T. Ulaby, M. T. Hallikainen, and M. A. El-Rayes,
“Microwave dielectric behavior of wet soil—Part II: Dielectric mixing
models,” IEEE Trans. Geosci. Remote Sens., vol. GE-23, no. 1, pp. 35–46,
Jan. 1985.

[29] J. R. Wang and T. J. Schmugge, “An empirical model for the complex
dielectric permittivity of soils as a function of water content,” IEEE Trans.
Geosci. Remote Sens., vol. GE-18, no. 4, pp. 288–295, Oct. 1980.

[30] E. G. Njoku and L. Li, “Retrieval of land surface parameters using passive
microwave measurements at 6–18 GHz,” IEEE Trans. Geosci. Remote
Sens., vol. 37, no. 1, pp. 79–93, Jan. 1999.

[31] “The PORT mathematical subroutine library,” Bell Lab., Inc., Madison,
WI, USA. [Online]. Available: https://open-innovation.alcatel-lucent.
com/projects/port/

[32] M. Owe, R. A. M. de Jeu, and J. P. Walker, “A methodology for surface
soil moisture and vegetation optical depth retrieval using the microwave
polarization difference index,” IEEE Trans. Geosci. Remote Sens., vol. 39,
no. 8, pp. 1643–1654, Aug. 2001.

[33] G. C. Meesters, R. A. M. de Jeu, and M. Owe, “Analytical derivation of the
vegetation optical depth from the microwave polarization difference index,”
IEEE Geosci. Remote Sens. Lett., vol. 2, no. 2, pp. 121–123, Apr. 2005.

[34] T. J. Jackson et al., “SMAP science data calibration and validation plan,”
Jet Propulsion Lab., California Inst. Technol., Pasadena, CA, USA, JPL
D-52544, 2012.

[35] Y. H. Kerr et al., “The SMOS soil moisture retrieval algorithm,” IEEE
Trans. Geosci. Remote Sens., vol. 50, no. 5, pp. 1384–1403, May 2012.

[36] T. J. Jackson, P. O’Neill, E. Njoku, S. Chan, and R. Bindlish, “Calibration
and validation for the l2/3_SM_P beta-release data products,” Jet Propul-
sion Lab., California Inst. Technol., Pasadena, CA, USA, JPL D-93981,
2015.

[37] T. J. Jackson et al., “Validation of advanced microwave scanning radiome-
ter soil moisture products,” IEEE Trans. Geosci. Remote Sens., vol. 48,
no. 12, pp. 4256–4272, Dec. 2010.

[38] T. J. Jackson et al., “Validation of Soil Moisture and Ocean Salinity
(SMOS) soil moisture over watershed networks in the U.S.,” IEEE Trans.
Geosci. Remote Sens., vol. 50, no. 5, pp. 1530–1543, May 2012.

[39] F. Chen et al., “Application of triple collocation in ground-based valida-
tion of Soil Moisture Active/Passive (SMAP) level 2 data products,” IEEE
J. Sel. Topics Appl. Earth Observ. Remote Sens., in press.

[40] K. A. McColl et al., “Extended triple collocation: Estimating errors and
correlation coefficients with respect to an unknown target,” Geophys. Res.
Lett., vol. 41, no. 17, pp. 6229–6236, 2014.

[41] “Hurricane Patricia wiped out the exceptional drought in Southern
US,” VanderSat, Noordwijk, The Netherlands, Accessed: Nov. 17, 2015.
[Online]. Available: http://www.vandersat.com/blog/hurricane-patricia-
wiped-out-the-exceptional-droughts-in-souther/

