Rainfall estimation by inverting SMOS soil moisture
estimates: A comparison of different methods over
Australia
Luca Brocca, Thierry Pellarin, Wade T. Crow, Luca Ciabatta, Christian
Massari, Dongryeol Ryu, Chun-Hsu Su, Christoph Rüdiger, Yann Kerr

To cite this version:
Luca Brocca, Thierry Pellarin, Wade T. Crow, Luca Ciabatta, Christian Massari, et al.. Rainfall estimation by inverting SMOS soil moisture estimates: A comparison of different methods over Australia.
Journal of Geophysical Research: Atmospheres, 2016, 121, pp.12,062-12,079. �10.1002/2016JD025382�.
�insu-03706539�

HAL Id: insu-03706539
https://hal-insu.archives-ouvertes.fr/insu-03706539
Submitted on 28 Jun 2022

HAL is a multi-disciplinary open access
L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépôt et à la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche français ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.
Copyright

PUBLICATIONS
Journal of Geophysical Research: Atmospheres
RESEARCH ARTICLE
10.1002/2016JD025382
Key Points:
• Comparison of three methods for
estimating and correcting rainfall by
using SMOS soil moisture data in
Australia
• SMOS soil moisture data are able to
improve the accuracy of “top down”
satellite rainfall product available in
real time (3B42RT)
• The integration of “bottom up” and
“top down” approaches has high
potential for delivering high-quality
satellite rainfall products

Rainfall estimation by inverting SMOS soil moisture
estimates: A comparison of different methods
over Australia
Luca Brocca1, Thierry Pellarin2, Wade T. Crow3, Luca Ciabatta1, Christian Massari1, Dongryeol Ryu4,
Chun-Hsu Su4, Christoph Rüdiger5, and Yann Kerr6
1

Research Institute for Geo-hydrological Protection, National Research Council, Perugia, Italy, 2LTHE, University Grenoble
Alpes, CNRS, Grenoble, France, 3Hydrology and Remote Sensing Laboratory, USDA-ARS, Beltsville, Maryland, USA,
4
Department of Infrastructure Engineering, University of Melbourne, Melbourne, Victoria, Australia, 5Department of Civil
Engineering, Monash University, Clayton, Victoria, Australia, 6Centre d’Etudes Spatiales de la Biosphère, CNES CNRS IRD UPS,
Toulouse, France

Abstract Remote sensing of soil moisture has reached a level of maturity and accuracy for which the
Supporting Information:
• Supporting Information S1
Correspondence to:
L. Brocca,
luca.brocca@irpi.cnr.it

Citation:
Brocca, L., T. Pellarin, W. T. Crow,
L. Ciabatta, C. Massari, D. Ryu, C.-H. Su,
C. Rüdiger, and Y. Kerr (2016), Rainfall
estimation by inverting SMOS soil
moisture estimates: A comparison of
different methods over Australia,
J. Geophys. Res. Atmos., 121,
12,062–12,079, doi:10.1002/
2016JD025382.
Received 18 MAY 2016
Accepted 6 OCT 2016
Accepted article online 8 OCT 2016
Published online 25 OCT 2016

retrieved products can be used to improve hydrological and meteorological applications. In this study,
the soil moisture product from the Soil Moisture and Ocean Salinity (SMOS) satellite is used for improving
satellite rainfall estimates obtained from the Tropical Rainfall Measuring Mission multisatellite precipitation
analysis product (TMPA) using three different “bottom up” techniques: SM2RAIN, Soil Moisture Analysis
Rainfall Tool, and Antecedent Precipitation Index Modiﬁcation. The implementation of these techniques
aims at improving the well-known “top down” rainfall estimate derived from TMPA products (version 7)
available in near real time. Ground observations provided by the Australian Water Availability Project are
considered as a separate validation data set. The three algorithms are calibrated against the gauge-corrected
TMPA reanalysis product, 3B42, and used for adjusting the TMPA real-time product, 3B42RT, using SMOS
soil moisture data. The study area covers the entire Australian continent, and the analysis period ranges
from January 2010 to November 2013. Results show that all the SMOS-based rainfall products improve the
performance of 3B42RT, even at daily time scale (differently from previous investigations). The major
improvements are obtained in terms of estimation of accumulated rainfall with a reduction of the
root-mean-square error of more than 25%. Also, in terms of temporal dynamic (correlation) and rainfall
detection (categorical scores) the SMOS-based products provide slightly better results with respect to
3B42RT, even though the relative performance between the methods is not always the same. The strengths
and weaknesses of each algorithm and the spatial variability of their performances are identiﬁed in order to
indicate the ways forward for this promising research activity. Results show that the integration of bottom up
and top down approaches has the potential to improve the quality of near-real-time rainfall estimates from
remote sensing in the near future.