[42] “Devastating Carolina floods viewed by NASA’s SMAP,” Jet Propulsion
Lab., California Inst. Technol., Pasadena, CA, USA, Accessed: Nov. 17,
2015. [Online]. Available: http://smap.jpl.nasa.gov/news/1253/

http://smap.jpl.nasa.gov/system/internal_resources/details/original/278_L1B_TB_RevA_web.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/278_L1B_TB_RevA_web.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/316_L2_SM_P_ATBD_v7_Sep2015.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/316_L2_SM_P_ATBD_v7_Sep2015.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/279_L1C_TB_ATBD_RevA_web.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/279_L1C_TB_ATBD_RevA_web.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/279_L1C_TB_ATBD_RevA_web.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/287_045_water_frac.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/287_045_water_frac.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/288_046_urban_area_v1.1.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/288_046_urban_area_v1.1.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/288_046_urban_area_v1.1.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/285_043_dig_elev_mod.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/285_043_dig_elev_mod.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/286_044_soil_attrib.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/286_044_soil_attrib.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/284_042_landcover.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/284_042_landcover.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/289_047_veg_water.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/289_047_veg_water.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/293_051_surf_temp_150304.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/293_051_surf_temp_150304.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/291_049_precip.pdf
http://smap.jpl.nasa.gov/system/internal_resources/details/original/291_049_precip.pdf
https://open-innovation.alcatel-lucent.com/projects/port/
https://open-innovation.alcatel-lucent.com/projects/port/
http://www.vandersat.com/blog/hurricane-patricia-wiped-out-the-exceptional-droughts-in-souther/
http://www.vandersat.com/blog/hurricane-patricia-wiped-out-the-exceptional-droughts-in-souther/
http://smap.jpl.nasa.gov/news/1253/


5004 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 54, NO. 8, AUGUST 2016

Steven K. Chan (M’01–SM’03) received the Ph.D.
degree in electrical engineering, specializing in elec-
tromagnetic wave propagation in random media,
from the University of Washington, Seattle, WA,
USA, in 1998.

He is currently a Scientist in hydrology with the
NASA Jet Propulsion Laboratory, California Insti-
tute of Technology, Pasadena, CA, USA. His re-
search interests include microwave remote sensing of
soil moisture and its applications. His work in soil
moisture retrieval algorithm development encom-

passes the NASA Aqua/AMSR-E (2002–2011), the JAXA GCOM-W/AMSR2
(2012–present), and, more recently, the NASA Soil Moisture Active Passive
Mission (2015–present).

Rajat Bindlish received the B.S. degree from the
Indian Institute of Technology, Bombay, India, in
1993 and the M.S. and Ph.D. degrees from The
Pennsylvania State University, State College, PA,
USA, in 1996 and 2000, respectively, all in civil
engineering.

He is currently with Science Systems and Ap-
plications, Inc., Lanham, MD, USA, working in
the U.S. Department of Agriculture, Agricultural
Research Service, Hydrology and Remote Sensing
Laboratory, Beltsville, MD. His research interests

include the application of microwave remote sensing in hydrology. He is
currently working on soil moisture estimation from microwave sensors and their
subsequent application in land surface hydrology.

Peggy E. O’Neill (F’16) received the B.S. degree
(summa cum laude with University Honors) in ge-
ography from Northern Illinois University, DeKalb,
IL, USA, in 1976 and the M.A. degree in geography
from the University of California, Santa Barbara,
CA, USA, in 1979.

She has done postgraduate work in civil and
environmental engineering through Cornell Univer-
sity. She is currently the SMAP Deputy Project
Scientist. Since 1980, she has been a Physical Sci-
entist with the Hydrological Sciences Laboratory,

NASA/Goddard Space Flight Center, Greenbelt, MD, USA, where she conducts
research in soil moisture retrieval and land surface hydrology, primarily through
microwave remote sensing techniques.

Eni Njoku (M’75–SM’83–F’95) received the B.A.
degree in natural and electrical sciences from the
University of Cambridge, Cambridge, U.K., in 1972
and the M.S. and Ph.D. degrees in electrical engi-
neering from the Massachusetts Institute of Tech-
nology, Cambridge, MA, USA, in 1974 and 1976,
respectively.

He is currently a Senior Research Scientist with
the Surface Hydrology Group, Jet Propulsion Labo-
ratory, California Institute of Technology, Pasadena,
CA, USA. Until recently, he was the Project Scientist

of the Soil Moisture Active Passive Mission. His research interests include
passive and active microwave sensing of soil moisture for hydrology and
climate applications.

Dr. Njoku is a member of the U.S. Advanced Microwave Scanning Ra-
diometer Science Team. He is an Editor-in-Chief of the Encyclopedia of Remote
Sensing. He was a recipient of the NASA Exceptional Service Medal.

Tom Jackson (SM’96–F’02) received the Ph.D. de-
gree from the University of Maryland in 1976.

He is a Research Hydrologist with the U.S.
Department of Agriculture, Agricultural Research
Service, Hydrology and Remote Sensing Labora-
tory, Beltsville, MD, USA. His research involves
the application and development of remote sensing
technology in hydrology and agriculture, primarily
microwave measurement of soil moisture.

Dr. Jackson is or has been a member of the Sci-
ence and Validation Team of the Aqua, ADEOS-II,

Radarsat, Oceansat-1, Envisat, ALOS, SMOS, Aquarius, GCOM-W, and
SMAP remote sensing satellites. He is a Fellow of the Society of Photo-
Optical Instrumentation Engineers, the American Meteorological Society, and
the American Geophysical Union. In 2003, he received the William T. Pecora
Award (NASA and Department of Interior) for his outstanding contributions
toward understanding the Earth by means of remote sensing and the AGU
Hydrologic Sciences Award for his outstanding contributions to the science of
hydrology. He also received the IEEE Geoscience and Remote Sensing Society
Distinguished Achievement Award in 2011.

Andreas Colliander (S’04–A’06–M’07–SM’08) re-
ceived the M.Sc. (Tech.), Lic.Sc. (Tech.), and D.Sc.
(Tech.) degrees from the Helsinki University of
Technology (TKK; now Aalto University), Espoo,
Finland, in 2002, 2005, and 2007, respectively.

He is currently a Research Scientist with the Jet
Propulsion Laboratory, California Institute of Tech-
nology, Pasadena, CA, USA.

Dr. Colliander is a member of the Science Al-
gorithm Development Team for the Soil Moisture
Active and Passive Mission, focusing on calibration

and validation of the geophysical products.

Fan Chen received the Ph.D. degree in climatology
from the University of North Carolina, Chapel Hill,
NC, USA, in 2006.

She is currently a Visiting Scientist with the U.S.
Department of Agriculture, Agricultural Research
Service, Hydrology and Remote Sensing Laboratory,
Beltsville, MD, USA. Her research interests include
methods of validating remotely sensed soil moisture
retrievals and assimilation of satellite soil moisture
in hydrologic models.

Mariko Burgin (S’09–M’14) received the M.S.
degree in electrical engineering and information
technology from the Swiss Federal Institute of Tech-
nology (ETH), Zurich, Switzerland, in 2008 and
the M.S. and Ph.D. degrees in electrical engineer-
ing from the Radiation Laboratory, University of
Michigan, Ann Arbor, MI, USA, in 2011 and 2014,
respectively.

From 2014 to 2015, she was a California Institute
of Technology (Caltech) Postdoctoral Scholar with
the Water and Carbon Cycles (now Surface Hydrol-

ogy) Group, Jet Propulsion Laboratory (JPL), Caltech, Pasadena, CA, USA.
In 2016, she joined the Radar Science Group at JPL. Her research interests
include theoretical and numerical studies of random media, development of
forward and inverse scattering algorithms for geophysical parameter retrieval,
and the study of electromagnetic wave propagation and scattering properties of
vegetated surfaces.

Scott Dunbar received the B.S. degree in physics
and astronomy from the University of Albany,
Albany, NY, USA, in 1976 and the Ph.D. degree
in physics from Princeton University, Princeton, NJ,
USA, in 1980.

Since 1981, he has been with the Jet Propulsion
Laboratory. Over the last 30 years, he has con-
tributed to the development of science algorithms
for the NSCAT and SeaWinds ocean vector wind
scatterometer projects. Since 2009, he has worked
on SMAP soil moisture and freeze-thaw algorithm

development.