1. Introduction
Precipitation is one of the key components in the hydrologic cycle, and, consequently, its assessment is
essential for many applications in geosciences. Precipitation data are essential to weather forecasting, food
security, agricultural modeling, and emergency response planning [McBride and Ebert, 2000; Hou et al.,
2014]. While long-term precipitation patterns are needed for climate studies and for drought monitoring
[van Dijk et al., 2013; Herold et al., 2015; Sahoo et al., 2015], near-real-time precipitation data are critical for
better understanding the spread of vector-borne and waterborne diseases [Hunter, 2003; Scholthof, 2006;
Rinaldo et al., 2012] and for the mitigation of the impacts of natural disasters such as ﬂoods and landslides
[Guzzetti et al., 2007; Wake, 2013; Wu et al., 2014].
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Rain gauges provide the most common and most direct measurement of point precipitation at the surface;
therefore, they are generally assumed as the most accurate method to measure precipitation [Lanza and
Vuerich, 2009]. However, despite their relative accuracy, the distribution of available gauges varies signiﬁcantly
around the world [Kucera et al., 2013; Schamm et al., 2013]. For instance, New et al. [2001] estimate the number
of gauges worldwide to be about 250,000 which is a relatively small number comparing to the extension of the
landmass. The physical characteristics of precipitation, particularly at ﬁner spatial and temporal resolutions,
necessitate frequent and systematic measurements. The current networks of surface observations are
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therefore often inadequate for the quantitative assessment of precipitation over large areas. The use of
weather radar addresses some of the issues of rain gauge coverage, at least where radar exists. In particular,
it provides a spatial measurement of precipitation rather than the point measurement provided by gauges.
However, weather radars suffer from several issues due to the calibration of the empirical relation between
reﬂectivity and rainfall rate, atmospheric attenuation, frozen hydrometeors, beam blockage, and range effects
[e.g., Krajewski and Smith, 2002; Delrieu et al., 2009].
Satellite-based remote sensing of precipitation has advanced signiﬁcantly over the last decade [Kidd and
Levizzani, 2011] starting with the success of the Tropical Rainfall Measuring Mission multisatellite precipitation
analysis products (TMPA) [Huffman et al., 2007] through to the deployment of the Global Precipitation
Measurement (GPM) Mission satellite constellation (http://pmm.nasa.gov/GPM) [Hou et al., 2014]. Under the
GPM mission, a constellation of satellite sensors is currently employed for estimating rainfall from space, with
broad coverage of Earth at any given time of day. The retrieval of rainfall in the state-of-the-art satellite products
is based on a “top down” approach; i.e., rainfall is obtained through the inversion of the atmospheric signals scattered or emitted by hydrometeors [Kucera et al., 2013]. At the overpass time of microwave sensors (radiometers
and radars), the instantaneous rainfall rate is estimated and then (in some rainfall products) blended between
successive overpasses by using infrared measurements from geostationary satellites [Kidd and Levizzani, 2011].
Top down rainfall products have the important advantage of being able to estimate different types of precipitation (including snowfall, drizzle, and hail) and are based on >25 year heritage of research. However, because of
its inherently intermittent nature (i.e., high temporal variability), it is difﬁcult to reliably determine rainfall with a
limited amount of instantaneous observations [Hossain and Anagnostou, 2004; Serrat-Capdevila et al., 2014;
Trenberth, 2014], which is particularly challenging for convective precipitation events. Other important limitations of those state-of-the-art products are related to (1) the estimation of low rainfall intensities, especially over
land due to the confounding effects of surface emissivity [Tapiador et al., 2012; Pipunic et al., 2015]; (2) the large
bias of the real-time products detected in many parts of the world [Kucera et al., 2013]; (3) the difﬁculties in
estimating rainfall in semiarid climates and for low-intensity stratiform precipitation [Ebert et al., 2007]; and
(4) the assessment of solid precipitation in cold climates (e.g., Arctic regions) [Hou et al., 2014].
For hydrologic applications, the continuity of data over an accumulation window suitable for a particular goal
is more important than having highly accurate estimates of instantaneous rain rates [Ciabatta et al., 2016].
These accumulation periods can range between ~15 min for ﬂash ﬂood forecasting to weekly for agricultural
applications and monthly for climate analysis. For instance, even a small underestimation or overestimation
of rainfall in some days (e.g., due to undersampling) produces errors in the simulation of the system state in
rainfall-runoff applications (i.e., the soil moisture storage), and, consequently, it induces larger errors in the
estimation of runoff due to the strong nonlinearity between soil moisture and runoff [Koster et al., 2010;
Brocca et al., 2012]. In other words, the memory of the hydrological systems magniﬁes the error in the accumulated rainfall over time. Similar issues can be recognized in the prediction of landslide occurrence or in
agricultural applications. Therefore, there is a clear need to maximize the accuracy of satellite products in
the estimation of accumulated rainfall [Serrat-Capdevila et al., 2014; Maggioni et al., 2016].
In order to better quantify precipitation, a “bottom up” approach was recently proposed for correcting and/or
estimating rainfall over land by the exploitation of satellite soil moisture data [Crow et al., 2009, 2011; Pellarin
et al., 2008, 2013; Brocca et al., 2013, 2014; Ciabatta et al., 2015; Wanders et al., 2015; Zhan et al., 2015]. The
underlying assumption is very simple. After a rainfall pulse, soil moisture exhibits a sudden increase followed
by a smooth recession limb driven by evapotranspiration and drainage. An increase of soil moisture can thus
be related to the accumulated rainfall suggesting the use of soil moisture for rainfall estimation [e.g., Brocca
et al., 2013] or correction [e.g., Crow et al., 2009]. A ﬁrst approach consists on using exclusively soil moisture
data as an indirect signature of the rainfall dynamic and to reconstruct the precipitation time series. Recent
work by Brocca et al. [2013, 2014] investigates this approach in the so-called SM2RAIN algorithm that, by
inverting the soil water balance equation, allows to estimate rainfall directly from soil moisture observations.
A second kind of approach makes use of a Land Surface Model (LSM) forced with a satellite-based precipitation product to exploit the potential differences between simulated (by LSM) and satellite-retrieved surface
soil moisture [Pellarin et al., 2008; Crow et al., 2009, 2011; Pellarin et al., 2013; Wanders et al., 2015]. These differences are analyzed for correcting the satellite-based precipitation product. Speciﬁc examples of such
methods include the Soil Moisture Analysis Rainfall Tool (SMART) [Crow et al., 2011] and the Antecedent
Precipitation Index Modiﬁcation (API-mod) [Pellarin et al., 2013] approaches.
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Figure 1. Diagram of the input-output data, algorithms, and processing step carried out in the study for estimating and
correcting rainfall through SMOS soil moisture observations. Note that TMPA 3B42 and AWAP data sets are used for
parameter calibration/estimation and products validation, respectively.

The main purpose of this study is to investigate the potential of correcting real-time satellite rainfall products using satellite soil moisture observations. To achieve this, three different algorithms are applied for
integrating remotely sensed soil moisture and rainfall data over the Australian main continent: SM2RAIN
[Brocca et al., 2014], API-mod [Pellarin et al., 2013], and SMART [Crow et al., 2011]. This represents the ﬁrst
formal comparison of these three independently developed approaches. The required satellite soil moisture
observations are obtained from the European Space Agency led Soil Moisture and Ocean Salinity (SMOS)
mission version 5.51 (RE02) data set, provided by the Centre Aval de Traitement des Données SMOS
(CATDS, Level 3 product). 3B42RT and 3B42, the real-time and gauge-corrected TMPA products (version
7), respectively, are used as the top down satellite rainfall products. Speciﬁcally, the TMPA 3B42 reanalysis
product is used as reference for the calibration of the parameter values of the three algorithms, in the
course of correcting errors in the 3B42RT product using satellite soil moisture observations. To evaluate
the performance of the rainfall products and their algorithms, the gauge-based rainfall data set from the
Australian Water Availability Project (AWAP) is employed. The gridded AWAP product is produced by spatial
interpolation of daily rain gauge measurements across the continent [Jones et al., 2009]. For the analysis, all
the data sets are resampled at 0.25° spatial resolution and daily time step for the period 15 January 2010 to
30 November 2013.

2. Methods
As mentioned above, the main purpose of the study is to perform a detailed analysis of three different methods that can be used for improving satellite rainfall estimation using remotely sensed soil moisture data,
namely, SM2RAIN [Brocca et al., 2014], API-mod [Pellarin et al., 2013], and SMART [Crow et al., 2011]. The main
beneﬁt of this study is that the three different methods are applied by using the same input data and the
same analysis period thus allowing to perform a fair, comprehensive, and robust comparison. The
Australian continent is selected as case study because of satellite soil moisture observations from SMOS that
are known to be accurate [e.g., Al-Yaari et al., 2014a, 2014b] and also for the availability of the good quality
gauge-based AWAP product which allows for an objective evaluation of the three algorithms. The real-time
version of TMPA (3B42RT) is used as input along with SMOS soil moisture observations (ascending plus
descending orbits). We underline that the analysis was carried out also by considering ascending and
descending SMOS orbits separately (results are not shown); however, the best results are obtained by using
both overpasses. The gauge-corrected TMPA product, 3B42, is used for a pixel-by-pixel calibration of the
parameter values of the three algorithms. The gauge-based AWAP product is ﬁnally employed as a separate
validation data set (see the diagram in Figure 1). We acknowledge that AWAP and 3B42 data sets are not fully
independent as the gauge correction of 3B42 product likely includes some of the AWAP gauges. However, as
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the correction is made at monthly time scale, it is less important at 1 day and 5 day time scales that are considered here for evaluating the candidate algorithms. Due to limitations in the current length of the SMOS soil
moisture data set, distinct temporal periods for parameter calibration and model validation are not utilized.
Each product is resampled in space to the same computational grid with spacing of 0.25° Equal-Area Scalable
Earth (EASE) (EASE grid). The temporal resolution of the obtained rainfall products is daily (9 A.M. to 9 A.M.,
local standard time, as AWAP). Both the parameter calibration and the performance assessment are carried
out for the whole data period, i.e., from 15 January 2010 to 30 November 2013.
In the following sections, the main characteristics of each algorithm, and their speciﬁc implementation for this
study, are summarized. More complete descriptions of each method can be obtained in the cited references.
2.1. SM2RAIN
SM2RAIN [Brocca et al., 2014] is a simple algorithm for estimating rainfall accumulations through the knowledge of soil moisture observations. To calculate the rainfall at a given time step, the method inverts a singlelayer soil water balance model using soil moisture observations at current and previous time steps and
assumes that during a rainfall event evapotranspiration and surface runoff contributions are negligible.
Previous global applications of the model under varying precipitation regimes [Brocca et al., 2014, 2015] have
provided evidence for the validity of those assumptions. That is,
PSM2RAIN ðt Þ ¼ Z*dsðt Þ=dt þ asðt Þb

(1)

where PSM2RAIN [L/T] is the estimated rainfall, s [] is the relative saturation of the soil (between 0 and 1), t [T] is
the time, Z* [L] is the soil water capacity (soil layer depth multiplied by porosity), and a [L/T] and b [] are two
parameters expressing the nonlinearity between the loss rate (including both the drainage and the evapotranspiration components) and soil saturation. In equation (1), negative rainfall values, which occur during
some dry-down cycles, are set equal to zero.
Since satellite soil moisture observations are affected by potentially considerable high-frequency variations
(noise), the exponential ﬁlter ﬁrst proposed by Wagner et al. [1999] is used for noise reduction [Su et al., 2013].
In this respect, the calibration of the only parameter of the ﬁlter T (characteristic time length) is performed
together with SM2RAIN parameters Z*, a, and b.
For merging the SM2RAIN-derived rainfall estimates with the real-time satellite rainfall product (3B42RT),
P3B42RT, a simple nudging scheme is adopted [Ciabatta et al., 2015; Massari et al., 2014]:
PSM2RAINþ3B42RT ðtÞ ¼ P3B42RT ðtÞ þ k ½PSM2RAIN ðt Þ  P3B42RT ðtÞ

(2)

where PSM2RAIN+3B42RT [L/T] is the rainfall merged product of SM2RAIN and 3B42RT and k [] has the same
role of the Kalman gain in Kalman ﬁltering techniques with the difference that in this case, it determines
the relative weight of the uncertainty in P3B42RT against the one of the SM2RAIN prediction, PSM2RAIN.
The SM2RAIN algorithm provides two rainfall products (Figure 1), i.e., PSM2RAIN and PSM2RAIN+3B42RT, and
involves four (Z*, a, b, and T) and ﬁve (Z*, a, b, T, and k) parameters to be calibrated for PSM2RAIN and
PSM2RAIN+3B42RT, respectively, on a pixel-by-pixel basis. In principle, SM2RAIN parameter values could be
estimated from soil texture, land use, and climatic information and from the assessment of the relative errors
of SM2RAIN-based and state-of-the-art rainfall products. With the will of exploring these aspects in future
studies, without loss of generality as 3B42 product is globally available, we choose to calibrate SM2RAIN
parameters on gauge-corrected TMPA product.
For implementing SM2RAIN, the SMOS soil moisture data are ﬁrst normalized between 0 and 1 by considering
the minimum and maximum values of each pixel. Successively, normalized data are interpolated in time at
9 A.M. local time of each day. The obtained time series of relative soil moisture are used as input into the algorithm, and the four parameters (Z*, a, b, and T) are calibrated by minimizing the root-mean-square error
(RMSE) between the estimated rainfall and the 3B42 data set at daily time scale. The obtained rainfall product,
PSM2RAIN, is in turn merged with 3B42RT through equation (2) implying the calibration of k parameter; the
minimization of RMSE is used also for this step. The second rainfall product is PSM2RAIN+3B42RT, for which
the same procedure is applied separately for each pixel of the study area. For simplicity, the two products will
be referred as SM2RAIN and SM2RAIN+3B42RT thereinafter.
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2.2. API-Mod
The API-mod algorithm is based on a simple modiﬁcation of the Antecedent Precipitation Index (API) initially
designed to provide a proxy of the surface soil moisture with a single precipitation observation and a single
parameter τ which controls the soil drying-out velocity. The API relationship can be written as
Δt

APIðt Þ ¼ APIðt  1Þ e τ þ PðtÞ

(3)

A modiﬁcation of the API model, API-mod, was introduced in Pellarin et al. [2013]. The API-mod includes two
more parameters to account for soil saturation (θsat) and soil layer thickness (dsoil). The API-mod algorithm
can be expressed as
h
i
Pðt Þ
Δt
SSMðtÞ ¼ SSMðt  1Þe τ þ ½θsat  SSMðt  1Þ 1  edsoil
(4)
where θsat [L3/L3] is the saturated soil moisture value, dsoil is the soil depth [L], P(t) is the rainfall accumulation
[L] over a Δt period [T], and τ is a parameter which describes the soil drying-out velocity [T].
A CDF-matching procedure is done in order to avoid any bias between API-mod SSM and SMOS L3SM data.
The CDF matching is a pixel-by-pixel procedure and can be expressed as
SMOSCDF ¼ p 1 þ p 2 SMOS

(5)

with
p2 ¼

σ ðAPI- modÞ
σ ðSMOSÞ

p1 ¼ μ ðAPI- modÞ  p2 μ ðSMOSÞ

(5a)
(5b)