CHAN et al.: ASSESSMENT OF THE SMAP PASSIVE SOIL MOISTURE PRODUCT 5005

Jeffrey Piepmeier (S’93–M’99–SM’10) received
the B.S. degree in engineering (electrical concentra-
tion) from LeTourneau University, Longview, TX,
USA, in 1993 and the M.S. and Ph.D. degrees in
electrical engineering from the Georgia Institute of
Technology, Atlanta, GA, USA, in 1994 and 1999,
respectively.

He is currently a Chief Engineer for passive mi-
crowave instruments with the Instrument Systems
and Technology Division, NASA Goddard Space
Flight Center, Greenbelt, MD, USA. He is an Instru-

ment Scientist for the SMAP Microwave Radiometer and the GPM Microwave
Imager and is on the Aquarius Science Team. Previously at GSFC, he was an
Associate Head in the Microwave Instruments and Technology Branch. Prior
to NASA, he was with Vertex Communications Corp. and was a Schakleford
Fellow with the Georgia Tech Research Institute. His research interests include
microwave radiometry and technology development to enable the next genera-
tion of microwave sensors.

Dr. Piepmeier is a member of Union Radio—Scientifique Internationale
(Commission F) and the American Geophysical Union. He was the Chairperson
of the National Academies’ Committee on Radio Frequencies. He has received
NASA’s Exceptional Engineering Achievement Medal for advances in radio-
frequency interference mitigation technology and Exceptional Achievement
Medal for his significant contributions to the Aquarius/SAC-D mission and four
NASA Group Achievement Awards.

Simon Yueh (M’92–SM’01–F’09) received the
Ph.D. degree in electrical engineering from the
Massachusetts Institute of Technology, Cambridge,
MA, USA, in 1991.

From February to August 1991, he was a Post-
doctoral Research Associate with the Massachusetts
Institute of Technology. In September 1991, he
joined the Radar Science and Engineering Section,
Jet Propulsion Laboratory (JPL). From 2002 to 2007,
he was the Supervisor of the radar system engineer-
ing and algorithm development group. He was the

Deputy Manager of the Climate, Oceans and Solid Earth section from 2007 to
2009 and the Section Manager from 2009 to 2013. He served as the Project Sci-
entist of the National Aeronautics and Space Administration (NASA) Aquarius
mission from January 2012 to September 2013 and the Deputy Project Scientist
of the NASA Soil Moisture Active Passive (SMAP) mission from January 2013
to September 2013 and has been the SMAP Project Scientist since October
2013. He has been the Principal/Coinvestigator of numerous NASA and DOD
research projects on remote sensing of soil moisture, terrestrial snow, ocean
salinity, and ocean wind. He has authored four book chapters and published
more than 150 publications and presentations.

Dr. Yueh is an Associate Editor of the IEEE TRANSACTIONS ON GEO-
SCIENCE AND REMOTE SENSING. He received the IEEE GRSS Transaction
Prize Paper Award in 1995, 2002, 2010, and 2014. He also received the 2000
Best Paper Award in the IEEE International Geoscience and Remote Sympo-
sium. He received the JPL Lew Allen Award in 1998 and Ed Stone Award in
2003. He also received the NASA Exceptional Technology Achievement Medal
in 2014.

Dara Entekhabi (M’04–SM’09–F’15) received the
B.S. and M.S. degrees from Clark University,
Worcester, MA, USA, and the Ph.D. degree from
the Massachusetts Institute of Technology (MIT),
Cambridge, MA, in 1990.

He is currently a Professor with the MIT Depart-
ment of Civil and Environmental Engineering. He is
the Science Team Lead for the National Aeronautics
and Space Administration’s Soil Moisture Active and
Passive mission that was launched on January 31,
2015. His research interests include terrestrial remote

sensing, data assimilation, and coupled land–atmosphere systems modeling.
Dr. Entekhabi is a Fellow of the American Meteorological Society and the

American Geophysical Union.

Michael H. Cosh received the Ph.D. degree from
Cornell University, Ithaca, NY, USA, in 2002.