The API-mod algorithm provides one rainfall product (Figure 1), i.e., PAPI-mod, and requires the calibration of
the single parameter τ on a pixel-by-pixel basis; θsat and dsoil parameters are assumed as spatially constant for
the whole study area.
Before applying the assimilation technique, a preprocessing step is carried out to match SSM, equation (4),
forced with 3B42 daily precipitation and SMOS L3SM data thus obtaining the spatial distribution of p1 and
p2 coefﬁcients. Then, for implementing the API-mod methodology, a particle ﬁlter assimilation scheme is
used. This approach is based on stochastic perturbation of the precipitation forcing that explicitly simulates
the consequence of these uncertainties in the soil moisture estimates [Arulampalam et al., 2002; Doucet et al.,
2000; Moradkhani et al., 2005; Van Leeuwen, 2009]. The random generation is obtained as K = exp(4*Rand-2)
where Rand is a random number uniformly distributed between 0 and 1. Then, each 3 h rainfall estimate is
randomly changed using the multiplicative factor K ranging from about 0.13 (e2) to about 7.3 (e2). The assimilation time period is ﬁxed to ﬁve successive SMOS measurements. An ensemble of 100 API-mod simulations
is done, and the 10 best simulations are selected based on RMSE minimization between API-mod and SMOS
soil moisture at daily time scale. The retrieval accumulation product is calculated as the mean value of the 10
best simulations (average of 10 perturbed precipitation time series). This operation is renewed for the next period of ﬁve SMOS measurements and for each 0.25° pixels of Australia. For simplicity, accumulation products
PAPI-mod acquired above will be referred as API-mod thereinafter.
2.3. SMART
The Soil Moisture Analysis Rainfall Tool (SMART) [Crow et al., 2009, 2011] is based on the sequential assimilation of
SMOS soil moisture retrievals into a daily implementation of equation (3) for the case of P(t) derived from TMPA
3B42RT rainfall accumulations. For each sequential assimilation of a single SMOS retrieval, an increment of water
(δ) is either added or subtracted from the analysis background in an attempt to compensate for the impact of
random rainfall errors on daily API forecasts. Given their relationship to rainfall errors, these increments can
be used to correct satellite-based rainfall accumulations via a simple additive correction [Crow et al., 2009]:
½PSMART ðtÞ ¼ ½P3B42RT ðtÞ þ λδ
(6)
where λ is a temporally ﬁxed (but spatially variable) constant and bracketing “[]” reﬂects summing within a
multiday period.
The speciﬁc Kalman ﬁlter and the API model parameterization applied here follow the one described by Crow
et al. [2011] except for three modiﬁcations. First, instead of the month-by-month approach recommended by
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Crow et al. [2011], the preprocessing of SMOS surface soil moisture retrievals is based on the application of a
single pixel-wise CDF-rescaling function to transform the distribution of raw SMOS retrievals to match that of
the API predictions obtained from equation (3) (utilizing 3B42RT rainfall and no data assimilation). This change
is made because the 4 year length of the SMOS time series is deemed too short to sample separate rescaling
functions for each month. Note that this rescaling approach is similar to that described in equation (5) for
API-mod, except based on the matching of all statistical moments (not just mean and variance). Second, to
reﬂect relatively arid conditions within the Australian continent, the τ in equation (3) is lowered from the globally ﬁxed value of 6.15 (days) recommended by Crow et al. [2011] to a lower value of 1.96 (days). Third,
instead of applying the triple collocation-based approach recommended by Crow et al. [2011], soil moisture
retrieval errors in assimilated SMOS soil moisture retrievals are held ﬁxed at a constant value of 0.04 m3 m3.
This ensures that the data input needs of SMART are consistent with SM2RAIN and API-mod.
A temporally constant value of λ in equation (6) is calibrated on a pixel-by-pixel basis to minimize the RMSE
between [PSMART] and [P3B42] estimates (where brackets indicate either 1 day or 5 day accumulation periods).
The SMART algorithm provides a single rainfall accumulation product (Figure 1), i.e., [PSMART]. The time scale
of this product is determined by the accumulation window applied in equation (6). Past experience with
SMART has revealed that it is preferable to apply equation (6) using a multiday accumulation window rather
than applying it at a daily time scale and then aggregating to a multiday period [Crow et al., 2009]. Therefore,
in order to maximize the 5 day performance of SMART, separate implementations of equation (6), each with
its own unique λ calibration, were applied to acquire 1 and 5 day SMART rainfall accumulation estimates. Note
that such an approach contrasts which that of SM2RAIN and API-Mod, where 5 day accumulations were
obtained by simply aggregating 1 day or 3-hourly results (see above). See below and Crow et al. [2011] for
additional SMART implementation details. For simplicity, the [PSMART] rainfall accumulation products resulting
from the application of equation (6) will be referred as SMART thereinafter.
2.4. Strengths and Limitations of Soil Moisture-Based Approaches
The three approaches share similar strengths and limitations. Indeed, we expect that the use of SMOS soil
moisture data will have a signiﬁcant impact in correcting the rainfall accumulations estimated by 3B42RT product thanks to the time-integrated look provided by soil moisture observations. However, the methods will fail
in regions and conditions in which soil moisture observations are not accurate as it occurs for highly vegetated
and urban areas, for regions with complex topography, and for frozen/snow soil conditions. Similarly, the methods are supposed to perform poorly when the soil is close to saturation conditions as additional rainfall, which
runs directly off the surface, cannot be seen from soil moisture observations. These limitations will be more
pronounced for the SM2RAIN product which is based solely on SMOS observations. For the three products
integrating 3B42RT and SMOS observations (SM2RAIN+3B42RT, API-mod, and SMART), we anticipate that
the overall performances are expected to improve thanks to the complementary nature of the approaches.
2.5. Performance Metrics
Three continuous metrics are used for the evaluation of the performance of the soil moisture-derived rainfall
products (and TMPA products): the Pearson correlation coefﬁcient (R), the root-mean-square error (RMSE, in
mm), the mean relative error (BIAS), computed as relative error on the accumulated rainfall in the entire investigated period, the unbiased RMSE (ubRMSE, in mm), and the mean error (BIAS*, in mm), computed as the
long-term mean difference. The ubRMSE is the square root of the difference between RMSE2 and BIAS*2,
and it provides information regarding the random error only. Additionally, three more categorical metrics
are employed: False Alarm Ratio (FAR), Probability of Detection (POD), and Threat Score (TS). FAR refers to
the fraction of predicted events that are, in fact, nonevents (false positive) and POD to the fraction of all qualifying events correctly predicted; TS provides an integrated measure of the overall categorical performance.
The categorical performance metrics are evaluated for different rainfall thresholds computed as rainfall
percentiles (from 0 to 100°) of each pixel in the study area [e.g., Chen et al., 2012; Brocca et al., 2014].

3. Study Area and Data Sets
Precipitation across Australia is highly variable due to its signiﬁcantly different climate zones, ranging from
tropical in the northeast, temperate (southeastern and southwestern regions, and Tasmania), arid deserts
and savannas (most of central and northern Australia), as well as semiarid regions in the transitional zones.
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The rainfall pattern is therefore concentric around the extensive arid core of the continent, which generally
receives only little precipitation (<60 mm/yr). The northern tropical zone experiences the majority of the
annual rainfall events during the summer months (October–March), often exceeding a total depth of
2000 mm, and its winter months are dry. The tropical rain events are mainly driven by the Australian monsoon,
tropical depressions, and cyclones. The southeastern midlatitude regions are temperate and have no distinctive dry season. Rain falls mostly during the warm/hot summer through low-pressure systems (e.g., the east
coast low) that can bring strong storms with heavy rain, while cold frontal systems are more prominent through
the cooler months. The Great Dividing Range, which runs parallel along much of the east coast, is also a likely
contributor to wetter temperature summers due to its orographic inﬂuence. The southwestern regions are classiﬁed temperate but experience dry warm/hot summers (in particular from November to February). In those
summer months, the west coast trough can result in large thunderstorms, provided that sufﬁcient moist air
is brought into the region. Finally, the stable and dry conditions over large parts of central Australia are
attributed to the high-pressure-related subtropical ridge for most times of the year; northern arid regions can,
however, occasionally receive convective rainfall during periods of monsoon and depressions in the tropics.
3.1. AWAP Data Set
The AWAP rainfall product is generated via spatial analyses on the quality-controlled daily rain gauge measurements from the Australian Bureau of Meteorology daily rain gauge network (accessed online via http://
www.bom.gov.au/jsp/awap/rain/archive_recal.jsp). The ﬁrst analysis method applied to daily anomalies
(given by the ratio of daily rainfall to monthly mean) is based on a two-dimensional Barnes successive correction technique that interpolates point-gauge data by applying a weighted averaging process. Second, the
three-dimensional (i.e., latitude, longitude, and altitude) smoothing splines are used for the analysis of
monthly climatological averages of rainfall. Both methods generate analysis ﬁelds that achieve their smallest
errors subject to constraints on the smoothness and the spectrum of the ﬁnal ﬁeld. The analysis ﬁelds from
the anomaly and climatology analyses are combined via simple multiplication. To reduce biases in daily estimates at this step, the daily rainfall analyses are recalibrated so that their sum is equal to the monthly rainfall
analyses. AWAP daily rainfall for a given day is the 24 h total rainfall from local time 9 A.M. the day before to
9 A.M. the current day. The rainfall ﬁelds are gridded on a 0.05° × 0.05° grid and spatially resampled to the
desired 0.25° × 0.25° grid by taking area-weighted averages.
This product has known shortcomings [e.g., Contractor et al., 2015]. The network has a varying density
across the country (and also varies with time), with a strong focus on the urbanized coastal areas along
the east, southeast, and southwest, while the network is extremely sparse in central Australia and essentially nonexistent in the barely populated central west. The accuracy of the data varies considerably across
Australia (with higher analysis errors in the northern tropics than other regions), since it is limited to what
can be resolved by the station network. In central Australia, the network is too sparse to support a daily
rainfall analysis, leading to the data “voids” in Figure 2, which is considered acceptable, due to the little rainfall occurring in those regions. While the analysis errors tend to increase away from the gauges, the errors
also tend to increase in data-rich areas such as in southeast Australia and in regions with strong rainfall gradients and/or with signiﬁcantly orography; the spatial analysis can lead to smoothing such that grid point
values may differ slightly from the exact reading at the contributing stations. The daily spatial analysis of
highly convective systems, which are short and variable in length scales in the tropics, is clearly more susceptible to errors due to data smoothing, variability of the Barnes parameters, and the station network density. While the AWAP analysis typically underestimates intensity and frequency of extreme rainfall events,
the intensity and frequency of low rainfall events are typically overestimated. On the whole, the mean average error is about 50% of the average daily rainfall, based on cross-validation analysis [Jones et al., 2009].
For this study we have masked out the pixels where AWAP contains fewer than 50% of total 1461 analysis
days (see Figure 2).
3.2. Satellite Data Sets
For the SMOS data set [Kerr et al., 2012], the reprocessed level 3 (L3) data generated with the version 5.51 of
the algorithm are taken. The L-Band Microwave Emission of the Biosphere Model [Wigneron et al., 2007] is
used for inverting SM from dual-polarized multiangular brightness temperature observations of SMOS; the
algorithm details can be found in Kerr et al. [2012]. The product is expressed in volumetric terms (m3/m3)
and is representative of a soil layer of about 3.5 cm. The product is available from January 2010 with a spatial
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Figure 2. Climatology of the study area expressed as mean daily rainfall rate (mm/d) in the investigated period (from 15
January 2010 to 30 November 2013) obtained by the AWAP data set. The four letters indicate the 1° boxes for which the
monthly rainfall time series are shown in Figure 5. Black areas represent the zones in which AWAP data are not available.