He is a Research Hydrologist with the U.S. De-
partment of Agriculture, Agricultural Research Ser-
vice, Hydrology and Remote Sensing Laboratory,
Beltsville, MD, USA. His research involves the mon-
itoring of soil moisture from both in situ resources
and satellite products. Currently, he is serving as
the Acting Research Leader for the Hydrology and
Remote Sensing Laboratory, which includes 12 sci-
entists working in areas of soil moisture remote

sensing, evapotranspiration, and water quality.
Dr. Cosh served as the Chairperson of both the Remote Sensing Technical

Committee and the Large Scale Field Experiments Technical Committee for the
American Geophysical Union.

Todd Caldwell received the B.S. degree in earth
and planetary sciences from the University of
New Mexico, Albuquerque, NM, USA, in 1997 and
the M.Sc. and Ph.D. degrees in hydrogeology from
the University of Nevada, Reno, NV, USA, in 1999
and 2007, respectively.

Since 2012, he has been a Research Hydrologist
and Geoscientist with the Bureau of Economic Ge-
ology, Jackson School of Geosciences, University
of Texas at Austin, Austin, TX, USA. From 2002
to 2012, he was a Research Soil Scientist with the

Desert Research Institute, Reno. He is a Principal Investigator for the Texas
Soil Observation Network, an SMAP core calibration and validation site. His
current research focuses on field investigations and modeling of soil and vadose
zone processes across multiple scales and environments.

Jeffrey Walker received the B.E. (Civil) and B.Surv.
degrees (with Hons 1 and University Medal) and the
Ph.D. degree in water resources engineering from
the University of Newcastle, Callaghan, Australia, in
1995 and 1999, respectively. His Ph.D. thesis was
among the early pioneering research on the estima-
tion of root-zone soil moisture from assimilation of
remotely sensed surface soil moisture observations.

He then joined the NASA Goddard Space Flight
Center to implement his soil moisture work globally.
In 2001, he moved to the Department of Civil and

Environmental Engineering, University of Melbourne, Melbourne, Australia,
as a Lecturer, where he continued his soil moisture work, including the
development of the only Australian airborne capability for simulating new
satellite missions for soil moisture. In 2010, he was appointed as a Professor in
the Department of Civil Engineering at Monash University, Clayton, Australia,
where he is continuing this research. He is contributing to soil moisture satellite
missions at NASA, ESA, and JAXA, as a Science Team Member for the Soil
Moisture Active Passive mission and as a Cal/Val Team Member for the Soil
Moisture and Ocean Salinity and Global Change Observation Mission—Water,
respectively.

Xiaoling Wu, biography not available at the time of publication.

Aaron Berg received the B.Sc. and M.Sc. degrees
in geography from the University of Lethbridge,
Lethbridge, AB, Canada, in 1995 and 1997, respec-
tively; the M.S. degree in geological sciences from
the University of Texas at Austin, Austin, TX, USA,
in 2001; and the Ph.D. degree in earth system science
from the University of California at Irvine, Irvine,
CA, USA, in 2003.

Since 2003, he has been with the Department
of Geography, University of Guelph, Guelph, ON,
Canada. He teaches physical geography, hydrology,

and remote sensing, with research interests focused on the modeling and
observation of soil moisture.



5006 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 54, NO. 8, AUGUST 2016

Tracy Rowlandson received the B.Sc. degree in
environmental science and the M.Sc. degree from
the University of Guelph, Guelph, ON, Canada, in
2003 and 2006, respectively, and the Ph.D. degree in
agricultural meteorology from Iowa State University,
Ames, IA, USA, in 2011.

She is currently a Research Associate with the
Department of Geography, University of Guelph.
Her research interests include investigating the im-
pact of vegetation and soil management practices
on soil moisture retrieval using passive and active

microwave remote sensing.