sampling of 0.25°. We note here that the analysis was carried out also with the new SMOS product (version
6.20), only with SM2RAIN, but no signiﬁcant differences in the results are found. Therefore, we ﬁnally decided
to use version 5.51 SMOS product. We also underline that in the period January–June 2010 the SMOS data are
expected to be of lower quality due to the commissioning phase but removing this period did not have a
signiﬁcant impact on results and hence we preferred to consider the longer period.
The real-time (3B42RT) and the gauge-corrected version 7 (3B42) TMPA products, developed by Huffman
et al. [2007], are used in this study. The TMPA algorithm combines infrared information from geosynchronous
satellites and several microwave precipitation estimates from active and passive microwave sensors. The
3B42 product is bias adjusted to the monthly Global Precipitation Climatology Centre gauge analyses
[Schamm et al., 2013]. The real-time product does not include any ground-based information. The TMPA products have coverage of 50°N–50°S and are produced at the 3 h/0.25° temporal/spatial resolution. The accumulated daily rainfall is obtained by aggregating the eight 3 h time windows every day. It should be noted
that TMPA data are provided within a time window ±90 min from the nominal time (0000, 0300, …,
2100 UTC), while the satellite soil moisture product and the observed rainfall data set are delivered in local
time, i.e., UTC + 9 (on average over Australia). Therefore, the daily accumulated rainfall product from 3B42
and 3B42RT represents the total rainfall starting, and ending the next day, at 07:30, with 1.5 h of delay with
respect to the other products.

4. Results
In the following section, the details of the three different methods applied across Australia are presented
together with the corresponding results. First, the values of the parameters of each method are reported,
and then the continuous and categorical assessment of the obtained rainfall product is described at different
temporal scales (1 day, 5 days, and monthly).
4.1. Parameter Values of Rainfall Estimation Algorithms
Following the procedure described in section 2, the parameter values of each method are computed by using
3B42 as benchmark. Table 1 shows the summary statistics of the spatial distribution (median, standard
deviation, and 25th and 75th percentiles) of each parameter that is considered to be varying in space for each
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Table 1. Summary Statistics of the Spatial Distribution of the Calibration Parameters of Each Method; See Text for the
a
Deﬁnition of Symbols (σ: Standard Deviation; 25th and 75th: Percentiles)
Parameters
SM2RAIN

Parameters
API-mod

Parameters
SMART

a

1

Z* (mm)
median
σ
25th
75th
median
σ
25th
75th
median
σ
25th
75th

77.2
135.3
48.2
125.3
τ(hours)
209.2
45.4
174.0
262.3
λ (1 day) ()
0.15
0.14
0.09
0.23

a (mm d

)

11.5
26.9
0.0
23.4

b ()

T (Day)

k ()

5.3
17.5
2.1
27.3

2.9
6.8
1.5
6.6

0.25
0.18
0.11
0.38

λ (5 days) ()
0.30
0.19
0.21
0.41

Note that the SMART algorithm requires separate calibration parameters for 1 and 5 day accumulation results.

method. The percentiles are computed on the obtained parameter values and aim at providing an estimate
of the frequency distribution of their spatial variability.
The strategy for the parameterization of each method is different. For SM2RAIN and SMART, the parameter
values are calibrated based on the explicit minimization of errors (RMSE) with respect to 3B42 retrievals.
Speciﬁcally, as mentioned above, two separate calibrations are carried out with SMART for 1 day and 5 day
rainfall correction. For API-mod, the single parameter τ is parameterized as a function of soil texture information instead of performing a pixel-by-pixel calibration.
For SM2RAIN, the obtained parameter values are quite consistent with those of previous studies by Brocca
et al. [2014] and Ciabatta et al. [2015], despite that the application of the exponential ﬁlter was not used in
those studies. In particular, the Z* parameter is found to be higher than in previous investigations likely
due to the application of the exponential ﬁlter. Indeed, the ﬁlter smooths the soil moisture signal, which in
turn becomes representative of a thicker soil layer thus increasing Z*value. Similar considerations can be
made for the other parameters. The spatial variability of the parameter values resembles the one found in
Brocca et al. [2014] and Ciabatta et al. [2015] as higher Z* for higher rainfall rates (i.e., northern and eastern
Australia; see Figure 2) and higher a values along the coasts where the SMOS signal is more noisy
[Ciabatta et al., 2015].
For the API-mod methodology, similarly to previous studies [Pellarin et al., 2013; Louvet et al., 2015], soil depth
(dsoil) is ﬁxed to 100 mm and θsat is ﬁxed to 0.41 m3 m3, whereas τ is assumed to be related to clay fraction as
τ = 32 ln(clay) + 174 with clay ranging from 0 to 100% [FAO/IIASA/ISRIC/ISSCAS/JRC, 2012]. Thus, only three
parameters are spatially distributed over Australia in the API-mod method (p1, p2, and τ; see equations (4)
and (5)).
SMART requires calibration of a single parameter λ used to convert the Kalman increment of API into a corrective precipitation increment. However, values of optimized λ have a complex relationship with the accumulation time scale applied in equation (6) [Crow et al., 2009]. Therefore, as discussed above, calibrated λ
values are obtained separately for individual accumulation time scales [Crow et al., 2009]. Table 2 shows optimized λ results obtained for both 1 and 5 day accumulation results. Relative larger 5 day λ results reﬂect tendency for rainfall-induced soil moisture signals to dampen over time. Since SMART is run assuming no spatial
heterogeneity in SMOS soil moisture retrieval errors, spatial patterns in calibrated values of λ (not shown)
tend to reﬂect the reduced reliability of SMOS-based updates over densely vegetated areas. That is, lower
values of λ are found in areas of higher biomass (and vice versa).
4.2. Performance Assessment
In this section, the capability of reproducing different features of observed rainfall is described for each
algorithm (e.g., bias, temporal dynamic, and occurrence), along with their strengths and weaknesses.
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a

Table 2. Summary Statistics of the Spatial Distribution of Performance Scores of the Different Satellite Rainfall Products in the Comparison With AWAP Data
1 Day Rainfall
Product
3B42