Anna Pacheco is a Remote Sensing Specialist with
the Science and Technology Branch of Agricul-
ture and Agri-Food Canada (AAFC), Ottawa, ON,
Canada. She has 14 years of research experience in
developing methods to map and monitor soils and
crops using a myriad of remote sensing technologies
[multispectral, hyperspectral, and synthetic aperture
radar (SAR)]. In 2003, she joined AAFC where she
coled research projects assessing the contribution
of radar sensors, including the various frequencies
and polarizations for the characterization of land

management practices. These studies examined the contribution of various
satellite platforms (RADARSAT-1/2, Envisat ASAR, TerraSAR-X, and ALOS
PALSAR) to derive information on tillage. Her current research is centered on
the development of methods to monitor soil moisture from SAR sensors over
agricultural landscapes.

Heather McNairn received the Bachelor’s degree
in environmental studies from the University of
Waterloo, Waterloo, ON, Canada, in 1987; the Mas-
ter’s degree in soil science from the University of
Guelph, Guelph, ON, in 1991; and the Ph.D. degree
in geography from Université Laval, Quebec City,
QC, Canada, in 1999.

She is a Senior Scientist with Agriculture and
Agri-Food Canada, Ottawa, ON. She has 25 years
of experience researching methods to monitor crops
and soil using multispectral, hyperspectral, and syn-

thetic aperture radar sensors. He is an Adjunct Professor with the University of
Manitoba, Winnipeg, MB, Canada, and Carleton University, Ottawa.

Marc Thibeault received the B.Sc. degree in physics
from Laval University, Québec City, QC, Canada,
in 1982; the B.Sc. degree in mathematics from the
University of Montréal, Montréal, QC, in 1988; and
the D.Sc. degree in science from the University of
Buenos Aires, Buenos Aires, Argentina, in 2004.

He is currently the Strategic Applications Coor-
dinator for the Satellites for Observation and Com-
munications (SAOCOM) Project, which is a new
L-band mission of the Argentinian Space Agency.
His research interests include soil moisture, po-

larimetry, and other synthetic aperture radar applications.

José Martínez-Fernández was born in Moratalla,
Spain, in 1961. He received the B.S. (Degree Award)
degree in physical geography, the M.S. degree in wa-
ter science and technology, and the Ph.D. degree in
physical geography from the Universidad de Murcia
(UM), Murcia, Spain, in 1985, 1991, and 1992,
respectively.

He was a Research Fellow (1988–1992) and a
Junior Researcher (1992–1994) with the Department
of Geography, UM. In 1995, he was an Assistant
Professor with the Department of Geography, Uni-

versidad de Salamanca (USAL), Salamanca, Spain, where he has been an
Associate Professor since 1997. He is currently the Principal Investigator (PI)
of the Water Resources Research Group at the Instituto Hispano Luso de
Investigaciones Agrarias (CIALE), USAL. He has been a PI in 20 national and
international (Regional and Spanish Research Programs, European Union, and
European Space Agency) research projects and a collaborator in 12. He is the
author or coauthor of 156 publications.

Dr. Martínez-Fernández has been a member of the Spanish National Bio-
diversity, Earth Sciences and Global Change Program R&D Projects Selection
Committee.

Ángel González-Zamora was born in Salamanca,
Spain, in 1984. He received the B.S. degree in phys-
ics from the Universidad de Salamanca, Salamanca,
in 2011 and the M.S. degree in geophysics and
meteorology from the Universidad Complutense de
Madrid, Madrid, Spain, in 2012. He is currently
working toward the Ph.D. degree with the Water
Resources Research Group (HIDRUS), Instituto His-
pano Luso de Investigaciones Agrarias (CIALE),
Universidad de Salamanca, working on hydrologic
and agricultural applications of remote sensing.

Mark Seyfried, biography not available at the time of publication.

David Bosch received the Ph.D. degree in hydrology
from the University of Arizona, Tucson, AZ, USA,
in 1990.

He is currently a Research Hydrologist with the
Southeast Watershed Research Laboratory, Agricul-
tural Research Service, Tifton, GA, USA. In 1986, he
joined the Agricultural Research Service. He leads
a watershed research program investigating the im-
pacts of land use on water balance and quality. Since
2000, he has been active in the validation of remotely
sensed soil moisture products. His primary research

interests include watershed and landscape scale hydrology, agricultural impacts
on water quality, hydrologic and solute transport modeling of watershed
processes, riparian buffer hydrology and solute transport, and developing new
methods for assessing the impact of agricultural chemicals on ground and
surface water supplies.