3B42RT

SM2RAIN

SM2RAIN+ 3B42RT

API-mod

SMART

10th
50th
90th
10th
50th
90th
10th
50th
90th
10th
50th
90th
10th
50th
90th
10th
50th
90th

5 Day Rainfall

R

RMSE (mm)

TS

R

RMSE (mm)

TS

BIAS ()

|BIAS| ()

0.53
0.68
0.78
0.46
0.62
0.73
0.40
0.56
0.66
b,c
0.51
b,c
0.65
c
0.75
0.44
0.58
0.69
c
0.48
c
0.63
c
0.74

3.06
4.73
8.69
3.44
5.59
9.44
d
2.61
d
4.40
d
8.50
d
2.86
d
4.39
d
8.16
c
3.29
c
5.43
c
9.03
c
3.16
c
5.24
c
9.04

0.30
0.42
0.54
0.27
0.40
0.52
c
0.27
0.38
0.48
c
0.28
c
0.40
c
0.52
0.24
0.37
0.48
c
0.28
0.39
0.50

0.67
0.80
0.88
0.54
0.71
0.83
c
0.58
c
0.74
c
0.83
b,c
0.61
b,c
0.76
c
0.85
c
0.57
c
0.73
c
0.83
b,c
0.62
b,c
0.76
c
0.85

6.48
10.70
20.08
8.30
14.00
24.04
d
6.04
c
10.71
c
23.37
c
6.81
c
11.07
c
20.72
c
6.57
c
11.89
c
22.20
c
6.77
c
12.13
c
22.53

0.53
0.66
0.76
0.48
0.62
0.74
0.46
0.60
d
0.81
0.47
0.60
d
0.78
0.47
0.61
0.72
c
0.48
c
0.63
d
0.81

0.14
0.03
0.21
0.18
0.20
0.70
0.26
d
0.01
c
0.27
c
0.18
c
0.15
c
0.47
0.21
c
0.07
c
0.37
0.24
c
0.09
c
0.50

0.02
0.09
0.25
0.05
0.26
0.72
d
0.02
c
0.12
c
0.37
c
0.04
c
0.20
c
0.53
c
0.03
c
0.15
c
0.42
c
0.03
c
0.18
c
0.59

a

The best performance of each metric is reported in bold for products based only on satellite data (except 3B42). R: Pearson’s correlation coefﬁcient; RMSE: rootmean-square error, TS: Threat Score for a rainfall threshold of 0.2 mm; BIAS: mean error; |BIAS|: absolute BIAS; 10th, 50th, and 90th: percentiles.
b
R values of SMOS estimated/corrected products are signiﬁcantly different from 3B42RT at a signiﬁcance level of 0.10 (one-tailed test).
c
The scores better (≥) than the real-time TMPA product 3B42RT.
d
The scores better (≥) than the gauge-corrected TMPA product 3B42.

4.2.1. Continuous Scores
Continuous performance scores (R and RMSE) are computed for both 1 day and 5 day accumulated rainfall,
and the summary statistics of their spatial distribution are given in Table 2. Speciﬁcally, all the performances
are referred to the comparison with the AWAP data set, and six different satellite-based rainfall products are
analyzed: 3B42, 3B42RT, SM2RAIN, SM2RAIN+3B42RT, API-mod, and SMART. As in Table 1, the percentiles are
simply computed on the values obtained for each performance score and aim at providing an estimate of
their frequency distribution. The performance of 3B42 is reported here as a baseline product. However, we
note that 3B42, by retrospectively including ground-based observations, is not comparable with the other
products based solely on near-real-time satellite observations. The top down baseline to be compared with
SMOS-based rainfall products is the (purely remotely sensed) 3B42RT product. Additionally, the SM2RAIN product should be analyzed separately from the other three products (SM2RAIN+3B42RT, API-mod, and SMART)
as it considers only SMOS soil moisture data and does not utilize 3B42RT rainfall improvement. As there is an
extreme range of precipitation patterns across Australia, the performances are also computed for each climatic zone. The relative comparison between these zone-speciﬁc scores is quite similar to that obtained
for the whole Australia with only minor differences (outlined below) and, hence, not shown here for brevity.
In terms of correlation, which provides information about the ability of reproducing the relative temporal
dynamics of observations, 3B42RT performs quite well for both 1 day and 5 day accumulated rainfall with
median R values equal to 0.62 and 0.72, respectively. SM2RAIN provides lower (higher) scores for 1 day
(5 day) accumulated rainfall. Indeed, as shown in previous studies [e.g., Brocca et al., 2014], the revisit time
of SMOS observations (~2 days in Australia) is not suitable for accurately estimating rainfall at daily time scale.
Nevertheless, both SM2RAIN+3B42RT and SMART are found to outperform 3B42RT with consistent results,
which are also close to those of 3B42. For SM2RAIN+3B42RT (SMART) the median R values are equal to
0.65 (0.63) and 0.76 (0.76) for 1 day and 5 day accumulated rainfall, respectively, and these values are signiﬁcantly different from those obtained with 3B42RT (signiﬁcance level of 0.10, one-tailed test). The performance
of API-mod is found to be slightly lower in terms of correlation, speciﬁcally for 1 day rainfall estimates. The
spatial distribution of the local correlations is shown in Figure 3 for 1 day and 5 day accumulated rainfall.
Figure 3 (left column) represents the correlation maps obtained with 3B42RT, and Figure 3 (right column)
presents the ratio between the correlations obtained with SMOS-based products and the baseline
(3B42RT). Therefore, from Figure 3 (left column) the spatial pattern of the performance is shown, while
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Figure 3 (right column) provides an immediate understanding of the areas where an improvement (blue) and a
deterioration (red) of performances occur. For 1 day rainfall it is evident that SM2RAIN+3B42RT and SMART provide a signiﬁcant improvement of the correlation, mainly in the central part of Australia (arid climate). SM2RAIN
and API-mod have lower performance, and only by considering 5 day accumulated rainfall, a widespread
improvement related to these two products is observed. Interestingly, the lower performance of the SMOSbased rainfall products is found along the coast and particularly in the southeastern (temperate climate) part
of Australia (evident for SM2RAIN at 1 day). This region is characterized by a high density of vegetation and the
presence of urban areas, and, hence, the lower accuracy of SMOS soil moisture product is expected.
In terms of RMSE (see Table 2), which aims at characterizing the random error plus the BIAS between observed
and estimated rainfall data, the relative performances of the products are different with respect to correlations.
The baseline 3B42RT product has quite large RMSE values (e.g., median RMSE = 5.59 mm for 1 day rainfall),
partly due to the tendency to overestimate observations (median BIAS = 0.20). Therefore, all SMOS-based rainfall products outperform 3B42RT for both rainfall accumulations. The best performing products are SM2RAIN
+3B42RT for 1 day accumulation and SM2RAIN for 5 day accumulations. Interestingly, for 1 day rainfall
SM2RAIN-related products show performance scores even better than the gauge-corrected 3B42. Differently
from the correlations, API-mod provides comparable scores with SMART. The absolute BIAS (last column of
Table 2) gives nearly the same picture of RMSE with all the SMOS-based products outperforming 3B42RT
and the best results for SM2RAIN. Figure 4, similarly to Figure 3, shows on the spatial distribution of RMSE values
obtained through 3B42RT (left column) and the improvement (blue)/deterioration (red) that is found due to the
use of SMOS soil moisture data for rainfall estimation/correction (right column). Clearly, all the maps highlight
that the use of SMOS largely improves the estimation of rainfall in terms of RMSE, with all the products providing the largest added value in central Australia (arid climate). The overall spatial patterns of RMSE and R values
are in good agreement (e.g., low to no improvement along the coast and better scores in central Australia).
In the supporting information, we have also decomposed RMSE into ubRMSE and BIAS* components to examine the individual contributions of mean error and random and multiplicative errors. Figures S1 and S2 show,
similarly to Figure 4, the spatial distribution of ubRMSE and BIAS* (in absolute terms), respectively, for
3B42RT product and the relative performances of each SMOS-derived rainfall product with respect to
3B42RT. It is evident that random error is the major component of the total difference between AWAP and
satellite-derived data sets (i.e., ubRMSE is much higher than BIAS*). Therefore, the results of RMSE and
ubRMSE are qualitatively the same. In terms of BIAS* an overall improvement is observed for all products with
higher improvements/deteriorations for SM2RAIN and API-mod products and lower differences for SM2RAIN
+3B42RT and SMART. As for RMSE, the spatial distribution and the impact of SMOS-derived rainfall product
are very similar if 1 day and 5 day rainfall accumulations are considered.
In Figure S3 in the supporting information, the performance scores are grouped by rainfall intensity
(computed based on the AWAP data set). Speciﬁcally, data are grouped in drizzle (rainfall ≤5 mm/d), moderate rainfall (5–15 mm/d), and heavy rainfall (≥15 mm/d) events. As expected, the larger improvements in the
results (e.g., higher R and lower ubRMSE) are obtained for low-intensity rainfall events (<15 mm), even though
small improvements are made also for heavy rainfall event by SM2RAIN+3B42RT and SMART. In terms of random error (ubRMSE), SM2RAIN product shows distinctively lower values than the other products. This aspect
should be related to the tendency to underestimate rainfall of SM2RAIN (see BIAS* results), particularly important for moderate and heavy rainfall events. Generally, for all products drizzle rainfall events are slightly overestimated, whereas heavy rainfall events are underestimated (moderate rainfall events have nearly no BIAS*,
except SM2RAIN).
Moreover, the impact of seasonality on the performance is analyzed by computing the performance scores
for different seasons (Figure S4). The performance varies with seasons without presenting speciﬁc patterns.
Therefore, we conclude that seasonality does not have a signiﬁcant impact on the products’ accuracy.
Performance scores are also computed as a function of soil saturation (not shown) obtained by SMOS. Results
do not show a clear pattern with similar performances for different soil moisture levels and also for close to
saturation conditions. At the spatial resolution investigated in this study (25 km), complete spatial saturation
is rare, and, hence, the saturation problem has a low relative impact on results. However, further investigations speciﬁcally dedicated to this aspect are needed in order to assess at what spatial resolution the saturation problem becomes signiﬁcant.
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Figure 3. (left column) Pearson’s correlation maps between AWAP-observed accumulated rainfall and TMPA 3B42RT product. (right column) Correlation ratio maps
between the correlation obtained by comparing the four different SMOS-derived products (SM2RAIN, SM2RAIN+3B42RT, API-mod, and SMART) with AWAP-observed
rainfall and the correlation obtained with TMPA 3B42RT (Figure 3, left column); red pixels indicate degradation (lower correlations), whereas blue pixels an
improvement (higher correlations). The analysis period is from 14 January 2010 to 30 November 2013, and the top (bottom) rows show results for 1 day (5 day)
accumulated rainfall. Black areas represent the zones in which AWAP data are not available.