Dr. Bosch is a long-time member of the American Geophysical Union,
the American Society of Agricultural and Biological Engineers, the American
Society of Agronomy, and the Soil and Water Conservation Society.

Patrick Starks received the B.S. degree in physical
geography from the University of Central Arkansas,
Conway, AR, USA, in 1979; the M.A. degree in
physical geography from the University of Nebraska
Omaha, NE, USA, in 1984; and the Ph.D. degree
from the University of Nebraska—Lincoln, Lincoln,
NE, in 1990.

From 1990 to 1992, he was a Postdoctoral Fel-
low with the Department of Atmospheric Science,
University of Missouri, Columbia, MO, USA. Since
1992, he has been a Research Soil Scientist with

the United States Department of Agriculture’s Agricultural Research Service
(USDA-ARS). He is currently stationed at the USDA-ARS Grazinglands
Research Laboratory in El Reno, Oklahoma.



CHAN et al.: ASSESSMENT OF THE SMAP PASSIVE SOIL MOISTURE PRODUCT 5007

David Goodrich received the Ph.D. degree from the
University of Arizona, Tucson, AZ, USA, in 1990.

His early work experience includes positions with
the U.S. Geological Survey in Wisconsin and Alaska
and consulting with Autometric in Washington, D.C.
Since 1988, he has been a Research Hydraulic
Engineer with the Southwest Watershed Research
Center, U.S. Department of Agriculture Agricultural
Research Service, Tucson. He coled the interdis-
ciplinary multiagency SALSA (Semi-Arid Land-
Surface—Atmosphere) Research Program. He was

an Executive Member of the National Science Foundation Sustainability of
semi-Arid Hydrology and Riparian Areas (SAHRA) Science and Technology
Center and, since 2000, has worked closely with elected officials and decision-
makers in the San Pedro Basin. Areas of research during his career have been
directed to scaling issues in watershed rainfall—runoff response, identification
of dominant hydrologic processes over a range of basin scales, climatic change
impacts on semiarid hydrologic response, incorporation of remotely sensed
data into hydrologic models, the functioning of semiarid riparian systems,
nonmarket valuation of ecosystem services, flash-flood forecasting, and rapid
postfire watershed assessments.

John Prueger, biography not available at the time of publication.

Michael Palecki received the B.S. degree (summa
cum laude) in physics from the University of
Massachusetts, Boston, MA, USA, in 1984; the M.A.
degree in geography from the University of Colorado,
Boulder, CO, USA, in 1986; and the Ph.D. degree in
geography from The Pennsylvania State University,
State College, PA, USA, in 1991.

He is the Science Project Manager for the U.S.
Climate Reference Network (USCRN) in NOAA’s
National Centers for Environmental Information. He
has worked on projects ranging from the validation

and use of climate measurements taken in the mid-19th Century to studying
climate using the USCRN, a national research quality modern system to collect
climate observations. Soil moisture and temperature are primary observations
of the USCRN and are used in coarse network validation of Soil Moisture
Active Passive Mission products. His research interests focus on the use of
surface climate observations to better understand climate change and variation,
including extreme events.

Eric E. Small received the B.A. degree in geological
sciences from Williams College, Williamstown, MA,
USA, in 1993 and the Ph.D. degree in earth sciences
from the University of California, Santa Cruz, CA,
USA, in 1998.

He is a Professor with the Department of Geo-
logical Sciences, University of Colorado, Boulder,
CO, USA. His research is focused on land surface
hydrology.

Marek Zreda, biography not available at the time of publication.

Jean-Christophe Calvet received the M.Eng. degree
in agronomy from AgroParisTech, Paris, France, in
1990; the M.Sc./Eng. degree in meteorology from
the Ecole Nationale de la Météorologie, Toulouse,
France, in 1990; the Ph.D. degree from the Université
Paul Sabatier, Toulouse, in 1996; and the Habilitation
degree in 2002.

He joined Météo-France, Toulouse, the French
meteorological service, in 1990 and the Centre Na-
tional de la Recherches Météorologiques in 1994,
where he has been the Head of a land modeling

and remote sensing section since 2003. His research interests include land–
atmosphere exchange modeling and the use of remote sensing over land
surfaces for meteorology. His most recent works concern the joint analysis of
soil moisture and vegetation biomass and the representation of carbon cycle in
climate models.

Wade T. Crow received the Ph.D. degree from Princeton University, Princeton,
NJ, USA, in 2001.

He is currently a Research Physical Scientist and Project Lead Scientist with
the U.S. Department of Agriculture (USDA) Agricultural Research Service,
Hydrology and Remote Sensing Laboratory, Beltsville, MD, USA. His research
focuses on the development of hydrologic and agricultural applications for
remote sensing data and the development of appropriate data assimilation
approaches to facilitate this goal, with a special emphasis on techniques that
fuse information from various disparate remote sensing sources. This work has
lead to extensive collaboration with operational USDA agencies involved in
drought monitoring missions.

Dr. Crow has served (or currently serves) on the Science Team of the
NASA GPM, Hydros, SMAP, and AirMOSS missions and was an Editor of
the American Meteorological Society’s Journal of Hydrometeorology.

Yann Kerr (M’88–SM’01–F’13) received theB.Eng.
degree from the Ecole Nationale Supérieure de
l’Aéronautique et de l’Espace, Toulouse, France;
the M.Sc. degree in electronics and electrical engi-
neering from Glasgow University, Glasgow, U.K.;
and the Ph.D. degree in astrophysique géophysique
et techniques spatiales from the Université Paul
Sabatier, Toulouse.

From 1980 to 1985, he was with the Centre
d’Etudes Spatiales de la BIOsphère, Centre National
d’Etudes Spatiales (CNES-CESBIO). In 1985, he

joined LERTS, of which he was the Director during 1993–1994. He spent
19 months at the Jet Propulsion Laboratory, Pasadena, CA, USA, during
1987–1988. Since 1995, he has been with CESBIO, where he was the Deputy
Director and Director during 2007–2016. He has been involved with many
space missions. He was an EOS Principal Investigator (PI; interdisciplinary
investigations) and PI and precursor of the use of the SCAT over land. In 1989,
he started working on the interferometric concept applied to passive microwave
earth observation and subsequently became the science lead on the MIRAS
project for the European Space Agency (ESA) with the MMS and OMP. He
was also a Coinvestigator on IRIS, OSIRIS, and HYDROS for NASA. He
was a Science Advisor for MIMR and Co I on AMSR. He is a member of
the SMAP Science Team. In 1997, he first proposed the natural outcome of
the previous MIRAS work with what was to become the SMOS Mission to
CNES, a proposal that was selected by ESA in 1999 with him as the SMOS
mission Lead Investigator and Chair of the Science Advisory Group. He is also
in charge of the SMOS science activity coordination in France. He is currently
involved in the exploitation of SMOS data, in the Cal Val activities, and related
level-2 soil moisture and level-3 and level-4 development and SMOS Aquarius
SMAP synergistic uses and on the soil moisture essential climate variable. He is
also working on the SMOS-Next concept and is involved in both the Aquarius
and SMAP missions. His fields of interest are in the theory and techniques for
microwave and thermal infrared remote sensing of the Earth, with emphasis on
hydrology, water resources management, and vegetation monitoring.

Dr. Kerr has organized all the SMOS workshops and was a Guest Editor on
three IEEE Special Issues and one RSE. He received the World Meteorological
Organization First Prize (Norbert Gerbier), the U.S. Department of Agriculture
Secretary’s Team Award for excellence (SALSA Program), the GRSS Certifi-
cate of Recognition for leadership in the development of the first synthetic
aperture microwave radiometer in space and success of the SMOS mission, and
the ESA Team Award. He was nominated as Highly Cited Scientist by Thomson
Reuters in 2015.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues false
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