4.2.2. Categorical Scores
Besides the continuous performance scores, rainfall products should be analyzed in terms of their capacity to
detect the occurrence of rainfall events. In Table 2 the summary statistics of the TS values are given for each
product. TS integrates POD and FAR scores and is computed in Table 2 for a rainfall threshold of 0.2 mm.
3B42RT provides quite accurate results with median TS values equal to 0.40 and 0.62 for 1 day and 5 day
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Figure 4. As in Figure 3 but for the root-mean-square error (RMSE). Red pixels indicate degradation (higher RMSE), whereas blue pixels indicate an improvement
(lower RMSE). Note that the color bar is inverted with respect to Figure 3.

accumulated rainfall, respectively. SMOS-based products generally provide equal or lower performances with
the SM2RAIN+3B42RT product giving the best scores for 1 day accumulated rainfall. For 5 day rainfall, SMART
has the best scores (except for the 10th percentiles) with median TS of 0.63.
Figure 5 shows the POD, FAR, and TS values in each panel for both 1 day and 5 day accumulated rainfall. Plots
show the median (±1 standard deviation) values of each categorical score and for different rainfall threshold
computed as the 10th, 50th, and 90th percentiles of the AWAP-observed rainfall in each pixel. Therefore, the
panels show the capability of the products to detect rainfall occurrence for low to high rainfall events (from left
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Figure 5. POD (Probability of Detection) versus FAR (False Alarm Ratio) plots for (a, d) 10th, (b, e) 50th, and (c, f) 90th percentile and for 1 day (Figures 5a–5c) and
5 day (Figures 5d–5f) accumulated rainfall. The contour lines indicate TS (Threat Score) values, the horizontal (vertical) bars represent the standard deviation of
POD (FAR), and the square is the median value. Squares represent the median POD (FAR) over all pixels for the 10th, 50th, and 90th percentiles at that pixel. Optimal
performances are for FAR = 0, POD = 1, and TS = 1. Percentiles represent the rainfall threshold used for the computation of the scores. Therefore, low (high)
percentiles indicate the product capability to detect high (low) rainfall intensities.

to right). For 1 day rainfall (Figures 5a–5c), SM2RAIN and API-mod give the lower performance in terms of TS.
SMART, SM2RAIN, and SM2RAIN+3B42RT have a quite high probability of falsely identifying rainfall events
(high FAR) but a good detection capability (high POD). 3B42RT and API-mod have an opposite behavior
with low FAR and relatively low POD values. It should be also underlined that for 90th percentiles (high rainfall
intensities) the product’s behavior is more similar and the best product is found to be SM2RAIN+3B42RT. For
5 day rainfall (Figures 5d–5f), the product’s performance is better (lower FAR and higher POD) but with a similar
patterns of 1 day rainfall. For medium to high rainfall intensities (50th and 90th percentiles, 5 day rainfall), the
best product is SMART with values very close to the optimal performance (FAR = 0, POD = 1, TS = 1) for the 50th
percentiles. Overall, performances deteriorate from left to right mainly due to the increased difﬁculty of detecting high-intensity rainfall events. The overall performance of SMOS-based rainfall products are in agreement
with previous studies by Chen et al. [2012], Brocca et al. [2014], and Ciabatta et al. [2015] who found that the soil
moisture correction improves POD and deteriorates FAR, with a corresponding slight increase in TS.
Figure S5 in the supporting information shows the spatial distribution of TS values for 3B42RT product and
the relative performances of each SMOS-derived rainfall product with respect to 3B42RT. A rainfall threshold
of 0.2 mm (1 day rainfall) and 1 mm (5 day rainfall) is considered. Interestingly, these maps show different spatial patterns with respect to R and RMSE. For SM2RAIN, SM2RAIN+3B42RT, and SMART, improvements in the
performances are obtained in southern and eastern Australia, while deterioration is noticeable over central
and northern Australia. API-mod shows a slight deterioration throughout the continent for 1 day rainfall
and a nearly neutral impact for 5 day rainfall. These results clearly indicate that the improvements obtained
for R and RMSE in previous analyses do not convey over to categorical rainfall detection, likely due to the
good performance of 3B42RT product in this respect.
4.2.3. Monthly Scale Analysis
The temporal pattern of observed (AWAP) and estimated (SMOS-based) rainfall is analyzed for the four 1°
domains identiﬁed in Figure 2. In particular, Figure 6 shows monthly rain time series of all products (5 day
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Figure 6. Time series of monthly rainfall obtained from observations (AWAP), the real-time TMPA product (3B42RT), and the SMOS-derived products (SM2RAIN,
SM2RAIN+3B42RT, API-mod, and SMART) for the four boxes shown in Figure 2 (R: Pearson’s correlation coefﬁcient; RMSE: root-mean-square error).

SMART simulation are considered here). The main purpose of Figure 6 is to visualize explicitly the capability of
the different rainfall products to reproduce the total volume of rainfall, while a corresponding ﬁgure at daily
time scale is reported in the supporting information (see Figure S6) to show the products’ performance in
reproducing short-term ﬂuctuations. The agreement with observations at monthly time scale is very good
for all products with the exception of SM2RAIN in Figure 6c (underestimation) and 3B42RT and SMART in
Figure 6d (note that these differences are not clearly visible at daily time scale, Figure S6). The ﬁgures highlight that the temporal dynamic of SMART and 3B42RT is very similar (e.g., Figure 6d), while the other three
SMOS-based products (SM2RAIN, SM2RAIN+342RT, and API-mod) are more independent from 3B42RT.
Overall, by analyzing the R and RMSE scores at monthly time scale (not shown for brevity), the SMOS-based
products performance is very good (median R > 0.80); API-mod, SM2RAIN, and SM2RAIN+342RT provide the
lowest RMSE (median RMSE ~ 31.3 mm) in agreement with results shown in Table 2. 3B42RT shows slightly
lower scores for correlations (median R = 0.77) but signiﬁcantly higher RMSE values (39 mm). At daily time
scale (Figure S6), the same relative performances are obtained. SM2RAIN+342RT and SMART products consistently achieve the best scores for the four boxes.

5. Discussion
The most evident result is that all the SMOS-based products have lower RMSE values than the retrospective
3B42RT product and in some cases even better than the gauge-corrected 3B42 product. This result highlights
the importance of using satellite soil moisture data as a fully independent source of information that can be
effectively used for correcting the cumulative error of state-of-the-art, near-real-time rainfall products.
Indeed, state-of-the-art rainfall products are affected by the structural error of undersampling rainfall in time
due to the instantaneous nature of the retrieval approaches. Soil moisture data are able to correct exactly this
type of error thus providing a more accurate assessment of the accumulated rainfall in near real time as
testiﬁed by a signiﬁcant reduction of RMSE (e.g., >25% for SM2RAIN+3B42RT product; see Table 2).
However, there are differences in the algorithm performances. Speciﬁcally, the SM2RAIN+3B42RT product
seems to slightly outperform the other three products (SM2RAIN, API-mod, and SMART) likely due to the
heavier calibration procedure. SM2RAIN estimates rainfall from soil moisture data only; thus, it is able to
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partly correct, and even replace, the deﬁciencies of the top down rainfall product (e.g., due to the missing
of rainfall event). Therefore, SM2RAIN is highly sensitive to the quality of the soil moisture observations and
their temporal resolution (for SMOS is about 2 days in Australia) and, if not integrated with 3B42RT (i.e., with
SM2RAIN+3B42RT), performs slightly worse than the other rainfall products. Differently, SM2RAIN+3B42RT,
API-mod, and SMART are conceived as correction approaches, and hence, they have a stronger reliance on
satellite rainfall product. For instance, API-mod is based on multiplicative factors (that are theoretically better than additive factors) for correcting rainfall and, hence, it is not able to add rainfall if the state-of-the-art
product is equal to zero. SMART also requires rainfall input to predict proxy soil moisture via the API model;
however, missing rainfall values can be assumed to be zero and corrected by the SMART analysis and
by SM2RAIN+3B42RT.
We also highlight that the good performance obtained in this study, particularly with SM2RAIN-based
products, is due to the high quality of SMOS soil moisture data in Australia and also to their relatively ﬁner
temporal resolution (i.e., frequent overpasses) with respect to other locations worldwide. We expect that
the results might signiﬁcantly change if these two conditions will not be fulﬁlled. A global-scale analysis will
be the object of future investigations to provide information to this point.

6. Conclusions
In this study, the comparison of three different methods exploiting satellite soil moisture observations for
improving near-real-time remote sensing of rainfall is compared over the Australian continent and by considering the SMOS soil moisture product in a 4 year period (2010–2013). The overall results highlight that the
three proposed methods (SM2RAIN [Brocca et al., 2014], API-mod [Pellarin et al., 2013], and SMART [Crow
et al., 2011]) improve the performance of the state-of-the-art (3B42RT) product in terms of both continuous
(Figures 3 and 4, S1–S4, and Table 2) and categorical scores (Figures 5 and S5) and at different temporal scales
from daily to monthly (Figures 6 and S6). These promising results open a number of opportunities for further
improving our capability for estimating near-real-time rainfall exclusively from remote sensing.
First, this study considers only a single satellite soil moisture product (SMOS). The reasoning behind the
estimation/correction of rainfall by using soil moisture data is based on the positive differences in soil
moisture after rainfall pulses. Therefore, it is evident that increasing the temporal resolution of soil moisture
observations, (1) a higher resolution rainfall product (e.g., 3-hourly) can be obtained and (2) higher accuracy,
thanks to a better sampling of rainfall temporal variability, can be achieved. Besides SMOS, other accurate
and mature satellite soil moisture products are currently available (SMAP—Soil Moisture Active and Passive
mission, ASCAT—Advanced SCATterometet, and AMSR2—Advanced Microwave Scanning Radiometer 2)
and their merging is an obvious continuation of this research activity.
Second, the improvement of the algorithms used here is another important point to be investigated.
Speciﬁcally, the Land Surface Model used in the three algorithms is quite simpliﬁed and does not take into
account certain hydrological processes (e.g., the vertical and horizontal movement of water in the soil) that
might play an important role for the estimation of rainfall. The European Space Agency-funded project SMOS
+rainfall will be dedicated to perform a detailed scientiﬁc analysis of the different algorithms in well-gauged
areas in order to expand the knowledge of their limitations and provide suggestions for their improvement
(if possible). Speciﬁcally, it is expected that a more complex Land Surface Model might improve the detection
capability of the algorithms (e.g., high FAR for SM2RAIN and SMART and low POD for API-mod, Figure 6) with
a better characterization of the relationship between soil moisture and rainfall as a function of rainfall intensity.
Third, we emphasize that this work should be considered as a precursor study to apply the methods to GPM
products that are expected to be of higher quality than TMPA. For instance, the integration of SMAP-derived
rainfall product and GPM products will be the object of future investigations. We also note that the quasiglobal availability of both TMPA (±50°) and GPM (early and late run, ±60°) products allows to easily extrapolate the adopted approaches to other regions. Additionally, the procedure can be implemented in near real
time due to the recent availability of SMOS [Rodriguez-Fernandez et al., 2015], and others, soil moisture products with a latency of a few hours. The corresponding high-quality satellite-based rainfall product can be
extremely helpful in many applications such as the mitigation of natural hazards (e.g., ﬂoods and landslides)
that needs accurate rainfall estimates in near real time and over large areas.
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Finally, there is the need to perform the analysis on a global scale and at high spatial resolution (~25 km) as in
this study. Indeed, the methodologies can be easily exported on a global scale thanks to the global availability of TMPA and, currently, GPM products. The ﬁnal assessment of soil moisture-based rainfall products needs,
on the one hand, an implementation worldwide and, on the other hand, a testing in hydrological, climatic, and
agricultural applications. These studies will be carried out in the near future for providing a comprehensive
assessment of the potential (and the limitations) of the new bottom up approach illustrated here.
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